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Abstract

Conventional fine-grained entity typing (FET)
operates under the closed-set assumption,
wherein all classified types are limited within
a predefined type taxonomy derived from a
knowledge base. As the world evolves, new
entities of unknown types inevitably emerge in
open environments, falling beyond the scope
of the existing type taxonomy. To deal with
this problem, in this paper, we investigate a
novel and critical task: open-set entity typing
(OSET), which aims to not only classify entity
mentions within the known type taxonomy but
also detect those outside it, termed as unknown-
type instances. However, owing to the lack
of exposure to unknown-type instances during
training, existing FET models are susceptible
to misclassify them as known types, limiting
their practical effectiveness for this new OSET
task. Moreover, manually collecting and an-
notating large-scale unknown-type instances
is both time-consuming and labor-intensive in
open environments. To mitigate this issue, we
propose a two-stage generation model that au-
tomatically produces large-scale, high-quality
and diverse pseudo unknown-type instances,
beneficial for the tailor-designed unified open-
set classifier to effectively distinguish between
known and unknown types. Furthermore, an
innovative unknown-aware hierarchical con-
trastive learning strategy is designed to facili-
tate a clear delineation between closely related
known types and unknown types. Extensive
experiments on two newly established bench-
mark datasets demonstrate that our proposed
framework significantly surpasses all baselines
in addressing the OSET task.

1 Introduction

Fine-grained entity typing (FET), which aims to
assign fine-grained types from a given type taxon-
omy to entity mentions within a text, plays a funda-
mental role in a wide range of applications includ-
ing entity linking (Onoe and Durrett, 2020; Chen
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et al., 2020; Shen et al., 2023), question answering
(Yavuz et al., 2016; Dong et al., 2015) and rela-
tion extraction (Peng et al., 2020; Yaghoobzadeh
et al., 2017). Conventionally, FET operates un-
der the closed-set assumption (Chen et al., 2022;
Onoe et al., 2021; Pang et al., 2022; Ding et al.,
2022), i.e., all classified types belong to a prede-
fined type taxonomy provided by a specific knowl-
edge base (KB), implying that both training and
testing entity types are derived from the same type
taxonomy. Meanwhile, zero-shot FET (Yuan and
Downey, 2018; Zhang et al., 2020a) aims to clas-
sify entity mentions into types that have no labeled
instances during training, but still requires these
type names as necessary input during inference,
thus also adhering to the closed-set assumption.
However, KBs are usually curated manually and
inherently incomplete (Min et al., 2013), cover-
ing a limited number of entity types. Additionally,
new entities of unknown types frequently emerge
in open environments, which do not fit into the ex-
isting type taxonomy. Therefore, practical entity
typing systems should be capable of not only clas-
sifying entity mentions within the known type tax-
onomy but also detecting those outside it, termed
as unknown-type instances. For this purpose, we
propose a new task called open-set entity typing
(OSET), in which testing data contain both known
and unknown types while training data only have
known types. Due to the lack of supervision signals
for unknown types, previous closed-set FET mod-
els (Chen et al., 2022; Onoe et al., 2021; Pang et al.,
2022; Ding et al., 2022) are susceptible to misclas-
sify unknown-type instances as known types, lim-
iting their practical feasibility. Consequently, it is
vital to obtain training instances of unknown types
for effectively distinguishing between known and
unknown types. Unfortunately, manually collecting
and annotating large-scale unknown-type instances
is time-consuming and labor-intensive in open envi-
ronments, creating an urgent need for automatically
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generating pseudo instances of unknown types.

To generate training instances automatically, var-
ious data augmentation methods (Ghosh et al.,
2023; Song et al., 2024; Zhou et al., 2022) are
proposed to leverage the powerful generative ca-
pabilities and extensive embodied knowledge of
pre-trained language models (PLMs). Currently, a
significant category of these methods is based on
word-level manipulation, which produces synthetic
text by leveraging the PLM’s contextual knowledge
to manipulate words within the original text. These
methods focus on prioritizing augmentation quality
but often compromising diversity and quantity. Ac-
cordingly, for the OSET task, even if this category
of PLM-based methods is capable of generating
high-quality and homogeneous training instances
of unknown types, they fall short in producing
large-scale and diverse pseudo instances (Zhang
et al., 2024a). Meanwhile, large language models
(LLMs) have achieved remarkable breakthroughs
in producing large-scale and diverse data via in-
context learning (ICL) (Chung et al., 2023; Li et al.,
2023). However, recent endeavors (Lu et al., 2022;
Zhao et al., 2021) have verified that ICL’s perfor-
mance heavily depends on the choice of demonstra-
tions. For unknown-type instance generation, the
absence of unknown-type demonstration presents
a significant challenge for ICL to generalize eftec-
tively from known types to unknown types, risking
unreliable and low-quality generation.

Armed with the above insights, we propose to
integrate the unique strengths of PLMs and LLMs
to devise a two-stage generation model, comprising
a PLM-based quality-targeted generation module
and an LLM-based diversity-targeted generation
module. This two-stage model is expected to au-
tomatically generate large-scale, high-quality and
diverse pseudo instances for unknown types, elimi-
nating the need for human effort.

Specifically, inspired by some data augmentation
methods (Zheng et al., 2020; Marek et al., 2021),
high-quality pseudo unknown-type instances might
exhibit surface similarities with those of known
types but do not belong to any specific known type,
thereby assisting in a clear delineation between
known and unknown types. Based on this idea, we
design a PLM-based quality-targeted generation
module, which reconstructs known-type instances
to derive pseudo unknown-type instances for train-
ing. Concretely, previous studies (Zhang et al.,
2020b; Li et al., 2020) discover the importance
of specific keywords within a textual instance in

representing its semantics, and substituting these
keywords can significantly change the semantics
of the entire instance. Resorting to this idea, we de-
velop a type taxonomy enhanced keyword extractor
to first locate type-related keywords within known-
type instances, and then substitute them with suit-
able candidate terms suggested by a masked lan-
guage model (MLM) to yield pseudo high-quality
unknown-type instances.

Building on these obtained high-quality pseudo
unknown-type instances, we follow the ICL
paradigm to devise an LLM-based diversity-
targeted generation module, which aims to pro-
duce large-scale and diverse pseudo unknown-type
instances. To select suitable demonstrations, an in-
tuitive approach is to randomly sample in-context
examples or choose the top-ranked ones. Nonethe-
less, these methods only treat each example inde-
pendently, neglecting their inter-relationships. As a
result, they may fail to achieve the desired diversity
in the generated pseudo instances. To capture the
interactions among examples, we exploit the deter-
minantal point process (DPP) (Kulesza et al., 2012)
to construct the most various yet informative set
of demonstrations, aiding the LLM in generating
diverse pseudo unknown-type instances at scale.

Finally, utilizing the pseudo unknown-type in-
stances derived by the above two generation mod-
ules, we optimize a tailor-designed unified open-
set classifier to further enhance its performance
for the OSET task. Additionally, fine-grained en-
tity types are usually linked within a type taxon-
omy, leading to blurred boundaries between types
within the same coarse-grained type. To promote
the classifier’s capability of distinguishing between
closely related known types and unknown types,
we design an innovative unknown-aware hierarchi-
cal contrastive learning strategy by treating known
and unknown as root-level types of the taxonomy
and constraining the scope of attention to different
hierarchical levels.

Our contributions are summarized as follows:
(1) To the best of our knowledge, we are the first
to investigate the task of open-set entity typing
(OSET), a new and crucial problem due to its prac-
tical applications. (2) To compensate for the lack
of unknown-type training instances, we develop a
novel two-stage generation model, which can au-
tomatically produce large-scale, high-quality and
diverse pseudo unknown-type instances. (3) To fa-
cilitate a clear delineation between closely related
known types and unknown types, an innovative

20679



unknown-aware hierarchical contrastive learning
strategy is proposed to promote the distinguish-
ing capability of the unified open-set classifier.
(4) We establish two benchmark datasets for this
new OSET task. Extensive experiments on these
datasets demonstrate that our framework signifi-
cantly outperforms state-of-the-art baselines.

2 Preliminary and Notations

The fine-grained entity typing (FET) task aims to
assign each entity mention m a set of fine-grained
types based on its context ¢ given a predefined
type taxonomy 7 = {t; }L@l. Formally, the train-
ing set M = {(m;,c;)})¥, consists of A entity
mentions along with their corresponding contexts,
where each entity mention m; with its context c; is
labeled with a type path y;, which corresponds to a
hierarchical path from the top level to the bottom
level of the type taxonomy 7. This type path y,
can be represented as a set of types {y;;}, C
T, where T denotes the maximum depth of the
taxonomy 7 and y; ; signifies the type label at [-th
level L; of the type path. Given this training set M,
the closed-set FET model predicts an appropriate
type path y C T for each testing entity mention m
according to its context c. While in a more realis-
tic open-set scenario, some testing entity mentions
may come from unknown types that do not belong
to the predefined type taxonomy 7. Therefore,
a practical model for the OSET task should not
only classify entity mentions within the given type
taxonomy 7, but also detect those belonging to
unknown types outside of 7.

3 The Overall Framework

Figure 1 illustrates the overall architecture of our
framework, which comprises three components: (1)
a unified open-set classifier (§3.1); (2) a two-stage
generation model (§3.2) composed of a PLM-based
quality-targeted generation module (§3.2.1) and an
LLM-based diversity-targeted generation module
(§3.2.2); and (3) classifier optimization (§3.3).

3.1 Unified Open-Set Classifier

We design a unified open-set classifier tailored for
the task of OSET, which integrates a traditional
closed-set classifier F'(-) with additional |7 | one-
vs-all (OVA) binary classifiers {G¢, (+) }Er Specif-
ically, each OVA binary classifier Gy, (+) is associ-
ated with a known type ¢; € 7 and produces an

¢ .
output g7 = Gy, (mi,c;) € R? for an instance

(mi, c;), where g7 = {g/’, g’} and g7 + g/’ = 1.

This output can be interpreted as a probability dis-
tribution, indicating the likelihood that this instance
(mi, ¢;) belongs either to the known type t; or to
other types. Combining these OVA binary classi-
fiers with the closed-set classifier, the unified open-
set classifier is capable of not only classifying in-
stances within the known type taxonomy but also
detecting instances that belong to unknown types.
Specifically, for an instance (m;, ¢;), the closed-set
classifier F'(+) is first utilized to obtain its known
type prediction gj; = argmax; o1 F (mj, ¢;). Sub-
sequently, the OVA binary classifier Gy, (-) corre-
sponding to the predicted known type g; is applied
to output the probability g/, which represents the
likelihood that the instance (m;, ¢;) belongs to the
known type y;. If this probability gfl falls below
0.5, this instance is considered less likely to belong
to the predicted known type y;, but regarded as
unknown types; otherwise, it is classified as the
predicted known type ;.

However, in the OSET task, only the known-type
training set M are directly available for training,
which inherently limits the performance of the uni-
fied open-set classifier, as demonstrated in our ex-
periments. To overcome this limitation, we design
a two-stage generation model to derive large-scale,
high-quality and diverse pseudo unknown-type in-
stances automatically. These pseudo instances are
then exploited to enhance the classifier’s capability
of handling unknown types, thereby improving the
overall performance.

3.2 Two-Stage Generation

3.2.1 PLM-Based Quality-Targeted
Generation Module

To produce high-quality pseudo unknown-type in-
stances, we propose a PLM-based quality-targeted
generation module. Concretely, we first devise
a type taxonomy enhanced keyword extractor to
identify type-related keywords within known-type
instances and then iteratively substitute these key-
words with suitable candidate terms until synthe-
sizing high-quality unknown-type instances.

Keyword Extractor. To identify the most infor-
mative keywords within a known-type instance
that indicates its corresponding type path, we de-
velop a novel type taxonomy enhanced keyword
extractor, as shown in Figure 1 (a). Given an in-
stance (m;, ¢;) from the known-type training set
M, we first concatenate it with two special tokens,
[CLS] and [SEP], to construct the input sequence
x; = [CLS]m;[SEP]c;[SEP]. Subsequently, a PLM
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Figure 1: The overall architecture.

(e.g., BERT (Devlin et al., 2019)) is employed as
the text encoder to derive the textual representation
of each token in the sequence: h; 1,h;2,...,h;, =
PLM(z;). Here, h;, is the representation of the
token x; ;- (i.e., the r-th token of x;). We extract
the representation of the [CLS] token (i.e., h; 1) as
the representation for the instance (m;, ¢;).

On the other hand, interpreting fine-grained type
labels solely based on their type names is challeng-
ing due to the lack of sufficient semantic context.
To address this, we employ the attribute value rep-
resentation (AVR) module from PEARL (Liu et al.,
2023), which discovers an informative seed word
set for each type from the training set. With these
seed word sets, AVR could generate semantics-
enhanced type representations S = {s; }‘]21 for
entity types in 7 by computing weighted averaging
representations of seed word sets. Moreover, given
that the entity type set inherently forms a hierarchi-
cal structure, it is crucial to integrate both semantic
and structural information into the type represen-
tation. To tackle this, we first take the obtained
semantics-enhanced type representations .S as ini-
tial node representations, and then leverage graph
attention network (GAT) (Velickovié et al., 2018) to

derive the fused type representations U={u; }‘]47!1.

Subsequently, based on the token and fused type
representations, we estimate the relatedness degree
Tir; = cos(h;,, u;) to quantify how closely a
token x; . is related to a specific type ¢;, where
h; , is the representation of token x; - and u; is the
fused type representation of type ¢;. Then, the type-
related score A; , for token z; , in the sequence x;

is calculated by summing the relatedness degrees
across all types in its labeled type path y;: A; , =
theyi gumbel_softmax(m; .1, ..., T . |7));. Ac-
cording to the obtained type-related scores, we
could identify type-related keywords whose scores
exceed a threshold § while masking the other to-
kens in the sequence x; with [MASK] tokens to form
a new sequence Z;. Furthermore, the derived se-
quence ¥;, comprising the most informative key-
words, is expected to indicate the same labeled
types as the original sequence z;. To ensure this,
we train the keyword extractor using the conven-
tional entity typing loss that enforces the two se-
quences x; and Z; to have the same prediction type.
After training, the final set of type-related keywords
w; are identified by the trained keyword extractor.

Iterative Substitution. High-quality pseudo
unknown-type instances tend to retain surface simi-
larities with their original known-type counterparts
(Marek et al., 2021). Drawing from this observa-
tion, we propose an iterative substitution method to
synthesize a high-quality pseudo unknown-type in-
stance (1m;, ¢;) in a greedy manner, while keeping
it as similar as possible to its original known-type
instance (m;, ¢;), as illustrated in Figure 1 (b).
Initially, we rank all the keywords in the final
type-related keyword set w; according to their type-
related scores, with the keyword having the k-th
highest type-related score denoted as w; . In the
k-th iteration, with respect to the keyword wj x,
candidate terms are generated based on the substi-
tuted instance from the previous (k—1)-th iteration.
Suitable candidate terms are expected to exhibit
contextual awareness in the keyword position, en-
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suring that the substituted instances maintain both
linguistic fluency and grammatical accuracy. Ac-
cordingly, we leverage a masked language model
(MLM) to generate a set of substitution candidate
terms C for the keyword wj 1, thereby capitalizing
on its strong context-aware prediction capabilities.
The detailed substitution candidate term generation
is described in Appendix A.

By replacing the keyword w; j, with each can-
didate term in C, we can obtain |C| substituted
instances at the k-th iteration. To identify the
high-quality substituted instance within them, we
introduce an unknown-type probability to evalu-
ate the quality of the substituted instance, follow-
ing the intuition that a substituted instance with a
higher unknown-type probability is of higher qual-
ity. Specifically, we obtain the unknown-type prob-
ability g/* = 1 — ¢/ for a substituted instance via
the unified open-set classifier (§3.1). The substi-
tuted instance with the highest unknown-type prob-
ability gf’l at the k-th iteration is selected. When
its unknown-type probability gg” exceeds 0.5, the
substitution iteration will be terminated, and the
corresponding substituted instance is recognized
as a high-quality pseudo unknown-type instance
(mj, ¢;). Otherwise, the substitution process will
continue to replace the next keyword w; y41, un-
til a high-quality pseudo unknown-type instance
(mj, ¢;) is synthesized. Ultimately, through itera-
tive substitutions across all known-type instances
in M, we obtain a set of high-quality pseudo
unknown-type instances M p = {(m;, ¢;)}. Note
that the unified open-set classifier used in this pro-
cess is trained solely with known-type instances
from M, which will be further detailed in §3.3.

3.2.2 LLM-Based Diversity-Targeted
Generation Module
Building on these derived pseudo unknown-type
instances M p, we devise an LLM-based diversity-
targeted generation module that incorporates a
tailor-designed prompt Z (Figure 1 (c)) along with
demonstrations Dy, (Figure 1 (d)) selected from
M p, to facilitate the creation of large-scale and
diverse pseudo unknown-type instances.

Demonstration Selection. An intuitive strategy
for selecting demonstrations is to randomly sam-
ple in-context examples or choose the top-ranked
ones based on certain metrics. However, these
methods tend to treat each example independently,
ignoring the variety of the selected examples. Ac-
cordingly, they may inevitably limit the diversity

of the generated instances, resulting in suboptimal
performance. By regarding pseudo unknown-type
instances M p as the candidate instance pool, we
aim to select e candidate instances (m;, ¢;) € Mp
to form the informative and various demonstra-
tions Dy, = {(my, ¢;)}$_;. The selected demon-
strations are desired to satisfy two key criteria:
quality and variety. Firstly, based on the afore-
mentioned insight in §3.2.1, a candidate instance
with a higher unknown-type probability is gener-
ally of higher quality. Therefore, we quantify the
quality of a candidate instance (1m;, ¢;) by comput-
ing its unknown-type probability ngi via the unified
open-set classifier. Secondly, variety requires that
the selected demonstrations are mutually dissim-
ilar, thus covering a broader range of diversified
semantics within the candidate instance pool M p.
Consequently, for two candidate instances (m;, ¢;)
and (m;,¢;), we calculate the cosine similarity
¢i; = cos(h; 1,h; 1) to assess their semantic sim-
ilarity.

To select demonstrations meeting the above two
criteria, we employ the determinantal point pro-
cess (DPP) (Kulesza et al., 2012), a probabilistic
model renowned for its effectiveness in modeling
the distribution on candidate instance sets, to derive
a set of demonstrations Dj, that is both informa-
tive and various. The primary challenge of apply-
ing DPP lies in constructing an appropriate kernel
matrix. Therefore, we compute a kernel matrix
K € RMPIXIMP[ that simultaneously accounts
for quality and variety: K; j = gzyz bi j gﬁ“ , where
K, ; represents the possibility that candidate in-
stances (m;,¢;) and (mj, ¢;) appear in the same
selected set. Intuitively, different tasks may exhibit
different preferences between quality and variety.
To facilitate the balance between quality and vari-
ety, we introduce a control parameter A to construct
a modified kernel matrix K:

Ki; = exp(a) /20) 1 jexp(g /2))

Based on the modified kernel matrix K, the prob-
ability of selecting a candidate instance set D of
size n can be defined as follows:

P(D) = det(Kp)/det(K + I)

where KD € R™" refers to a submatrix of K
corresponding to the candidate instance set D, I is
an identity matrix and det(-) denotes the determi-
nant of a matrix. Under this distribution P, we can
search a candidate instance set D with the highest
probability from the candidate instance pool M p
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to obtain the demonstrations Dy,.

Despite the advantage of LLMs in generating
promising pseudo instances, they might still pro-
duce plausible yet factually unreliable instances, a
phenomenon known as hallucination (Dhuliawala
et al., 2024). To address this, similar to §3.2.1,
we adopt the unified open-set classifier to prune
unreliable pseudo instances whose unknown-type
probabilities gfl fall below 0.5. Ultimately, we can
instruct the LLM to produce a set of large-scale
and diverse pseudo unknown-type instances M.

3.3 Classifier Optimization

To achieve a clear delineation between known
and unknown types, we utilize the set of pseudo
unknown-type instances My=Mp U M to op-
timize the unified open-set classifier. Moreover,
an unknown-aware hierarchical contrastive learn-
ing strategy is designed to eliminate the blurred
boundaries between closely related known types
and unknown types.

3.3.1 Closed-Set Classifier Optimization

Following previous FET studies (Zhang et al.,
2021; Chen et al., 2019), the prediction of the type
path y, for an instance (m;, ¢;) can be redefined as
predicting the type label y;  at the bottom level
L of the type path y;, capitalizing on the hierarchi-
cal dependency within 7. The closed-set classifier
F(+) is responsible for assigning instances to pre-
defined known types within the taxonomy. To op-
timize its performance, we minimize the standard
cross-entropy loss over the known-type training set
M = {(mi, ¢;) }, formulated as follows:

1
Lr=—r Z Cross_entrOPY(yi,Taﬂi)

‘M | (77’L1'7 Ci)EM
where ¢); is the predicted known type for the in-
stance (m;, ¢;) obtained from F'(-).

3.3.2 OVA Binary Classifier Optimization

Each OVA binary classifier Gy, (+) is responsible for
determining whether an instance (m;, ¢;) belongs
to a specific known type ¢; (with a known-type
probability gfj) or other types. During its train-
ing process, for each known-type instance (m;, ¢;)
with its labeled bottom-level type y; 7 from the
training set M, the corresponding OVA binary clas-
sifier Gy, ,(-) naturally treats this instance as a
positive instance, thereby maximizing its known-
type probability g/"". Meanwhile, any other OVA
binary classifier Gy (-) (t; € T At; # yi7) is
trained to minimize its corresponding known-type

probability gﬁj (i.e., maximizing the probability
1-—- gfj ) by regarding this instance as a negative
instance. Moreover, to endow these classifiers with
the ability to distinguish between known and un-
known types, each pseudo unknown-type instance
(m;, ¢) from the set of pseudo instances My is
also regarded as a negative instance for every OVA
binary classifier G (-) to minimize its known-type
probability gf.j . Armed with this insight, the opti-
mization of these OVA binary classifiers could be
achieved by the following formula:

1 . v
Lo=—= > (log(g!"") — min log(1—g"))

|./\/l|(m' M ;€T A j#yi 1
1 . .
] > —minlog(l-g)
v (mi,e)eMy 7

3.3.3 Unknown-Aware Hierarchical
Contrastive Learning

Fine-grained known types within a type taxonomy
are typically interconnected, making it challeng-
ing to differentiate them, especially those within
the same coarse-grained type. Inspired by previ-
ous contrastive learning methods (He et al., 2020;
Wang et al., 2022), we design an unknown-aware
hierarchical contrastive learning strategy that elim-
inates confusion among intertwined known types
while enhancing the capability of the unified open-
set classifier to distinguish known and unknown
types. To be specific, for each known-type instance
(m;, ¢;) with its labeled type path y, from the train-
ing set M, we sample positive instances that share
the same labeled type path y;, thereafter enforcing
them to be close together in the latent representa-
tion space. What’s more, to facilitate the classifier
to receive sufficient supervision signals from all
hierarchical levels of the labeled type path y;, we
sample negative instances from the training set M
at each level L; (1 < [ < T). Specifically, each
negative instance at level L; is expected to have a
different type label y; ; but share the same higher-
level type labels {y; . }._}. Additionally, to further
strengthen the classifier’s capability of distinguish-
ing between known and unknown types, we treat
known and unknown as types at the root level (de-
fined as Lg) of the type taxonomy 7, which enables
the sampling of negative instances at the level Ly
from the set of pseudo unknown-type instances
My, During the sampling process, for each in-
stance (m;, ¢;), we select () least similar positive
instances to form its positive set P(i) and () most
similar negative instances to form its negative set
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BBN Few-NERD
Methods : i
Acc-all Fl-all F1-known F1-binary Acc-all Fl-all F1-known F1-binary
Fine-Grained Entity Typing
UFET 0.384 0.518 0.390 0.717 0.267 0.460 0.375 0.728
Box4Types 0.598 0.642 0.771 0.730 0.475 0.564 0.670 0.712
UniST 0.279 0.414 0.481 0.672 0.170 0.388 0.448 0.676
CASENT 0.295 0.444 0.703 0.666 0.070 0.416 0.613 0.669
ChatGPT 0.489 0.652 0.786 0.724 0.453 0.486 0.465 0.657
Llama3 0.298 0.390 0.537 0.569 0.387 0.520 0.528 0.672
DeepSeek-V3 0.622 0.688 0.716 0.668 0418 0.360 0.365 0.690
Open-Set Text Classification
MSP 0.556 0.573 0.720 0.707 0.583 0.640 0.661 0.741
SEG 0.455 0.446 0.563 0.662 0.519 0.575 0.557 0.750
SCL 0.727 0.758 0.786 0.774 0413 0.476 0.569 0.688
APRL 0.616 0.640 0.731 0.734 0.567 0.625 0.654 0.726
SELFSUP 0.675 0.700 0.753 0.774 0.525 0.591 0.641 0.734
Ours 0.763 0.811 0.851 0.823 0.621 0.675 0.687 0.770

Table 1: Results on BBN and Few-NERD. The best result in each metric is in bold and the second-best is underlined.

Ni(i) at each level L; (0 < I < T'), ensuring the
focus on difficult positive and negative instances.
Therefore, the unknown-aware hierarchical con-
trastive loss L is defined as follows:

Li=— S L% ET:
UM [P

m;, ci)EM (m+,c;4)EP(i) =0

h;1-h4
exp (41 TZ ’1)
hi,l'hi+

exp(if ’1)(4;1__ C%ENl(ez?;p(hi’lfi’ )

1T

Here, 7 is a temperature parameter that controls
the strength of contrastive learning.

— log

By incorporating the above three losses, the over-
all objective function can be formulated as follows:
L=Lr+Lc+aly

where « controls the strength of L.

4 Experiments

4.1 Datasets and Experiment Setting

4.1.1 Datasets and Metrics

To the best of our knowledge, there is no publicly
available benchmark dataset for the OSET task.
Therefore, we create two benchmarks by adapting
existing fine-grained entity typing datasets: BBN
(Weischedel and Brunstein, 2005) and Few-NERD
(Ding et al., 2021). The construction process and
setting details are elaborated in Appendices B and
C, respectively. Following prior open-set text clas-
sification studies (Zhan et al., 2021; Zeng et al.,
2021), we regard all unknown types as a single
type and adopt four widely used metrics for eval-
uation: (1) Acc-all, the accuracy over all types;
(2) F1-all, the weighted-F1 over all types; (3) F1-
known, the weighted-F1 score for known types;
and (4) F1-binary, a binary classification metric
that assesses the ability to detect unknown-type in-
stances. The datasets and source code are available

Variants BEN
Acc-all Fl-all F1-known F1-binary
FULL 0.763 0.811 0.851 0.823
PGM 0.6835.0% 0.739; 700,  0.817)349  0.768 559
LGM 0.574 1899  0.620) 1919  0.772;799%  0.71710.6%
BASE 0.562)901% 0.612199% 0.786,654 0.708 11 5%
. Few-NERD
Variants -
Acc-all Fl-all F1-known F1-binary
FULL 0.621 0.675 0.687 0.770
PGM 0.573 4 8% 0.636,39%  0.667209 0.7455 5%
LGM 0.50711.4%  0.57699%  0.65928%  0.724 14 6%
BASE 0.488)13.3%  0.55510.09%  0.650,379,  0.714y5 6%

Table 2: Results of different variants of our framework.

for future research !.

4.1.2 Baselines

To our best knowledge, no prior work has been
proposed for solving the OSET task. For com-
prehensive comparison, we establish twelve base-
lines based on fine-grained entity typing methods
(i.e., UFET (Choi et al., 2018), Box4Types (Onoe
etal., 2021), UniST (Huang et al., 2022), CASENT
(Feng et al., 2023), ChatGPT (Ouyang et al., 2022),
Llama3 (AI@Meta, 2024) and DeepSeek-V3 (Liu
et al., 2024)) and open-set text classification meth-
ods (i.e., MSP (Hendrycks and Gimpel, 2017), SEG
(Yan et al., 2020), SCL (Zeng et al., 2021), APRL
(Chen et al., 2021) and SELFSUP (Zhan et al.,
2021)), which are introduced in Appendix D.

4.2 Performance Comparison

The experimental results of all methods over BBN
and Few-NERD datasets are shown in Table 1.
From the results, it can be seen that our framework
achieves significantly superior performance com-
pared with these fine-grained entity typing (FET)
and open-set text classification (OSTC) baselines
in terms of all metrics on both datasets. To be
specific, there is a significant performance gap be-
tween our framework and FET baselines, demon-

"https://github.com/CodingPerson/0SET
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Method BBN Few-NERD

Acc-all F1-all F1-known F1-binary Acc-all Fl-all F1-known F1-binary
Ours 0.763 0.811 0.851 0.823 0.621 0.675 0.687 0.770
(1) w/o KE 0.680,5.3% 0.731;8.0% 0.8015.0% 0.777 4.6% 0.609,1.2% 0.6651.0% 0.680,0.7% 0.7601.0%
(2) wio DS 0.7204 3% 0.783}9.8% 0.8500.1% 0.791 3,99 0.5355.6% 0.627 4 8% 0.669,1 g% 0.737,3.3%
(3) w/o UHCL 0.703 6.0% 0.7407 19 0.794 5 79 0.7873.6% 0.601 5 g% 0.6651.0% 0.6860.1% 0.763 10.7%

Table 3: Experimental results of ablation study.

strating the effectiveness of our framework gener-
ating effective pseudo unknown-type instances to
enhance the detection of unknown types. While
LLMs (i.e., ChatGPT, Llama3, and DeepSeek-V3)
have shown remarkable capabilities across vari-
ous downstream tasks, they still face challenges in
tackling the OSET task, which may be attributed
to the lack of sufficient prior knowledge for this
new task. In comparison to FET baselines, the
OSTC baselines (i.e., MSP, SEG, SCL, APRL, and
SELFSUP) could learn discriminative semantic rep-
resentations using known-type instances to detect
unknown-type instances, with SCL and SELFSUP
further enhancing their performance by synthesiz-
ing pseudo instances during training. However,
the performance of these OSTC baselines is still
unsatisfactory as they inherently neglect the hierar-
chical structure of the type taxonomy. In contrast,
our framework is capable of producing desirable
pseudo instances while also capturing the hierar-
chical structure of the type taxonomy, thereby pro-
viding a promising way to address the OSET task.

4.3 Effectiveness Study of Two-Stage
Generation

To validate the effectiveness of our proposed two-
stage generation model, we conduct an extensive
evaluation by considering different variants of our
framework: (1) BASE, which utilizes only the la-
beled known-type instances for training; (2) PGM,
where only the PLM-based generation module is
employed to produce pseudo instances for training
besides the input known-type instances; (3) LGM,
where only the LLM-based generation module is
leveraged to generate pseudo instances for train-
ing alongside the input known-type instances; (4)
FULL (i.e., our full framework).

Firstly, it can be seen from Table 2 that BASE
shows the largest performance degradation across
all metrics on both datasets compared to FULL,
validating the effectiveness of the pseudo unknown-
type instances yielded by our two-stage generation
model. Comparing PGM with FULL, we observe
a noticeable performance decline for PGM. This
result supports our motivation that the LLM-based
generation module can facilitate the creation of di-
verse and varied pseudo unknown-type instances

across different topics and domains, thus enhancing
the classifier’s performance by capturing more gen-
eralized and complementary knowledge. Addition-
ally, LGM’s performance gap w.r.t. FULL is much
more significant than PGM, which implies that the
high-quality pseudo unknown-type instances are
more effective in addressing the OSET task than
the diverse pseudo instances. Moreover, the per-
formance of BASE is comparable to that of LGM,
further confirming that our framework shows lim-
ited efficacy when relying solely on the LLM-based
generation module.

Overall, combining the high-quality and diverse
pseudo unknown-type instances derived from our
two-stage generation model can exert a more potent
effect by comprehensively integrating the unique
strengths of PLMs and LLMs. Furthermore, a time
cost analysis and a case study for two-stage gener-
ation are provided in Appendices E and F, respec-
tively.

4.4 Ablation Study

To verify the superiority of key components in our
framework, we conduct an extensive ablation study
in Table 3. From the experimental results, we can
see that: (1) By replacing the keyword extractor
with random selection (w/o KE), we observe a
significant performance decline compared to the
whole framework. This result indicates the effi-
cacy of our keyword extractor to precisely identify
type-related keywords for substitution, thus guar-
anteeing the quality of generated pseudo unknown-
type instances. (2) Additionally, w.r.t. the whole
framework, significant performance decreases are
observed when demonstrations are selected ran-
domly (w/o DS), showcasing that the proposed
demonstration selection process could indeed select
satisfactory demonstrations to guide the LLM in
generating valuable and diverse pseudo instances,
thereby enhancing the overall performance. (3)
Moreover, the removal of the unknown-aware hier-
archical contrastive learning strategy (w/o UHCL)
leads to performance declines over the two datasets,
which confirms that the proposed strategy effec-
tively eliminates the blurred boundaries between
closely related known types and unknown types.
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Figure 2: Hyperparameter sensitivity analysis.

4.5 Hyperparameter Sensitivity Analysis

To evaluate the robustness of our framework, we
conduct a thorough sensitivity analysis on BBN
for two pivotal hyperparameters: the type-related
keyword identification threshold ¢ (§3.2.1) and the
control parameter A that balances quality and va-
riety (§3.2.2). As depicted in Figure 2 (a), our
framework maintains stable performance in terms
of all metrics across a broad range of § (5e-5 to
Se-3), exhibiting the framework’s robustness and
insensitivity to the threshold §. Likewise, from
Figure 2 (b), we observe consistent performance
across all metrics over the range of A from 0.1 to
0.9, further confirming the framework’s stability
with respect to the parameter .

4.6 Effect Analysis of Different PLMs and
LLMs

To validate the universality of our proposed two-

stage generation model across diverse pretrained

language models (PLMs) and large language mod-

els (LLMs), we conduct comprehensive evaluations

on BBN, as shown in Figure 3.

For the PLM-based quality-targeted generation
module, we instantiate three variants by incorporat-
ing the default LLM (Llama3) with three distinct
PLMs: DistilBERT (Sanh et al., 2019), ALBERT
(Lan et al., 2020), and BERT (default PLM). We
provide their performance in terms of Acc-all and
F1-binary in Figure 3 (a). Additionally, the dotted
line in the figure represents the performance of the
baseline without using any PLM, thus highlighting
the performance gain facilitated by PLMs. From
Figure 3 (a), we can draw two critical observations:
(1) variants with different PLMs (DistilBERT, AL-
BERT, and BERT) significantly outperform the
baseline, which demonstrates the effectiveness and
robustness of our proposed PLM-based generation
module over the different choices of PLMs. (2) The
variant with BERT surpasses DistilBERT and AL-
BERT, likely attributed to their inherent limitations
of lightweight architectures. Specifically, ALBERT
and DistilBERT employ parameter reduction tech-
niques that constrain their knowledge retention and

- Ace-all (w/o PLM) Acc-all = Acc-all (W/o LLM) Acc-all
—————— Fl-binary (w/o PLM) Fl-binary === Fl-binary (w/o LLM)

0.9
0.9
0.8
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(M Pl s o

0.7
067 0 | B e

0. 0.6
S DistilBERT ALBERT Default DeepSeek-R1 Mistral Default

(a) variants of PLMs (b) variants of LLMs
Figure 3: Performance of different variants using differ-
ent PLMs and LLMs.
text generation capabilities, thereby inevitably pro-
ducing low-quality pseudo unknown-type instances
for training.

To further examine the universality of the LLM-
based diversity-targeted generation module, we in-
tegrate the default PLM (BERT) with three dif-
ferent LLMs: DeepSeek-R1 (Guo et al., 2025),
Mistral (Jiang et al., 2023), and Llama3 (default
LLM). We present the performance of these vari-
ants and a baseline without utilizing any LLM in
Figure 3 (b), where the dotted line denotes the
performance of the baseline. From this figure, it
can be seen that (1) variants with different LLMs
(DeepSeek-R1, Mistral, and Llama3) all substan-
tially exceed the baseline in terms of Acc-all and
F1-binary, which verifies the universality of our
proposed LLLM-based generation module over dif-
ferent LLMs. (2) The variant with DeepSeek-R1
yields worse performance compared to the other
two variants. This can be explained by the fact
that the reinforcement learning-based architecture
of DeepSeek-R1 may inject extraneous reasoning
steps during unknown-type instance generation,
thereby inducing error propagation that ultimately
causes suboptimal performance.

In summary, the superior performance of these
variants validates the effectiveness and universality
of our two-stage generation model across different
PLMs and LLMs.

5 Conclusion

In this paper, we investigate a novel open-set entity
typing task, which aims to not only classify entity
mentions within the known type taxonomy but also
detect those outside it, i.e., unknown-type instances.
To tackle this task, we propose a two-stage gener-
ation model to produce pseudo unknown-type in-
stances that enhance our designed unified open-set
classifier. Moreover, an unknown-aware hierarchi-
cal contrastive learning strategy is introduced to
clearly differentiate between closely related known
types and unknown types. Experiments over two
created benchmark datasets demonstrate that our
framework consistently outperforms all baselines.
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Limitations

Firstly, our created two benchmarks BBN and
Few-NERD (by adapting existing mainstream fine-
grained entity typing datasets) exhibit a long-tailed
distribution, which inevitably leads to performance
disparities between high-frequency head types and
low-frequency tail types in our OSET task. Ad-
dressing this imbalance problem remains an impor-
tant research direction for future work. Secondly,
our proposed framework is designed not only to
classify entity mentions within the known type tax-
onomy but also to detect those out of it, termed as
unknown-type instances. Based on these detected
unknown-type instances, it is feasible to further
discover new entity types and accurately integrate
them into the existing taxonomy, thereby enabling
dynamic taxonomy updates. This will be a pivotal
direction for advancing the practical deployment
of entity typing systems in real-world scenarios.

Ethical Statement

Our proposed two-stage generation model inte-
grates the unique strengths of pretrained language
models (PLMs) and large language models (LLMs)
to produce pseudo unknown-type instances, facil-
itating the training of a unified open-set classifier
for the novel OSET task. However, it is important
to acknowledge that the generated pseudo instances
may unintentionally reflect societal bias embedded
in the underlying knowledge of PLMs and LLMs.
To mitigate potential ethical concerns, we recom-
mend incorporating human oversight to review the
generated pseudo instances, thereby ensuring the
ethical and fair application of our framework in
real-world scenarios.
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A Substitution Candidate Term
Generation

To replace identified keywords with appropriate
candidate terms, we adopt a masked language
model (MLM) that leverages its intrinsic contextual
prediction capability to generate a set of substitu-
tion candidate terms.

Specifically, a keyword w; j, is first masked with
a [MASK] token, and then fed into the MLM along
with its surrounding context to predict possible can-
didate terms. The MLM yields the [MASK] token
representation hpwask] and outputs a probability
distribution over the entire vocabulary V, which
indicates the likelihood of each candidate term v
appearing in the masked position:

pv (v|hpmsky) = softmax(Woo (Wihpwasky + b))

Here, o(-) is an activation function; Wy € Rdxd
Wy € RIVIX4 and b € R? are pre-trained parame-
ters of the MLM. Since the keyword substitution
process aims to alter the type of the instance, it
is crucial to avoid substituting a keyword with an-
other known-type related term, which could inad-
vertently preserve the original type. To mitigate
this risk, we exclude the top 10% of terms with
the highest type-related scores for each known type
from the vocabulary V', ensuring that highly known-
type related terms are not utilized as substitution
candidate terms. After this exclusion, top-200 sug-
gested terms are selected as the substitution candi-
date terms C w.r.t. the keyword wj j, according to
the probability distribution py (v|hpwasky)-

B Dataset Construction Details

We construct two benchmark datasets of the OSET
task based on existing FET datasets (i.e., BBN
(Weischedel and Brunstein, 2005) and Few-NERD
(Ding et al., 2021)), where the type labels are re-
defined and split into known and unknown types,
and the data instances are reorganized to meet the
specific requirements of the OSET task, described
in details as follows.

* BBN (Weischedel and Brunstein, 2005) is ex-
tracted from Wall Street Journal articles and an-
notated with 2 hierarchical levels of 47 types in
Freebase, among which we designate 27 types as
known types and regard the remaining 20 types
as unknown. Note that the selected known types
should establish a complete hierarchical struc-
ture, and the specific type allocation result is
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shown in Table 5. In the light of the OSET task
definition, the testing set should contain both
known-type and unknown-type instances, while
the training and validation sets only have known-
type instances. Accordingly, for the testing set,
we sample a balanced distribution of 50% known-
type and 50% unknown-type instances, and the
remaining known-type instances are allocated to
form the training and validation sets.

* Few-NERD (Ding et al., 2021) is a large-scale
human-annotated dataset with 2 hierarchical lev-
els of 74 types. Similar to BBN, we divide the
types into 37 known types and 37 unknown types
(the specific type allocation result is also shown
in Table 5), and adopt the same manner to con-
struct its training, validation and testing set.

The statistics of these two constructed datasets are
shown in Table 4.

Dataset BBN | Few-NERD
# Known types 27 37
# Unknown types 20 37
# Training instances 7996 35193
# Validation instances 2431 31729
# Known-type testing instances | 961 16176
# Unknown-type testing instances | 961 16176

Table 4: Dataset statistics.

C Setting Details

To instantiate our framework, we select BERT (De-
vlin et al., 2019) as the default PLM and Llama3-
8B (Al@Meta, 2024) as the default LLM in our ex-
periments. For the LLM-based generation module,
we select sets of demonstrations from the candidate
instance pool M p without replacement to perform
multiple rounds of the generation process. Despite
that the LLM-based generation module is capable
of producing large-scale pseudo unknown-type in-
stances, we just reserve A pseudo instances (the
same size with the original training set M) to form
the set of pseudo unknown-type instances M,
thus balancing the performance of PLM-based and
LLM-based generation modules without the influ-
ence of the generated instance size. The threshold
0 (Section 3.2.1) is set to le-4. The control pa-
rameters A\ (Section 3.2.2) and « (Section 3.3.3)
are set to 0.5 and 0.1, respectively. The number
of demonstrations e is set to 5. For the unknown-
aware hierarchical contrastive learning, we set Q to

25, and the temperature parameter 7 is set to 0.07.
We use Adam as the optimizer with a learning rate
of 3e-5. All experiments are implemented using
PyTorch with one NVIDIA RTX A6000 GPU.

D Descriptions of Baseline Methods

(i) Fine-grained entity typing. For fine-grained
entity typing methods, we incorporate a thresh-
old mechanism that enables their identification of
unknown-type instances.

e UFET (Choi et al., 2018) utilizes BILSTM and
GloVe for context encoding, while employing
GloVe and CharCNN for entity mention encod-
ing. During inference, it learns a type label
matrix to estimate each type’s probability for
multi-label classification based on a predefined
threshold (i.e., 0.5). To enable UFET to detect
unknown-type instances, we classify instances
whose probabilities of all types fall below the
threshold as unknown types.

* Box4Types (Onoe et al., 2021) employs box em-
beddings to jointly represent entity mentions and
entity types, thus effectively capturing their in-
tersections. Based on these intersections, condi-
tional probabilities for each type are computed to
perform the final type prediction based on a pre-
defined threshold (i.e., 0.5). Similarly, we regard
instances whose conditional probabilities for all
types fall below the threshold as unknown types.

e UniST (Huang et al., 2022) exploits type seman-
tics to learn a joint semantic embedding space
for both entity mentions and types. Depending
on the similarities between mentions and types,
types with similarities above a certain threshold
are given as the final prediction, where the thresh-
old is tuned on the validation set. Similar to the
above, we regard instances with all similarities
below this threshold as unknown types.

* CASENT (Feng et al., 2023) is a seq2seq model
designed for entity typing that predicts types with
calibrated confidence scores. To enable it the abil-
ity to detect unknown-type instances, we classify
instances as unknown types if all of their type
scores fall below a predefined global threshold,
which is estimated on the validation set.

e ChatGPT (Ouyang et al.,, 2022) is a well-
known generative large language model that has
achieved success in many NLP applications. We
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BBN

Few-NERD

Known Types in BBN:
/person, /organization, /location, /gpe,
/work_of_art, /product, /animal,
/organization/corporation, /organization/educational,

/organization/hotel, /organization/government, /organization/hospital,

/organization/museum, /organization/political,
/organization/religious, /location/continent,
/location/lake_sea_ocean, /location/region, /location/river,
/gpelcity, /gpe/country, /gpe/state_province, /work_of_art/book,
/work_of_art/play, /work_of_art/song,
/product/vehicle, /product/weapon

Unknown Types in BBN:
/contact_info, /event, /facility, /disease,

/game, /language, /law, /plant, /substance,
/contact_info/url, /event/hurricane, /event/war,
/facility/airport, /facility/attraction, /facility/bridge,
/facility/building, /facility/highway_street, /substance/chemical,
/substance/drug, /substance/food

Known Types in Few-NERD:

/person, /organization, /location, /building,
/person/actor, /person/artist_author, /person/athlete,
/person/director, /person/other, /person/politician,
/person/scholar, person/soldier, /organization/company,
/organization/education, organization/government,
/organization/media_newspaper, /organization/other,
/organization/political_party, /organization/religion,
/organization/show_organization, /organization/sports_league,
/organization/sports_team, /location/bodies_of_water,
/location/gpe, /location/island, /location/mountain,
/location/other, /location/park,
/location/road_railway_highway_transit, /building/airport,
/building/hospital, /building/hotel, /building/library,
/building/other, /building/restaurant, /building/sports_facility,
/building/theater
Unknown Types in Few-NERD:

/art, /event, /other, /product, /art/broadcast_program,
/art/film, /art/music, /art/other, /art/painting,
/art/written_art, /event/attack_battle_war_military_conflict,
/event/disaster, /event/election, /event/other,
/event/protest, /event/sports_event, /other/astronomy_thing,
/other/award, /other/biology_thing, /other/chemical_thing,
/other/currency, /other/disease, /other/educational_degree,
/other/god, /other/language, /other/law, /other/living_thing,
/other/medical, /product/airplane, /product/car, /product/food,
/product/game, /product/other, /product/ship,
/product/software, /product/train, /product/weapon

Table 5: Entity type composition for the two created datasets.

regard it as a baseline and evaluate its perfor-
mance of addressing the OSET task with a tailor-
designed prompt, which can be found in Figure
4.

Llama3 (Al@Meta, 2024) is a large language
model released by Meta, pre-trained on 15 tril-
lion tokens. Similar to ChatGPT, we evaluate its
performance for OSET with the same prompt in
Figure 4.

DeepSeek-V3 (Liu et al., 2024) is a powerful
Mixture-of-Experts (MoE) language model with
671B total parameters. Similar to ChatGPT, we
evaluate its performance on the OSET task using
the same prompt shown in Figure 4.

(i1) Open-set text classification. As entity typing
can be viewed as a text classification task to some
extent, we also apply several open-set text clas-
sification methods to the OSET task for a com-
prehensive comparison. During inference of these
methods, we convert the predicted type label into
a type path via obtaining the corresponding types
from the top level of the taxonomy to the level of
the predicted type label.

You are an AT assistant who specializes entity
types. Your task is as follows:

according to the sentence, predict the entity
type of entity mention in the sentence. If the
predicted type belongs to the known types
supported by the system, return the
corresponding known type, otherwise return
“unknown". The supported known types include:
{known types}. Only provide one type from
above known types or “"unknown" and do not give
the explanation.

Figure 4: Prompt for LLM baselines.

MSP (Hendrycks and Gimpel, 2017) is a soft-
max prediction probability baseline that classi-
fies known-type instances based on the maxi-
mum softmax probabilities and detects those of
unknown types with a predefined threshold (i.e.,
0.5).

SEG (Yan et al., 2020) utilizes a Gaussian mix-
ture distribution to learn representations of in-
stances and injects dynamic type semantic in-
formation into Gaussian means to enhance the
detection of unknown-type instances.

* SCL (Zeng et al., 2021) is a supervised con-
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trastive learning method, which learns discrimi-
native representations for classifying known-type
instances and detecting those of unknown types.
Besides, it also adopts an adversarial augmenta-
tion mechanism to derive pseudo various views
of known-type instances in the latent space, thus
enhancing the performance.

* APRL (Chen et al., 2021) learns representa-
tions by maximizing variance between recipro-
cal points and known-type instances, and then
leverages a learnable margin to constrain open
space. However, directly applying this method
from computer vision to our task significantly de-
clines performance. Accordingly, we introduce a
pre-training step using known-type instances and
detect unknown-type instances with a probability
threshold (i.e., 0.5).

¢ SELFSUP (Zhan et al., 2021) trains a discrimina-
tive classifier by constructing synthetic outliers
via self-supervision, enhancing the capability of
classifying known-type instances and detecting
unknown-type instances.
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Figure 5: The average generation time of pseudo in-
stances from PLM-based and LLM-based generation
modules.

E Time Cost Analysis for Two-Stage
Generation

We report the average generation time (in seconds
per instance) of pseudo instances for PLM-based
and LLM-based generation modules on BBN and
Few-NERD datasets in Figure 5. As shown in this
figure, the PLM-based generation module exhibits
a significantly higher average generation time than
the LLM-based module on both datasets. This may
be attributed to the fact that the PLM-based gen-
eration module relies on identifying type-related
keywords followed by multiple substitution iter-
ations, whereas the LLM-based module directly

synthesizes pseudo instances via in-context learn-
ing, thereby reducing computational overhead.
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Figure 6: The average substitution number and average
substitution rate of pseudo instances from the PLM-
based generation module.
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Figure 7: Comparing the diversity of pseudo instances
from PLM-based and LLM-based generation modules.

F Case Study

To qualitatively analyze the effectiveness of our
proposed two-stage generation model, we show the
original known-type instances alongside pseudo
unknown-type instances produced by the PLM-
based (shown in the upper part of the table) and
LLM-based (shown in the lower part of the ta-
ble) generation modules in Table 6, where the en-
tity mention within each instance is enclosed in
square brackets. Moreover, in Table 6, we provide
the labeled types of original instances obtained
from the training set M and manually annotate the
types for all pseudo unknown-type instances. In
the upper part of Table 6, the original instances
are drawn from the Few-NERD dataset, where the
green tokens indicate substituted type-related key-
words identified by the keyword extractor. Based
on these original instances, the PLM-based gener-
ation module is leveraged to substitute their type-
related keywords (green tokens) with appropriate
candidate terms (red tokens) to create the corre-
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Original & pseudo instances from PLM-based quality-targeted generation module

Types

Original instance

Pseudo instance

Kamada was a native of Ehime prefecture in [Shikoku

Kamada was a native of Ehime prefecture in [Shikoku movie], Japan.

], Japan. known: /location/island

unknown: /art/film

Original instance | Garcia Combs taught and at [

Pseudo instance

] in southern CA. | known: /organization/education

Garcia Combs taught parody and comedy at [attending dances] in southern CA. | unknown: /art/other

[Delmonico’s
Original instance
the most famous

Pseudo instance

]in New York City, which opened in 1827

and stayed open for almost 100 years, has been described as

in American history.

[Delmonico’s song] in New York City, which opened in 1827

and stayed open for almost 100 years, has been described as
the most famous love song in American history.

known: /building/restaurant

unknown: /art/music

Pseudo instances from LLM-based diversity-targeted generation module

Types

The [BMW] is a high-performance hybrid car.

unknown: /product/car

The [Nobel Prize], an annual international award recognizing outstanding contributions
in the fields of science, literature, and peace.

unknown: /other/award

The new policy aimed to reduce [carbon emissions] and promote subs.

unknown: /other/biology_thing

The Google Al lab is working on a new machine learning model for predicting [natural disasters]. |unknown: /event/disaster

[Java] is a popular programming language developed by Sun Microsystems
(now owned by Oracle Corporation).

unknown: /other/language

The celebrated novel, [The Lord of the Rings] was written by J.R.R. Tolkien.

unknown: /art/written_art

Table 6: Examples of pseudo instances generated by our two-stage generation model.

sponding pseudo unknown-type instances. We can
notice that the types of original instances are trans-
formed from known to unknown by only substitut-
ing several critical type-related keywords with suit-
able candidate terms. Additionally, it can be seen
that these pseudo unknown-type instances (derived
by the PLM-based generation module) preserve
the maximum surface similarities with their cor-
responding original instances, thus ensuring their
high quality. To quantitatively examine the key-
word substitution of pseudo instances generated
by the PLM-based module, we report the average
substitution number and average substitution ratio
of these pseudo instances on BBN and Few-NERD
datasets in Figure 6. As illustrated in this figure,
the average substitution ratio remains below 10%
for both datasets, which confirms that high-quality
pseudo instances can be successfully generated by
substituting only a small proportion of keywords.
Meanwhile, we notice that instances in Few-NERD
require more substitution iterations than those in
BBN, which can be attributed to the more implicit
semantics of instances in Few-NERD. Despite the
high generation quality of these pseudo instances,
they inevitably hold almost identical entity context
patterns with their corresponding original instances,
resulting in limitations from the perspective of di-
versity. Fortunately, our proposed LLM-based gen-
eration module is capable of producing diverse
pseudo unknown-type instances as shown in the
lower part of Table 6. It can be observed that these

pseudo instances produced by LLLMs have a broad
variety of topics and domains. To further quanti-
tatively measure the diversity of generated pseudo
instances by these two generation modules, we
follow some data augmentation methods (Ghosh
et al., 2023; Li et al., 2023) to calculate the aver-
age maximum Jaccard similarity (AMJS) between
pseudo instances and all known-type instances, as
presented in Figure 7. Notably, a lower AMIJS
score indicates a greater diversity of instances. We
can find that the LL.M-based generation module
achieves significantly lower AMJS scores on both
datasets compared with the PLM-based generation
module. This finding confirms the superiority of
this LLM-based generation module from the aspect
of instance diversity, which fully exploits LLMs’
rich implicit knowledge and remarkable generative
capabilities to produce diverse pseudo unknown-
type instances across different topics and domains.

G Related Work

G.1 Fine-Grained Entity Typing

Fine-grained entity typing (FET) aims to assign
each entity mention a set of fine-grained types by
providing its context and a predefined type taxon-
omy. One important line of FET methods mainly
focuses on modeling the type hierarchy. For in-
stance, HMGCN (Jin et al., 2019) develops a hi-
erarchical multi-graph convolutional network to
capture different semantic relatedness between en-
tities. To naturally capture the hierarchical cor-
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relations between entity types, Box4Types (Onoe
et al., 2021) represents both entity mentions and
entity types within a box embedding space that
encodes label dependencies. Furthermore, to en-
hance the distinguishability between similar types,
PICOT (Zuo et al., 2022) introduces a constrained
contrastive strategy that directly models type dis-
tinctions. Another line of research has attempted
to formulate the FET task into other tasks that fa-
cilitate more effective label semantics. Specifically,
PLET (Ding et al., 2022) constructs entity-oriented
prompts and formalizes FET as a cloze-style task,
while CASENT (Feng et al., 2023) redefines FET
as a sequence-to-sequence generation problem, en-
abling the prediction of entity types with calibrated
confidence scores. By regarding FET as a semantic
typing problem, UniST (Huang et al., 2022) pro-
poses a unified framework to learn a joint semantic
representation space such that candidate labels can
be ranked based on their affinity with entity men-
tions.

However, these FET methods operate under the
closed-set assumption, lacking the capability to
detect unknown-type instances. Additionally, zero-
shot FET (Yuan and Downey, 2018; Zhang et al.,
2020a, 2024b) has been investigated to alleviate
the human annotation burden by generalizing from
seen types to unseen ones. For instance, OTyper
(Yuan and Downey, 2018) maps mention embed-
dings to a type embedding space by training a neu-
ral model that integrates both entity and contextual
information. To further capture the relationship
between seen and unseen types, MZET (Zhang
et al., 2020a) employs a memory network to incor-
porate the hierarchical structure into the entity type
representation. Moreover, SETYPE (Zhang et al.,
2024b) proposes to study seed-guided fine-grained
entity typing in science and engineering domains,
which aims to perform zero-shot FET with weaker
signals. Nonetheless, these zero-shot FET methods
still require unseen type names as the necessary
input during inference, which inherently holds the
closed-set assumption and cannot be applied to ad-
dress the OSET task.

G.2 Open-Set Text Classification

Open-set text classification aims to classify textual
instances into known categories while simultane-
ously detecting instances that belong to unknown
categories that emerge during testing. Early meth-
ods (Jain et al., 2014; Rifkin and Klautau, 2004)
leverage traditional machine learning methods (e.g.,

SVM) to detect instances of unknown categories.
However, these methods highly rely on feature engi-
neering, which is labor-intensive. With the advance
of deep learning, researchers employ deep neural
networks for open-set text classification. For exam-
ple, DOC (Shu et al., 2017) employs a one-vs-all
classifier to compute its maximum probability for
detecting instances of unknown categories based
on a predefined threshold. SEG (Yan et al., 2020)
employs a Gaussian mixture distribution for rep-
resentations and injects dynamic class semantic
information into Gaussian means to improve the
detection of unknown categories. Besides, SCL
(Zeng et al., 2021) proposes a supervised con-
trastive learning method to increase intra-class co-
herence and inter-class variation, thus capturing
discriminative representations for the detection of
unknown categories. To alleviate the shortage of
unknown-category training instances, SELFSUP
(Zhan et al., 2021) constructs pseudo instances to
train a discriminative classifier, thereby enhancing
the capability of classifying known-category in-
stances and detecting those of unknown categories.
However, these open-set text classification meth-
ods inherently neglect the hierarchical structure of
the type taxonomy, resulting in their inability to
effectively address the OSET task, as shown in our
experiments.
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