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Is neural semantic parsing good at ellipsis resolution, or isn’t it?
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Abstract

Neural semantic parsers have shown good over-
all performance for a variety of linguistic phe-
nomena, reaching semantic matching scores
of more than 90%. But how do such parsers
perform on strongly context-sensitive phenom-
ena, where large pieces of semantic informa-
tion need to be duplicated to form a meaningful
semantic representation? A case in point is
English verb phrase ellipsis, a construct where
entire verb phrases can be abbreviated by a sin-
gle auxiliary verb. Are the otherwise known
as powerful semantic parsers able to deal with
ellipsis or aren’t they? We constructed a corpus
of 120 cases of ellipsis with their fully resolved
meaning representation and used this as a chal-
lenge set for a large battery of neural seman-
tic parsers. Although these parsers performed
very well on the standard test set, they failed in
the instances with ellipsis. Data augmentation
helped improve the parsing results. The reason
for the difficulty of parsing elided phrases is not
that copying semantic material is hard, but that
they usually occur in linguistically complicated
contexts, causing most of the parsing errors.

1 Introduction

Semantic parsing is the task of providing a formal
meaning representation for an input sentence of a
natural language such as English, Dutch, or Italian.
Semantic parsing is crucial for applications that
require the precise translation of unstructured data
(i.e., text and images) into structured data (e.g.,
databases and robot commands). Currently, the
most promising approaches to semantic parsing are
based on neural models (Bai et al., 2022; Wang
et al., 2023; Zhang et al., 2024b, 2025) trained or
fine-tuned on large semantically annotated corpora
(Banarescu et al., 2013; Abzianidze et al., 2017),
reaching high performance with F scores greater
than 90%. Little is known about the ability of
neural semantic parsers to cope with ellipsis, a lin-

guistic construction in which elements are omitted
and are supplied by the discourse context. In this
paper, we will study how neural semantic parsers
deal with Verb Phrase Ellipsis (VPE) in English.
An example of a VPE is shown in (1) together with
its fully expressed surface interpretation in (2).

(1) Ann likes grapes, and Bea does, too.
(2) Ann likes grapes, and Bea does like grapes, too.

As this very simple example already demonstrates,
ellipsis interpretation is a challenging task, for the
only way to recover the elided material is to con-
sider the discourse context. The (computational)
linguistics literature abounds with many more com-
plicated examples of VPE, including sloppy-strict
interpretation of pronouns appearing in the elided
material, cascaded ellipsis, antecedent contained
deletion, gapping, and embedded ellipsis (Dahl,
1973; Williams, 1977; Roberts, 1989; Dalrymple
et al., 1991). Nevertheless, our aim is not to fo-
cus on these linguistically interesting examples
carefully crafted by linguists, but rather to inves-
tigate how data-driven semantic parsers deal with
instances of VPE found in corpora.

As far as we know, this is the first in-depth study
of VPE interpretation in neural semantic parsing.
Related, but taking a different perspective, is work
by Hardt (2023), who found that large language
models have difficulty processing ellipsis.

In Section 2 we give an overview of earlier com-
putational approaches to VPE. In Section 3 we
introduce the Parallel Meaning Bank (PMB) and
a VPE challenge test set distilled from the PMB.
In Section 4 we outline our approach to enhance
the semantic parsing for VPE, while in Section 5
the parsing results are presented, showing that neu-
ral approaches face a difficult time in interpreting
elliptical constructions, even with substantial fine-
tuning, but not for the reasons we initially thought
would cause the difficulty.
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2 Background

VPE interpretation has drawn considerable atten-
tion in formal linguistics (Dahl, 1973; Sag, 1976;
Klein, 1987; Dalrymple et al., 1991). These early
approaches can be summarized as identifying an
antecedent verb phrase in the context, providing
a logical form while abstracting over the sub-
ject, and applying the result to the subject noun
phrase of the elided verb phrase. Computational
approaches were introduced later (Alshawi, 1992;
Kehler, 1993; Bos, 1994; Crouch, 1995; Hardt,
1997), with the landmark paper by Dalrymple et al.
(1991) introducing a set of benchmark VPE exam-
ples and a sophisticated algorithm based on higher-
order unification to construct fully resolved mean-
ing representations for elliptical phrases. These ap-
proaches, although computational of nature, still re-
quired external modules to identify the source verb
phrase and the parallel elements between source
and target phrase.

Data-driven approaches based on annotated cor-
pora (Nielsen, 2005; Bos and Spenader, 2011; Bos,
2016) demonstrated the large gap between theo-
retical ideas and practical implementations (Mc-
Shane and Babkin, 2016; Kenyon-Dean et al., 2020;
Zhang et al., 2019), and were considered to be
specific tasks rather than an integral part of wide-
coverage semantic parsing. In this paper, we take a
different computational perspective and depart with
an overall well-performing general-purpose seman-
tic parsing and investigate how well it succeeds on
ellipsis data.

3 Data

The Parallel Meaning Bank The PMB Abzian-
idze et al., 2017 is a multilingual corpus enriched
with semantic annotations, covering a wide range
of linguistic phenomena. It contains a substan-
tial set of parallel texts, each paired with a formal
meaning representation known as a Discourse Rep-
resentation Structure (DRS) based on Discourse
Representation Theory (DRT, Kamp and Reyle,
1993). While DRSs are typically presented in a
human-readable box format, a clause-based linear
representation was introduced by van Noord et al.
(2018) to enable their use in sequence-based mod-
els. More recently, Bos (2023) proposed Sequence
Box Notation (SBN), a simplified, variable-free ver-
sion of DRS aimed at further facilitating sequence
processing. In this paper we use SBN as meaning
representation format (see Figure 1).

Sentence with VPE: 

   Life never ends but earthly life does.

DRS:
   life.n.11                                      % Life never   [0-10]

            NEGATION <1      %

   end.v.01       Theme -1 Time +1 % ends            [11-15]

   time.n.08     EQU now               % 

                       CONTRAST <2      %

   earthly.a.01 AttributeOf  +1      % but earthly  [16-27] 

   life.n.11                                    % life              [28-32] 

   end.v.01       Theme -1 Time +1 % does.           [33-38]

   time.n.08     EQU now               % 

DRG:

life.n.11

NEGATION

CONTRAST

end.v.01

time.n.08

Theme

Time

now
EQU

earthly.a.01

life.n.11

end.v.01

time.n.08

AttributeOf

Theme

Time

now
EQU

Figure 1: An example sentence with Verb Phrase Ellip-
sis and meaning representation in sequence notation and
drawn as a directed acyclic graph.

Annotated VPE Instances As occurrences of
VPE are relatively rare (Bos and Spenader, 2011),
it is rather challenging to yield a reasonably sized
corpus. A total of 120 cases were identified in the
PMB and their corresponding meaning representa-
tions manually corrected. Slightly more than half
of the cases (71) contained some kind of negation
in the elided construction (e.g., ”and neither am I”,
”Greenland is not”, ”but she didn’t”). Half of the
instances are accompanied by the auxiliary verb
to do, a third by to be, and the remaining cases
are formed by other auxiliary verbs, the infinitival
particle to or instances of gapping. An annotated
example taken from the corpus is shown in Fig-
ure 1, where the elliptical phrase ”life does” is
semantically interpreted as ”life does end”.

4 Experimental Setup

Training Sets For training our neural semantic
parsers, we consider two settings: (1) the Stan-
dard Training Set, the default training data pro-
vided by PMB version 5.1.0, with all texts that are
included in the VPE test set removed; and (2) the
Augmented Training Set, an augmented dataset to
enhance the model’s ability to handle verb phrase
ellipsis. We construct the augmented dataset apply-
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ing the following data augmentation strategies:

• We employ GPT-4 to generate 600 sentence
pairs, each consisting of a sentence containing
VPE and its corresponding resolved version
(i.e., the full sentence with the elided verb
phrase explicitly restored in the surface text).

• We use the state-of-the-art DRS parser
from Zhang et al. (2024a) to generate DRSs
for the resolved sentences. These DRSs are
then paired with the original VPE sentences
as their target semantic representations.

• We incorporate the generated VPE data into
the standard training set in varying quantities
(from 100 up to 600) to examine how the scale
of augmentation affects model performance
and to identify the point at which performance
improvements begin to converge.

Test sets We evaluate the trained parsers on two
test sets: the Standard Test Set, which serves as
a general, broad-coverage set for comparison, and
VPE120, a targeted test set focusing on VPE, as
described in Section 3.

Evaluation We evaluate model performance us-
ing two metrics: Smatch1 and Ill-Formed Rate
(IFR). Smatch (Cai and Knight, 2013; Opitz, 2023)
measures the similarity between the predicted
and reference semantic graphs by converting each
graph into a set of triples and computing the opti-
mal variable mapping via a hill-climbing algorithm.
Precision (P), recall (R), and F1 score are calcu-
lated as follows:

P =
m

p
, R =

m

g
, F1 =

2 · P · R
P + R

, (1)

where m denotes the number of matching triples,
p is the number of predicted triples, and g is the
number of gold-standard triples.

To assess the structural validity of generated
graphs, we additionally report the Ill-Formed Rate
(IFR). A graph is considered ill-formed if it ex-
hibits structural defects such as cyclic dependen-
cies, isolated nodes, or dangling edges referenc-
ing non-existent elements. Graphs identified as ill-
formed are assigned a Smatch score and F1 score of
zero, thereby contributing to a quantitative measure
of structural failure.

1We adopt the Smatch++ implementation (Opitz, 2023),
which uses Integer Linear Programming (ILP) instead of the
standard hill-climbing approach.

Models We evaluated three encoder–decoder
models–mBART (Liu et al., 2020), mT5 (Xue et al.,
2021), and ByT5 (Xue et al., 2022), as well as four
decoder-only models: Qwen2.5-7B (Yang et al.,
2024), Ministral-8B, LLaMA3.1-8B (Grattafiori
et al., 2024), and Gemma2-9B (Team et al., 2024).

5 Results and Analysis

The performance of models on both test sets is
presented in Table 1. Overall, sentences containing
VPE instances pose significantly greater challenges
for semantic parsing, as evidenced by substantially
lower Smatch scores and elevated ill-formed rates
(IFR). We analyze these results in detail below.

Table 1: Smatch and IFR performance on the Standard
Test Set and VPE120 for models trained with the Stan-
dard Training Set, Aug300, and Aug600.

Model Train set Standard Test VPE120

Smatch IFR Smatch IFR

mBart-Large Standard 83.50 6.95 70.90 33.17
Aug300 85.40 7.00 77.90 27.33
Aug600 85.00 6.60 78.10 24.83

mT5-Large Standard 82.61 11.20 70.38 29.83
Aug300 84.50 9.80 75.20 24.83
Aug600 84.00 9.20 75.50 24.00

ByT5-Large Standard 91.40 8.73 66.22 27.33
Aug300 92.50 7.50 73.00 22.33
Aug600 92.90 7.00 72.50 22.33

Qwen2.5-7B Standard 94.19 5.34 77.09 17.33
Aug300 94.35 5.17 85.31 9.83
Aug600 95.50 5.09 84.64 12.33

Ministral-8B Standard 95.45 4.67 82.77 13.17
Aug300 95.50 4.25 89.00 6.50
Aug600 95.42 4.59 90.61 6.50

LLaMA3.1-8B Standard 95.56 4.51 83.11 12.33
Aug300 95.32 5.18 88.89 12.33
Aug600 95.44 4.76 89.21 8.17

Gemma2-9B Standard 96.31 4.59 78.09 17.33
Aug300 96.46 4.42 88.52 7.33
Aug600 96.59 4.09 89.20 8.17

Performances on Standard Test Decoder-only
architectures consistently outperform encoder–
decoder models on the Standard Test set. Gemma2-
9B achieves the highest performance with a Smatch
score of 96.59 following augmentation (compared
to 96.31 on the standard training set). Other
decoder-only models demonstrate similarly strong
performance: LLaMA3.1-8B (95.44), Ministral-
8B (95.50), and Qwen2.5-7B (95.50) all maintain
scores above 95. In contrast, encoder–decoder ar-
chitectures (mBART-Large, mT5-Large, and ByT5-
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Large) achieve lower performance, with standard
scores ranging from 82.61 to 91.40. This per-
formance disparity likely stems from both archi-
tectural differences and parameter scale advan-
tages, where larger decoder-only models may ben-
efit from more stable fine-tuning dynamics and
in-context learning capabilities.

Performances on VPE120 All models exhibit
substantially degraded performance on VPE120
relative to the Standard Test, confirming the in-
herent difficulty of parsing elliptical constructions
semantically. When trained solely on the standard
dataset, models achieve VPE120 Smatch scores be-
tween 66.22 and 83.11, accompanied by markedly
increased IFR (e.g., 33.17% for mBART-Large and
29.83% for mT5-Large), indicating frequent gener-
ation of malformed outputs.

VPE-specific data augmentation yields sub-
stantial improvements across all architectures.
Ministral-8B achieves the highest score of 90.61
with Aug600, closely followed by LLaMA3.1-
8B (89.21) and Gemma2-9B (89.20). These top-
performing models also demonstrate the most sig-
nificant IFR reductions (e.g., Ministral-8B: 13.17%
→ 6.50%). Encoder–decoder models also bene-
fit from augmentation: mBART-Large improves
from 70.90 (standard) to 78.10 (Aug600), while
mT5-Large advances from 70.38 to 75.50. No-
tably, ByT5-Large shows improvement from 66.22
to 73.00 with Aug300.

These findings demonstrate that VPE-specific
data augmentation effectively narrows the perfor-
mance gap between the Standard and VPE test
sets, particularly for larger decoder-only models.
The convergence of performance scores beyond
Aug300 (see Figure 2) suggests diminishing gains
from additional augmentation data, indicating that
current models may be approaching their capac-
ity limits for ellipsis resolution. This shows the
need for more advanced architectures or special-
ized training strategies to further improve perfor-
mance on complex elliptical phenomena.

Qualitative Analysis The previous section
showed that sentences with ellipsis are a lot harder
to parse for the neural semantic models. But why
is this the case? Is this because they are a bad at
copying semantic information, or is it something
else? In order to answer we examined the output of
the best performing model and manually inspected
the results.
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Figure 2: Model performance on VPE120 with increas-
ing augmentation sizes (100 to 600).

Surprisingly, what we thought would be hard for
the models, copying semantic material from the
source to the target, was not hard at all. Only in
three of the 120 cases did this not happen. Actually,
what contributed to the low score was the wrong
choice of discourse relation (22% of overall errors),
the wrong attachment of a discourse relation (20%),
incorrect scope order between tense and negation
(16%), incorrect choice of word sense (16%), in-
correct choice of thematic role (10%), incorrect
choice of concept (10%), and incorrectly resolved
anaphora (4%).

One reason why selecting the correct VP an-
tecedent might have to do with the amount of am-
biguity, or lack thereof. For instance, in the VPE
example in Figure 1 there is only one potential verb
phrase that could serve as antecedent for the ellipti-
cal phrase. Closer inspection of the dataset reveals
that most (81%) of the texts with VPE are relatively
short and provide only one verb phrase that could
act as antecedent; only 23 examples provide two or
more potential verb phrase antecedents, as in (3).

(3) Ann hoped to succeed, but she didn’t.

Here there are two verb phrases in the context: hope
to succeed and succeed. For most of these cases
picking the most recent verb phrase usually yields
the correct interpretation.
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6 Conclusion

Although open-domain semantic parsing achieves
good overall performance on the standard test sets,
its shortcomings arise at the surface when looking
at more complex linguistic phenomena. We demon-
strated this by looking specifically at how neural
parsing models deal with cases of English VP Ellip-
sis. Although we observed a drop in performance,
the reason for the drop was not the context-sensitive
nature of ellipsis, but rather the fact that ellipti-
cal phenomena are often surrounded by complex
phenomena such as tense, negation, and discourse
structure, causing parsing errors. So, is neural se-
mantic parsing good at ellipsis resolution? Yes, it
is!
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