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Abstract

Text classification has long been a cornerstone
of NLP, yet most prior work and benchmarks
have been limited to closed-world settings,
where all classes are assumed to be known
in advance. In contrast, open-world learning
has recently emerged as a critical paradigm
for building more robust and realistic systems.
However, existing benchmarks largely focus
on out-of-distribution (OOD) detection, while
overlooking broader challenges such as the dis-
covery of novel categories. To address this
gap, we introduce BOLT, a unified Benchmark
and evaluation toolkit supporting Open-world
Learning for Text classification. BOLTencom-
passes two representative tasks: Open-set Text
Classification (OSTC), which requires models
to classify in-distribution (ID) samples while
rejecting OOD inputs, and Generalized Cate-
gory Discovery (GCD), which aims to iden-
tify both known and novel categories from par-
tially labeled corpora. We carefully curate 12
publicly available datasets spanning diverse do-
mains and benchmark 22 methods, including
15 for OSTC and 7 for GCD, under a stan-
dardized protocol that explicitly accounts for
varying labeled ratios and known class ratios.
Our results reveal key challenges: most current
methods tend to overfit training distributions
and struggle to generalize to unseen classes.
Moreover, by comparing our lightweight LLM-
based variants with prior open-set baselines, we
demonstrate the promise of leveraging LLMs
for open-world text classification. BOLT pro-
vides standardized evaluation protocols that
enable fair comparison and support future re-
search in this emerging area. All datasets,
baselines, and tools are available at https:
//github.com/CNIC-DSL/BOLT.

1 Introduction

Text classification has long been a central task
in natural language processing (NLP), support-
ing diverse applications such as sentiment anal-
ysis (Wankhade et al., 2022; Qin et al., 2025c),
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topic labeling (Chen et al., 2020; Wang et al., 2023;
Chen et al., 2024; Qin et al., 2025b), intent recog-
nition (Zhang et al., 2024a), and document man-
agement (Shu et al., 2017). Traditional research in
this area has largely relied on closed-world assump-
tions, where the set of target classes is predefined
and assumed to be fully observable during train-
ing (Minaee et al., 2021). Such an assumption
limits applicability in real-world scenarios, where
label spaces are inherently open and novel cate-
gories continuously emerge (Fei and Liu, 2016).
To address these limitations, recent research has
shifted toward open-world learning, a paradigm
originally studied in computer vision (Li and Wech-
sler, 2005; Zhang et al., 2023) and later extended
to NLP (Prakhya et al., 2017). Building on this
foundation, open-world text classification (OTC)
requires models to classify ID data while remain-
ing robust to emerging categories. Current research
on OTC primarily investigates two representative
tasks. The first, OSTC, addresses the challenge of
classifying ID inputs while reliably rejecting OOD
samples, under the restrictive setting where only la-
beled ID data are available for training (Chen et al.,
2026). This task requires learning robust decision
boundaries that generalize beyond the observed
training distribution (Shu et al., 2017; Zhang et al.,
2021a). The second, GCD, extends this objective
by discovering novel categories from unlabeled
corpora through clustering-based pseudo-labeling,
which requires not only precise ID classification
but also effective structure induction to accommo-
date emerging classes (Zhang et al., 2021b, 2024b).
By integrating these two perspectives, OTC bridges
the gap between closed-world classification and the
demands of dynamic real-world environments.
However, existing OSTC and GCD methods pri-
marily rely on a few intent recognition datasets
for evaluation, such as Banking and CLINC. This
line of evaluation suffers from inherent limitations,
as it typically focuses on a single task type and is
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Task KCR LAR Evaluation Metrics Paper List
0.250, 0.500, 0.750  1.000 Fl1 DOC [(Shu et al., 2017)], DeepUnk [(Lin and Xu, 2019)]
0.250, 0.500, 0.750  1.000 ACC, F1, K-F1, N-F1 ADB [(Zhang et al., 2021a)], AB [(Lorenc et al., 2022)], KNNCon [(Zhou et al., 2022)]
OSTC 0.667 1.000 ACC, F1, Recall SCL [(Zeng et al., 2021a)]
0.250, 0.750 1.000 ACC, F1, K-F1, N-F1 DyEn [(Zhou et al., 2023)]
0.250, 0.500, 0.750  0.100, 0.500, 1.000 ACC, F1, K-F1, N-F1 BOLT
0.750 0.100 NMI, ARI, ACC DAL [(Zhang et al., 2021b)]
0.250 0.100 NMI, ARI, ACC GeolD [(Tang et al., 2024)]
0.750 0.075 ACC DPN [(An et al., 2023)]
GCD 0.750 0.100 H-score, K-ACC, N-ACC SDC [(An et al., 2025)], TAN [(An et al., 2024b)], LOOP [(An et al., 2024a)]
0.250, 0.500 0.100 ACC, ARI, NMI ALUP [(Liang et al., 2024)]
0.250, 0.500, 0.750  0.100 ACC, ARI, NMI USNID [(Zhang et al., 2023)]

0.250, 0.500, 0.750  0.100, 0.500, 1.000 ACC, ARI, NMI, H-score, K-ACC, N-ACC BOLT

Table 1: Comparison of evaluation settings for OSTC and GCD.

confined to homogeneous text domains and data
characteristics; for instance, these datasets exhibit
narrowly concentrated length distributions and are
uniformly in English. This narrow coverage hin-
ders systematic investigation of model generaliza-
tion across diverse scenarios. In addition, existing
studies often adopt inconsistent experimental proto-
cols, such as using different proportions of known
classes, varying amounts of labeled data, or diver-
gent evaluation metrics, which further complicates
fair comparison across methods as shown in Ta-
ble 1. In particular, OSTC is seldom evaluated un-
der low-resource settings, while GCD has seen only
limited exploration across varying levels of super-
visory signals. Consequently, the field still lacks
a comprehensive benchmark and robust eval-
uation toolKit to support systematic and reliable
exploration of OTC. Moreover, although LLMs
have been widely adopted in NLP, their use in OTC
remains limited. Current attempts mainly exploit
data augmentation to improve GCD (Liang et al.,
2024), while other directions, including employing
LLMs as backbones for representation learning, are
largely unexplored.

To this end, we present BOLT, a novel and com-
prehensive Benchmark and evaluation toolkit de-
signed to support Open-world Learning for Text
classification. Specifically, we first unify two rep-
resentative OTC tasks, OSTC and GCD, within a
single evaluation framework. To enhance the di-
versity of our benchmark, we carefully curate 12
publicly available datasets that span a wide range
of text classification scenarios, including intent de-
tection, topic categorization, and ontology classifi-
cation. These datasets cover diverse text domains
(e.g., news, conversational queries, and question-
answer), exhibit varying text lengths (with an av-
erage document length ranging from 8 to 1,856
words), differ in label granularity (with class counts
between 10 and 219), and vary in multiple lan-
guages. Along this line, we conduct a systematic

and fine-grained evaluation of 22 representative
methods, including 15 designed for OSTC and 7
for GCD, under a standardized protocol that explic-
itly accounts for different labeled and known-class
ratios. The experimental results not only reveal
the limitations of existing methods but also demon-
strate the promise of leveraging LLMs for advanc-
ing different OTC tasks.

2 Related Work

In this section, we review prior work on the two
representative OTC tasks, i.e., OSTC and GCD.

2.1 Open-Set Text Classification

OSTC is a challenging task that requires mod-
els to classify ID textual inputs into known cat-
egories while detecting OOD inputs (Prakhya et al.,
2017). This dual objective contrasts with conven-
tional OOD detection, which is typically framed
as a binary discrimination problem between ID
and OOD samples (Liu et al., 2020). Early stud-
ies on this problem setting mainly originated in
computer vision, where maximum softmax proba-
bility (MSP) (Hendrycks and Gimpel, 2016) was
introduced for OOD detection. However, this ap-
proach merely rejects uncertain predictions without
explicitly modeling unknown classes (Bendale and
Boult, 2016). OpenMax attempted to improve MSP
by fitting a Weibull distribution to classifier logits
to estimate OOD probabilities (Bendale and Boult,
2016). However, its reliance on the assumption that
equiprobable logits indicate unknown classes of-
ten leads to misclassification of hard ID examples.
Extending to the text domain, DOC introduced a
one-vs-rest sigmoid layer to mitigate open-space
risk (Shu et al., 2017). Nevertheless, threshold-
based approaches as a whole remain limited in
capturing the intrinsic differences between known
and unknown classes.

Subsequent work shifted from thresholding to
enhancing representation learning. DeepUnk (Lin
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Figure 1: An overview of our BOLT benchmark for open-world text classification, covering two OTC tasks (OSTC
and GCD) over 12 datasets from three scenarios (topic, intent, ontology) across eight domains. BOLT supports
configurable open-world settings via KCR, LAR, and imbalanced sampling, and provides a standardized pipeline to
evaluate traditional, PLM-based, and LLM-enhanced methods with consistent metrics for both tasks.

and Xu, 2019) adopted a large-margin cosine loss
to better separate features, while ADB (Zhang
et al., 2021a) refined decision boundaries to im-
prove OOD discrimination. KNNCon (Zhou et al.,
2022) integrated KNN-based contrastive learning
with LOF-based detection, and DyEn (Zhou et al.,
2023) introduced dynamic ensembling with early
exits to mitigate overfitting. Recently, the progress
of LLMs has significantly advanced the field of
NLP, enabling notable improvements in seman-
tic understanding and text generation (Zhao et al.,
2023; Jiang et al., 2024; Tong et al., 2025; Qin et al.,
2025a; Zhou et al., 2025; Huang et al., 2026; Song
et al., 2026). Although a few initial studies have
begun to explore the use of LLMs for OOD detec-
tion (Liu et al., 2023), their potential for OSTC has
not yet been investigated. In addition, most existing
OSTC evaluations focus on a narrow range of su-
pervision settings, leaving low-resource scenarios
largely underexplored.

2.2 Generalized Category Discovery

In contrast to OSTC, GCD aims to identify both
known and novel categories from partially la-
beled data. Most existing approaches first learn
representations from labeled known classes and
then apply clustering-based pseudo-labeling to
discover novel categories. Early methods such
as DeepAligned (Zhang et al., 2021b) employed
pairwise-similarity supervision or alignment strate-
gies to guide clustering. However, the accuracy
of pseudo-labels remains a critical bottleneck, as
noise propagation can severely degrade overall

performance. Subsequent studies sought to mit-
igate pseudo-label noise through two main strate-
gies. Pseudo-label calibration approaches, includ-
ing GeolD (Tang et al., 2024) and SDC (An et al.,
2025), alleviate the dominance of known cate-
gories during clustering. Prototype-based transfer
methods, including TAN (An et al., 2024b) and
DPN (An et al., 2023), facilitate knowledge trans-
fer from known to novel classes.

Recently, LLMs have been incorporated into
GCD. LOOP (An et al., 2024a) and ALUP (Liang
et al., 2024) leverage LLMs to refine neighbor-
hoods or enable exemplar-based comparison.

3 The BOLT Benchmark

3.1 Problem Definition

We consider the OTC problem, where models are
required to handle both ID and OOD samples under
varying supervision settings. Let the textual input
space be X and the label space be ) = yEuyn,
where ¥ = {1,..., K} denotes the set of known
(predefined) classes, and Y" = {K + 1,..., K +
N} represents the set of novel classes that may
appear during testing.

Given the dataset setup: a labeled set D' =
{(zi,9:) fvzll, where z; € X and y; € Y*; an
unlabeled set D" = {z; };V:“P which may contain
samples drawn from both V¥ and Y™; and a test set
D! = {(:vl,yl)}fvztl, where y; € Y% U V™. Based
on the availability of labeled and unlabeled data, as
well as the target prediction objectives, we define
two representative OTC tasks.
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Scenario Text Domain Dataset Lang. | #1Inst. #Lab. Avg. Len./Inst. Avg. Len./Lab.
Topic Classification Usenet News 20NG EN 10000 20 290.41 2.80
Topic Classification Sina News THUCNews CN 9421 14 749.07 2.00
Topic Classification Yahoo pages Yahoo EN 10000 10 95.19 1.80
Topic Classification X pages X-Topic Multi | 8587 49 26.86 1.00
Intent Detection Online banking queries BANKING EN 13083 77 11.74 3.35
Intent Detection Conversational queries CLINC EN 22500 150 8.23 1.94
Intent Detection Programming queries StackOverflow EN 19985 20 8.36 1.05
Intent Detection Conversational queries HWU EN 9677 64 6.60 2.12
Intent Detection Fact-based questions TREC EN 5871 47 8.72 2.00
Intent Detection Conversational queries ECDT CN 3069 31 7.87 1.00
Intent Detection COVID-19 utterance MCID EN 1699 16 6.87 3.00
Ontology Classification =~ Wikipedia pages DBPedia EN ‘ 10000 219 98.31 1.00

Table 2: Dataset statistics in BOLT. We report the total number of instances (# Inst.), the number of labels (# Lab.),
the average text length per instance (Avg. Len./ Inst.), and the average text length per label (Avg. Len./ Lab.).

Open-Set Text Classification (OSTC) In this
setting, the model is trained only on the labeled
data D! containing known classes V*. During test-
ing, it encounters OOD samples belonging to the
novel label space V", which is not observed during
training. The objective is to learn a K + 1 classifier:

foop : X — Ve U {Unknown}, (1)

that correctly classifies ID samples into J* and
identifies OOD samples by assigning them to the
“Unknown” class representing ).

Generalized Category Discovery (GCD) In this
setting, both the labeled data D' and the unlabeled
data D" are available during training. The unla-
beled data contain a mixture of known and novel
classes, i.e.,, z; € X with y; € YE U Y™, The
task requires the model to jointly recognize known
categories and discover novel ones. Formally, the
model learns from D! U D" to construct a model:

foep 1 X = YUy, )

where the number of novel categories |)"| is as-
sumed to be known (An et al., 2023; Shi et al.,
2024). Evaluation is conducted on DY, assessing
the model’s ability to distinguish and correctly as-
sign both seen and unseen categories.

3.2 Dataset and Diversity Analysis

To construct a comprehensive benchmark for OTC,
BOLT aims to provide a unified evaluation frame-
work that encompasses diverse text classification
scenarios and domains. In total, BOLT includes
12 datasets spanning three major scenarios: topic
classification, intent detection, and ontology clas-
sification, covering a wide range of text sources

such as news articles, conversational queries,
and Wikipedia entries. The datasets include
20NG (Lang, 1995), THUCNews (Sun et al., 2016),
Yahoo (Zhang et al., 2015a), BANK (i.e., BANK-
ING) (Casanueva et al., 2020), CLINC (Larson
et al., 2019), S.O. (i.e., StackOverflow) (Beau and
Crabbé, 2024), HWU (Liu et al., 2021), TREC (Li
and Roth, 2002), ECDT (Wang et al., 2022),
MCID (Arora et al., 2020a), DBPedia (Zhang et al.,
2015b), and X-Topic (Antypas et al., 2024). De-
tailed descriptions of these datasets are provided in
the Appendix B.1.

We sample 10,000 instances from each large-
scale corpus, including 20 Newsgroups (20NG),
THUCNews, Yahoo, and DBPedia, to ensure both
fair comparison and computational efficiency. To
maintain fairness and consistency, all datasets are
de-duplicated and standardized into a unified for-
mat. Table 2 summarizes the statistics of the
datasets provided in BOLT.

Diverse Scenarios. BOLT encompasses diverse
text classification scenarios under open-world set-
tings. Specifically, it includes three representative
scenarios: (1) Topic Classification, which focuses
on identifying thematic categories from longer,
content-rich documents (e.g., news articles); (2)
Intent Detection, which emphasizes fine-grained
recognition of user intentions from short, query-
like utterances; and (3) Ontology Classification,
which involves assigning entities or documents to
high-cardinality, knowledge-based categories (e.g.,
DBPedia), thereby evaluating the model’s scalabil-
ity and ability for semantic abstraction.

Diverse Text Domains. The benchmark en-
compasses multiple text domains, such as news
articles, question—answer datasets, and knowledge
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bases, thereby ensuring coverage of both formal
and conversational contexts. It consequently ex-
hibits substantial diversity across both linguistic
and structural dimensions, covering datasets with
varying text lengths (ranging from short commands
to long articles, with an average of 8-1856 words)
and label granularities (from 10 to 219 classes),
across multiple languages such as English, Chinese,
Japanese and Spanish. This diversity enables com-
prehensive evaluation and more faithfully reflects
the complexity of real-world open-world settings.

3.3 BOLT Framework

The BOLT framework provides a Python-based,
practical, and extensible evaluation toolkit for OTC.
By standardizing dataset formats, experimental
configurations, and evaluation metrics, it enables
reproducible comparisons of a wide range of ex-
isting methods and facilitates the integration of
new datasets and algorithms, thereby advancing
research toward scalable open-world applications.

Open-World Formulation To emulate open-
world conditions, the BOLT framework introduces
a unified formulation strategy grounded in diverse
real-world text classification datasets. Specifically,
each dataset is restructured into controlled exper-
imental settings by adjusting two key factors: the
Known Class Ratio (KCR), which partitions exist-
ing categories into known and unknown subsets
to simulate varying degrees of openness, and the
Labeled Ratio (LAR), which specifies the propor-
tion of labeled samples within the known classes
to reflect different levels of supervision. By speci-
fying appropriate KCR and LAR values, users can
flexibly generate customized experimental config-
urations, ensuring reproducibility, comparability,
and scalability across studies. This design enables
consistent evaluation under diverse openness and
supervision conditions. Furthermore, BOLT offers
a unified dataset configuration mechanism, where
users only need to provide training, validation, and
test sets in a standardized CSV format. By speci-
fying the desired KCR and LAR, BOLT automati-
cally generates the corresponding label partitions,
enabling flexible experimental settings.

Evaluation Metrics To ensure consistent and
comparable evaluation, BOLT adopts a unified
evaluation protocol across both OSTC and GCD
tasks, while employing task-specific metric sets.
For OSTC (Shu et al., 2017; Zhang et al., 2021a),
commonly used metrics include ACC, F1, K-F1,

and N-F1, whereas GCD (An et al., 2023, 2025) is
evaluated with ACC, K-ACC, N-ACC, H-Score,
ARI, and NMI. These metrics jointly measure
model performance in classification, OOD detec-
tion, and novel category discovery. Detailed de-
scriptions of the evaluation metrics are provided
in Appendix B.4. BOLT standardizes the evalu-
ation pipeline across datasets, ensuring fair and
consistent benchmarking of models under open-set
conditions.

Method Integration BOLT provides a unified
and extensible implementation framework that sup-
ports the integration, reproduction, and evaluation
of diverse algorithmic paradigms across two repre-
sentative OTC tasks, OSTC and GCD. The frame-
work prioritizes compatibility and scalability over
isolated algorithmic comparisons, facilitating the
seamless incorporation of both established and
newly developed LLM-based methods.

For OSTC, the framework incorporates four rep-
resentative families of approaches: (i) Traditional
non-PLM methods, including DOC (Shu et al.,
2017) and DeepUnk (Lin and Xu, 2019), which rely
on shallow neural architectures or activation-based
confidence estimation; (ii) PLM-based methods, in-
cluding ADB (Zhang et al., 2021a), SCL (Zeng
et al.,, 2021a), AB (Lorenc et al., 2022), Kn-
nCon (Zhou et al., 2022), and DyEn (Zhou et al.,
2023), which enhance discriminative represen-
tation learning through PLMs and adaptive de-
cision boundaries; (iii) our newly implemented
LLM-based training framework, which fine-tunes
an LLM with an MLP head as a discriminative
backbone and incorporates post-hoc methods for
OOD detection, including LLM-MSP (Hendrycks
and Gimpel, 2016), LLM-OpenMax (Bendale
and Boult, 2016), LLM-TempScale (Guo et al.,
2017), LLM-Energy (Liu et al., 2020), LLM-
LogitNorm (Wei et al., 2022), LLM-Entropy (Chan
et al., 2021), LLM-KLMatching (Basart et al.,
2022), and LLM-MaxLogit (Basart et al., 2022),
supporting open-world classification.

For GCD, BOLT integrates two major families
of approaches: (i) PLM-based clustering meth-
ods, including DeepAligned (Zhang et al., 2021b),
GeolD (Tang et al., 2024), SDC (An et al., 2025),
and DPN (An et al., 2023), TAN (An et al.,
2024b), which learn discriminative embeddings
from pre-trained encoders and discover novel cate-
gories through clustering; and (ii) LLM-enhanced
methods, including LOOP (An et al., 2024a) and

13628



Metric  Method | 20NG THUCNews Yahoo TREC  BANK S.0. CLINC  HWU ECDT MCID  DBPedia  X-Topic | Avg.
K-FI  DOC 60.06 4271 3042 35.57 45.66 68.85 58.95 47.89 0.09 42,98 2258 6.72 38.54
DeepUNK 7365 2715 36.90 25.83 53.96 5242 64.70 63.18 1.59 54.40 24.78 6.95 40.46
ADB 7867 79.94 55.77 48.30 68.58 81.72 82.60 71.49 66.93 60.69 73.70 18.88 65.61
SCL 7930 2357 21.41 29.88 35.14 51.58 57.55 4122 1.81 46.47 30.18 8.81 35.58
AB 5759 2723 46.17 25.49 62.57 63.57 72.93 67.19 4031 54.72 4239 12.29 47.70
KNNCon 9245 1372 55.27 57.19 76.05 75.78 85.63 7991 77.08 73.90 65.60 19.49 69.34
DyEn 9473 7354 5321 57.72 76.07 7122 85.41 76.63 80.06 75.75 73.12 19.72 69.77
LLM-OpenMax | 7532  64.13 4791 30.38 46.23 74.09 60.52 50.78 33.10 42.69 2535 10.90 46.79
LLM-Entropy | 7295  64.40 53.61 47.42 62.89 67.92 72.53 66.42 53.43 50.89 50.73 1326 56.37
LLM-MaxLogit | 84.18  69.85 4328 37.46 65.89 80.18 81.16 63.39 42.84 46.39 50.58 8.02 56.10
N-FI  DOC 7793 6677 58.53 59.45 69.29 7225 76.41 7033 61.79 68.20 64.08 5472 66.64
DeepUNK 8529  45.11 59.97 51.62 5830 72.69 62.71 56.68 43.13 5357 43.96 32.57 5547
ADB 67.16  78.06 39.91 51.49 67.75 83.03 80.48 70.20 68.43 5525 75.39 31.90 64.09
SCL 90.64 5288 45.63 58.04 5321 62.59 62.69 5178 3.93 5835 49.87 37.23 5224
AB 6374 4589 5525 10.94 67.73 69.30 74.36 7541 59.01 67.10 62.23 5031 58.44
KNNCon 87.68 5426 28.44 53.40 5921 6721 7832 59.57 6525 56.35 61.45 28.15 58.27
DyEn 9371 61.59 21.58 51.19 64.33 53.72 80.09 57.42 66.45 67.06 64.25 21.47 58.57
LLM-OpenMax | 7726 6526 21.85 62.52 71.79 70.79 77.68 72.63 67.87 56.69 68.74 52.20 63.77
LLM-Entropy | 48.67  38.05 46.58 4394 3791 39.47 45.90 4530 56.13 50.09 52.64 31.69 4470
LLM-MaxLogit | 88.85  78.37 64.28 68.92 7621 83.44 84.67 76.34 72.95 66.86 7747 5027 74.05

Table 3: Average performance on BOLT benchmark for OSTC under KCR € {0.25,0.50,0.75} and LAR =
1.0. Metrics include K-F1 and N-F1. The best results are highlighted in bold, while the second-best results are

underlined.

ALUP (Liang et al., 2024), which leverage LLM-
generated semantic priors or pseudo-labels to im-
prove clustering alignment.

Overall, BOLT enables consistent evaluation and
flexible extension from traditional classifiers to
next-generation LLM-based open-world learners.

4 Experimental Results and Analysis

4.1 Experimental Setup

To simulate open-world conditions, we adopt a uni-
fied experimental protocol. Specifically, we vary
the KCR at {25%, 50%, 75%} to control the pro-
portion of known classes, and adjust the LAR at
{10%, 50%, 100%}. To ensure stable and compa-
rable evaluation when varying KCR, we uniformly
partition the entire label space into five predefined
subsets with minimal overlap. The final results
are reported as the average performance over these
subsets. More dataset details are provided in Ap-
pendix B.2.

4.2 Overall Performance on the OSTC Task

Table 3 presents the overall performance of various
methods on the OSTC task, which is the setting
adopted by most previous studies. The results show
that existing PLM-based methods achieve better
K-F1 than N-F1, failing to generalize to unseen
classes. LLM-based approaches alleviate this issue
and yield more balanced performance, though their
generalization to novel classes remains limited.

Known-class performance (K-F1). Across all
KCRs, PLM-based methods such as ADB and
KNNCon exhibit remarkable robustness in known-
class recognition. ADB achieves the top K-

F1 on structured topic such as DBPedia (73.70).
KNNCon also performs consistently, outperform-
ing all others on intent detection datasets (CLINC,
HWU). LLM-based variants do not consistently
surpass strong PLM-based baselines on OSTC, sug-
gesting that the potential of directly leveraging
LLMs for OSTC to be further explored.
Novel-class performance (N-F1). For novel-class
detection, a different pattern emerges. LLM-based
scoring methods (LLM-Energy, LLM-MaxLogit)
dominate across nearly all datasets and KCRs,
achieving the highest N-F1. These improvements
demonstrate that our proposed LLM-based meth-
ods significantly enhance open-set robustness and
uncertainty estimation, showcasing promising po-
tential for future open-world understanding tasks.
Besides, the non-PLM methods DOC and Deep-
Unk exhibit poor K-F1 performance on the ECDT
dataset due to limited supervision and the absence
of prior semantic knowledge for Chinese text. As
a result, their predicted probabilities are nearly
uniform, causing most samples to be classified as
OOD. Consequently, the K-F1 is low, accompanied
by an artificially inflated N-F1.

4.3 Overall Performance on the GCD Task

Table 4 presents the overall performance of vari-
ous methods on the GCD task. PLM-based clus-
tering methods exhibit strong known-class dis-
crimination on long-text datasets, whereas LLM-
enhanced methods show superior generalization
and novel categories, particularly in short-text or
low-resource settings. However, they still tend to
overfit the known classes, leading to suboptimal
performance on novel categories.
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Metric  Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic ‘ Avg.
K-ACC DAL 92.51 83.81 57.86 49.84 70.35 75.72 87.95 72.77 63.18 74.62 80.76 21.16 69.21
GeolD | 98.34 89.72 64.02 55.57 83.01 84.18 92.53 84.17 71.06 75.57 86.79 26.56 75.96
SDC 80.79 82.78 57.28 65.58 62.37 80.24 72.49 72.00 73.37 70.04 72.77 44.66 69.53
DPN 95.86 91.72 63.32 80.80 82.16 88.24 89.46 80.71 86.44 81.83 87.31 35.92 80.32
TAN 98.39 93.05 66.23 82.54 84.31 86.07 92.98 81.55 85.04 83.21 88.83 34.47 81.39
LOOP 96.97 94.47 68.78 63.31 87.41 88.97 95.87 86.35 77.12 71.70 85.41 27.06 79.12
ALUP 96.95 92.42 70.64 69.35 86.44 88.59 94.53 85.38 79.97 84.64 86.61 29.86 80.45
N-ACC DAL 81.41 42.32 25.79 38.67 51.03 56.85 71.74 55.22 51.88 51.40 76.22 14.82 51.44
GeolD | 92.73 66.98 45.69 43.23 57.14 75.55 74.92 63.84 53.67 33.37 67.86 9.41 57.03
SDC 84.69 78.71 56.00 56.54 58.97 79.94 68.53 72.57 72.34 58.49 69.26 19.57 64.63
DPN 83.55 39.33 24.00 28.60 28.73 14.71 49.49 29.55 47.01 24.53 68.47 17.78 37.98
TAN 93.12 57.83 31.09 39.92 36.38 31.31 53.39 34.57 53.03 30.31 72.20 19.05 46.02
LOOP 87.18 66.62 51.52 44.84 65.41 78.44 83.69 72.01 62.98 58.09 74.24 17.61 63.55
ALUP 95.70 68.90 49.88 43.53 64.87 75.41 81.61 68.65 65.64 53.76 75.21 15.61 63.23

Table 4: Average performance on BOLT benchmark for GCD across different KCRs and LARs. Metrics include
K-ACC and N-ACC. The best results are highlighted in bold, while the second-best results are underlined.

Method KCR=0.25 KCR=0.50 KCR=0.75
LAR=0.1 LAR=0.5 LAR=1.0 LAR=0.1 LAR=0.5 LAR=1.0 LAR=0.1 LAR=0.5 LAR=1.0

OSTC | K-F1 N-F1 K-F1 N-F1 K-F1 N-FI | K-F1 N-F1 K-F1 N-F1 K-F1 N-FI | K-FI N-F1 K-F1 N-F1 K-F1 N-F1
DOC 1409  81.13 50.29  84.46 54.53 82.72 15.71 63.82  52.18  74.65 60.80  75.60 1349 4027 5144 5244 6220  56.10
DeepUnk 2833 42.02 4695 82.71 53.99 82.48 31,19 41.05 4928  69.99 5449 7256 3328 2891 47.49 51.63 51.60  54.13
ADB 45.11 5899  64.15 7399 6720  77.92 5926  57.05 7623 71.08 7798  73.16 64.92  47.18 80.65 59.85 8238  61.71
SCL 2392 52.54 27.75 70.91 31.02 6821 26.89 5091 37.13 56.12  40.15 5245 30.81 36.94 4637  40.79  51.25 39.34
AB 42.73 7333 4783 71.57 4831 73.60 | 44.43 59.63 52,18 5794 5344  59.63 4544 4119 5450 4207 56.16  42.00
KNNCon 61.74  61.68 59.62 5832 6040  61.39 74.89  62.77 7456  62.32 7497  62.40 82.55 5635 8212  53.87 82.19 56.01
LLM-OpenMax 18.61 65.71 50.68 69.06 58.53 71.67 25.41 65.50  62.08  70.54  70.89  70.08 26.03 4381 64.58 5276 7478 56.98
LLM-Energy 2474 8043  61.80 8941 6926 90.42 3275 70.41 66.58 8150  71.20 83.36 3578 4854 6200 59.70 6826  63.41
LLM-MaxLogit 2632  79.71 6543  89.11 70.77  90.08 37.55 71.58  70.69 8231 7442  83.87 |41.52 5041 67.07  62.05  72.50  65.50
GCD | K-ACC N-ACC K-ACC N-ACC K-ACC N-ACC | K-ACC N-ACC K-ACC N-ACC K-ACC N-ACC | K-ACC N-ACC K-ACC N-ACC K-ACC N-ACC
DAL 64.18  46.62  68.01 48.10  67.19  48.16 69.24  53.13 74.51 56.10  73.64  55.00 71.57  53.98 76.09 5870  76.82 55.76
GeolD 73.53 62.51 82.81 6440 8584  66.22 7530  64.60 8470  67.12 87.10  67.15 7524 64.88 85.13  66.67 88.44  68.46
SDC 58.21 4942 61.37 54.22 63.88 56.94 68.89  64.21 70.84  68.66  73.75 70.24 75.69 7194  80.67 7643 83.19  77.18
DPN 7491 34.12 8170  33.16 82.69  32.68 78.27 3634 8349 3736 86.20 37.97 79.43 41.12 8638 4036 88.42 39.21
TAN 79.58 4473 84.80 4451 87.56  43.23 80.15  49.04  87.29  47.02 88.32  47.62 81.50  52.57 88.21  51.14  89.99  49.27
LOOP 74.65 63.24 8343 64.86 86.02  64.67 7649 6323 84.55 6444 8726  65.85 78.00  64.31 84.74  65.11 87.15 64.24
ALUP 74.13 59.59 8346  66.41 85.67 67.79 | 7330 5859 86.68 6749 88.73 67.74 76.03  57.47 87.09  68.00 88.92 66.29

Table 5: Average performance on BOLT benchmark for OSTC and GCD under different KCRs and LARs. Due to
page limitations, the complete experimental results across all datasets and metrics are provided in Appendix E.

Known-class performance (K-ACC). PLM-based
methods (TAN, DPN) achieve the highest K-
ACC on long and information-rich corpora such
as 20NG, DBPedia, and THUCNews. TAN
consistently attains top performance, confirm-
ing its stability in structured topic classification
tasks. In contrast, LLM-enhanced methods (LOOP,
ALUP) yield superior results on short-text in-
tent detection benchmarks (CLINC, BANKING,
StackOverflow), where semantic priors help com-
pensate for limited lexical cues.

Novel-class performance (N-ACC). For novel-
class detection, a complementary trend emerges.
LLM-enhanced models (ALUP, LOOP) outper-
form others indicating their stronger ability to infer
unseen categories under weak supervision. Among
PLM-based methods, SDC demonstrates relatively
strong performance due to its distinctive calibration
mechanism, suggesting that effective logit calibra-
tion is a promising strategy for GCD, particularly
evident when pseudo-label noise is non-negligible.

4.4 Impact of Known Class Ratio (KCR)

Table 5 summarizes the average performance un-
der different KCRs across OSTC and GCD bench-

marks. On OSTC, increasing KCR generally im-
proves K-F1, but poses a clear challenge to open-
set recognition: most methods exhibit a notice-
able drop in N-F1 as KCR increases, indicating
a stronger closed-set bias when more classes are
treated as known. This challenge stems from the
K+1 classification formulation of OSTC, where un-
known samples must be explicitly rejected from
an expanding known-class set without additional
supervision. On GCD, however, the negative im-
pact of higher KCR on unknown-class performance
is far less pronounced, as the availability of extra
unlabeled data enables K+N pseudo-label learning
that jointly refines known and novel categories.

4.5 Impact of Labeled Ratio (LAR)

As shown in Table 5, increasing LAR consis-
tently enhances performance on the known (K-
F1/K-ACC) for PLM-based discriminative learn-
ers, as richer supervision sharpens decision bound-
aries and yields more separable known-class rep-
resentations. In contrast, open-set robustness (N-
F1/N-ACC) is less sensitive to labeled data vol-
ume, where LL.M-based or LLM-enhanced meth-
ods (e.g., LLM-Energy, LLM-MaxLogit, ALUP)
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Metric ‘ LLM ‘ 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.
K-F1 Qwen2.5-3B 79.68 66.35 41.37 42.25 57.42 70.15 76.15 54.31 39.28 36.50 54.72 16.49 52.89
Qwen2.5-7B 71.37 56.77 30.42 45.51 58.04 74.25 73.68 52.30 38.79 39.89 42.11 11.67 49.57
Qwen2.5-32B 71.90 63.37 39.32 42.34 57.14 76.05 78.26 61.57 39.50 45.96 35.45 11.03 51.82
N-Fl1 Qwen2.5-3B 88.53 76.46 62.45 48.87 73.54 81.01 82.61 76.47 56.80 64.46 64.84 11.11 65.60
Qwen2.5-7B 82.07 74.76 58.79 49.88 74.87 82.30 79.77 73.76 54.01 64.64 59.96 9.80 63.72
Qwen2.5-32B 83.80 78.40 63.84 50.14 73.69 84.10 82.82 78.12 55.87 69.18 59.37 11.07 65.86

Table 6: Performance of LLM-MaxLogit under the OSTC scenario with different Qwen2.5 model scales.

Setting ‘ Method ‘ Random ‘ Similarity
KCR, LAR | GCD | K-ACC N-ACC |K-ACC N-ACC
DAL 64.18  46.62 | 66.67 43.24
GeolD 7353 6251 | 73.80 64.08
SDC 5821 4942 | 7995 47.64
0.25,0.1 DPN 7491 34.12 | 76.75 37.89
TAN 79.58 4473 | 73.63 10.20
LOOP 74.65 6324 | 75770 61.66
ALUP 74.13 5959 | 79.94  68.42
KCR, LAR | OSTC K-F1I  N-Fl K-F1 ~ N-Fl
DOC 5453 8272 | 56.54 83.73
DeepUnk 5399 8248 | 53.48 8342
ADB 6720 7792 | 69.59  79.98
SCL 31.02 6821 | 36.94 70.65
025,1.0 |AB 4831 73.60 | 50.52  76.37
KNNCon 60.40 61.39 | 63.17 65.86
DyEn 63.88 6549 | 6898  71.90
LLM-OpenMax | 58.53  71.67 | 61.12  75.38
LLM-Energy 69.26 90.42 | 70.38 91.39
LLM-MaxLogit | 70.77 90.08 | 72.73 91.21

Table 7: Average performance on BOLT benchmark for
OTC under different label sampling strategies.

maintain superior performance even in low-label
regimes. These results suggest that while PLM-
based training benefits from abundant labels, LLM-
driven calibration and pseudo-supervision offer a
complementary pathway toward generalization.

4.6 Impact of LLM Backbone

We evaluate LLM-Maxlogit with Qwen2.5 back-
bones of different scales (3B/7B/32B) under OSTC
(Table 6). Overall, scaling does not yield mono-
tonic improvements: 32B gives the best average
OOD-aware performance (Avg. N-F1: 65.86; Avg.
K-F1: 51.82), while 3B is highly competitive and
even better on average K-F1 (52.89). The 7B
model underperforms both in most cases, indicat-
ing that the mid-scale backbone does not offer a
consistently more balanced trade-off between K-
F1 and N-F1 in our OSTC setting. Dataset-wise,
longer documents with clearer topical evidence
(e.g., 20NG, THUCNews; Table 2) tend to ben-
efit more from larger models on OOD detection,
whereas extremely short and distribution-shifted
data (X-Topic) remains challenging for all scales.
From a task perspective, larger models help more

for OOD detection than for closed-set classification
on several intent benchmarks (e.g., StackOverflow,
MCID), consistent with improved semantic cover-
age for separating in- vs. out-of-domain. However,
for fine-grained label spaces with minimal label
descriptions (e.g., DBPedia with 219 classes and
Avg. Len./Lab. ~1), scaling can even degrade both
K-F1 and N-F1, implying that the bottleneck is
label-space ambiguity rather than representation
capacity. These results highlight that simply in-
creasing model size is insufficient in OSTC.

4.7 Impact of Imbalanced Sampling

To further analyze the impact of known label distri-
bution, we compare two label sampling strategies:
(1) Random, where known and unknown classes
are randomly selected without considering their
semantic relatedness; and (2) Similarity, where
labels are grouped based on semantic proximity,
so that known classes share closer meanings while
unknown classes differ more significantly. This
Similarity sampling better reflects real-world open-
world scenarios, where initial known categories
are often semantically coherent (e.g., within a spe-
cific domain). As shown in Table 7, semantically
concentrated splits consistently outperform random
ones, yielding clearer intra-class discrimination and
more accurate OOD identification. These results
suggest that OTC methods tend to deliver better
performance in practical applications.

5 Conclusions

In this work, we presented BOLT, the first compre-
hensive benchmark and evaluation toolkit designed
to support open-world learning for text classifica-
tion, unifying the evaluation of two key tasks in
OTC, namely OSTC and GCD. Compared with
prior studies that focus narrowly on single tasks
or limited domains, BOLT provides: (1) broader
coverage, encompassing 12 diverse datasets across
multiple text classification scenarios and domains,
(2) a standardized evaluation protocol that explic-
itly accounts for varying known class ratios and
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labeled ratios, and (3) systematic comparisons
across traditional methods, PLM-based approaches,
and LLM-enhanced models. The experimental re-
sults not only reveal the limitations of existing ap-
proaches but also demonstrate the great potential
of leveraging LLMs to advance OTC.

Limitations

While BOLT provides a comprehensive benchmark
and evaluation toolkit for OTC, several promising
directions for future work remain. One promis-
ing direction is to investigate the impact of differ-
ent LLM backbones on performance, which could
yield deeper insights into the trade-offs between ef-
ficiency and generalization. Moreover, incorporat-
ing additional multilingual datasets would further
enhance the coverage and cross-lingual applicabil-
ity of BOLT, making it a more versatile benchmark
for global open-world learning research.

Ethical Considerations

We present BOLT, a comprehensive benchmark and
evaluation toolkit for OTC. This research was con-
ducted in full compliance with the laws, rules, and
regulations of our community, institution, work-
place, and country. During the development of
BOLT, we carefully considered multiple ethical
aspects. All datasets used are publicly available
and widely adopted in prior research; their licenses
and terms of use were thoroughly reviewed to en-
sure compliance. No personally identifiable or sen-
sitive information was collected, modified, or re-
distributed, and all preprocessing steps were per-
formed with care to preserve the integrity and se-
mantics of the original text. BOLT is intended
solely for academic and research purposes to ad-
vance the understanding of OTC. To promote trans-
parency and reproducibility, all benchmark config-
urations and experimental settings will be made
publicly available, in line with the principles of
open and responsible NLP research.
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A LLM Usage Statement

LLMs were used exclusively to assist in refining the
writing of this paper, including grammar correction,
phrasing improvement, and enhancement of read-
ability and clarity. It should be noted that LLMs
were not involved in the ideation, research method-
ological, experimental design, or result analysis.
All research ideas, findings, and conclusions orig-
inate solely from the authors. The authors affirm
that the use of LLMs complies with ethical guide-
lines and does not contribute to plagiarism or any
form of scientific misconduct.

B Additional Details on BOLT

B.1 Dataset Details

This section presents detailed descriptions of the 12
datasets incorporated in BOLT. These datasets span
diverse text classification scenarios and domains,
providing comprehensive coverage for the evalua-
tion of open-world text classification systems.

* 20NG': The 20NG, also known as the 20 News-
groups dataset, contains approximately 20,000
newsgroup documents, partitioned nearly evenly
across 20 categories. We sampled 10,000 docu-
ments from it to construct our dataset.

o« THUCNews?: The THUCNews dataset is a
large-scale Chinese news classification corpus,
based on historical news articles collected via
Sina News RSS feeds between 2005 and 2011.
We sampled 10,000 documents from it to con-
struct our version of the dataset.

* Yahoo?: The Yahoo dataset, also known as the
Yahoo! Answers topic classification dataset, is
constructed from user-submitted questions and
their best answers under the Yahoo! Webscope
program, and it is categorized into 10 major topic
classes. For our study, we sampled 10,000 docu-
ments from this dataset to build our version.

« BANK (BANKING)*: The BANK, also known
as the BANKING77, consists of 13,083 En-
glish customer service queries from the BANK
domain, annotated with 77 fine-grained intent
classes.

* S.0. (StackOverflow)’: The S.O. (i.e., Stack-
Overflow) dataset consists of 20,000 short text
titles collected from the Stack Overflow question
forum, each annotated with one of 20 technical
topic labels.

e CLINC?: The CLINC dataset, also known as
CLINC150, is an intent classification corpus cov-
ering 150 in-domain intent classes. These intents
cover a broad spectrum of everyday tasks and
informational queries, such as playing music,
checking the weather, and setting alarms.

« HWU’: The HWU dataset, also known as HWU-
64, contains English user utterances across mul-
tiple domains (e.g. news and IoT) for intent de-

tection, covering 64 intents. It is widely adopted

120NG, https://people.csail.mit.edu/jrennie/
20Newsgroups/

THUCNews, http://thuctc. thunlp.org/

3Yahoo, https://www.kaggle.com/datasets/
bhavikardeshna/yahoo-email-classification/data

‘BANKING, https://huggingface.co/datasets/
PolyAI/banking77

SStackOverflow, https://github.com/jacoxu/
StackOverflow

SCLINC, https://archive.ics.uci.edu/dataset/
570/clinc150

7HWU, https://service.tib.eu/ldmservice/en/

dataset/hwu64
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in conversational Al research, as its utterances
simulate realistic task-oriented conversational
queries.

« ECDT®: The ECDT dataset, also known as SMP-
ECDT, is a Chinese intent classification corpus
introduced in (Zhang et al., 2017).

« TREC’: The TREC is a question classification
corpus of open-domain, fact-based questions.

* MCID!?: The MCID dataset contains 6,871
utterances across multiple languages (English,
Spanish, French, German, and Spanglish) with
16 COVID-19 related intents (Arora et al.,
2020b). In our work, we select only the English
utterances to form our version of the dataset.

 DBpedia'': DBpedia is a project that extracts
structured content from Wikipedia. This dataset
is an ontology classification corpus constructed
by selecting 219 non-overlapping classes. For
our study, we sampled 10,000 documents from
this dataset to build our version.

* X-Topic'?: X-Topic is a topic classification
dataset based on X (formerly Twitter), featuring
19 topic labels. The classification task is multi-
label, with tweets available in four languages:
English, Japanese, Spanish, and Greek.

Moreover, to justify dataset selection, we con-
ducted a systematic survey of 50 representative
OTC-related papers and collected dataset usage
statistics. The aggregated distribution is shown
in Table S1. The results indicate that all high-
frequency datasets adopted in prior OTC studies are
included in BOLT, confirming that our benchmark
covers the core datasets used by the community.

B.2 Dataset Split

To ensure consistent and reproducible evaluation
across all tasks, we adopt a unified five-fold dataset
partitioning strategy. Unlike prior studies that rely
on random class splits, which often introduce insta-
bility and overlap between folds, our benchmark

8ECDT, https://github.com/ygwpz/
SMP2019-ECDT-NLU

TREC, https://huggingface.co/datasets/
CogComp/trec

OMCID, https://github.com/fanolabs/IntentBert

“DBpedia, https://huggingface.co/datasets/
DeveloperOats/DBPedia_Classes

12X-Topic, https://huggingface.co/datasets/
cardiffnlp/tweet_topic_multilingual

Dataset # OTC Papers Using It  Percentage (%)
CLINC 44 88
BANKING 41 82
StackOverflow 26 52
HWU 12 24
MCID 3 6
20NG 1 2

Table S1: Dataset usage statistics from 50 OTC-related
papers.

employs a uniform label partitioning scheme that
minimizes class overlap while maintaining seman-
tic balance. Specifically, the entire label space of
each dataset is evenly divided into five disjoint sub-
sets. Each fold serves as the known-class set once,
while the remaining labels are treated as unknown
classes for testing. This design ensures compara-
bility across experiments and reduces randomness
caused by arbitrary label sampling.

Within each known-class subset, samples are fur-
ther divided according to the Labeled Data Ratio
(LAR) and Known Class Ratio (KCR):

* KCR (0.25, 0.5, 0.75) controls the proportion of
known classes relative to the total label set, sim-
ulating different levels of open-world exposure.

* LAR (0.1,0.5,1.0) determines the proportion
of labeled samples among the known-class in-
stances, reflecting different supervision levels.

For each configuration, we maintain a fixed train/-
validation/test split within the known-class set to
ensure balanced learning and reliable evaluation.
The unlabeled pool includes both known and un-
known instances, allowing open-set and general-
ized category discovery tasks to share the same
structural foundation.

As summarized in Table S2, all datasets are
processed under identical sampling rules, ensur-
ing that model performance reflects genuine open-
world generalization rather than artifacts of random
data selection. This systematic partitioning pro-
vides a stable and comparable basis for evaluating
BOLT and all baseline methods across OSTC and
GCD settings.

B.3 Method Details

This section provides detailed descriptions of the
seven methods for GCD and the fifteen meth-
ods for OSTC implemented and evaluated in the
BOLT benchmark. All methods are reproduced
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KCR \ 0.25 \ 0.50 \ 0.75 \ ALL
LAR Dataset ‘ #label [Trainl [Evall ‘ #label [Trainl |Evall ‘ #label [Trainl IEvall ‘ #label [Trainl |Evall I[Testl
0.1 20NG 5 183 25 10 351 48 15 518 71 20 701 96 2,000
THUCNews 4 200 28 7 350 49 10 500 70 14 700 98 2,000
Yahoo 2 140 20 5 350 50 8 560 80 10 700 100 2,000
TREC 12 324 35 24 435 51 35 468 62 47 487 71 490
BANK 19 229 28 38 472 55 58 704 81 77 900 105 3,080
S.0. 5 300 50 10 600 100 15 900 150 20 1,200 200 5,991
CLINC 38 457 76 75 901 150 112 1,345 224 150 1,801 300 2,250
HWU 16 187 26 32 361 51 48 557 79 64 770 109 1,032
ECDT 8 97 12 16 137 20 23 188 28 31 209 33 770
MCID 4 31 4 8 62 8 12 94 12 16 122 16 33]
DBPedia 55 252 55 110 480 110 164 647 164 219 736 218 2,000
X-Topic 12 531 75 24 582 87 37 598 100 49 610 112 1,767
0.5 20NG 5 911 130 10 1,750 249 15 2,581 366 20 3,498 496 2,000
THUCNews 4 1,000 144 7 1,750 252 10 2,500 360 14 3,500 504 2,000
Yahoo 2 700 100 5 1,750 250 8 2,800 400 10 3,500 500 2,000
TREC 12 1,610 175 24 2,176 239 35 2,343 261 47 2,426 273 490
BANK 19 1,150 130 38 2,368 265 58 3,522 391 77 4,498 499 3,080
S.0. 5 1,500 250 10 3,000 500 15 4,500 750 20 6,000 1,000 5,991
CLINC 38 2,280 304 75 4,500 600 112 6,722 896 150 9,002 1,200 2,250
HWU 16 943 110 32 1,808 214 48 2,784 328 64 3,853 451 1,032
ECDT 8 487 48 16 684 68 23 938 92 31 1,046 103 770
MCID 4 148 23 8 298 45 12 450 67 16 595 90 331
DBPedia 55 1,204 177 110 2,315 341 164 3,111 463 219 3,517 537 2,000
X-Topic 12 2,657 378 24 2917 415 37 2,970 432 49 2,982 444 1,767
1.0 20NG 5 1,825 261 10 3,505 501 15 5,166 737 20 7,000 1,000 2,000
THUCNews 4 2,000 287 7 3,500 502 10 5,000 716 14 7,000 1,000 2,000
Yahoo 2 1,400 200 5 3,500 500 8 5,600 800 10 7,000 1,000 2,000
TREC 12 3,224 350 24 4,350 475 35 4,683 513 47 4,849 532 490
BANK 19 2,303 258 38 4,740 527 58 7,048 783 77 9,003 1,000 3,080
S.0. 5 2,999 499 10 5,997 998 15 8,997 1,498 20 11,996 1,998 5,991
CLINC 38 4,560 570 75 9,000 1,125 | 112 13,440 1,680 | 150 18,000 2250 2250
HWU 16 1,886 227 32 3,616 436 48 5,575 674 64 7,712 933 1,032
ECDT 8 976 92 16 1,372 130 23 1,879 180 31 2,099 200 770
MCID 4 298 43 8 601 85 12 905 127 16 1,198 170 331
DBPedia 55 2,387 345 110 4,603 661 164 6,195 886 219 7,000 1,000 2,000
X-Topic 12 5,318 756 24 5,836 825 37 5,937 849 49 5954 866 1,767

Table S2: Detailed dataset split statistics in the BOLT benchmark. Each dataset is partitioned under three Known
Class Ratios (KCR = 0.25/0.5/0.75) and three Labeled Data Ratios (LAR = 0.1/0.5/1.0). For each configuration, we
report the number of labels, training, evaluation, and test samples. This unified partitioning scheme ensures minimal
class overlap across folds and consistent evaluation across both OSTC and GCD tasks.

within a unified framework to ensure fair compari-
son, using consistent training—evaluation protocols
and hyperparameter settings.

OSTC Methods. Non-PLM-based Methods:

* DOC (Shu et al., 2017): A classical open-intent
detection model that replaces the softmax layer
with one-vs-rest sigmoid classifiers to reduce
open-space risk, enabling explicit rejection of
unknown intents.

* DeepUnk (Lin and Xu, 2019): Introduces a
large-margin cosine loss to enhance separation
between known and unknown samples, yielding
more discriminative intent representations.

OSTC Methods. PLM-based Methods.

* ADB (Zhang et al., 2021a): Employs an adaptive
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spherical margin loss to dynamically adjust class
decision boundaries in the pre-trained language
model (PLM) feature space.

SCL (Zeng et al., 2021a): Utilizes supervised
contrastive learning to optimize intra-class com-
pactness and inter-class separability.

AB (Lorenc et al., 2022): Enhances metric-based
classification through angular boundary scaling,
improving generalization to unseen categories.

KNNCon (Zhou et al., 2022): Combines KNN-
based neighborhood contrastive learning with
outlier detection using the Local Outlier Factor
(LOF).



* DyEn (Zhou et al., 2023): Mitigates PLM
“overthinking” through dynamic ensembling and
confidence-based early exits for efficient OOD
rejection.

OSTC Methods. Proposed LLM-based Methods.

Since no LLM-based methods have been ex-
plored for OSTC to date, we further propose a
series of LLM fine-tuning frameworks, each in-
corporating a different post-hoc OOD detection
approach, to investigate the potential of modern
LLMs in addressing OSTC. Specifically, we em-
ploy eight different OOD detection methods, de-
scribed as follows:

* MSP (Hendrycks and Gimpel, 2016): Uses the
maximum softmax probability as a simple yet
effective post-hoc confidence score for OOD de-
tection.

* LLM-OpenMax (Bendale and Boult, 2016):
Fits Weibull distributions to logits to estimate
OOD probabilities, refining uncertainty estima-
tion beyond MSP.

* TempScale (Guo et al., 2017): Applies tempera-
ture scaling to logits for post-hoc calibration and
more reliable confidence estimation.

* EnergyBased (Liu et al., 2020): Reformulates
confidence estimation as an energy-based scor-
ing function, offering a theoretically grounded
OOD detection approach.

* LogitNorm (Wei et al., 2022): Normalizes logits
during training to mitigate overconfidence and
improve model calibration.

* Entropy (Chan et al., 2021): Employs predic-
tive LLM-Entropy as a task-agnostic uncertainty
measure for identifying unknown samples.

* KLMatching (Basart et al., 2022): Compares
class-wise probability distributions using KL di-
vergence for fine-grained OOD differentiation.

* MaxLogit (Basart et al., 2022): Scores samples
based on their maximum logit values, achiev-
ing strong empirical performance with minimal
computational overhead.

GCD Methods. PLM-based Methods:

* DAL (Zhang et al., 2021b): A strong GCD base-
line employing alignment-based pseudo-labeling
and feature consistency constraints for novel
class discovery.

* GeolD (Tang et al., 2024): Enhances GCD via
geometry-aware clustering, calibrating pseudo-
labels through similarity-based distribution align-
ment.

* SDC (An et al., 2025): Introduces self-debiasing
calibration to suppress dominant known-category
influence and strengthen novel-class separation.

* DPN (An et al., 2023): Utilizes dual-path rep-
resentation learning to decouple shared and
category-specific knowledge for improved clus-
tering quality.

* TAN (An et al., 2024b): Implements transfer
and alignment mechanisms to bridge known and
novel feature spaces through prototype-based
knowledge transfer.

GCD Methods. LLM-enhanced Methods:

* LOOP (Anetal., 2024a): Leverages LLM query-
ing and neighborhood contrastive learning to
align cluster semantics and enhance pseudo-label
reliability.

* ALUP (Liang et al., 2024): Adopts comparison-
based prompting with LLMs for active pseudo-
label refinement, improving clustering stability.

All implementations in BOLT follow official
codebases or public releases when available.
Specifically, for these LLM-based OOD detection
methods, we first fine-tuned the LLM on the train-
ing set and classified samples with an OOD score
exceeding a predefined threshold as OOD. Follow-
ing prior work (Zeng et al., 2021b), we set this
threshold to 0.5. The baselines were implemented
using the pytorch-ood (Kirchheim et al., 2022) 3.
Pytorch-ood consists of various OOD Detection
with Deep Neural Networks based on PyTorch.
This library is open-source and publicly available
and distributed under the Apache-2.0 license.

B.4 Evaluation Metrics

We employ distinct yet complementary evalua-
tion metrics designed for the characteristics of the
OSTC and GCD tasks.

OSTC. Following prior studies (Zhang et al.,
2021a; Zhou et al., 2022, 2023), we adopt metrics
that jointly assess classification performance on ID
classes and detection capability on OOD samples.

Bhttps://github.com/kkirchheim/pytorch-ood
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Task Method Backbone Training Time
DOC BERT 5m 20s
DeepUnk BERT 5m 20s
ADB BERT 6m 40s
SCL BERT 6m 40s

OSTC AB BERT S5m 10s
KnnCon BERT 9m 10s
DyEn BERT 18m 50s
LLM+OOD detection LLaMA-3.1-8B 19m 2s
DAL BERT 14m 0s
Geoid BERT 47m 10s
SDC BERT 11m 20s

GCD | DPN BERT 28m 50s
TAN BERT 27m 50s
LOOP BERT + LLM API  1h Om 20s
ALUP BERT + LLM API  1h 22m 20s

Table S3: Training time on the BANKING dataset
(KCR=0.25, LAR=0.1).

* ACC: ACC measures the proportion of cor-
rectly predicted samples in the entire test set:
ACC = N% vaz’l I(9; = vy;), where I(-) equals
1 if the condition holds and 0 otherwise. This
metric reflects global classification performance
but may be biased when ID and OOD sample

distributions are imbalanced.

¢ Macro-F1 (F1): To account for class imbalance,
we adopt the macro-averaged F1 score computed
over the full label space J* U {unknown}, where
all novel classes Y™ are collapsed into a single
“unknown” label. For each label ¢, we compute:

Precisi TP, 3)
recision, = —————
¢ TP.+FP/’
TP,
Recall, = ————— 4
ecall, TP + FN. “4)
Fl, — 2 X Precision,. x Recall, )

Precision. + Recall,

Here, TP., FP,, and F'N. denote the num-
bers of true positives, false positives, and
false negatives for class c, respectively. The
overall macro-F1 is defined as: FI =

1
VF+1 Zceyku{unknown} Fl..

¢ Known-Class F1 (K-F1): K-F1 isolates model
performance on in-distribution (known) classes:
K-Fl = 5 37y Fle. It quantifies how well
the model preserves classification accuracy on
ID samples while performing OOD detection.

¢ Novel-Class F1 (N-F1): To evaluate OOD de-
tection capability, all novel classes )" are col-
lapsed into a single “unknown” class, and F1 is
computed over this merged category: N-F1 =

Flunknown- Higher N-F1 indicates stronger ability
to reject or correctly identify unseen classes as
“unknown”.

GCD. For GCD, we follow the standard evalua-
tion protocol introduced by Zhang et al. (2021b);
An et al. (2024b, 2025) and adopted in subsequent
studies. This protocol simultaneously evaluates the
recognition of known categories and the discovery
of novel categories:

* K/N-ACC: Clustering accuracy is computed sep-
arately for known and novel categories to assess
performance on both in-distribution and unseen
data. Given the Hungarian matching between
clusters and labels (Kuhn, 2004), let V¥ and Y
denote the sets of known and novel labels, respec-
tively. The accuracy on each subset is given by:

ACCs = ﬁ;yeys 'Cfciffy' S € {k,n},
where Cy, and C,, represent the ground-truth and
predicted sample sets for label y. We report
K-ACC = ACCj, and N-ACC = ACC,,.

* H-Score: The harmonic mean of K-ACC and N-
ACC: H-Score = %, which rewards
balanced performance across known and novel

classes.

* ACC: Clustering accuracy over all samples af-
ter Hungarian matching. While intuitive, this
measure can be dominated by known-class per-
formance under class imbalance.

¢ Normalized Mutual Information (NMI): Quan-
tifies the dependency between predicted clusters
U and ground-truth labels V: NMI(U,V) =
%, where [(U; V) is mutual informa-
tion and H(-) denotes LLM-Entropy. Values
range from O (no agreement) to 1 (perfect match).

* Adjusted Rand Index (ARI): Measures pair-
wise consistency between predicted and true
partitions, adjusted for chance: ARI =

>, (M) - i (az"()”?j ()
. a; b
e e, o) -2 )
the number of samples shared by cluster ¢ and
class j, and a;, b; are marginal sums. ARI values
range from —1 (mismatch) to 1 (perfect align-
ment).

, where n;; is
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 2749 3416 17.18 30.75 0.06 5745 0.00 0.00 0.36 0.00 0.00 1.23 14.06
DeepUNK 3354 1428 26.59 26.95 37.49 2544 46.57 48.02 345 35.92 28.10 592 27.69
ADB 4399 6109 3923 18.65 34.73 7076 69.33 49.04 35.09 36.75 4045 14.22 42.78
SCL 96.57  15.05 2249 8.58 1875 33.15 23.17 26.83 1.79 20.11 9.71 427 2337
AB 5225 2371 42.56 27.43 57.24 5520 6750  60.87 25.92 4122 2547 4.96 4036
KNNCon 88.67 5943 4L14 5069  63.07 59.39 7688 7159 6207 5844 6190 1634 | 59.13
DyEn 9377  63.08 39.54 62.77 63.17 5077 7655 6597 7194 6599  66.66 19.57 62.15

025 LLM-MaxSoftmax | 21.94 3844 25.52 5.83 3517 4332 4747 3322 15.90 10.49 6.19 381 23.94
LLM-OpenMax 2016 3397 24.10 4.19 7.24 52.62 13.67 7.37 11.17 13.62 053 3.88 16.04
LLM-TempScale | 21.65  38.32 2525 5.64 3500 4228 47.09 3229 14.85 9.18 6.01 424 23.48
LLM-Energy 2371 3724 23.04 5.00 31.97 61.17  44.05 28.42 821 7.46 325 2.82 23.03
LLM-LogitNorm | 2246 3537 25.13 550 39.19 38.93 58.01 3434 15.09 10.61 463 4.16 24.45
LLM-Entropy 247 4081 26.49 5.49 3549 4637 4741 33.75 16.76 8.12 6.24 425 24.47
LLM-KLMatching | 21.73  37.74 24.84 6.40 3286 4010  43.07 31.85 17.25 12.54 6.27 537 2334
LLM-MaxLogit 2444 3856 2342 5.20 3716 6351  50.56 31.81 1030 7.88 4.40 2.84 25.01
DOC 19.19  37.60 461 0.98 0.08 6829  43.03 0.00 0.42 0.00 0.00 0.25 1454
DeepUNK 3036 12.00 1146 27172 48.99 26.42 59.97 58.03 2.04 50.95 27.79 421 30.00
ADB 7045 8123 5607  23.66 57.86 8256 7286 59.14 4755 4133 58.15 1591 55.56
SCL 98.47 1451 22.88 12.96 2257 4749 3210 2725 1.39 29.21 8.13 5.09 26.84
AB 5374 2571 4359 18.48 61.04 6320 7010 6438l 27.48 43.75 23.96 12.28 4234
KNNCon 9265 7787 5807 5495  77.67 8034  86.93 8154 8099  79.12 6614  21.02 71.44

K-F1 DyEn 9376 7591 5516 5140  77.63 7438 8594 7792 8157 7621 7212 1759 | 69.97

0.5  LLM-MaxSoftmax | 78.65  54.14 4372 21.59 57.66 71.72 7529 5124 24.11 853 10.36 6.75 41.98
LLM-OpenMax 63.11 3545 34.10 3.88 7.60 7174 2221 1043 6.16 10.60 058 2.96 2324
LLM-TempScale | 78.63 5416  43.73 21.48 57.45 71.47 74.95 5124 2462 8.26 10.38 731 4197
LLM-Energy 80.84  44.30 3141 116 41.02 74.87 62.65 25.88 10.16 559 352 354 3291
LLM-LogitNorm | 79.64  51.65 42.04 19.57 54.98 73.09 7370 43.03 21.73 10.56 6.54 4.64 40.10
LLM-Entropy 7955  55.18 44.74 20.64 57.51 72.61 74.67 52.58 23.80 6.98 10.49 6.83 42.13
LLM-KLMatching | 76.05 ~ 5382  43.60 2111 56.12 68.69 71.89 51.28 23.40 12.18 10.46 841 41.42
LLM-MaxLogit 8508  47.26 3333 13.07 48.95 78.67 7035 32.30 1325 5.95 5.18 424 36.47
DOC 3192 2721 5.70 23.15 0.05 72.87 0.00 0.00 0.00 0.00 0.00 0.02 1341
DeepUNK 5206  7.10 14.14 18.27 49.98 32.75 63.62 60.03 1.28 62.72 2222 532 32.46
ADB 8349  84.66 6284 24.86 63.66 84.19 81.02 65.87 51.55 4875 65.95 13.89 6131
SCL 9839 1465 16.55 15.18 23.70 63.65 5521 4150 112 27.29 9.08 6.00 31.03
AB 5720 2499 4833 15.46 62.71 6660 7179 64.71 2840  43.16 2242 11.64 43.12
KNNCon 9771 8535 6676  72.68 86.60 8734 9285 86.50 8822 8472 7374  20.65 78.59
DyEn 9558 8404 6575 6285 8696 8580 9239 8294 9028 8478 7943 1771 | 71.38

075 LLM-MaxSoftmax | 91.67  72.72 55.87 28.49 65.93 84.11 86.33 61.50 32.59 36.74 12,52 8.95 53.12
LLM-OpenMax 5159 4935 36.73 8.13 11.23 7333 30.90 9.65 4.43 8.86 1.18 234 23.98
LLM-TempScale | 91.37  72.72 55.87 28.34 65.94 84.10 86.31 61.46 32.98 36.83 12.72 9.20 53.15
LLM-Energy 8154 5374 29.44 1355 34.68 7684  68.00  32.54 9.10 17.46 3.87 334 3534
LLM-LogitNorm | 9336  72.59 54.45 21.13 4956 8676 7847 46.16 26.44 30.22 6.07 6.89 47.68
LLM-Entropy 9204 7344 56.28 29.14 65.92 83.92 85.83 62.79 31.94 36.37 12.97 9.15 5332
LLM-KLMatching | 90.62  72.73 55.98 28.71 65.96 82.38 85.65 61.74 34.20 38.70 13.94 10.32 5341
LLM-MaxLogit 8751  58.59 32.79 1642 43.63 80.39 75.51 40.04 11.67 2135 6.19 4.54 39.89

Table S4: K-F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR =0.1)

B.5 Implementation Details

All experiments were conducted on a workstation
equipped with eight NVIDIA RTX 5090 GPUs
(each with 32 GB of memory) and 512 GB of sys-
tem RAM. For each KCR setting, the known-
class label space was uniformly partitioned into
five splits with minimal overlap to ensure stable
and comparable evaluation. Experiments were
conducted on all five splits, and the final results
were reported as the average performance across
these splits.

We adopted LLaMA-3.1-8B!* as the default
LLM backbone for all LLM-based methods. For
PLM-based discriminative baselines, we used the
bert-base-uncased'> model for English datasets
and bert-base-chinese'® for Chinese datasets to
ensure linguistic consistency. For LLM-enhanced
variants, we further incorporated DeepSeek-V3.1

“https://huggingface.co/meta-1lama/Llama-3.
1-8B-Instruct

Bhttps://huggingface.co/google-bert/
bert-base-uncased

16https://huggingface.co/google—bert/
bert-base-chinese

as a generative verification and semantic calibration
module, which supports pseudo-label validation
and open-set consistency checking.

All implementations in BOLT followed official
codebases or public releases when available. Each
configuration was pre-trained for 100 epochs when
applicable and fine-tuned for 50 epochs, with early
stopping applied. Specifically, in our implemen-
tation of LLM-based OOD detection, the models
were fine-tuned on the training set, and OOD de-
tection was performed using the pytorch-ood li-
brary!”, an open-source framework.

C Runtime Comparison Across Methods

Table S3 reports the end-to-end training time on
BANKING with KCR=0.25 and LAR=0.1. For
OSTC, most BERT-based baselines are relatively
lightweight, finishing within about 5-9 minutes
(e.g., AB: 5m10s; DOC/DeepUnk: 5m20s; AD-
B/SCL: 6m40s; KnnCon: 9m10s). In contrast,
methods involving heavier ensembling or addi-

"https://github.com/kkirchheim/pytorch-ood
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 7447 43.80 38.71 29.59 60.96 58.47 7720 65.11 0.00 56.39 38.09 9.41 46.02
DeepUNK 8213 1660  43.12 24.10 63.86 5591 70.89 64.56 1.41 51.86 30.01 9.07 4279
ADB 6934 T73.67 4747 4574 67.06 76.68 80.15 7186 6074 5048 7420 1941 | 6140
SCL 6320  20.17 17.71 28.90 2043 40.75 39.42 29.90 235 38.61 2247 9.00 28.16
AB 5340 2590 4202 26.00 58.20 59.32 70.82 6740  40.12 5826 4538 8.38 4627
KNNCon 8552 5462 4236 38.75 62.27 6040 7640 7235 6035  60.02 5678 16.37 57.18
DyEn 9241 6388 3920 4245 64.46 55.67 7654 68.79 6267 6435 6342 2321 59.75

025 LLM-MaxSoftmax | 5372 4862 4049 4697 4936  47.32 5674  60.88 4657 4734 50.15 12.47 46.72
LLM-OpenMax 7985 58.68 4031 3357 56.44 57.02 7050 6148 3719 4225 18.17 11.47 47.24
LLM-TempScale | 53.72 4862 4053 4639 4907 4778 5674 60.88 4557 46.86 50.14 12.60 46.58
LLM-Energy 8807 7488 4966  39.71 69.68 7420 8536 7283 4989 5528 52.78 5.63 59.83
LLM-LogitNorm | 5346 4770 4128 46.52 6527 50.06 82.68 69.16 4597 4657 59.31 11.10 51.59
LLM-Entropy 5550 4986 4322 4851 48.65 48.83 5564 6145 4822 5082 49.84 12.41 4775
LLM-KLMatching | 50.79 4676 4006 4226 4624 4452 5330 59.09 4359 4614 4630 1351 44.38
LLM-MaxLogit 8758 7617 5037 4068 7177 7655 8628 7448 5293 57.46 56.47 732 61.50
DOC 7182 4820 3974 4115 64.91 7275 79.48 69.43 0.00 62.97 1632 8.43 47.93
DeepUNK 8698 3856 4472 24.50 58.77 61.07 67.23 65.28 122 5131 2224 7.56 44.12
ADB 86.02  84.80 56.99 62.24 7757 8526 8642 7766 8133 7221 8426  19.43 72.85
SCL 7946 26.56 15.72 35.58 3475 5043 7435 38.73 171 55.16 36.39 9.82 38.22
AB 59.80  29.00  46.80 26.72 64.22 65.12 7480 6894 4720  60.56  47.70 15.88 50.56
KNNCon 9269 7517 57.59 55.10 79.40 81.16 86.60 8144 8165 7714 6431 20.38 71.05

K-F1 DyEn 9530  76.83 56.18 56.19 77.64 74.84 86.63 78.14 7785 7727 7440 19.34 70.88

05  LLM-MaxSoftmax | 79.12 7210 6122 6247 7107 71.56 78.57 76.17 69.99  67.18 74.17 14.52 66.51
LLM-OpenMax 9234 8148 5897 37.10 55.02 85.18 7390 6276 4316 5212 28.87 13.36 57.02
LLM-TempScale | 79.12 7222 61.04 62.19 70.98 71.56 78.73 7604  69.65 66.91 74.17 14.92 66.46
LLM-Energy 9470 76.88 45.83 39.89 74.82 84.96 86.67 73.42 46.61 6327 62.64 6.73 63.03
LLM-LogitNorm | 83.76  72.80 58.38 63.58 80.99 76.73 9161 7973 7264 6763 7113 10.50 69.62
LLM-Entropy 7993 7273 62.05 62.45 70.10 7150  77.29 7654 70.05 67.98 7325 14.93 66.57
LLM-KLMatching | 7649  69.91 58.05 59.88 68.99 70.56 7525 7455 67.88 6591 71.19 18.87 64.79
LLM-MaxLogit 9540  79.10 4951 4745 77.51 8621 8963 7710 5415 6635 71.67 9.23 66.94
DOC 7765 4392 36.91 41.66 66.98 78.98 80.49 71.88 0.00 62.12 0.00 8.03 4739
DeepUNK 9253 3812 4617 21.07 4839 64.67 63.01 60.84 0.17 50.93 19.44 5.1 4254
ADB 9441  87.63 65.47 66.35 82.81 86.33 90.40 8214 8486  77.09 8822 19.70 77.12
SCL 7252 2876 2602 40.09 56.76 69.12 80.32 4791 131 65.67 49.66 10.44 4572
AB 6374 2972 51.04 27.36 67.82 68.68 7780 7106 5004  60.88 49.16 16.00 52.78
KNNCon 9745  85.00 66.16 69.33 86.99 86.65 9279 8630  87.65 8495 7332 20.89 78.12
DyEn 9537 8493 64.57 64.01 86.21 8469 9205  84.18 8426 8459  80.95 17.98 76.98

075 LLM-MaxSoftmax | 92.40 8228 7009  70.45 84.07 85.68 90.17 8459 8091 77.16 84.66 17.05 76.63
LLM-OpenMax 9357 8537 6885 38.94 60.49 89.22 7766 67.69 31.28 54.42 35.42 13.25 59.68
LLM-TempScale | 9240 8237 70.17 7084  83.94 8590  90.34 84.50 80.84 7693  84.80 17.42 76.70
LLM-Energy 9025  81.04 33.87 40.28 7435 82.53 82.62 7325 4266 4743 67.14 7.39 60.23
LLM-LogitNorm | 9648  84.56 67.75 62.48 8137 8899  91.98 81.91 7934 72,07 75.58 10.41 74.41
LLM-Entropy 9270 8246 69.11 70.88 83.27 85.70 89.64 84.36 81.41 77.64 84.72 17.62 76.63
LLM-KLMatching | 91.71  81.49 69.37 70.52 82.96 83.59 89.22 8386 7975 76.48 83.14 2031 76.03
LLM-MaxLogit 9273 83.03 44.15 44.64 77.96 85.02 8790 7720 4936 5332 7493 9.92 65.01

Table S5: K-F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR = 0.5)

tional components incur noticeably higher costs:
DyEn requires 18m50s.

For GCD, training is generally more time-
consuming than OSTC. This is partly because GCD
typically leverages additional unlabeled data and
performs pseudo-label learning, which introduces
extra computation beyond supervised training. Un-
der this setting, SDC and DAL finish in 11m20s
and 14m00s, while DPN and TAN take around
28 minutes and Geoid reaches 47m10s. Finally,
LLM-enhanced methods are the most expensive, as
they additionally depend on external LLMs during
training: LOOP and ALUP require 1hO0Om20s and
1h22m?20s, respectively, underscoring the substan-
tial overhead of LLM-augmented training.

D Unified Experiment Runner and
Configuration Example

This work provides a unified experiment entry point
that supports multiple task types (e.g., GCD and
OSTC) and multiple datasets within a single frame-
work. It enables grid-style experiments over the
known class ratio (kcr) and labeled ratio (lar),

while allowing different methods.

D.1 Command-line Entry

bolt-grid \
--config ./config.yaml \
--output-dir ./exp \
--model-dir ./pretrained_models

where:

* —config: the YAML configuration file specify-
ing tasks, methods, datasets, and grid settings.

e —output-dir: the output directory. Logs, aggre-
gated results, and model artifacts are written to
this directory for reproducibility and archiving.

e —model-dir: the local directory of pre-
trained models. Users should download
and place required models in advance (e.g.,
bert-base-chinese, bert-base-uncased,
Meta-Llama-3.1-8B-Instruct). The configu-
ration file only references model names/identi-
fiers.
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D.2 Configuration Example (config.yaml)

Minimal example. The following configuration
illustrates the main fields with a small subset of
methods and datasets for readability.
maps:

gcd: [alup, deepaligned, dpn, geoid, loop,

— plm_gcd, sdc, tan]

openset: [ab, adb, clap, deepunk, doc, dyen,
— knncon, plm_ood, scl]

methods: [alup, deepaligned]
datasets: [banking, clinc]
result_file: summary

grid:
known_cls_ratio: [0.25, 0.5, 0.75]
labeled_ratio: [0.1, 0.5, 1.0]
fold_idxs: [0, 1, 2, 3, 4]
fold_num: 5
seed: 2025
cluster_num_factor: [1.0]

run:
gpus: [0, 1]
max_workers: 2
num_pretrain_epochs: 100
num_train_epochs: 50

paths:
results_dir: results
logs_dir: logs

D.3 Field Descriptions

* maps: assigns each method to a task type (e.g.,
GCD vs. OpenSet), enabling a unified runner
across tasks.

* methods: the methods to execute in the current
run. Experiments are instantiated by combining
methods, datasets, and grid.

* datasets: the datasets to evaluate. The runner
is dataset-agnostic and supports multiple datasets
in one configuration.

e grid: grid variables for controlled eval-
uation.  known_cls_ratio corresponds to
kcr and labeled_ratio corresponds to lar.
fold_* and seed control reproducibility,
and cluster_num_factor is used by some
clustering/class-discovery methods.

E Additional Details of Experimental
Results

E.1 Additional Results on OSTC

Table S4-S15 provide all experimental results
across all datasets for the OSTC task, covering
four evaluation metrics: K-F1, N-F1, ACC, and F1,
under different settings of LAR = {0.1, 0.5, 1.0}
and KCR = {0.25, 0.5, 0.75}.

E.2 Additional Results on GCD

Table S16-S33 provide all experimental results
across all datasets for the GCD task, including six
evaluation metrics ACC, ARI, NMI, H-Score, K-
ACC, and N-ACC evaluated under the same con-
figurations of LAR = {0.1, 0.5, 1.0} and KCR =
{0.25, 0.5, 0.75}.
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 7690  48.18 3998 4281 6674 5717 80.21 70.46 0.02 62.61 52.03 12.53 50.80
DeepUNK 9260 3413 4376 3537 7048 6265 7507 7346 1.70 5844 33.07 1121 4934
ADB 7370 7376 4893 5451 6644 7690 8233 7327 7186 6247 7894 2176 | 6541
SCL 69.02  25.11 1704 3456 2780  4lL11 5033 39.31 274 43.48 38.18 10.30 3325
AB 5352 2607 4227 2818 5856 5934 7090 6730 4204  60.05 5171 10.32 4752
KNNCon 86.81 6257 4013 4455 64.16 6007 7833 7188 6122 5893 58.21 17.30 58.68
DyEn 9623 6306 3940 5256 6442 5651 8046 6686 7414 6430 6286 2321 62.00

025 LLM-MaxSoftmax | 5920  51.25 3962 47.16 5092 4655 5812 6196 5023 5186 59.18 13.73 49.15
LLM-OpenMax 8127  64.07 39.02 4239 6878 6370 8159 7836 5103 5390 4191 14.56 56.71
LLM-TempScale | 5881 5137 3970 4697 5089 4663 5813 618l 4849  51.23 59.43 13.57 48.92
LLM-Energy 8848 7716 5397 4859 7277 8238 8876 7594 5689 6440  71.05 9.23 65.80
LLM-LogitNorm | 5932  50.01 4063 5593 6435 4517 8262 7173 4643 4905  79.38 11.20 54.65
LLM-Entropy 60.66 5235 4278 4805 4958 4722 5685 6179 5280 5447 58.55 13.74 49.90
LLM-KLMatching | 56.65  49.79 3843 4443 4751 4497 5414 6002 4425 4922 5440 14.86 46.56
LLM-MaxLogit 88.64 7774 5432 5344 7492 8292 8970 7761 6038 6660 7589 10.57 67.73
DOC 7855 5170 4665 5368 7469 7321 8412 7564 0.00 7002 49.03 10.01 55.61
DeepUNK 9561 4168 4991 3033 62.73 69.18 7120 7146 1.81 6345 2251 8.41 49.02
ADB 87.12 8464 5813 6576 8132 8592 88.60 8046 8235 7711  84.63  22.60 74.89
SCL 5515 3641 1970 3644 4801 5543 7809 4895 2.10 6448 4161 10.70 4142
AB 6044 2060 4736 2870 6464 6542 7482 6854 4918  61.88 56.60 14.00 51.77
KNNCon 9292 7729 5884 5878 7768  79.83 86.79 80.95 8385  76.38 6448 2080 | 7155

K-Fl DyEn 9545 7671 5644 5770 7842 7407 86.01 79.95 8157 7924 7529 19.64 7171

05  LLM-MaxSoftmax | 7939  70.11 6427 6460 7216  70.65 7732 7891 7087 7105 7595 18.77 67.84
LLM-OpenMax 9372 8298 5897  47.83 7314 83.66 8535 7872 5948 7385  48.03 18.15 66.99
LLM-TempScale | 7939  70.11 64.05 6460 7216 7076 7132 7891 7034 7097 7608 19.05 67.81
LLM-Energy 98.44 8445 5002 5517 79.66 8371 89.64 7905 5823 6634  71.00 9.65 68.78
LLM-LogitNorm | 85.19  73.12 6157 7166 8375 7508 9240 8519 8028 7366 8331 1057 | 72.98
LLM-Entropy 7997 7024 6611 63.14 7085 7029 7622 7835 7116 7232 7483 19.57 67.75
LLM-KLMatching | 7821  69.17 60.00 6358 7088  69.86 7519  78.18 6696  69.89 7242  20.60 66.24
LLM-MaxLogit 97.04 8506 5629 5956  81.84  84.62 9140 8149 6295  69.30  78.66 11.80 71.67
DOC 8252 49.60 443l 56.33 76.51 80.46 86.04 7852 0.00 7268 4771 10.61 57.11
DeepUNK 9692 41.87 5222 2418 4494 7366 6478 6697 1.19 64.05 17.64 577 46.18
ADB 9448 8802 6679 7290 8579 8691 9233 83.99 87.08 80.06 8854 2296 | 79.15
SCL 7588 3089 3455 5660 6345 63.11 8496  70.62 1.74 74.25 56.36 13.67 52.17
AB 64.18 3036 5158 3106 68.66 6926 7786 7112 5240 6274  59.08 17.14 54.62
KNNCon 97.60 8614 6639  69.91 8659 8682  93.09  86.66  87.68 8544 7149 2168 78.29
DyEn 9469 8432 6268 69.56 8571 8429 9212 8494 9028 8500 8296 19.26 77.98

075 LLM-MaxSoftmax | 93.14 8232 7179 7867 8512 8514 8990  86.35 84.53 8326 8635 20.87 78.95
LLM-OpenMax 9730 8578  70.14 5243 7610 90.37 88.93 80.60 5400 7461 5349 18.17 70.16
LLM-TempScale | 93.14 8239 7173 7867  85.13 85.14 9004 8636 8445 8318 8638 2106 | 78.97
LLM-Energy 9945 8118 37.06 5153 75.55 81.81 8638 7451 6330 6591 74.66 9.03 66.70
LLM-LogitNorm | 9690 8584 7020  74.18 8399 83840  93.55 84.08 86.85 8226  84.66 10.79 78.48
LLM-Entropy 9369 8253 7172 7852 8461 84.87 89.22 8620 8474 8332 8565 20.87 78.83
LLM-KLMatching | 9225  81.51 7035 7764 8410 8437 88.79 8584 8342 8237 8477 2344 78.24
LLM-MaxLogit 99.19 8315 4537 56.65 7930 8373 89.12 7844 7057  69.28 31.83 11.76 70.70

Table S6: K-F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR = 1.0)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 8739 8438 7633 67.42 81.92 84.59 8550 8583  69.09  86.02 80.16 8225 80.91
DeepUNK 8301 6266 8335 4985 4.16 86.06 9.96 0.15 0.00 2435 12.02 7.48 35.67
ADB 4679 7482 43.06 34.81 44.46 85.89 85.41 72.11 6351 4799 70.66 50.46 60.00
SCL 99.03 7380  47.05 51.66 34.18 86.67 5784 4271 2.14 35.08 4219 41.08 5112
AB 8472 5299 8008 0.00 84.70 83.81 88.91 91.61 8262 8360 8358  78.14 74.56
KNNCon 9036 5574 3478 54.45 67.07 61.43 84.02 71.83 5306  44.92 69.14 28.85 59.64
DyEn 96.06  65.10 2423 3454 7080  47.93 86.57 74.58 7299 7446 69.25 29.36 62.16

025 LLM-MaxSoftmax | 4636 4227 39.16 56.75 61.68 50.71 6930 6126 6426 5254 7298 49.67 55.58
LLM-OpenMax 4237 66.18 17.64 60.94 86.15 67.90 86.22 8512 8022  47.10 8531 75.82 66.75
LLM-TempScale | 50.51  41.65 36.12 54.29 6177 4871 69.13 59.09 63.68 59.29 74.06 54.34 56.05
LLM-Energy 7640 8160 7332 7572 87.65 8792  89.14 8456 80.21 7349 8461  69.72 80.36
LLM-LogitNorm | 3132 2706  47.32 63.18 76.67 21.36 88.05 7023 3864 4312 81.60  46.89 52.95
LLM-Entropy 5431 53.52 60.38 62.42 61.64 61.42 68.64  64.28 7280 6410  73.02 51.71 6235
LLM-KLMatching | 2837  37.04 29.24 13.26 39.75 30.83 4246 3562 14.74 250 4117 27.03 30.17
LLM-MaxLogit 7474 8059 7400 7260 8754 8749  89.60 8326 7826 7274 83.30 66.33 79.20
DOC 69.73 6971 65.41 33.83 64.68 78.17 7314 68.69 54.33 6721 53.07 52.85 62.57
DeepUNK 7112 61.03 66.89 32,62 31.21 70.13 29.93 32.60 0.38 19.40 10.11 2831 37.81
ADB 5637 79.39 4202 26.73 60.38 8594 7125 67.82 4419 4398 68.71 29.96 56.39
SCL 98.62  63.88 4879 4822 4474 7548 4537 45.47 2.98 2827 4455 39.06 4879
AB 6525 4769 5691 0.00 7248 7221 76.81 80.66  63.28 68.60 64.08 55.92 60.32
KNNCon 8582 57.97 29.83 54.24 58.30 7355 78.45 6284 7314  69.79 63.04 37.24 62.02

N-FI DyEn 89.13 6449 2346 7375 63.22 58.45 7835 7060  69.66  69.69  65.14 16.55 61.87

05  LLM-MaxSoftmax | 4851  43.57 38.10 56.61 5640 49.55 6344 6348 6335 5338 60.50 39.43 53.03
LLM-OpenMax 7330 64.97 5943 6133 67.97 71.44 69.32 6780  67.13 5578 65.25 52.89 65.22
LLM-TempScale | 4844 4358 38.09 51.80 5547 48.64 62.38 60.75 61.07 55.01 60.05 40.41 52.14
LLM-Energy 87.08 7265 67.47 66.38 72.89 84.11 79.18 70.39 66.63 5358 6583 5546 | 70.14
LLM-LogitNorm | 5572 30.08 19.46 63.07 7240 57.62 8214 7128 63.65 37.53 65.11 4853 55.55
LLM-Entropy 5218  48.13 4347 57.66 55.22 52.88 60.51 6464 6585 57.62 59.99 39.38 54.79
LLM-KLMatching | 36.09  40.37 34.44 3168 4542 3333 4761 46.93 12.80 14.96 3535 16.78 32.98
LLM-MaxLogit 8891 7295 6721 6588  73.87 8544 8154 7144 6674  53.90 65.62 53.56 70.59
DOC 4808  48.12 34.10 29.62 34.79 61.14 4043 4260 4227 40.74 2347 31.21 39.71
DeepUNK 5329 4476 34.92 21.72 36.25 45.42 37.15 8.28 1225 1.42 11.85 19.49 27.23
ADB 5734 69.60 33.76 220 4922 7132 6286 5549 3873 2680 3996  40.97 49.02
SCL 9580  43.06 30.27 35.52 28.85 55.99 3720 3093 354 27.31 28.86 23.56 36.75
AB 4586 34.17 34.56 0.00 51.08 53.12 5806  60.10 4360 4485 36.59 30.46 41.04
KNNCon 87.78 5471 30.78 52.48 51.64 67.16 7144 5367 69.90 5674 5524 1821 55.81
DyEn 9481  50.18 2038 4797  60.39 56.02 7552 2408 5561 6544  60.76 12.59 51.98

075 LLM-MaxSoftmax | 50.18 3881 30.88 3776 4394 4522 56.29 47177 45.84 36.25 38.92 25.93 41.48
LLM-OpenMax 50.67  49.54 35.60 3699 40.87 61.04  44.49 40.49 4385 39.15 39.01 31.23 4274
LLM-TempScale | 47.79 38381 30.79 37.87 4319 4520 5624 4775 44.83 35.92 38.70 26.98 41.17
LLM-Energy 6991 5546 3756  39.08 4528 65.58 59.60 4614 4486 4171 4009 3162 48.07
LLM-LogitNorm | 67.64  44.16 27.55 43.03 4834 66.88 6620  48.79 4777 38.15 4031 29.97 47.40
LLM-Entropy 5250  43.03 32.73 39.55 4248 4338 5296  50.67 47.13 38.76 38.44 2431 42.16
LLM-KLMatching | 39.71  35.38 28.97 3115 37.50 28.14 50.03 4200 2141 29.49 30.25 14.94 3241
LLM-MaxLogit 7511 5706 3804 4039 4712 6855 6423 48,01 4525 4169 4038 31.34 4976

Table S7: N-F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 9402 8151 70.17 8429 8666 7854 9207 80.71 86.43 8020  89.10  80.77 83.71
DeepUNK 9568 6752 7638 6438 8936 8929 9283 9120 8647 8937 6642 3675 78.80
ADB 7334 8265 5579 5946 8293 8954 9090  79.11 76.61 5384 8476 4078 72.48
SCL 8934 6606 6180  83.43 8200  84.57 82.11 81.38 3.68 8605  69.84 3153 68.90
AB 7872 5478 7312 1472 8122 8346 87.58 8862 7306 8392 7934 6834 72.24
KNNCon 86.76 3537 31.58 5099  62.03 63.39 8392 6064 5541 46.14 6599 2605 55.60
DyEn 9615  68.63 270 6272 7149 5536 8643 6069  69.05 7044 7129 3617 64.26

025 LLM-MaxSoftmax | 38.96  28.00 1902 4531 39.03 3396 4996 4333 5654 3717 6265 4166 41.30
LLM-OpenMax 8331 5920 2523 7342 8929 5346 9285 87.96 6750  60.64 8697 68.01 70.65
LLM-TempScale | 38.94  28.00 1936 43.13 3802 3545 4996 4330 5330 3495 62.61 44.03 40.92
LLM-Energy 9450  90.32 8224  84.65  90.82 9355 9509 9259 9036 815l 9251 7159 | 8831
LLM-LogitNorm | 3346 2496  30.62 6473 7154 36.05 9095 7543 5690 3605 9096  53.65 55.94
LLM-Entropy 4377 3387 3236 4839 3567 3840 4611 4312 6142 4915 5932 40.12 4431
LLM-KLMatching | 24.88 1755 15.48 29.05 25.16 19.23 3797 3280 4096 2980  47.83 2835 29.09
LLM-MaxLogit 9385 9019 8172 8344 9037 9383 9469 9251 9021 8095 9238 6892 | 87.75
DOC 8328 7170 6852 7414 7675 74.55 8336 7694 6633 7457 69.60 5506 | 72.90
DeepUNK 90.17 3930  67.66  67.12 7785 77.38 8274 8036 5121 7471 5732 5100 68.07
ADB 7623 8388 2808 6642 7640  87.77 8397 7495 8228  68.07 80.55 20.40 69.08
SCL 8383 5058 5498 7320 5709  56.15 7354 5740 2.97 7490 5448 4253 57.22
AB 6358 4864 5576 0.00 6874 7126 7596 7142 5644 6852 6504  49.76 58.43
KNNCon 87.17 4860 2639 5105 6509 7497 7761 6290 7470 6375 58.28 30.98 60.12

N-FI DyEn 9387  65.15 21.31 5822 6387 5610 8026 5836 6574 6654  63.00 18.55 59.25

05  LLM-MaxSoftmax | 44.00 3696 4304  48.17 37904 3412 4899 4901 5103 4676 5748 2837 43.82
LLM-OpenMax 89.94  75.50 19.85 75.53 7546 8210 8278 7924 7674 6279 7076  56.10 7057
LLM-TempScale | 44.00 3747 4157 4693 3750 3412 4962 4767 5041 4491 5749 26.60 43.19
LLM-Energy 9386 8349 7279 7813 8161 8840 8923 8262 7843 7746 8354 5437 | 8033
LLM-LogitNorm | 65.67 4244 2466 7659 8041 5849 9010 8056  72.93 5955 8773 4353 65.22
LLM-Entropy 4854 3944 4835 4786 3094 3271 4225 4177 5025 5304 5280  23.65 43.14
LLM-KLMatching | 30.36  24.18 8.35 3312 2406  27.86 3099 3284 4372 3734 4377 10.04 28.89
LLM-MaxLogit 9353 8400 7324 7853 8223 8893  90.65 8377 7972 7845 8621 5327 81.04
DOC 67.11 4959 3825 4766 5449 6271 6532 5774 4227 5304 3929 300l 50.62
DeepUNK 8346 3106 3849 3645 5660 5602 6494 5936 4228 5033  47.86 19.15 48.83
ADB 7077 7224 3105 5124 6516  73.65 7382 6270 6872 5632 7268  30.12 60.71
SCL 85.13 3404 2671 4089 4473 4111 5892 41.89 337 5414 4001 31.21 41.85
AB 4638 3610 3272 0.00 5128 5288 5946  59.82 4138 5052 4570  27.08 41.94
KNNCon 8592 50.00 9.10 5099 5432 6374 7190 5084 6335 5853 5548 23.17 53.11
DyEn 89.80 5523 21.41 4575 5665 4996 7209 4593 6056  59.80 5840 12.81 5237

075 LLM-MaxSoftmax | 47.42 3350 4490 3839 386l 4357 4310 4255 4792 4565 5336 2335 41.86
LLM-OpenMax 8493 6744 0.20 4788 5291 7549 6420 5881 5239 5005 4706 3272 52.84
LLM-TempScale | 4742 3408 4522 3840 3772 4523 4483 4191 4767 4283 5504 2059 4175
LLM-Energy 87.04  69.23 39.21 5144 6148  69.95 7063 6168 5467 4886 6669 3131 59.35
LLM-LogitNorm | 79.96 5459 4019  59.82 6616 6346 7992 6601 6507  56.11 70.47 28.87 61.30
LLM-Entropy 5024 3570  49.11 3504 3011 4312 3643 3920 4947 5022 5069  21.89 40.94
LLM-KLMatching | 39.40 2525 791 3050 2631 2080  31.87 30.71 3866  37.93 39.65 6.09 27.92
LLM-MaxLogit 8785 7101 4176 5325 6390 7228 7563 6428  57.01 5026 7170 3132 | 6169

Table S8: N-F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR = 0.5)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 9462 7428 67.86 8049 8558 7472 9233 82.63 86.80 7804 9123 7843 82.25
DeepUNK 9797 3964 7271 86.41 89.85 89.51 9351 9198 8685 8929 7453 60.68 81.08
ADB 7388 8242 6155 7429 8377 9036 9191 82.39 8649 6772 8720 4948 77.62
SCL 91.19 6092 7096 8406 7951 69.14 7895 6843 5.82 8582 7175 4347 67.50
AB 7968 5550 7530 4878 8183 83.69 87.66 8746  71.63 84.51 79.25 67.72 7525
KNNCon 89.65 5971 3113 5980 6729  64.66 8576 64.15 5556 4622 7256 3356 60.84
DyEn 9827  68.01 1953 4899 7227 5698 8928 7471 79.13 6828 7187 36.17 65.29

025 LLM-MaxSoftmax | 3504  21.80 2340 3980 3750 2833 4857 3829 5227 36.37 5622 43.69 38.44
LLM-OpenMax 8588 6729 2570 7746 9090 7130 9474 8845 8284 6098  90.71 66.78 7525
LLM-TempScale | 33.99 2220 2387 3932 3733 2864 4860 3771 4806 3436 5675 4513 38.00
LLM-Energy 93.16 8945 8495 8818 9154 9473 9616 9198 9256 8668 9463 7134 | 89.61
LLM-LogitNorm | 37.02 1436  43.05 6698  73.93 21.51 9022 6997 4500 3133 9226 5743 53.59
LLM-Entropy 3934 2730 3874 4230 3070 3099 4364 36381 5624 4566 5313 4174 4055
LLM-KLMatching | 21.22 1238 16.77 29.81 21.35 2079 3293 2838 2062 2475 40.09 14.81 24.41
LLM-MaxLogit 9268  89.02 8489  87.62 9121 9464 9607 9160 9269 8625 9459 6851 89.15
DOC 86.06 7117 6726 7004 7882 7234 8525 7674 6633 7722 7689 5324 | 7345
DeepUNK 96.09  31.88 6284 6870 7849  79.72 84.83 82.31 6635 7810 6707 4629 70.22
ADB 7876 8376 3312 7347 7972 8826 8642 7493 8244 7353 8115 18.23 71.15
SCL 81.16 4980 4412 6543 6180 5343 7024 5378 232 7532 5283 5747 55.64
AB 6334 4790 5580 2988 6764 7070 7580 7502 5734 6876 6214 4870 60.25
KNNCon 88.16 6560 3532 5504 5420 7150 7767 5700 7629  59.16 6342 3261 6133

N-FI DyEn 9792 6627 1821 5370 6422 55.15 7954 5502 69.66 7057 63.83 18.16 59.35

05  LLM-MaxSoftmax | 32.88  29.28 5329 3970 3444 2732 4032 3537 5328 4084 5085 3119 39.06
LLM-OpenMax 9210 79.56 5.87 7424 8118 7859 88.04  80.19 80.89 7444 7760  48.13 71.74
LLM-TempScale | 32.88  29.28 5200 3970 3444 2797 4034 3537 5187 4021 51.48 29.56 38.76
LLM-Energy 98.06 8682 7453  80.09 8396 8756 9095 8544 8112 7859  86.77 50.55 82.04
LLM-LogitNorm | 66.10 4527 29.71 7687 8074 5127 90.62 80.69 7974 6366 8855  46.88 66.68
LLM-Entropy 3586 29.13 63.38 3460 2502 2484 3417 3005 5400 4644 4473 24.60 37.24
LLM-KLMatching | 24.40  23.48 1145 33.75 2560 2229 2784 2680 3677 33.03 3242 7.66 25.46
LLM-MaxLogit 9600 8688 7547  80.87 8452 8785 9172 8625 8232 7950 8826  47.39 82.25
DOC 7105 50.47 3887 4752 5992 6345 7025 61.10 4227 5672 5392 2862 53.68
DeepUNK 91.81  28.15 36.45 3729 6091 60.71 6849 6389 4235 5518 4850  24.00 51.48
ADB 7098 7378 3079 5480 6771 7456 7176 6232 7291 5899  72.87 6.71 60.35
SCL 8653 3379 2603 39.99 4597 4077 6002 4401 351 5825 4434 2519 4237
AB 46.14 3528 32.96 5.12 5062 5254 5898 5796 4178 5062 4432 2670 41.92
KNNCon 8747  60.68 2707 5154 5296 6447 7413 5222 6582 6192 4987 2264 55.90
DyEn 8727 5122 2303 3509 5605  47.53 7276 5282 55.61 5831 54.69 12.85 50.60

075 LLM-MaxSoftmax | 57.75  30.79 4566  31.06 3589 3119 3672 346l 48.11 4417 49.10 18.51 38.63
LLM-OpenMax 9282 57.69 717 4892 6138 7577 7645 6560 5930 5930 5603  38.09 5821
LLM-TempScale | 57.75  31.51 4502 3106 3595 31.21 3849 3463 4764 4342 4953 17.75 38.66
LLM-Energy 98.03 7216  39.77 5530 6249 7024 7480 6337 6131 5629 7046 3190 | 63.02
LLM-LogitNorm | 81.65 5999 3870  63.66  69.23 6340 8264 6714 7118 6075 7562 2794 | 6349
LLM-Entropy 6127 3237 5071 2762 2939 2753 2840 3113 4804 4581 4152 17.80 36.80
LLM-KLMatching | 50.32  20.32 9.82 2398 2165 2135 266 2157 3774 3215 3455 9.29 2545
LLM-MaxLogit 9698 7359 4220 5773 65.17 7198 7790 6596 6438 5799 7479 3179 65.04

Table S9: N-F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR = 1.0)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 3747 4420 36.90 34.15 4.15 61.98 2.19 5.05 8.00 17.20 1.43 7.46 21.68
DeepUNK 4262 2396 4551 2893 35.82 3554 4563 4520 3.06 33.61 27.81 6.04 3114
ADB 4446 6383 4050 20.04 3522 73.28 69.74  50.39 38.25 3900  40.99 17.07 44.40
SCL 9698  26.80 30.68 12.77 1952 4207 2406 2776 1.83 23.10 10.29 711 2691
AB 5765 2956 5504 27.43 58.62 59.96 68.07 62.64 3223 49.72 26.50 11.50 4491
KNNCon 8895  58.70 3902 5091 63.27 59.73 77.07 760 6106 5574 6203  17.37 | 5879
DyEn 9415 6348 3444  60.40 63.55 5029 7681 6648 7739  67.69 6670 2032 61.81

025 LLM-MaxSoftmax | 2601 3921 30.07 10.19 3650 4455 48.03 34.87 2127 18.90 738 736 27.03
LLM-OpenMax 2387 4041 21.95 8.77 1118 55.16 1553 11.95 18.84 20.32 2.05 9.44 19.96
LLM-TempScale | 2646  38.99 28.87 9.78 3634 4336 4766 3386 2028 19.20 7.23 8.12 26.68
LLM-Energy 3249 46.11 39.80 1151 3475 6563 4520 3172 1621 20.67 4.70 7.98 29.73
LLM-LogitNorm | 2394  33.71 3253 1047 41.07 36.01 58.78 36.45 17.71 17.11 6.01 7.46 26.77
LLM-Entropy 2778 43.36 37.79 10.37 36.80 4887  47.95 3554 2298 19.32 7.44 7.92 28.84
LLM-KLMatching | 22.83  37.60 26.31 6.96 33.20 3856 43.05 32.08 16.97 1453 6.89 7.08 23.84
LLM-MaxLogit 3282 4697 4028 11.48 3968 6751 5156 34.84 17.85 2085 5.81 774 31.45
DOC 2378 416l 14.74 242 1.74 69.19 4343 2.08 359 7.47 0.48 235 17.74
DeepUNK 3407 18.13 20.70 27.93 48.54 3040 59.58 57.26 1.95 47.44 27.63 5.8 31.57
ADB 69.17 8100  53.73 23.79 57.92 82.87 72.83 5940 4735 41.63 58.24 16.47 5537
SCL 98.49  20.68 27.20 14.67 23.14 5004 3227 27.81 1.48 29.11 8.45 6.45 2832
AB 5482 2846 45380 18.48 61.32 64.05 7020 6531 29.58 4654 2435 16.62 4379
KNNCon 9203 7538 5336 5492 7718 7973 8682 8097 8053  78.08 6611 2140 70.54

Fi DyEn 9334 7448 4988 5234 7726 72.93 8584 7770 8087 7548 7205 1754 | 69.14

05  LLM-MaxSoftmax | 7591 5282 4278 23.16 57.63 69.71 7514 5161 26.42 1351 10.81 8.06 4230
LLM-OpenMax 6358  39.14 3833 11.71 9.15 7171 22.83 12.16 9.75 15.62 1.16 4.96 25.43
LLM-TempScale | 75.89  52.84 4279 2285 57.40 6940 7479 51.52 26.77 13.46 10.83 8.63 4226
LLM-Energy 8141  47.84 37.42 1380  41.84 75.71 62.87 2722 13.48 10.92 4.08 5.61 35.18
LLM-LogitNorm | 77.46 4895 38.28 21.56 55.43 71.68 73.81 43.88 24.19 13.56 7.07 6.40 40.19
LLM-Entropy 7706 5430 4453 2230 5745 70.82 74.49 5294 2627 12.60 10.93 8.13 42,65
LLM-KLMatching | 7241  52.14 42,07 21.59 55.85 65.47 71.57 51.15 2278 12.48 10.69 8.75 4058
LLM-MaxLogit 8543 5047 38.98 1557 49.59 79.29 7050  33.48 16.40 11.28 572 6.22 38.58
DOC 3293 29.11 8.86 23.36 0.64 72.14 0.36 0.87 1.76 3.13 0.14 0.85 1451
DeepUNK 5214 10.52 16.45 1838 49.74 3354 63.39 58.98 1.74 58.00 2.15 5.69 32.56
ADB 8654  83.29 59.61 24.78 63.42 83.38 80.86 6566 5102  47.07 65.91 14.10 60.47
SCL 9824  17.23 18.08 15.86 23.79 63.17 55.05 41.28 1.22 27.29 9.20 6.46 31.41
AB 5652 2580 4680 15.46 62.51 65.75 71.69 64.65 2904 4329 2252 14.10 43.18
KNNCon 97.09 8256 6276  72.03 86.01 86.08 92.66 8583 8745 8257 7362  20.59 77.44
DyEn 9553 8096 6071 6238 8651 8394 9224 8174 8883 8329 7931  17.57 | 76.08

075 LLM-MaxSoftmax | 89.07  69.64 53.10 28.78 65.56 81.68 86.06 6122 33.14 36.70 12.68 9.40 5225
LLM-OpenMax 5153 49.37 36.60 9.10 11.74 72.56 31.02 1027 6.08 11.19 1.41 3.10 2450
LLM-TempScale | 88.65  69.64 53.08 28.63 65.55 81.67 86.05 61.18 3348 36.76 12.88 9.66 5227
LLM-Energy 80.81  53.90 30.34 14.42 34.86 76.13 67.93 32.82 10.59 19.32 4.09 4.08 35.77
LLM-LogitNorm | 91.75  70.00 51.46 2184 4953 8551 7836 4621 2733 30.83 6.28 750 4722
LLM-Entropy 8957 70.67 53.66 29.48 65.52 81.38 8554 6254 32.57 36.55 13.12 955 5251
LLM-KLMatching | 87.44  69.33 52.98 28.78 65.47 78.99 8534 6134 33.67 37.99 14.04 10.44 52.15
LLM-MaxLogit 86.74 5845 3337 17.23 43.69 79.65 75.41 4020 13.07 22.92 6.40 5.5 40.20

Table S10: F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.O. CLINC HWU ECDT  MCID DBPedia X-Topic | Avg.
DOC 7773 5134 4920 3315 6224 6182 7158 6603 9.60 6116 39.00 1490 | 5031
DeepUNK 8439 2679 5421 27.60  65.13 6147 7145 6613 1086 5937  30.66 1120 | 4744
ADB 7001 7547 5024 4679 6786 7883 8043 7229 6250  SLIS 7439 2105 | 62.58
SCL 7172 2935 3241 3397 2351 4805 4052 3293 3.05 4810 2332 10.78 33.14
AB 57.66 3170 5238 2678 5934 6332 7126 68.62 4376 6340 4598 1388 | 49.84
KNNCon 8573 5077 3876 3971 6226 6090 7659 7166  59.80 5724  56.94 1720 | 5646
DyEn 9432 6465 3370 4419 6387 5562 7679 683l 6543 6557 6356 2421 60.02

025 LLM-MaxSoftmax | 5126 4450 3334 4669 4884 4509 5656  59.84  47.68 4531 50.37 1480 | 4536
LLM-OpenMax 8043 5879 3528 3682 5808 5642 7107 6304 4056 4593 19.40 15.95 48.48
LLM-TempScale | 5126 4450 3347 4597 4852 4572 5656  59.84 4643 4448 5036 15.11 45.19
LLM-Energy 89.14 7797 6052 4366 7074 7743 8561 7399 5438 6052 5349 1072 | 6318
LLM-LogitNorm | 50.13 4315 3773 4794 6589  47.73 8290 6953  47.18 4446  59.87 14.45 50.91
LLM-Entropy 5355 4666 39.60 4833 4800  47.09 5540 6037 4969 5049  50.01 1464 | 4699
LLM-KLMatching | 4647 4092 3187 4114 4518 4030 5291 5754 4329 4287 4633 1476 | 4196
LLM-MaxLogit 88.62 7897  60.82 4445 7270 7943 8649 7554 5707 6216  ST1I 1209 | 64.62
DOC 7286 5114 4453 4134 6521 7292 7953 69.66 3.90 64.26 16.80 1029 | 4937
DeepUNK 8727 3865 4854 2646 5926 6255 6744 6573 4.16 53.91 22.56 930 45.49
ADB 8513 84.69 5217 6238 7754 8549 8639 7758 8139 7175 8423 1946 | 7235
SCL 8031 2956 2226 3738 3532 5095 7434 3930 178 5735 36.56 1113 39.69
AB 60.12 3146 4832 2672 6432 6568 7478  69.08 4774 6144 4786 1974 | 5145
KNNCon 9219 7185 5239 5490 7904  80.60 8648  80.88 8124 7565 6426 2080 | 70.02

Fl DyEn 9517 7565 5037 5631 7728 7238 8654 7154 7169 7607 7429 19.31 69.88

05  LLM-MaxSoftmax | 75.93 6771  58.9 6178 7022 6816  78.18 7535 6888 6491 74.02 15.07 64.87
LLM-OpenMax 9212 8073 5245 3893 5554 8490 7402 6326 4513 5330 2925 1507 | 57.06
LLM-TempScale | 7593  67.88 5779 6146  70.12  68.16 7835 7518  68.51 6447 7402 1539 | 64.77
LLM-Energy 9463 7770 5033 4175 7499 8527 8671 7370 4848 6485  62.83 8.63 64.16
LLM-LogitNorm | 82.11  69.00 5276 6418 8097 7508 9159 7976 7266 6673 7122 1182 | 68.66
LLM-Entropy 7708 6857 5977 6175  69.10 6798 7683 7567 6889 6632  73.07 1528 | 65.03
LLM-KLMatching | 7229 6420 4976 5867  67.84 6668 7467 7328 6646 6273 7095 1852 | 6217
LLM-MaxLogit 9523 7972 5347 4896  77.64 8646  89.65 7730 5566 6770 7180 1099 | 67.88
DOC 7699 4443 3706 4162 6677 7797 8036 7159 1.76 61.42 0.24 8.61 47.40
DeepUNK 91.97 3748 4532 2156 4853 6413 6303 6081 1.93 50.89 19.62 548 42.56
ADB 9294 8623 6165 6588 8251 8553 9025 8174 8419 7549  88.13 1946 | 7617
SCL 7331 2924 2610 4013 5655 6737  80.13 4779 1.39 6479 49.60 1099 | 45.62
AB 6262 3028  49.02 2736 6752 6770  77.66 7082 4968  60.10  49.14 1806 | 5250
KNNCon 9673 8182 5982 6872 8644 8522 9260 8557  86.64 8292 7321 2078 | 7671
DyEn 95.02 8214 5977 6343 8571 8252 91.87 8340 8429 8268  80.82 17.85 75.79

075 LLM-MaxSoftmax | 89.59  77.84 6729 6944 8330  83.05 8076 8373 7953 7473 8448 17.21 75.00
LLM-OpenMax 93.03 8374 6122 3925 6036 8836 7754 6751 3216 5408 3549 1376 | 5887
LLM-TempScale | 89.59 7798  67.40  69.82  83.16 8335 80.94 8363 7945 7431 8462 1750 | 75.06
LLM-Energy 90.05 7997 3446 4067 7413 8174 8251 73.01 4316 4754 6113 8.02 60.20
LLM-LogitNorm | 9545  81.84  64.69 6241 8112 8770  91.87 8158 7875 7084 7555 1090 | 73.56
LLM-Entropy 9005 7821 66.89 6975 8237 8304 8917 8343 8008 7553 8451 17.73 75.06
LLM-KLMatching | 8844 7638 6254 6926 8200 7967 8871 8277 7804 7351 8288 1993 | 73.68
LLM-MaxLogit 9242 8193 4388 4494 7773 8423 8779 7694 4968 5308 7491 1049 | 64.83

Table S11: F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR = 0.5)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 79.85 5340 4928 43.67 67.68 60.09 80.52 71.18 9.66 65.70 52.73 17.60 54.28
DeepUNK 9357 3523 5341 39.86 7145 67.13 7554 7455 11.17 64.61 33.81 15.01 52.95
ADB 7373 7549 53.13 56.04 67.30 79.14 82.58 7381 7349 6352 79.09  23.89 66.77
SCL 7271 3227 35.01 39.13 3038 4579 51.07 41.02 3.08 51.94 38.77 12.93 37.84
AB 5786 3195 5328 30.21 59.71 63.41 7134 6851 4531 64.95 5221 15.60 51.20
KNNCon 8729  62.00 37.13 4574 64.32 60.83 78.52 71.43 6059  56.39 58.46 18.64 58.44
DyEn 9657  64.05 32.78 5221 64.81 56.59 80.69 6732 7470  65.10 63.03 2421 61.84

025 LLM-MaxSoftmax | 55.17 4536 3421 46.55 5025 4351 57.87 6056 5046  48.76 59.13 16.12 4733
LLM-OpenMax 8204 6471 34,58 4530 69.88 64.97 81.93 7896 5456 5532 4278 18.69 57.81
LLM-TempScale | 54.67 4553 3442 4634 50.21 43.63 57.89 60.39 4844 4786 59.38 16.08 47.07
LLM-Energy 8926  79.62 6430 5232 73.71 8444 8895  76.89 6085  68.86 7147 14.03 68.73
LLM-LogitNorm | 55.60  42.88 4144 56.80 64.83 41.22 82.82 71.63 4627 4551 79.61 14.80 53.62
LLM-Entropy 57.10 4734 4143 4755 48.63 4451 56.51 6032  53.18 5271 58.46 15.98 48.64
LLM-KLMafching | 50.75  42.31 31.21 4325 4621 4094 5360  58.16 4262 4433 54.15 14.98 4354
LLM-MaxLogit 8931 7999 6451 5664 7573 84.87 89.87 7844 6397 7053 76.22 15.06 70.43
DOC 7923 5414 50.08 51.31 74.80 73.13 84.13 75.68 3.90 7082 49.28 11.74 56.52
DeepUNK 9565  40.45 52.07 32.14 63.13 7014 7138 71.79 5.60 65.07 2292 9.92 50.02
ADB 8636  84.53 5396 6604  81.28 86.13 88.57 8029 8236 7671 8459 2242 74.44
SCL 5751 38.08 23.77 3787 4837 5524 77.98 49.09 2.12 65.68 4171 12.57 42.50
AB 60.70  31.88 4876 29.26 64.72 65.92 7484 68.72 4964 6262 56.64 16.82 5254
KNNCon 9248 7583 54.92 58.55 77.08 79.07 86.68 80.22 8341 74.47 6447 2128 70.70

Fi DyEn 9567 7540 50.07 57.48 78.06 7235 85.92 79.20 80.87 7828  75.19 19.58 70.67

05  LLM-MaxSoftmax | 75.16  65.01 6244 6345 71.20 66.71 76.83 77.59 6984 6769 7573 19.26 6591
LLM-OpenMax 9357 8256 5012 49.08 7335 8320 85.39 7876 6074 7391 4830 19.35 66.53
LLM-TempScale | 75.16  65.01 62.04 63.45 71.20 66.87 7684 77.59 6926  67.55 75.86 19.47 65.86
LLM-Energy 98.41 8475 5410 56.37 79.77 84.06 89.66 7924  59.57 6770 7114 11.28 69.67
LLM-LogitNorm | 8345  69.64 5626 7187 83.67 72.92 9237 85.06 80.25 7255 83.36 12.02 71.95
LLM-Entropy 7596 6510  65.66 61.87 69.67 66.16 75.67 76.89 70.15 69.44 74.56 19.77 6591
LLM-KLMatching | 73.32 6346 51.90 62.26 69.72 6554 7457 7662 65.18 65.79 72.06 20.08 63.37
LLM-MaxLogit 9695  85.29 59.49 60.59 81.91 8492 9140 8163 6409 7043 78.75 13.23 72.39
DOC 81.80  49.68 43.70 54.64 76.22 79.40 8590  78.16 1.76 71.45 4775 11.09 56.80
DeepUNK 96.60  40.62 50.47 24.61 4521 72.85 64.81 66.91 2.90 63.37 17.83 6.25 46.04
ADB 9301  86.73 62.79 7233 85.48 86.14  92.20 83.55 8649 7844 8845 2253 78.18
SCL 7654 3115 33.60 56.08 63.15 61.71 8474 7008 1.82 73.02 56.29 13.98 51.85
AB 6300 3080  49.52 31.00 68.34 6820  77.66 7086 5196  61.80 59.02 19.20 54.28
KNNCon 9697 8382 6203 69.33 86.01 8542 9292 8596 8678  83.63 7136 21.62 77.15
DyEn 9422 8131 58.27 68.48 85.21 81.99 91.95 84.28 8883 8295 8279 19.10 76.61

075 LLM-MaxSoftmax | 9093  77.63  68.89  77.14 84.29 81.76 89.42 85.30 83.01 80.25 86.12 20.80 77.13
LLM-OpenMax 97.02 8323 63.14 5232 75.85 89.46 88.82 80.29 54.22 7343 53.51 18.69 69.17
LLM-TempScale | 90.93  77.77 68.76 7714  84.29 81.77 89.58 8531 8292 80.12 8616 2097 77.14
LLM-Energy 9936 80.36 37.37 51.68 75.33 81.09 86.28 7428 6322 65.17 74.63 9.63 66.53
LLM-LogitNorm | 95.94  83.49 66.70 73.83 8374 8684 9346 83.73 86.20 80.61 84.61 11.24 77.53
LLM-Entropy 91.66  77.97 69.39 76.89 83.67 81.29 88.68 85.07 83.21 80.44 85.39 20.79 77.04
LLM-KLMatching | 89.63  75.94 63.63 75.92 83.04 80.43 88.20 84.53 8152 7851 84.47 23.07 75.74
LLM-MaxLogit 9905 8228 45.02 56.71 79.06 82.99 89.02 78.19 7032 6841 81.79 12.28 70.43

Table S12: F1 performance of OSTC on the BOLT benchmark under different KCRs (LAR = 1.0)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 78.63  74.88 6274 7041 68.13 7600 7467 7519 6335 75.46 67.00  78.63 72.09
DeepUNK 7980 4902 7343 4770 19.39 76.51 26.10 17.74 745 27.42 21.34 6.55 37.70
ADB 4336 69.19 39.75 31.84 37.25 80.12 79.16 6148 5537 40.99 61.60 52.18 5436
SCL 9851 6550 4615 48.13 38.69 78.13 5754 4580 7.10 38.47 4246  42.00 5071
AB 7592 4039 69.85 6372 76.37 74.94 83.02 8495 7292 7399 7383 7726 7226
KNNCon 8850  55.96 36.31 61.18 6323 57.43 79.82 6760 5508 4935 66.95 36.72 59.84
DyEn 9497  61.85 2957 6853 6494 4685 81.99 68.17 76.71 6920  66.19 31.60 63.38

025 LLM-MaxSoftmax | 3624  39.77 32,65 422 5177 4651 6147 49.19 50.52 35.50 55.15 38.32 45.11
LLM-OpenMax 3127 5433 21.21 51.16 75.88 63.01 7620 7427 67.71 31.87 74.69 75.71 58.11
LLM-TempScale | 39.94  39.39 30.98 41.05 5247 4553 6170 4774 5101 41.09 5700  44.60 46.04
LLM-Energy 6289 7130  60.90 6276  78.92 81.20 81.81 7422 6743 57.25 73.34 62.16 69.51
LLM-LogitNorm | 2655 3129 4112  47.82 65.15 30.94 80.90  57.09 2951 29.25 67.96 35.57 4526
LLM-Entropy 4308 4704 4796  49.42 5233 5474 61.07 52.15 60.13 45.87 5512 4045 50.78
LLM-KLMatching | 24.71  36.88 27.59 14.42 35.09 3455 40.43 30.77 18.49 17.62 24.82 21.73 27.26
LLM-MaxLogit 6091  70.32 61.51 59.25 7892 8106  82.66 7248 6486 5619 7087 57.63 68.05
DOC 5658  59.66 4895 23.01 45.40 73.79 64.25 5233 45.77 50.62 36.43 4527 50.17
DeepUNK 5938 45.57 51.78 4307 4146 5759 4684 4383 1257 39.11 29.36 23.78 4120
ADB 6365 7973 4884 37.51 58.06 84.25 71.12 62.71 5126  43.14 6856  42.83 59.30
SCL 9859 5165 4455 50.61 46.09 6727 4715 46.45 11.87 37.97 40.42 39.65 4852
AB 5924 36.37 49.56 52.56 66.62 67.33 7356 7415 5268 58.79 54.71 54.86 5837
KNNCon 8892 70.18 4823 67.02 68.97 76.41 8208 7071 7728 7420 7120 4388 69.92

ACC DyEn 9025 7078 4333 6499 6941 66.84 8108 7374  8L72 7232  69.68  33.58 68.14

05  LLM-MaxSoftmax | 6544  50.08 4120 61.18 56.43 62.67 69.13 5740  53.14 3360 4259 38.17 5259
LLM-OpenMax 7150 5436 4898 63.92 5242 71.24 56.19 52.85 5353 3480 4902 48.12 54.74
LLM-TempScale | 6541 5009 4120 57.06 55.87 62.18 68.52 55.62 52.60 3529 42.03 4111 5225
LLM-Energy 85.19 6329 5544 6249 63.03 80.86 7404 5845 5257 33.84 5024 4779 60.60
LLM-LogitNorm | 69.04 4455 35.05 62.78 65.71 66.19 7924 6254 5195 2344 4911 4139 5425
LLM-Entropy 67.13 5234 43386 62.24 55.76 64.37 67.61 58.41 55.84 37.04 4174 38.96 53.77
LLM-KLMatching | 60.57  48.80 3982 4355 51.05 56.10  61.59 4833 2821 14.08 2245 2385 4153
LLM-MaxLogit 87.70 6421 55.52 62.94 65.55 8288  77.88 60.64  53.64 3390 4977 45.99 61.72
DOC 4382 41.04 22.54 55.08 16.05 68.98 2533 27.09 28.10 25.58 13.57 24.12 32,61
DeepUNK 5428 3071 26.24 3407 4717 4027 5831 48.55 1369  51.83 31.67 19.42 38.02
ADB 81.69  80.01 56.03 48.16 60.33 80.06 76.09 63.93 5776  43.08 74.47 43.73 63.78
SCL 97.76  32.28 26.08 4639 32.99 62.41 5334 4428 13.79 35.24 26.61 30.73 41.83
AB 5322 2883 44.13 40.96 59.28 6190 6770  63.71 4254 43.69 38.20 38.06 4852
KNNCon 9506 7813 6034 8116 79.54 8229 8756 7780 8593 7780  79.16  48.49 7177
DyEn 97.15 7654 5903 7541  80.83 79.00 8796 7026 8846 7956  78.03 4505 | 7644

075 LLM-MaxSoftmax | 83.16  65.08 50.96 63.80 60.50 76.17 79.35 59.17 51.19 38.07 29.20 37.87 57.88
LLM-OpenMax 5249 5051 36.83 44.94 29.12 69.07 39.01 28.70 33.61 27.13 25.05 29.51 38.83
LLM-TempScale | 82.61  65.08 50.94 63.27 60.38 76.17 79.33 59.09 51.17 3843 2900 4036 57.99
LLM-Energy 7865  55.57 3462 4747 4127 7334 66.18 4238 37.69 31.66 27.45 30.84 4726
LLM-LogitNorm | 87.19 6564 4927 60.24 5037 8157 7532 5035 47.66 34.56 28.34 31.76 55.19
LLM-Entropy 8375 6647 51.59 64.08 60.46 75.81 7856 60.78 51.87 38.91 28.75 38.62 58.30
LLM-KLMatching | 81.00  64.64 50.91 62.12 59.84 72.87 7796 58.08 4158 36.98 23.62 3323 55.24
LLM-MaxLogit 8425  58.76 36.57 51.71 46.48 7670 7257 46.78 39.35 32.93 28.65 3227 50.58

Table S13: ACC performance of OSTC on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR  Method 20NG THUCNews Yahoo ~ TREC ~ BANK  S.0. CLINC HWU ECDT MCID DBPedia X-Topic | Avg.
DOC 9043 7163 5921 7898 7974 7078 8810 7304 7709 7263 8273 78.12 76.87
DeepUNK 93.14 5291 6620 5624 8331 82.77 88.22 85.97 7717 8266 5434 3082 71.15
ADB 63.65 7815 4949 5686 7645 84.92 87.06 7269 6975  49.13 7952  39.63 67.69
SCL 8520  59.27 57.08 79.51 71.55 7657 7436 7170 1204 7772 6253 36.61 63.75
AB 69.72 4276 6236 5928 7272 7554 81.82 8150 6266 7618 7070  62.64 68.16
KNNCon 84.02 4505 34.85 5170 60.18 5960 7956 5958 5639  49.48 62.57 37.92 56.74
DyEn 9513 64.93 2884 6283 65.63 52.53 81.83 5741 65.17 6506 6664 3892 62.08

025 LLM-MaxSoftmax | 4336  39.07 2699 4942 4174 3948 4997 4393 5242 3988 58.28 37.22 43.48
LLM-OpenMax 8220  58.63 3004 74.83 8277 5604 8859 8147  61.19 5347 7833 6933 | 68.07
LLM-TempScale | 4335  39.07 2715 4854 4112 4040 4997 4391 4956 3873 5825 4104 43.42
LLM-Energy 9214 8609 7321 81.84 8578 8985  92.60 8835 8506 7360  88.63 6561 83.56
LLM-LogitNorm | 41.76  37.65 33.81 6058 7116 4318 8740 6934 5288 3982 8691 4597 55.87
LLM-Entropy 4650  42.03 3402 5112 3990 4228 4749 4401 57.14  47.37 5566 36.84 4536
LLM-KLMatching | 35.83 3429 2533  43.10 3440 3200 4264 3789  41.53 36.01 4760 30.29 36.74
LLM-MaxLogit 9133 8611 7266  80.03 8539 9036 9216 8831 8496 7323 8860 626l 82.98
DOC 7975 6346 5799 7714 7214 7315 81.81 7362 5034 6943 5816 5401 | 6758
DeepUNK 89.04 3722 5859 6237 7032 716l 7676 7556 3855  67.13 4542 5004 61.88
ADB 80.64  84.00 4520 7306 7613 8650 8458 7452 8247  69.00  81.87 35.09 72.75
SCL 86.60 4823 4354 7488 5042 5931 7398 5233 1330 68.28 5666 46.58 56.18
AB 60.76 3842 5030 4754 6556  67.56 7462 7240 5158  63.68 61.64 4744 58.46
KNNCon 8928 6593 4680 6696 7239 7136 81.51 69.93 7823 7060 6922 4441 69.39

ACC DyEn 9437 7142 4388 7152 70.11 65.89 8248 6650 7067 7155 7101 33.83 67.77

05  LLM-MaxSoftmax | 6445 5866  53.61 64.57 57.81 57.91 6567 6161 6304 5861 68.07 36.64 59.22
LLM-OpenMax 90.66  78.61 4566 8008 6856 8343 7959 7481 7171 5831 6172 5851 70.97
LLM-TempScale | 6445  58.87 53.07 6376 5764 5791 6598 6109 6268 5782 6808 35.94 58.94
LLM-Energy 9402  81.06 6440 8122 7879  87.04 8833 7977 7387 7215 8191 50.23 77.73
LLM-LogitNorm | 74.63  60.51 4596 8118 8005 6851 9030 7959 7387 6387  87.60 4337 70.79
LLM-Entropy 6627  59.83 5664 6400 5536 5752 6289 6126 6281 61.15 65.75 3347 58.91
LLM-KLMafching | 59.25 5429 4187 5718 53.05 5563 5868 5539 5971 54.98 61.91 30.97 53.58
LLM-MaxLogit 9397 8204 6558 8184 8005 8777  90.18 8147 7592 7378 8555 5179 79.16
DOC 7505 48.73 38.03 69.92 6275 7408 7590 683l 28.10  59.27 24.95 35.74 55.07
DeepUNK 89.94 3553 4326 3935 5377 6157 6571 6370 2813 5154 3881 24.79 49.67
ADB 89.03 8293 5809 7779 7804 8233 8592 7641 8255 7088 8549 4148 | 7591
SCL 7781 38.57 3107 6654 5533 64.31 7473 4832 1184 6230 6148 4472 53.08
AB 58.14 3234 4598 4348 6304 6346 7238 6748 4874 5698 5694 3778 53.90
KNNCon 9440  77.41 5860 8170 8014 8094  87.67 7732 8168 7846 7894 4701 | 77.02
DyEn 9523 77.68 5829 7645 79.45 7710 8683 7522 7751 7869 8010 4501 75.63

075 LLM-MaxSoftmax | 83.13 7264 6407 7751 7521 7152 80.62 7506 7465 6985 7991 46.75 73.08
LLM-OpenMax 9125  80.07 6039 7286 5792 8531 7306 6742 5499 5335 486l 49.42 66.22
LLM-TempScale | 83.13 7281 6422 7759 7508 7794 8099 7492 7465 6937 80.19  46.08 73.08
LLM-Energy 9032 7730 3877 7229 7023 79.10 7935 7099 5857 4985 7750 3518 66.62
LLM-LogitNorm | 92.01 7735 61.16 8151 7684 8400 8861 7773 7852 6749 8160 3415 75.08
LLM-Entropy 8375 7326 6405 7629 7384 7761 7940 7453 7530 7124 7940 4623 7291
LLM-KLMatching | 8143  71.01 6099 7629 7322 7331 7851 7287 7265 6870 7672  44.99 70.89
LLM-MaxLogit 9192 7923 4536 7486 7355 81.42 8450 7422 6299 5360 8247  39.63 7031

Table S14: ACC performance of OSTC on the BOLT benchmark under different KCRs (LAR =0.5)
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Metric KCR  Method 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.
DOC 91.41 67.67 57.33 75.55 79.18 67.42 88.68 75.93 77.32 70.94 86.25 75.12 76.07
DeepUNK 96.85 34.31 62.46 79.63 84.52 83.54 89.29 87.56 7743 82.99 62.12 58.21 74.91
ADB 69.48 77.96 55.02 71.41 71.34 85.91 88.46 76.51 81.78 61.75 82.89 45.01 72.79
SCL 87.29 57.54 63.47 79.82 69.79 65.68 72.61 61.88 10.81 78.01 66.06 47.52 63.37
AB 70.54 43.18 64.79 54.54 73.43 7591 81.80 80.30 61.10 77.04 70.76 61.42 67.90
KNNCon 87.22 59.92 33.78 57.85 63.69 60.26 81.63 62.33 55.55 50.53 67.90 40.00 60.06
DyEn 97.53 64.26 26.85 66.88 66.36 53.80 85.38 68.15 78.02 63.21 67.16 38.92 64.71

0.25 LLM-MaxSoftmax | 41.22 36.60 29.49 42.88 41.13 36.88 49.16 42.06 50.27 40.60 53.94 40.71 42.08
LLM-OpenMax 83.93 64.94 30.89 75.47 85.86 68.29 91.86 83.58 75.96 56.25 85.07 71.54 72.80
LLM-TempScale 40.44 36.82 29.70 4249 41.03 37.07 49.18 41.67 46.88 39.40 54.32 43.25 41.85
LLM-Energy 9100  85.38 77.23 85.27 87.00 91.95 94.22 87.82 88.39 80.36 91.88 65.00 85.46
LLM-LogitNorm | 43.18 3357 4135 6290 6824 3350 8660 6512 4374 3779 8886 4861 | 5446
LLM-Entropy 44.30 39.25 38.40 44.24 37.45 38.41 46.05 41.41 53.94 46.22 51.73 39.14 43.38
LLM-KLMatching | 3375 3257 2606 3694 3284 3316 3999 3650 3545 3435 4332 2174 | 33.90
LLM-MaxLogit 90.50  85.02 77.16 84.76 86.74 91.88 94.16 87.43 88.66 80.09 91.93 61.97 85.02
DOC 8365 6367 5856 7388 7663 7228 8458 7521 5034 7414 7306 5340 | 69.95
DeepUNK 95.93 35.82 56.46 65.35 71.85 75.71 79.34 78.31 50.49 72.69 50.92 47.48 65.03
ADB 82.34 83.90 47.55 78.82 79.68 87.07 86.93 75.29 83.10 74.44 82.58 32.73 74.54
SCL 69.66 50.77 40.29 70.60 57.85 61.12 73.85 54.28 9.64 71.36 54.76 58.21 56.03
AB 60.96 38.38 50.62 46.02 65.10 67.30 74.50 70.54 52.64 64.58 61.56 47.20 58.28
KNNCon 89.75 72.20 49.26 69.51 67.84 75.35 81.59 67.40 80.66 68.85 71.43 45.48 69.94

ACC DyEn 97.78 71.86 42.84 70.23 70.33 65.49 82.04 63.15 81.72 74.66 72.17 34.38 68.89

0.5 LLM-MaxSoftmax | 59.97 56.13 58.79 60.16 57.71 55.73 62.23 57.75 65.97 59.52 65.59 4141 58.41
LLM-OpenMax 92.63 81.24 42.48 82.12 78.04 80.48 86.95 79.01 78.03 73.84 73.62 52.84 75.11
LLM-TempScale 59.97 56.13 58.18 60.16 57.71 55.97 62.24 57.75 65.06 59.27 65.93 40.36 58.23
LLM-Energy 98.08 8578  66.63  84.08 82.03 86.34 90.45 8345 7771 7426 86.12 4593 80.07
LLM-LogitNorm 74.74 62.49 50.23 81.80 81.38 64.99 90.93 80.99 80.62 69.00 88.57 40.80 72.21
LLM-Entropy 61.12 56.28 64.31 58.45 54.46 54.95 59.89 55.99 66.42 62.05 62.92 38.20 57.92
LLM-KLMatching | 56.97 54.24 43.88 58.20 54.66 54.10 57.69 54.86 58.47 56.68 58.32 32.97 53.42
LLM-MaxLogit 96.13 86.04 68.83 84.94 83.10 86.79 91.48 84.55 79.53 75.71 88.07 44.62 80.82
DOC 79.47 51.25 42.55 71.84 70.99 75.56 81.40 73.55 28.10 67.67 61.33 36.85 61.71
DeepUNK 95.55 37.38 47.11 45.39 53.99 68.99 68.12 68.84 28.31 61.03 36.75 33.98 53.79
ADB 89.09  83.59 59.09 80.86 81.01 83.05 88.36 77.21 84.61 73.78 85.69 047 77.40
SCL 8020 3054 3782 7227 6047 6165 7863 6437 1330 6939 6469  47.10 | 5745
AB 5340 3254 4648 4306 6350 6372 7228 6694 4952 5860 6026 3750 | 5440
KNNCon 9486 7970 5982 8165  79.67 8131 8826 7800 8378 7942 7789 4907 | 77.79
DyEn 94.06 76.59 57.03 81.88 78.91 76.31 87.11 76.75 88.46 78.79 82.44 44.65 76.91

0.75 LLM-MaxSoftmax | 85.28 72.29 65.99 77.27 75.95 75.30 79.59 74.55 77.12 75.29 79.52 46.23 73.70
LLM-OpenMax 96.16 79.55 62.62 77.31 71.37 86.31 85.24 77.13 68.21 69.49 65.80 57.14 74.69
LLM-TempScale 85.28 7243 65.86 77.27 75.96 7531 79.95 74.57 76.99 75.11 79.56 46.29 73.72
LLM-Energy 99.02 78.75 40.92 76.69 71.47 78.84 83.50 72.40 69.87 63.26 81.04 37.23 71.08
LLM-LogitNorm 92.83 79.44 64.23 84.57 79.84 82.41 90.64 79.21 84.00 76.37 86.25 29.13 77.41
LLM-Entropy 86.27 72.78 66.76 76.57 74.94 74.78 78.13 74.19 71.53 75.77 78.05 46.53 73.53
LLM-KLMatching | 83.47 70.54 62.40 76.12 73.72 73.74 77.14 72.64 74.99 73.17 76.36 48.31 71.88
LLM-MaxLogit 98.53 80.48 46.57 78.86 74.89 80.64 86.26 75.64 74.08 65.92 85.30 41.23 74.03

Table S15: ACC performance of OSTC on the BOLT benchmark under different KCRs (LAR = 1.0)
Metric KCR  Method ‘ 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.
DAL 87.09 81.43 52.09 42.75 60.46 70.18 83.80 60.54 63.29 57.48 79.57 21.04 63.31
GeolD 98.82 73.77 62.98 42.90 71.84 71.87 88.86 70.20 52.37 60.04 81.48 21.10 66.35
SDC 73.88 81.72 54.25 57.80 53.92 74.42 75.20 64.94 69.60 40.46 73.44 33.33 62.75
0.25 DPN 94.11 90.39 61.05 66.57 72.18 86.64 84.29 69.59 75.82 70.82 82.85 22.88 73.10
TAN 9513 9167 67.87 78.70 71.54 82.29 89.17 69.39 69.16 7045 81.91 26.00 74.44
LOOP 95.01 92.30 60.38 49.94 78.35 83.09 93.53 79.31 71.93 56.06 77.93 24.32 71.85
ALUP | 98.10  90.22 71.52 5237 73.82 82.40 88.60 75.69 76.55 74.84 82.42 22.99 74.13
DAL 93.52 85.31 50.87 5227 65.31 81.18 85.67 69.09 52.32 70.02 79.51 18.23 66.94
GeolD 97.87 87.76 54.80 41.02 77.11 81.24 91.73 79.67 60.35 49.69 81.34 25.72 69.02
K-ACC SDC 85.96 81.08 54.22 61.43 57.67 78.08 70.36 70.53 67.22 67.35 70.41 45.30 67.47
0.5 DPN 9561  90.29 58.03 78.13 75.80 82.63 85.12 74.97 78.81 77.03 83.51 36.15 76.34
TAN 99.38 93.87 59.48 78.24 78.57 80.91 89.11 74.25 79.24 76.81 87.52 35.79 71.76
LOOP 96.57 93.59 64.53 56.34 80.29 87.25 93.88 80.90 66.27 51.31 80.39 21.89 72.77
ALUP | 8748  90.24 68.02 53.16 79.69 83.44 92.86 78.23 64.81 76.87 82.13 2270 7330
DAL 95.48 87.27 64.35 4591 66.67 76.28 87.14 71.10 59.90 75.42 80.13 18.17 68.99
GeolD 97.00 85.43 62.85 53.44 79.83 81.32 90.77 79.52 66.67 52.20 83.31 22.52 71.24
SDC 91.67 85.86 63.34 67.11 72.25 83.41 80.09 77.83 76.30 74.79 78.06 50.98 75.14
0.75 DPN 99.96 88.79 62.95 76.24 76.85 81.64 90.06 75.56 84.58 76.90 84.65 37.93 78.01
TAN | 9904 8493 6351 7822 8008 8281 9040 7675 8159 7901 8747 3636 | 7842
LOOP | 9952 9239 6483 4926 8313 8783 9358 8042 6668 7115 8173 2145 | 7433
ALUP | 9457 9127 6806  57.65 8030 8500  9L61 8032 7304 7945 8405 2705 | 7603

Table S16: K-ACC performance of GCD on the BOLT benchmark under different KCRs (LAR = 0.1)
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Metric KCR  Method ‘ 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.

DAL 87.96 81.19 52.44 50.61 65.93 74.21 86.28 69.55 60.41 67.73 79.36 22.56 66.52

GeolD 100.00 94.01 51.50 48.82 80.79 86.40 85.44 87.11 67.69 82.72 87.20 24.69 74.70

SDC 54.69 72.65 51.92 51.42 45.04 72.92 61.87 57.30 64.37 62.30 68.84 30.58 57.83

0.25 DPN 88.58 91.04 65.83 79.56 79.17 91.03 84.84 80.43 87.67 81.63 85.98 27.59 78.61

TAN 95.86 93.22 70.40 79.21 84.82 86.07 91.58 82.68 84.28 82.96 87.97 29.23 80.69

LOOP 92.59 96.62 72.75 67.75 87.78 89.65 96.53 88.80 79.20 84.30 86.84 29.15 81.00

ALUP | 97.84 89.51 74.40 74.35 86.62 89.16 95.06 87.70 73.66 86.30 84.82 30.67 80.84

DAL 98.77 83.84 60.00 54.53 74.93 81.47 88.76 76.93 65.11 82.53 81.74 21.66 72.52

GeolD 92.32 93.62 68.39 46.60 86.64 81.10 94.49 86.44 74.75 85.17 89.30 28.23 77.25

K-ACC SDC 81.32 79.41 52.84 68.64 61.98 80.35 65.80 72.33 72.11 75.11 69.67 46.94 68.88

05 DPN 95.34 90.44 59.18 84.76 83.88 89.52 93.22 83.32 86.70 87.12 88.82 39.99 81.86

TAN 97.40 95.23 65.86 87.84 86.16 87.58 94.95 84.76 91.45 84.66 90.40 35.82 83.51

LOOP | 98.76 9478 67.66 64.72 89.22 90.22 96.64 87.72 76.82 86.23 88.62 26.48 80.66

ALUP 97.49 94.48 72.28 76.59 90.13 91.02 95.91 89.48 83.15 89.20 88.17 29.58 83.12

DAL 97.10 86.95 61.38 48.21 76.99 80.51 92.01 77.89 71.61 84.66 83.53 20.85 73.47

GeolD 99.06 94.44 68.12 53.66 89.40 88.96 94.17 88.60 78.12 88.21 90.04 26.48 79.94

SDC 93.92 86.95 65.24 78.28 78.69 86.68 81.26 82.47 80.76 82.38 79.33 51.49 78.95

0.75 DPN 100.00 90.99 67.46 87.17 88.59 88.51 93.88 85.69 92.02 85.72 90.85 43.07 84.50

TAN 99.55 93.00 67.92 86.39 89.02 87.68 95.07 86.61 89.79 86.30 91.81 41.25 84.53

LOOP 95.99 94.45 69.04 61.31 91.23 89.61 96.69 88.04 80.91 88.31 87.86 28.38 80.98

ALUP | 99.98 93.44 70.06 7423 91.07 91.23 95.88 88.26 87.70 89.64 89.74 3152 83.56
Table S17: K-ACC performance of GCD on the BOLT benchmark under different KCRs (LAR = 0.5)

Metric KCR Method ‘ 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic Avg.

DAL 86.64 76.05 57.55 49.65 71.08 61.07 84.18 73.45 62.51 63.35 79.65 22.51 65.64

GeolD 100.00 95.74 72.63 71.30 79.47 85.67 94.39 87.68 74.37 83.94 87.00 29.24 80.12

SDC 68.47 79.69 48.30 52.74 43.13 74.25 64.60 62.26 69.74 65.61 65.97 30.94 60.47

0.25 DPN 95.30 96.07 64.55 76.48 83.74 93.26 85.09 81.54 89.04 81.01 87.45 35.48 80.75

TAN 98.24 95.12 69.39 82.35 89.37 88.57 95.33 84.01 86.65 89.56 87.95 29.16 82.98

LOOP 98.00 96.22 76.50 75.20 91.16 91.20 97.75 91.65 77.39 85.88 87.24 27.47 82.97

ALUP | 98.16 9238 68.60 79.56 90.66 90.80 95.79 89.58 79.80 86.90 88.20 36.56 83.08

DAL 92.18 82.99 55.42 54.96 72.89 78.09 91.02 77.26 63.01 83.00 81.35 23.05 71.27

GeolD 100.00 95.92 70.06 71.60 90.66 89.99 97.65 88.83 79.01 87.12 90.47 30.36 82.64

K-ACC SDC 82.66 84.51 56.92 70.59 67.21 83.41 70.33 75.51 77.16 77.11 69.19 51.54 72.18

0.5 DPN 96.22 93.67 62.08 88.08 87.74 90.68 93.67 86.67 89.04 87.71 89.85 36.97 83.53

TAN 100.00 95.73 63.11 84.68 87.75 89.10 95.15 87.07 90.30 89.85 91.61 36.48 84.24

LOOP 98.46 95.24 73.28 74.31 92.58 90.01 97.32 90.13 87.41 86.72 89.50 30.48 83.79

ALUP | 99.92 94.95 70.58 80.72 9225 92.20 97.87 88.85 89.72 87.90 89.21 34.67 84.90

DAL 93.84 89.22 66.68 49.70 78.92 78.45 92.70 79.13 70.44 87.42 82.04 22.34 74.24

GeolD 100.00 86.81 64.88 70.75 91.35 91.05 95.24 89.51 86.21 91.06 90.98 30.73 82.38

SDC 94.54 93.11 68.52 82.22 81.42 88.64 82.93 84.86 83.06 85.27 80.01 60.81 82.12

0.75 DPN 97.60 93.82 68.74 90.23 91.47 90.28 95.01 88.66 94.31 88.54 91.84 43.26 86.15

TAN 100.00 94.70 68.55 87.24 91.49 89.64 96.07 88.41 92.89 89.28 92.86 40.12 85.94

LOOP | 97.87 94.63 70.05 70.99 92.91 91.88 96.94 90.14 8751 89.37 88.57 33.96 8374

ALUP 99.04 95.28 72.22 75.51 93.40 92.08 97.21 90.31 91.34 90.65 90.76 32.99 85.07
Table S18: K-ACC performance of GCD on the BOLT benchmark under different KCRs (LAR = 1.0)

Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.

DAL 63.87 35.52 19.23 29.98 46.34 48.19 67.60 46.34 42.33 43.79 74.83 13.52 44.29

GeoID 78.30 72.81 40.25 33.86 47.59 73.94 71.55 59.59 44.88 34.40 68.87 20.65 53.89

SDC 67.34 56.45 32.25 3743 37.77 62.42 58.03 57.55 48.64 35.53 59.23 24.96 48.13

0.25 DPN 75.32 46.53 17.27 29.88 23.57 8.52 41.72 33.13 44.67 26.89 67.57 16.19 35.94

TAN 83.56 54.85 20.14 31.82 28.47 13.83 47.05 37.72 51.31 29.00 66.79 22.52 40.59

LOOP | 8629  65.64 55.75 36.94 63.72 75.61 82.88 69.47 63.64 40.77 70.26 19.16 60.84

ALUP | 79.63  174.68 51.00 34.91 60.09 72.66 79.17 64.35 63.41 42.80 7235 20.01 59.59

DAL 89.38 4091 25.44 36.50 50.81 62.51 72.30 52.68 51.80 50.08 75.36 9.06 51.40

GeolD 92.35 67.51 51.50 3991 55.13 73.87 72.71 63.67 51.13 39.29 70.25 9.46 57.23

N-ACC SDC 9125  80.49 56.01 56.48 57.80 75.50 70.67 67.92 69.08 55.64 68.00 15.38 63.69

0.5 DPN 81.74 33.21 18.42 24.08 33.22 13.69 54.72 29.79 46.85 21.77 68.46 12.34 36.52

TAN 97.73 58.74 31.37 45.58 37.13 27.00 54.40 36.58 56.35 31.85 72.39 17.10 47.18

LOOP 85.07 68.37 54.01 38.64 64.98 78.99 82.25 73.10 62.54 42.86 74.12 12.42 61.45

ALUP | 9762  73.16 42.10 41.11 5224 64.49 81.33 55.05 63.89 54.76 70.54 6.76 58.59

DAL 86.18 49.69 20.61 42.34 51.78 59.32 72.17 59.64 49.21 53.11 74.11 16.65 52.90

GeolD 97.36 67.08 55.25 49.61 58.42 79.24 75.61 58.25 56.12 22.35 61.50 3.85 57.05

SDC 97.87 86.28 60.78 72.30 69.79 83.30 72.77 81.17 77.28 60.90 76.29 18.15 71.41

0.75 DPN 93.14 36.54 26.33 30.16 35.83 28.74 57.90 37.10 45.46 25.56 68.01 17.30 41.84

TAN 99.73 70.14 42.50 70.22 38.96 31.89 55.93 34.83 59.29 25.56 70.55 18.20 51.48

LOOP 82.55 66.49 53.25 53.54 66.27 77.14 83.96 69.80 62.91 62.01 72.66 20.69 64.27

ALUP 98.57 45.70 48.85 52.37 66.45 68.29 72.98 70.62 65.82 27.06 69.03 3.85 57.47

Table S19: N-ACC performance of GCD on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.

DAL 70.21 37.92 19.37 30.88 48.09 48.21 71.89 47.72 46.98 50.43 76.32 17.99 47.17

GeolD 89.64 69.22 45.56 36.89 63.32 75.75 76.78 61.78 50.98 40.80 73.42 19.94 58.67

SDC 69.80 62.22 41.87 46.80 41.85 72.90 58.74 60.09 59.67 41.04 63.36 26.64 53.75

0.25 DPN 75.27 43.02 19.35 28.00 24.63 4.92 42.78 24.08 45.52 23.58 66.60 25.96 35.31

TAN 86.13 57.64 24.99 33.09 35.03 19.82 53.39 29.27 55.69 29.66 73.98 23.47 43.51

LOOP | 8777  67.01 5295 38.15 65.86 71.51 83.71 70.64 61.28 59.28 74.73 19.98 63.24

ALUP | 9625 7142 5321 37.65 65.31 77.01 81.24 68.94 66.97 59.20 71.79 20.25 64.60

DAL 92.73 46.22 29.74 38.83 53.55 60.42 73.73 59.42 53.18 56.36 77.16 10.18 54.29

GeolD 95.79 69.83 52.10 42.67 56.60 74.92 71.91 64.22 54.61 43.45 69.07 4.05 58.27

N-ACC SDC 88.55 83.26 60.66 61.26 60.51 84.51 67.93 73.78 76.99 66.86 71.45 15.75 67.63

0.5 DPN 84.93 44.20 23.58 30.20 28.00 12.22 4483 2791 51.64 18.70 70.38 13.14 37.48

TAN 94.67 60.88 28.56 33.72 37.26 32.29 53.80 33.13 51.46 29.56 73.35 15.10 45.31

LOOP 83.12 57.30 55.26 42.69 66.11 77.10 85.57 72.55 65.42 64.25 75.78 14.58 63.31

ALUP | 9676  68.87 52.13 46.11 65.83 80.14 81.68 71.68 67.06 61.93 76.83 13.45 6521

DAL 94.74 52.14 37.85 45.39 52.89 59.27 74.74 62.07 61.09 56.43 77.19 17.99 57.65

GeolD 98.60 49.63 23.50 52.63 57.37 68.56 72.46 59.65 56.96 11.76 65.93 0.00 51.42

SDC 94.53 91.18 70.40 64.57 76.60 88.55 79.33 85.26 85.40 75.53 71.78 17.74 75.57

0.75 DPN 94.40 37.65 31.45 32.85 32.87 25.65 55.51 33.11 44.06 24.48 67.95 16.52 41.37

TAN 95.20 55.93 36.78 42.63 39.08 54.91 55.86 38.80 48.86 36.83 72.82 17.80 49.63

LOOP 92.50 73.20 47.40 55.59 63.48 78.82 82.74 72.97 62.78 64.43 75.58 18.03 65.63

ALUP 94.42 79.15 53.05 51.55 67.76 81.16 85.16 70.31 64.74 52.83 77.23 19.91 66.44
Table S20: N-ACC performance of GCD on the BOLT benchmark under different KCRs (LAR = 0.5)

Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.

DAL 64.23 34.86 18.85 33.60 49.62 52.47 70.66 50.61 52.24 48.31 77.08 16.86 47.45

GeolD 83.44 69.71 47.56 38.16 55.43 75.75 75.42 68.15 59.02 36.00 69.38 21.34 58.28

SDC 67.75 72.13 48.14 44.55 4291 76.40 61.03 60.64 67.87 48.13 61.53 25.20 56.36

0.25 DPN 72.77 36.97 16.81 27.15 23.27 4.48 42.63 20.02 44.67 24.29 67.69 20.60 3345

TAN 89.41 56.95 28.53 31.36 32.38 15.83 50.82 29.61 50.47 27.84 73.03 22.12 42.36

LOOP | 83.89 62.37 5245 38.57 64.83 79.16 84.23 70.55 62.28 65.46 74.67 19.42 63.16

ALUP | 9845 70.39 53.84 3837 67.54 79.56 83.56 70.18 69.48 60.78 78.54 18.06 65.73

DAL 88.41 38.98 26.64 41.26 54.78 65.10 72.41 60.16 52.50 50.92 78.04 9.89 53.26

GeolD 99.11 64.27 45.00 44.28 56.03 80.77 74.84 71.17 54.89 41.67 67.30 541 58.73

N-ACC SDC 90.04 86.75 62.14 67.88 64.04 86.57 67.95 77.71 79.75 63.22 68.04 16.07 69.18

0.5 DPN 84.60 43.13 31.62 29.07 24.90 11.51 51.00 29.72 54.13 2545 68.68 16.48 39.19

TAN 96.42 55.69 32.48 32.13 39.63 33.10 55.09 33.52 53.79 30.28 74.56 16.26 46.08

LOOP | 87.93 70.42 50.88 45.69 68.53 83.04 82.88 75.16 62.37 59.84 75.63 13.50 64.66

ALUP | 99.79 70.12 51.58 41.92 69.41 76.63 84.68 7371 62.72 65.12 7771 16.66 65.84

DAL 82.91 44.67 34.35 49.24 51.39 56.18 70.14 58.31 57.63 53.16 75.88 21.20 54.59

GeolD 100.00 72.78 50.50 51.09 64.34 77.18 82.98 68.07 54.43 30.59 65.04 0.00 59.75

SDC 95.05 89.62 71.75 57.57 79.42 89.32 80.32 88.98 86.41 79.54 71.70 16.24 75.99

0.75 DPN 89.76 32.76 31.15 25.97 3232 22.68 54.35 31.11 46.06 30.01 70.87 21.46 40.71

TAN 95.24 49.69 34.44 38.74 39.46 53.11 54.18 37.69 50.01 32.17 72.29 18.90 47.99

LOOP 95.54 68.82 41.75 53.76 64.95 78.63 84.98 73.85 63.56 63.90 74.74 20.72 65.43

ALUP | 99.78 66.61 43.20 4779 69.18 78.71 84.70 73.05 66.64 59.38 76.89 21.54 65.62
Table S21: N-ACC performance of GCD on the BOLT benchmark under different KCRs (LAR = 1.0)

Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic Avg.

DAL 73.44 48.88 27.74 33.33 52.37 55.88 74.76 52.38 50.00 49.19 77.09 14.83 50.82

GeolD | 87.83 74.47 51.04 42.04 57.25 73.29 80.20 64.46 4833 43.86 74.63 18.00 59.62

SDC 68.73 64.10 33.36 40.66 38.87 66.59 63.38 59.21 55.95 36.77 63.90 27.38 51.57

025 DPN 83.25 60.57 25.55 40.71 35.27 15.09 55.66 44.19 55.47 37.12 74.12 18.07 45.42

TAN 87.76 66.33 30.40 45.12 40.18 2332 60.87 47.99 58.41 40.13 73.40 18.04 4933

LOOP | 90.16 7645 57.24 40.51 70.22 79.04 87.86 73.91 66.85 45.94 73.76 18.61 65.05

ALUP | 88.66  83.75 59.96 43.55 66.25 7722 83.62 69.56 68.62 55.83 77.36 18.45 66.07

DAL 91.34 55.27 33.46 40.47 57.01 70.57 78.38 59.73 51.47 57.19 77.33 10.74 56.91

GeolD 95.03 77.52 53.10 44.20 64.29 77.38 82.52 70.78 58.80 43.88 77.10 13.98 63.22

H-Score SDC 88.06  79.93 52.72 54.84 53.15 76.34 67.85 68.65 67.25 57.69 66.57 15.38 62.37

0.5 DPN 87.90 47.29 25.48 36.65 46.03 23.31 66.31 4222 58.02 33.73 75.18 16.31 46.54

TAN 98.50 72.11 40.22 57.12 50.40 40.44 67.55 48.98 65.80 44.92 79.21 20.69 57.16

LOOP 89.98 78.80 58.49 42.82 71.75 82.80 87.66 76.72 64.25 45.96 77.06 13.85 65.84

ALUP 93.21 80.81 53.19 48.00 63.60 72.75 87.00 64.62 67.27 64.73 75.90 11.00 65.17

DAL 89.83 61.91 30.58 42.72 58.12 66.47 78.91 64.76 53.72 60.71 76.75 14.04 58.21

GeolD 97.10 78.30 59.42 50.95 67.80 80.15 82.50 67.24 61.21 31.56 71.21 6.57 62.83

SDC 94.56 85.87 59.75 67.49 68.75 83.25 70.72 78.73 76.42 61.85 74.72 23.37 70.46

0.75 DPN 95.99 48.05 3232 43.05 48.57 40.25 70.44 49.57 57.94 36.95 75.04 22.61 51.73

TAN 99.84 76.77 50.50 72.74 52.35 45.60 69.04 47.81 68.28 38.22 7199 22.58 60.14

LOOP 88.59 76.90 57.35 48.11 73.67 81.80 88.45 74.54 64.26 63.49 76.77 17.75 67.64

ALUP 96.53 61.47 56.88 56.55 72.72 75.73 81.24 75.99 69.25 40.95 76.10 6.73 64.18

Table S22: H-Score performance of GCD on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic Avg.
DAL 77.93 51.19 27.99 37.08 55.47 58.15 78.42 56.29 52.28 57.05 71.76 16.00 53.80
GeolD 94.54 80.38 48.35 46.27 71.00 80.77 81.93 73.46 58.15 54.65 79.70 19.62 65.73
SDC 57.75 66.29 41.37 45.12 38.44 72.39 58.36 57.28 61.09 43.15 63.74 22.50 52.29
0.25 DPN 81.14 57.54 29.08 40.52 37.39 9.31 56.28 36.32 59.31 34.15 74.91 25.62 45.13
TAN 90.62 70.71 35.40 46.30 49.50 31.73 67.37 43.11 66.61 43.30 80.35 20.12 53.76
LOOP | 8970  78.86 60.75 46.80 75.23 83.05 89.66 78.66 68.77 69.22 80.27 2111 70.17
ALUP | 9693  79.29 61.65 49.48 74.41 82.62 87.52 76.97 69.37 69.64 81.06 21.87 70.90
DAL 95.57 59.24 39.73 43.85 62.42 69.06 80.53 67.03 58.46 65.80 79.30 12.36 61.11
GeolD 94.02 79.54 61.39 50.81 68.47 81.64 81.67 75.15 64.09 57.98 78.56 7.09 66.70
H-Score SDC 84.02 80.40 53.89 58.44 55.46 82.29 61.93 71.43 72.75 68.80 68.19 16.81 64.53
0.5 DPN 89.53 58.95 3297 44.07 41.76 20.96 60.32 41.70 64.37 30.22 78.48 17.45 48.40
TAN 95.95 73.41 38.66 48.36 51.78 46.17 68.54 47.46 65.60 43.73 80.98 18.17 56.57
LOOP | 90.04  70.19 60.55 4826 75.92 82.96 90.76 79.29 70.36 73.22 81.67 16.43 69.97
ALUP 97.09 79.34 59.88 55.52 76.02 85.19 88.13 79.47 74.12 72.40 82.04 16.83 72.17
DAL 95.90 63.78 45.75 4445 62.20 67.77 82.37 68.73 65.20 65.95 80.03 15.40 63.13
GeolD 98.83 65.28 34.95 54.26 69.89 77.44 81.90 71.39 65.88 20.76 76.24 0.00 59.74
SDC 93.95 88.97 67.35 62.73 74.35 87.56 75.40 83.07 82.12 74.76 75.17 21.43 73.90
0.75 DPN 96.75 51.95 41.80 46.69 47.51 39.71 69.67 47.54 58.59 37.26 717.56 21.14 53.01
TAN 97.05 68.20 47.01 55.87 54.12 67.11 70.19 53.32 62.71 50.44 81.05 2147 60.71
LOOP | 9419 8230 55.70 56.03 74.59 83.55 89.15 79.61 70.26 72.33 81.14 19.21 7151
ALUP 96.76 85.60 59.92 59.62 7743 85.86 90.16 78.04 74.37 64.27 82.96 21.35 73.03
Table S23: H-Score performance of GCD on the BOLT benchmark under different KCRs (LAR = 0.5)
Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic Avg.
DAL 73.50 47.42 28.30 39.08 58.38 55.02 76.80 59.74 56.63 54.27 78.29 16.00 53.62
GeolD 90.97 80.48 59.93 49.51 65.31 80.40 83.84 76.63 65.82 50.83 79.21 22.14 67.09
SDC 67.02 75.44 43.54 44.47 39.49 74.66 61.49 60.04 67.19 51.54 61.42 22.22 55.71
0.25 DPN 82.49 51.92 25.11 38.59 35.84 8.52 56.40 31.66 58.09 37.02 76.11 23.70 43.79
TAN 93.50 70.45 39.10 45.20 47.49 26.83 66.16 43.67 63.59 42.34 79.74 18.74 53.07
LOOP | 90.33 75.59 61.83 48.67 75.73 84.58 90.48 79.71 68.39 73.98 80.37 19.60 70.77
ALUP | 98.30 79.56 59.92 51.56 71.31 84.78 89.21 78.59 74.18 7111 83.04 23.38 72.58
DAL 90.18 52.89 35.68 45.40 62.42 70.91 80.64 67.51 57.02 61.83 79.61 12.22 59.69
GeolD 99.55 717.36 56.08 53.91 69.25 85.09 84.75 78.99 65.94 56.37 71.76 9.18 67.85
H-Score SDC 85.44 85.06 56.09 65.24 61.20 84.84 64.35 75.46 76.89 64.75 64.52 17.38 66.77
0.5 DPN 89.70 56.60 41.57 43.30 38.67 19.59 65.78 43.59 67.08 38.94 77.82 20.76 50.28
TAN 98.10 70.01 41.76 45.92 54.56 46.79 69.45 48.15 67.30 45.12 82.17 20.30 57.47
LOOP | 9230 80.78 59.90 53.55 78.74 86.26 89.48 81.94 72.74 69.86 81.95 17.04 72.05
ALUP 99.85 80.55 59.11 53.97 79.20 83.47 90.79 80.54 73.75 74.45 83.02 21.43 73.34
DAL 87.57 59.12 44.69 48.04 61.71 64.90 79.72 66.91 63.09 64.90 78.63 19.21 61.54
GeolD 100.00 81.83 56.79 57.93 75.59 83.42 88.69 78.23 66.15 45.79 75.86 0.00 67.52
SDC 94.50 90.73 69.79 53.18 77.94 88.94 77.96 86.58 83.95 79.51 75.46 23.57 75.18
0.75 DPN 93.22 43.99 40.78 39.88 47.55 33.90 69.07 45.78 60.85 44.31 79.86 25.21 52.03
TAN 97.23 64.25 44.99 52.26 54.84 66.32 69.09 52.52 64.27 46.89 81.22 22.40 59.69
LOOP 96.68 78.35 51.30 59.46 76.30 84.40 90.54 81.00 73.47 73.10 80.96 22.72 72.36
ALUP | 99.40 78.08 53.07 56.98 79.41 84.72 90.51 80.63 76.93 69.88 83.16 2228 72.92
Table S24: H-Score performance of GCD on the BOLT benchmark under different KCRs (LAR = 1.0)
Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic ‘ Avg.
DAL 63.10 33.83 8.76 18.46 37.74 38.46 62.57 36.89 36.36 33.77 73.93 3.52 37.28
GeolD 77.00 60.78 26.76 27.40 41.24 51.27 69.57 50.80 38.46 26.88 68.56 7.00 45.48
SDC 58.80 44.50 12.32 36.35 29.07 41.49 48.76 45.28 41.73 17.17 51.16 17.47 37.01
0.25 DPN 76.82 44.23 8.82 29.83 23.84 12.74 39.76 26.63 40.70 19.43 64.50 3.46 32.56
TAN 83.39 51.48 11.35 61.21 27.45 16.54 46.06 29.46 4593 22.05 66.10 15.77 39.73
LOOP | 8691  61.33 34.04 23.63 56.95 63.15 79.66 61.23 5148 26.55 68.08 7.09 51.68
ALUP | 8220  70.67 32.99 26.99 53.30 58.86 75.39 55.79 57.22 34.32 72.66 7.74 5234
DAL 90.60 48.89 18.64 24.53 47.12 56.41 71.46 48.38 41.76 47.40 76.10 4.20 47.96
GeolD 92.38 69.13 33.61 32.05 55.16 60.82 77.10 59.72 45.65 25.20 74.93 9.47 52.94
ARI SDC 84.26 65.86 30.18 48.42 45.30 59.37 59.85 55.90 59.41 43.76 60.47 18.80 52.63
0.5 DPN 87.81 47.52 18.04 39.65 42.07 26.88 60.90 36.27 55.98 3145 70.93 12.80 44.19
TAN 98.23 64.96 23.52 70.14 44.06 37.46 62.34 37.14 58.93 35.64 78.45 15.64 52.21
LOOP 90.90 68.82 36.49 2591 62.21 70.10 82.91 66.85 49.92 27.65 74.20 6.75 55.23
ALUP | 9371  74.79 3435 39.24 55.20 57.84 81.28 55.32 54.16 49.07 76.67 7.82 56.62
DAL 93.69 65.48 32.66 31.81 52.71 59.26 77.05 56.31 47.37 58.65 77.39 6.81 54.93
GeolD 97.26 72.94 39.00 39.49 65.55 64.44 82.10 61.77 54.20 29.75 78.48 10.68 57.97
SDC 92.05 74.56 37.89 65.28 59.96 69.02 70.46 66.31 69.40 55.72 71.48 29.52 63.47
0.75 DPN 98.34 65.05 33.04 60.66 54.47 43.04 74.85 51.59 69.62 46.30 76.69 18.29 57.66
TAN 99.82 72.39 35.58 72.22 58.45 54.31 74.36 51.39 69.34 47.96 81.52 20.67 61.50
LOOP | 9576  74.76 40.15 31.58 69.42 74.25 86.93 68.53 50.79 53.06 76.65 8.51 60.87
ALUP 94.39 71.03 40.92 48.14 67.00 67.09 80.88 69.33 58.99 56.40 80.03 10.92 62.09

Table S25: ARI performance of GCD on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR  Method ‘ 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic ‘ Avg.
DAL 70.64 34.50 9.06 20.73 41.24 41.04 67.23 39.55 38.78 41.09 75.18 4.80 40.32

GeolD 88.77 64.78 26.86 25.75 57.09 62.76 73.54 57.23 48.63 34.52 73.84 7.96 51.81

SDC 54.78 45.82 18.10 36.89 31.42 52.56 46.77 45.83 47.35 26.66 53.32 18.37 39.82

0.25 DPN 77.10 4221 11.13 30.98 27.31 12.78 40.65 19.70 41.98 19.78 62.97 9.03 32.97
TAN 87.04 55.20 15.05 30.15 36.21 2243 52.48 27.95 50.08 25.71 72.75 17.87 41.08

LOOP 87.88 62.72 35.05 25.81 61.56 69.68 81.65 65.41 49.54 49.93 74.58 7.86 55.97

ALUP | 9632  66.15 33.66 3225 59.72 65.20 78.53 6235 59.54 49.02 71.73 8.20 57.39

DAL 95.32 50.05 23.39 29.66 53.23 57.09 74.66 56.42 44.86 59.81 78.42 5.50 52.37

GeolD 92.40 71.10 39.23 37.77 60.97 70.53 77.63 65.73 55.30 49.26 78.88 11.24 59.17

ARI SDC 82.49 67.35 33.51 54.02 51.74 67.51 58.38 60.08 65.09 53.84 61.72 18.84 56.21
0.5 DPN 90.58 55.96 22.14 45.85 44.39 37.78 59.37 39.95 60.92 38.27 74.14 13.02 48.53
TAN 95.77 66.85 26.00 48.07 51.44 44.57 66.22 44.88 61.09 40.74 717.52 15.70 53.24

LOOP 90.87 63.74 37.53 3241 68.80 73.78 86.26 71.99 59.87 62.22 78.80 8.57 61.24

ALUP | 9726 7163 37.04 46.10 68.23 7258 83.88 69.68 63.88 61.46 80.66 8.72 63.43

DAL 96.72 66.86 33.44 32.74 61.30 63.17 82.46 63.59 53.27 67.52 80.83 7.42 59.11

GeolD 99.14 75.14 39.41 39.49 72.90 73.96 85.44 70.19 65.40 57.53 83.62 12.30 64.54

SDC 94.00 78.53 42.68 75.53 68.77 75.62 74.56 72.29 74.46 65.93 73.51 31.45 68.94

0.75 DPN 98.86 67.41 37.62 69.90 65.32 59.84 78.32 60.46 72.26 56.64 80.28 24.39 64.28
TAN 98.43 73.18 38.66 65.18 66.71 66.11 79.64 62.65 70.72 59.60 83.21 22.34 65.54

LOOP 95.14 78.56 4247 42.79 76.48 77.61 89.76 76.33 65.99 70.22 81.93 10.30 67.30

ALUP 98.52 80.70 43.73 64.98 77.12 77.82 89.82 75.26 74.68 68.35 83.65 12.69 70.61

Table S26: ARI performance of GCD on the BOLT benchmark under different KCRs (LAR = 0.5)

Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic Avg.
DAL 65.78 28.97 9.78 21.78 42.86 40.18 65.67 43.78 42.08 38.45 75.80 5.82 40.08

GeolD 85.53 64.28 31.55 30.11 50.77 63.73 72.75 62.13 51.10 32.51 73.56 8.98 52.25

SDC 58.37 59.58 21.13 37.23 31.91 55.58 49.22 46.77 56.53 33.85 49.51 17.16 43.07

0.25 DPN 76.21 39.03 9.70 26.80 27.59 13.25 41.19 19.58 42.50 20.70 64.23 6.88 32.30
TAN 89.88 54.99 17.20 31.70 35.80 20.92 51.17 28.70 46.23 26.44 71.57 17.68 41.02

LOOP 86.41 58.44 34.56 26.46 62.10 71.96 82.48 66.44 52.06 55.23 74.11 8.58 56.57

ALUP | 98.27 63.56 3271 32.89 62.14 68.20 80.97 64.17 64.00 50.90 78.78 9.56 58.85

DAL 90.81 46.04 20.92 29.84 53.90 56.65 74.99 56.63 44.64 55.87 78.04 5.58 51.16

GeolD 99.08 70.63 35.66 44.84 64.39 72.97 80.15 70.50 55.23 48.84 78.89 12.02 61.10

ARI SDC 84.70 74.14 35.55 58.56 56.30 71.50 60.96 64.90 69.52 51.73 60.20 20.03 59.01
0.5 DPN 90.57 56.41 24.86 46.58 4435 37.42 64.50 42.45 63.74 41.37 72.69 15.41 50.03
TAN 98.26 62.06 26.87 38.72 53.15 45.84 67.49 46.33 60.00 4481 79.38 14.99 53.16

LOOP | 9332 71.31 38.93 39.95 71.40 76.61 85.76 74.10 66.31 6227 79.47 9.34 64.06

ALUP | 99.70 69.47 36.13 48.42 71.66 72.88 86.79 71.98 68.69 62.29 81.26 13.15 65.20

DAL 90.72 64.86 38.10 39.31 62.10 59.88 82.22 63.90 53.05 69.63 79.74 9.73 59.44

GeolD 100.00 75.92 41.95 56.27 76.65 78.16 88.60 75.60 68.54 61.79 84.54 17.19 68.77

SDC 94.55 84.66 45.09 81.30 73.28 78.05 76.32 76.48 77.55 70.48 74.83 31.06 71.97

0.75 DPN 95.66 69.71 39.71 69.60 67.77 60.24 79.30 61.33 73.33 60.68 82.68 27.67 65.64
TAN 98.99 72.16 40.01 69.86 68.89 67.08 79.96 64.00 72.50 61.36 84.16 21.05 66.67

LOOP 97.42 77.28 42.50 54.53 78.88 79.44 90.95 78.55 75.23 72.06 82.46 15.89 70.43

ALUP | 99.25 78.31 43.08 6135 79.64 78.92 90.76 77.92 77.32 70.65 84.92 15.03 71.43

Table S27: ARI performance of GCD on the BOLT benchmark under different KCRs (LAR = 1.0)

Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic Avg.
DAL 80.41 49.71 14.10 56.76 70.47 51.67 88.24 71.80 67.14 58.07 92.33 26.64 60.61

GeolD 85.74 72.83 34.46 63.61 72.13 68.22 91.24 78.25 67.77 51.59 90.75 33.54 67.51

SDC 79.04 63.37 27.16 60.78 67.44 61.87 84.86 76.85 68.51 42.40 86.88 36.12 62.94

025 DPN 90.22 61.47 15.62 59.58 61.79 27.63 79.68 64.10 65.82 43.42 91.02 24.00 57.03
TAN 91.14 65.69 17.76 69.36 62.79 27.84 81.10 65.26 66.07 46.61 90.78 27.47 59.32

LOOP | 9417  73.53 4232 65.33 81.89 74.77 94.11 83.90 80.19 50.91 90.71 34.62 72.20

ALUP | 90.59 79.30 4174 64.41 79.79 71.73 92.87 81.59 79.60 5773 92.16 35.40 72.24

DAL 96.00 63.23 25.37 63.10 76.23 67.20 91.50 71.55 72.46 69.28 92.97 27.31 68.52

GeolD 95.61 78.27 40.44 69.33 80.24 73.80 93.32 82.98 76.35 49.95 92.56 36.16 7242

NMI SDC 92.78 76.10 38.40 70.16 76.07 69.17 88.98 81.20 77.02 65.74 89.25 34.99 71.66
0.5 DPN 95.78 65.83 27.72 65.56 73.93 48.94 89.20 71.87 73.24 53.90 92.23 28.64 65.57
TAN 99.10 75.64 30.94 77.34 73.79 48.72 88.04 71.48 76.54 58.20 93.54 30.30 68.64

LOOP 96.71 78.09 43.90 67.84 84.40 77.56 95.05 86.11 79.55 51.93 92.33 34.13 73.97

ALUP | 97.40 81.61 4225 71.15 80.83 72.31 94.39 81.63 79.79 67.35 92.96 35.38 74.75

DAL 97.91 75.77 39.46 68.02 79.38 72.44 93.24 81.27 74.38 77.45 93.16 34.21 73.89

GeolD 98.83 80.56 45.16 72.80 85.06 75.72 94.93 83.99 78.72 52.00 93.47 38.94 75.02

SDC 96.76 81.09 43.69 77.09 82.55 74.43 91.89 85.65 80.89 72.89 91.88 41.31 76.68

0.75 DPN 99.23 77.11 39.53 74.74 79.66 66.69 92.88 79.64 79.05 66.66 93.46 35.92 73.71
TAN 99.88 80.82 41.39 80.87 81.14 62.65 92.21 78.61 80.30 66.30 94.20 36.23 74.55

LOOP | 9854 8139 45.68 72.30 87.10 79.20 96.18 86.98 80.14 7142 93.13 37.86 77.49

ALUP | 97.93 80.04 46.21 76.90 86.23 76.16 94.88 86.79 82.53 74.90 94,08 37.97 77.89

Table S28: NMI performance of GCD on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic ‘ Avg.
DAL 85.70 50.92 15.31 60.13 72.95 54.91 89.93 72.80 70.57 64.78 92.78 29.92 63.39

GeolD 93.19 76.31 35.53 64.02 80.96 73.90 92.58 81.70 76.34 56.98 92.45 35.91 71.66

SDC 77.36 64.61 32.59 63.63 70.50 67.63 84.97 71.73 72.92 53.42 88.21 36.60 65.85

0.25 DPN 90.49 60.21 17.00 62.78 66.55 27.62 82.56 61.17 68.60 46.71 91.53 28.53 58.65
TAN 94.30 68.20 22.56 63.57 68.80 33.30 84.23 63.97 74.20 50.08 92.47 30.39 62.17

LOOP | 9509 7445 42.99 67.82 84.01 7718 94.69 85.61 80.08 69.08 92.56 36.70 75.02

ALUP | 98.09  77.73 41.88 67.97 83.02 74.61 93.77 84.14 80.98 68.36 93.35 37.13 75.09

DAL 98.25 64.49 30.48 68.89 79.45 67.89 92.56 81.48 76.10 79.05 93.46 31.44 71.96

GeolD 96.85 79.04 44.31 72.29 83.07 77.50 93.70 85.48 79.50 68.75 93.77 38.73 76.08

NMI SDC 92.78 76.86 40.54 75.66 80.19 75.14 88.63 83.63 81.42 71.57 89.74 36.36 74.38
0.5 DPN 96.81 71.28 30.93 70.61 71.59 49.65 88.68 74.26 77.27 61.39 93.42 32.03 68.66
TAN 98.25 76.46 3247 72.23 78.00 54.56 89.76 74.92 78.20 61.67 93.58 32.63 70.23

LOOP | 96.48 75.05 44.41 7237 87.25 79.64 95.93 88.35 83.03 77.00 93.75 3773 77.58

ALUP | 99.02  79.98 43.88 74.12 86.70 77.96 95.39 87.10 83.37 76.83 94.15 37.48 78.00

DAL 98.82 76.68 40.97 70.91 83.53 74.46 94.93 84.62 80.34 82.45 94.19 35.64 76.46

GeolD 99.71 83.52 45.50 76.85 88.49 80.41 96.12 87.38 84.08 74.93 94.89 41.31 79.43

SDC 98.10 83.92 47.75 83.02 87.40 79.65 93.19 88.63 85.97 79.30 92.37 42.22 80.13

0.75 DPN 99.58 78.79 44.36 80.49 84.99 67.77 94.25 83.49 83.64 74.15 94.74 40.25 77.21
TAN 99.38 81.30 43.99 79.10 85.23 72.79 94.18 84.04 83.36 75.15 95.07 38.92 77.71

LOOP 98.41 83.62 47.85 77.24 90.13 81.67 97.02 89.90 85.08 82.30 94.61 38.47 80.52

ALUP 99.18 85.14 48.33 80.56 90.15 81.46 97.08 89.49 86.54 81.02 94.97 39.71 81.14

Table S29: NMI performance of GCD on the BOLT benchmark under different KCRs (LAR = 0.5)

Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic Avg.
DAL 83.99 45.43 16.39 59.96 73.79 54.03 89.52 75.13 72.38 62.58 92.78 32.01 63.17

GeolD 92.33 75.34 39.24 67.61 78.09 72.46 92.07 84.07 77.89 56.17 92.42 35.98 71.97

SDC 80.09 72.31 35.78 64.22 70.82 70.48 85.69 78.58 78.29 58.32 87.38 34.21 68.01

0.25 DPN 90.50 58.02 16.63 61.49 66.78 27.53 82.42 59.97 66.73 46.72 90.83 29.43 58.09
TAN 95.24 67.57 24.33 64.43 68.74 32.31 83.70 64.54 71.17 49.26 92.35 29.96 61.97

LOOP 94.26 72.02 43.13 68.41 84.53 78.48 94.98 86.31 80.31 72.31 92.61 37.54 75.41

ALUP | 98.96 75.84 41.35 68.34 84.18 76.19 94.48 84.91 82.68 69.28 93.63 37.50 75.61

DAL 96.78 60.51 29.84 68.64 80.34 69.87 92.73 81.71 75.90 76.19 93.50 32.08 71.51

GeolD 99.25 79.73 42.40 73.12 84.81 78.58 94.34 87.50 80.95 70.08 93.86 40.09 77.06

NMI SDC 93.96 80.83 43.06 77.66 82.86 77.65 89.32 85.90 84.71 71.67 89.05 37.28 76.16
0.5 DPN 96.67 72.49 35.37 71.35 78.53 51.49 90.53 74.82 78.44 62.78 93.35 33.10 69.91
TAN 99.31 72.49 33.96 70.35 79.02 55.84 90.30 75.63 78.06 64.25 94.12 33.14 70.54

LOOP 97.30 79.67 45.87 74.42 88.13 80.91 95.93 89.31 84.39 78.28 93.96 37.82 78.83

ALUP | 99.76 78.78 43.89 75.56 88.12 78.44 96.17 88.12 83.46 76.96 94.22 40.02 78.62

DAL 96.46 75.64 4398 72.64 84.12 73.56 95.10 84.74 80.53 84.29 94.02 38.01 76.92

GeolD 100.00 83.58 46.99 79.04 90.18 81.40 97.02 89.87 85.49 77.47 95.28 42.86 80.77

SDC 98.20 87.32 50.01 85.96 89.35 81.38 93.68 90.47 88.87 81.95 92.81 43.52 81.96

0.75 DPN 98.69 80.70 45.87 81.72 86.41 68.56 94.89 84.80 84.87 76.47 95.22 41.51 78.31
TAN 99.55 80.59 45.23 81.35 86.47 72.93 94.51 84.66 84.63 75.81 95.34 40.59 78.47

LOOP 99.11 83.17 47.86 80.72 91.10 82.85 97.48 90.99 87.32 83.68 94.65 42.98 81.83

ALUP | 99.72 84.32 48.26 81.22 91.00 8242 97.27 90.65 87.68 82.58 95.39 4292 81.95

Table S30: NMI performance of GCD on the BOLT benchmark under different KCRs (LAR = 1.0)

Metric KCR Method | 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia X-Topic Avg.
DAL 69.62 48.59 25.80 30.60 49.83 53.68 71.70 4991 46.42 47.22 76.20 12.32 48.49

GeolD | 8352  74.77 46.15 38.96 53.57 74.04 76.53 6221 48.37 40.79 7237 17.00 57.36

SDC 69.11 63.65 36.65 47.50 41.76 65.42 62.38 59.54 55.24 36.64 63.42 32.07 52.78

025 DPN 80.03 59.00 26.02 4121 35.56 28.05 52.50 4227 5247 37.71 72.05 15.83 4523
TAN 86.40 65.43 29.69 60.71 39.09 30.96 57.72 45.62 55.62 39.16 71.68 32.02 51.17

LOOP | 88.53 73.22 56.68 37.24 67.33 77.48 85.58 71.92 64.64 44.47 7252 17.19 63.07

ALUP | 84.53 80.64 5535 39.96 6347 75.10 81.56 67.15 66.63 51.96 76.05 18.10 63.38

DAL 91.47 63.04 38.16 38.60 57.96 71.84 78.99 60.82 52.85 60.03 77.88 13.10 58.73

GeolD 94.96 79.14 53.15 41.02 65.97 71.55 84.04 71.22 58.83 44.41 717.67 19.57 63.96

ACC SDC 88.72 80.77 55.12 59.28 57.74 76.79 70.52 69.11 69.28 61.30 70.36 34.16 66.10
0.5 DPN 88.60 61.66 38.23 50.27 54.23 48.16 69.92 52.26 64.14 49.45 76.49 26.87 56.69
TAN 98.56 76.28 45.42 68.89 57.58 53.95 71.75 54.56 68.14 54.06 81.96 29.23 63.37

LOOP 90.98 80.95 59.27 40.45 72.54 83.12 88.07 76.98 64.11 47.06 71.76 16.77 66.51

ALUP 93.95 81.70 57.15 51.18 66.56 73.96 87.42 65.99 66.58 66.77 78.20 18.46 67.33

DAL 93.35 76.47 55.61 41.75 62.99 72.04 83.35 68.38 56.88 69.76 79.26 15.71 64.63

GeolD 97.10 82.41 61.69 50.73 75.26 80.80 86.93 73.64 63.98 45.62 81.19 21.55 68.41

SDC 9322  85.97 62.82 70.16 71.64 83.38 78.23 78.49 77.40 71.23 79.21 45.88 74.80

0.75 DPN 98.41 73.81 55.62 64.99 66.73 68.41 81.91 66.19 74.95 63.98 81.24 32.84 69.09
TAN 99.90 80.67 59.30 74.91 69.94 70.08 81.66 65.42 75.10 65.33 85.22 31.41 71.58

LOOP 95.67 84.95 62.51 45.10 78.97 85.16 91.14 77.91 64.71 68.78 79.95 19.55 71.20

ALUP 95.70 80.00 65.15 57.76 76.88 80.82 86.89 79.46 72.30 69.49 82.97 23.08 72.54

Table S31: ACC performance of GCD on the BOLT benchmark under different KCRs (LAR =0.1)
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Metric KCR  Method ‘ 20NG THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic Avg.
DAL 74.67 50.22 25.98 32.06 52.50 54.71 75.54 53.13 50.27 54.73 77.39 14.23 51.29

GeolD 92.13 76.89 46.75 39.23 67.63 78.46 80.40 68.90 58.78 51.06 77.62 18.88 63.06

SDC 66.23 65.22 43.88 50.07 42.63 7291 59.54 59.54 61.85 46.09 65.43 35.26 55.72

0.25 DPN 78.64 56.69 28.64 44.59 38.08 26.45 53.44 38.18 56.05 37.97 72.42 22.06 46.10
TAN 88.63 67.75 34.07 43.25 47.31 36.38 63.07 42.77 62.15 42.96 77.78 34.44 53.38

LOOP | 89.07 7544 5691 40.79 7127 8054 8696 75.23 64.55 65.46 7828 18.42 6691

ALUP | 96.66 7658 57.45 4437 70.57 80.05 8474 73.63 68.76 65.89 80.11 19.34 68.18

DAL 95.76 64.98 44.87 42.00 64.10 70.94 81.24 68.21 58.83 69.51 79.97 15.03 62.95

GeolD | 9415  81.68 6340 4939 7143 8217 83.20 76.65 66.29 64.95 8233 242 69.84

ACC SDC | 8506 8131 56.75 65.18 61.24 8243 66.86 7300 7594 70.82 7131 35.62 68.79
0.5 DPN 90.11 67.26 41.38 58.69 55.58 50.87 69.03 55.62 69.80 53.04 80.07 26.68 59.84
TAN 96.07 78.03 47.21 58.86 61.39 59.93 74.37 58.89 71.47 57.16 82.13 27.92 64.45

LOOP 91.03 75.94 61.46 46.69 71.52 83.66 91.11 80.26 71.65 75.27 82.50 19.97 71.42

ALUP | 97.11 81.64 62.21 55.71 77.82 85.58 88.80 80.46 75.58 75.57 83.32 19.73 73.63

DAL 96.52 76.96 56.67 43.14 71.04 75.20 87.64 74.13 67.57 71.57 82.51 17.62 68.88

GeolD 98.95 82.19 59.20 54.08 81.49 83.86 88.67 80.81 75.63 68.58 86.50 23.80 73.65

SDC 94.13 88.15 66.27 80.16 78.18 87.15 80.77 82.97 83.07 80.54 80.71 48.42 79.21

0.75 DPN 98.74 75.72 60.26 75.92 74.84 72.79 84.16 72.75 78.93 70.33 85.57 36.73 73.90
TAN 98.57 82.38 61.69 71.86 76.70 79.49 85.14 74.81 78.76 73.84 87.28 33.77 75.36

LOOP 95.14 88.35 64.71 55.59 84.38 86.91 93.15 84.38 74.95 82.24 85.21 22.60 76.47

ALUP 98.72 89.34 66.66 66.65 85.32 88.71 93.16 83.93 81.04 80.26 86.90 25.53 78.85

Table S32: ACC performance of GCD on the BOLT benchmark under different KCRs (LAR = 0.5)

Metric KCR  Method ‘ 20NG  THUCNews Yahoo TREC BANK S.0. CLINC HWU ECDT MCID DBPedia  X-Topic ‘ Avg.
DAL 69.80 46.59 26.59 34.49 54.92 54.62 74.08 56.36 54.28 52.06 78.03 14.51 51.36

GeolD 87.42 77.16 54.25 42.53 61.36 78.23 80.22 73.08 63.25 48.34 77.25 21.49 63.72

SDC 67.95 74.29 48.17 49.88 42.96 75.86 61.93 61.10 69.28 52.38 63.30 34.70 58.48

025 DPN | 7843 5381 2636 4155 38.19 26.68 5339 3556 56.07 38.43 73.12 19.98 45.13
TAN | 9160  67.79 3670 4442 4644 34.02 6210 4342 5939 4320 7746 33.59 5334

LOOP | 8742 7201 5726 4151 7133 82.17 87.66 7591 65.75 7051 78.15 2081 67.54

ALUP 98.39 76.64 56.79 46.37 73.25 82.37 86.66 75.04 72.53 67.25 81.32 22.48 69.92

DAL | 9033 6092 4103 4330 6372 7159 81.71 68.64 5774 66.99 80.10 15.00 6176

GeolD 99.53 80.71 59.70 55.02 73.12 85.38 86.27 79.98 67.20 64.05 82.51 24.01 71.46

ACC SDC 86.48 85.61 59.53 68.45 65.60 84.99 69.14 76.61 79.27 69.97 69.84 37.46 71.08
0.5 DPN 90.35 68.35 46.85 58.74 5591 51.09 72.34 58.04 72.12 56.62 79.61 28.36 61.53
TAN 98.24 75.64 47.79 52.95 63.37 61.10 75.12 60.21 71.91 60.12 83.67 28.20 64.86

LOOP | 93.38 82.80 62.08 53.55 80.40 86.52 90.10 82.68 74.93 73.29 82.90 20.40 73.59

ALUP | 99.85 82.52 61.08 57.47 80.68 84.41 91.27 81.30 76.36 76.56 83.90 24.84 75.02

DAL 91.16 76.46 60.21 46.53 72.13 72.89 86.99 74.03 66.16 78.77 81.04 19.67 68.84

GeolD 100.00 84.10 62.00 62.53 84.73 87.83 92.13 84.65 76.18 75.53 87.22 28.72 77.14

SDC 94.74 92.10 69.17 83.84 80.93 88.81 82.27 85.76 84.66 83.75 81.23 48.86 81.34

0.75 DPN 95.71 76.35 61.22 76.74 76.88 73.38 84.71 74.53 80.34 73.84 87.04 40.17 75.08
TAN 98.92 81.80 61.73 75.10 78.65 80.51 85.46 75.72 80.94 74.93 88.17 31.94 76.16

LOOP 97.27 87.21 64.39 63.76 86.01 88.56 93.91 86.24 80.76 82.90 85.45 28.01 78.71

ALUP 99.22 87.08 66.42 66.94 87.42 88.73 94.04 86.11 83.88 82.78 87.70 26.53 79.74

Table S33: ACC performance of GCD on the BOLT benchmark under different KCRs (LAR = 1.0)
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