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Abstract

Generalized Category Discovery (GCD) aims
to identify both known and novel categories
from partially labeled data, reflecting more re-
alistic open-world learning scenarios. How-
ever, most existing methods rely solely on
one-hot discriminative supervision, leading to
overfitting on seen classes and poor general-
ization to unseen ones. Recent advances in-
troduce large language models (LLMs) to in-
corporate external semantics, yet they often
suffer from semantic—label misalignment and
weak semantic integration during training. We
propose GenDis, a Generative—Discriminative
Dual-View Co-Training framework that uni-
fies discriminative classification and semantic
label generation within an LLM. Discrimina-
tive pseudo-labels guide the formation of a
separable generative latent space, enabling se-
mantically meaningful supervision for novel
classes. To ensure consistency between the two
views, we employ Canonical Correlation Anal-
ysis (CCA)-based alignment and a curriculum-
guided, dispersion-aware pseudo-labeling strat-
egy for iterative refinement. Extensive ex-
periments on five GCD benchmarks demon-
strate that GenDis substantially outperforms
prior methods, validating the effectiveness of
dual-view co-training with semantically en-
riched supervision. Code is available at https:
//github.com/cx9941/GenDis.

1 Introduction

Although modern machine learning methods have
achieved impressive performance on numerous
tasks, they often rely on large-scale annotated
datasets and operate under a closed-world assump-
tion (Wang et al., 2024), that the data to be classi-
fied shares the same set of categories as the labeled
training data, limiting their applicability to real-
world scenarios. To address this, GCD (Vaze et al.,
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Figure 1: Ilustration of our dual-view design.

2022) was proposed, aiming to train models on
partially labeled data to classify unlabeled samples
that may originate from previously unseen cate-
gories. Reflecting the dynamic and continuously
evolving nature in the real world, GCD has gained
traction in practical applications, such as intent dis-
covery in dialogue systems (Lin et al., 2020; Zhang
et al., 2021) and novel product type identification
on e-commerce platforms (Gong et al., 2023).
GCD was first formalized by Vaze et al. (2022)
with a two-stage approach: representation learn-
ing on labeled data and clustering-based pseudo-
labeling for unlabeled data. However, noisy
pseudo-labels limit performance. Subsequent
works have explored solutions including regular-
ization (Zhang et al., 2022, 2023), calibration (An
et al., 2023a; Tang et al., 2024), and prototype-
based methods (An et al., 2024b; Shi et al., 2024;
An et al., 2025). These methods rely solely on
discriminative one-hot labels, lacking explicit se-
mantic guidance, which constrains the model to
the training data distribution and hinders its gener-
alization to novel classes. Recent efforts attempt
to inject external semantics using LLMs. These
approaches sample centroids after clustering and
either (1) query pairwise similarities between am-
biguous samples and sampled centroids (An et al.,
2024a; Liang et al., 2024), or (2) construct pseudo-
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labels based on the semantic descriptions of sam-
pled centroids to filter hard examples (Zhang et al.,
2024; Zou et al., 2025). These additional semantic
signals are crucial because they introduce general-
izable information beyond the distribution of train-
ing data, thus improving the model’s supervision
quality and enhancing its generalization for GCD.
However, these LLM-enchanced methods rely on
sampled centroids, leading to mismatches between
queried semantics and true underlying label mean-
ings. Besides, these methods provide only implicit
structural supervision to discriminative models but
not semantic labels, limiting the effectiveness of
semantic transfer and ultimately remaining con-
strained by the shortcomings of traditional discrim-
inative training on one-hot labels.

This motivates the question: how can we effec-
tively enhance the consistency of provided seman-
tic signals and directly incorporate such generaliz-
able signals into model training? A naive idea is to
directly fine-tune LLMs on a conditional text gen-
eration task reformulated from the classification
objective (Liu et al., 2024b). Through generative
fine-tuning, LLMs can perceive the global label
space and output semantic pseudo-labels for un-
labeled data. However, such LLMs trained only
on known categories are prone to representation
collapse (Xiao et al., 2024), where representa-
tions become overly aligned with known label to-
kens (Simig et al., 2022; Kumar et al., 2023), lead-
ing to poor generation for novel classes. Moreover,
generative reformulations reduce the discriminative
ability of the model, harming decision precision.

To address these limitations, we propose a novel
co-training perspective that jointly learns discrimi-
native and generative views. Specifically, we aug-
ment the LLM with an additional MLP head for
discriminative classification and construct a dual-
view framework that facilitates both semantic novel
labels and category separation. As shown in Fig-
ure 1, the classification head encourages learning
class-separable features, which can also guide the
separable latent space for semantic novel label gen-
eration. This co-training framework overcomes
the constraints of traditional one-hot labeling by
providing semantically enriched, generalizable su-
pervision that extends beyond the distribution of
existing data, thereby enhancing model general-
ization for unseen classes. However, implement-
ing such a framework still introduces two major
challenges. First, the discriminative and genera-
tive objectives promote different feature charac-

teristics—class separation versus semantic fluency.
Co-training must align the views without sacrific-
ing their individual strengths. Second, the semantic
pseudo-labels are directly involved in model train-
ing; thus, mitigating noise in these labels is critical.

To this end, we propose GenDis built upon
LLMs for GCD. Specifically, the LLM is initial-
ized via dual-objective fine-tuning, with category-
aware generative fine-tuning for text generation
and token-level discriminative fine-tuning for clas-
sification. This equips the model with the capabil-
ity to both generate and recognize category labels.
Subsequently, the model is extended to unlabeled
data through discriminative pseudo-label learn-
ing, which is progressively refined via curriculum-
guided labeling. In addition, we employ CCA
regularization to achieve view alignment while
maintaining functional independence between the
generative and discriminative views. Furthermore,
we propose dual-view pseudo-label learning, in-
cluding discriminative-guided generative pseudo-
labeling based on the aligned latent space with
a dispersion-aware filtering mechanism to ensure
label reliability. Finally, GenDis enhances GCD
by incorporating more generalizable semantically
aligned supervision into the pseudo-label learning.

Our main contributions are as follows:

* We propose a novel co-training perspective that
integrates more generalizable semantic pseudo-
labels into the training process, breaking the lim-
itations of conventional discriminative learning
for better representations on novel categories.

* We introduce a comprehensive framework
GenDis, which incorporates CCA-based view
alignment for effective collaboration between
two views and a dispersion-aware pseudo-
labeling mechanism to keep label reliability.

* We conduct extensive experiments on five GCD
benchmarks, achieving higher ARI than the state-
of-the-art (SOTA) methods by around 11.90%,
which demonstrates the superiority of GenDis.

2 Related Works

Generalized Category Discovery GCD was first
systematically formalized by Vaze et al. (2022),
who proposed a two-stage training paradigm for
this task: representation learning on known cat-
egories, followed by clustering-based pseudo-
labeling for novel categories. Prior to this for-
malization, related works such as CDAC+ (Lin
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et al., 2020) and DAL (Zhang et al., 2021) em-
ployed pseudo-supervision based on pairwise simi-
larity—either as weak supervision or through align-
ment strategies as strong supervision—to guide
clustering for novel intent discovery. The main lim-
itation of this paradigm is that inaccurate pseudo-
labels can significantly degrade model performance.
Consequently, subsequent studies have focused
on mitigating pseudo-label noise through vari-
ous techniques, including regularization methods
MTP (Zhang et al., 2022), USNID (Zhang et al.,
2023) to improve generalization, pseudo-label cal-
ibration PTIN (An et al., 2023a) GeolD (Tang
et al., 2024) to reduce dominance by known cate-
gories, and prototype-based approaches TAN (An
et al., 2024b), KTN (Shi et al., 2024), SDC (An
et al., 2025) to enhance knowledge transfer be-
tween known and novel classes.

LLM for Generalized Category Discovery Re-
cently, LLMs have demonstrated strong capabilities
across diverse domains, including talent analytics,
scientific discovery, information retrieval, enter-
prise knowledge bases, and real-world decision-
making (Qin et al., 2025c,a; Huang et al., 2026;
Tong et al., 2025; Jiang et al., 2024; Song et al.,
2026) In scenarios involving open or evolving cat-
egories, prior studies have explored LLMs and
continual learning techniques for handling unseen
classes, such as unknown-aware open-set text clas-
sification (Chen et al.), incremental task recogni-
tion (Qin et al., 2025b), and datasets supporting
evolving semantic categories (Chen et al., 2024).

LLMs have been introduced into GCD to lever-
age their rich semantic knowledge. Existing meth-
ods typically use LLMs as auxiliary modules to as-
sist discriminative models (e.g., BERT) in pseudo-
label construction. Representative works include
LOOP (An et al., 2024a), which employs neigh-
borhood contrastive learning via scalable LLM
querying, ALUP (Liang et al., 2024), which uses
comparison-based prompting for category match-
ing, and GLEAN (Zou et al., 2025), which inte-
grates quality-controlled LLM feedback for robust
discovery. However, these methods typically use
LLMs as auxiliary modules, constrained by input
length and a lack of domain adaptation.

In contrast, we are the first to take the LLM as
the backbone instead of auxiliary tools and propose
an LLM-based framework GenDis for GCD.

3 Preliminaries

3.1 Problem Definition

Models trained on a labeled dataset D' =
{(z,y) | y € Y*} are proficient at identifying pre-
defined known categories V. However, in real-
world scenarios, these models often encounter un-
labeled data D = {z |y € Y*UY"} that en-
compasses both known categories V* and novel
categories J", where ¥ N Y™ = (), potentially
leading to identification failure. To overcome this
challenge, GCD requires models to recognize both
known and novel categories based on D! and Dv.
We assume the number of novel categories |)"| is
known following previous work (An et al., 2023b;
Shi et al., 2024). Finally, the model’s perfor-
mance will be evaluated on a testing set D! =
{(z,y) |y € Y*UY"} in an inductive manner.

3.2 Discriminative Fine-tuning

Discriminative fine-tuning (Liu et al., 2024c; Qin
et al., 2023) is a widely adopted approach for adapt-
ing pre-trained language models (PLMs) to clas-
sification tasks. Given an input text  and a can-
didate label set )*, the model first encodes the
input into hidden representations using a backbone
PLM (e.g., BERT). A fixed-length vector repre-
sentation h is then extracted—typically the [CLS]
token embedding in encoder-based models like
BERT or the final token embedding in decoder-
only models. A classification head is subsequently
applied to compute a score sy(x, y) for each label
1, usually through a linear projection. The model
is trained by minimizing the cross-entropy loss,

which maximizes the log-likelihood of the correct
exp(sg (z,y))

Iy exp(so(z.y')’

where 6 denotes the trainable parameters. This

formulation encourages the model to learn discrim-
inative decision boundaries between labels and is
particularly effective when the label set is closed.

label y:maxlog P(y | x) = log >

3.3 Generative Fine-tuning

Generative fine-tuning (Liu et al., 2024c) harnesses
the inherent generative capabilities of LLMs for
text classification by formulating the task as a con-
ditional text generation problem. Given an input x,
the input is first embedded into a prompt template
to facilitate label generation. A typical format is:
“H# Input: x. #7 Output: y”. The objective is to
maximize the likelihood of generating the label

tokens ymax P (y | 2) = [[¥, Py (y | 2,y<i),
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where |y| is the number of label tokens, and y;
represents generated tokens prior to y;.

4 Method

In this section, we introduce the proposed
GenDis for GCD. We begin by presenting the
generative-discriminative dual-view representation
network built upon an LLM, and then describe the
co-training pipeline.

4.1 Dual-View Representation Network

To simultaneously enable LLMs to explicitly dis-
tinguish class boundaries and retain the ability to
understand and generate label semantics, we first
construct a dual-view representation network based
on LLMs. As illustrated in Figure 2.a, before the
final classification layer (LLM Head), the hidden
representation from the LLM is extracted as the
original generative representation h®". This repre-
sentation is subsequently passed through a multi-
layer perceptron (MLP) to obtain the discrimina-
tive representation h%. While h&" supports the
model’s generative capability, h* is used for clas-
sifying samples via a task-specific classifier.

4.2 Dual-Objective Fine-Tuning

As the initial stage of training, this phase aims to
initialize the LLLM with training data, an aware-
ness of text formatting and discourse style, and the
ability to differentiate representation spaces across
categories. It serves as a warm-up phase for subse-
quent pseudo-label learning.

Category-Aware Generative Fine-Tuning. We
design a general prompt template for the GCD task
(see Appendix B.1), forming a conversation set
Z = {z = Prompt(x,y)|(z,y) € D' U D"},
where y is a placeholder for unlabeled samples
in D*. This template serves as input for LLM
fine-tuning. Unlike prior approaches that design
task-specific prompts for particular scenarios (e.g.,
intent detection), our prompt template is unified
and adaptated to diverse text classification tasks.
Subsequently, we fine-tune the LLM on the
constructed conversion set Z using a genera-
tive loss Lgen, aiming to inject initial semantic
grounding and encourage the model to gener-
ate appropriate category labels based on input
text. For each instance, we define two objec-
tives. First, an autoregressive loss is defined as
Lanto(2) = — lez‘l logPy(z; | z<;i), where z de-
notes the tokens of the conversion z. Second, to

emphasize learning the label generation process,
we additionally incorporate a conditional genera-
tion loss over the label tokens: Leopn(z,y&") =
— Z‘Zyjn‘ logPy(yi | z,y%;), where y&" is the
generative label of y, and y#°" is the tokens of the
label y. The final generative loss Légl is defined

as follows:

ﬁgen(-% ygen) = Eauto(Z> + ['con(xa ygen). ey

Token-level Discriminative Fine-Tuning. To en-
sure that the learned representations are semanti-
cally discriminative, we leverage the hidden repre-
sentation at the token position immediately pre-
ceding label generation, denoted as h&". This
representation is projected into a discriminative
space h%s via a lightweight multi-layer percep-
tron (MLP), followed by a classification layer
that computes the class scores sq (!, y%*) over the
known label set V¥, For each labeled instance
(2!, y%) € D!, the model is trained to minimize
the standard cross-entropy loss E((ﬁls) :
exp(sg(z', y**))
> yeyi exp(so(z,y'))
2

Finally, two objectives are intergrated as Lpyarr =

ACdis(fEl; ydiS) — IOg

Lfﬁls) + Agenﬁgg, where Agep is a scaling hyperpa-
rameter for LLM fine-tuning.

4.3 Discriminative Pseudo-Label Learning

Since the initial classification supervision covers
only a subset of known classes, the LLM suffers
from representation collapse (Xiao et al., 2024),
where the representations of known and novel
classes become entangled, causing the model to
generate only known labels. To address this is-
sue, this stage aims to enforce a clear separation
not only among known categories but also among
unknown ones at both the generative and discrimi-
native representation levels.

Curriculum-Guided Discriminative Pseudo-
Labeling. We extend training to the unlabeled
set D" by generating discriminative pseudo-labels
g € V¥ U Y (ie., cluster indices) via K-means
clustering in the learned discriminative latent space
h% and Hungarian algorithm (Kuhn, 2004) for
alignment between each epoch.

To mitigate the influence of noisy pseudo-labels,
we estimate sample confidence through distance-
based uncertainty and adopt a curriculum strat-
egy that gradually incorporates high-confidence
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a) Dual-Objective Fine-Tuning

b) Discriminative Pseudo-Label Learning

¢) Dual-view Pseudo-Label Learning
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Figure 2: Tllustration of the proposed GenDis framework.

instances. For each cluster with prototype p, we
measure the cosine similarity between instance hfls
<h§us:p]’>

Ih™[[p;|° o
per cluster are progressively added to the training

set, forming an easy-to-hard curriculum that stabi-

lizes optimization. The loss E((ﬁzs)

£<(1123) = Lais(z!, y) + Lais(z", 75,

and pj: M; ; = Top-k confident samples

is defined as:

" e DY,

3)
where high-confidence unlabeled samples z* € D"
are iteratively incorporated.

View Alignment via CCA Regularization.
While the discriminative representation h%* en-
ables category separation, the generative repre-
sentation h&" primarily captures linguistic flu-
ency, leading to potential semantic misalignment
between the two. To align them at a category-
relevant level while preserving their distinct roles,
we introduce a Canonical Correlation Analysis
(CCA)-based regularization term (Tang et al.,
2018). This term projects h* and h&®" into a
shared latent space and maximizes their cross-view
correlation, encouraging the two views to encode
consistent yet complementary semantics. The over-
all loss combines the discriminative, generative,
and alignment objectives:

LpispL = E((ji) + )\genﬁégl + Accaloca,  (4)

where Aqc, controls the alignment strength. This
joint optimization ensures semantic consistency be-
tween h%s and h#", allowing the LLM to discover
novel categories that are both structurally separa-
ble and linguistically coherent. The detailed CCA
computation is provided in Appendix B.4.

4.4 Dual-view Pseudo-Label Learning

Building on the structured generative space, we
generate semantically meaningful pseudo-text la-

bels for unlabeled samples. A dispersion-aware
generative pseudo-labeling strategy with multi-
sample inference is adopted to filter unreliable la-
bels. Finally, generative and discriminative pseudo-
supervision are jointly optimized to enhance se-
mantic generalization in GCD.

Dispersion-aware Generative Pseudo-label
Learning To capture uncertainty, we perform
multi-sample inference, generating d candidate
labels {Y ()14 _ for each input instance 2. Each
candidate label Y () is associated with token-level

probability distributions P(*) = (pgi), e pgf)),

where pgz) € AVl denotes the softmax output at
position ¢ over a vocabulary of size |V|. Then we
compute Wasserstein distance (Matsubara, 2024)
between for any token pair (Y, Y ()):
(@) pl)y = - _
WP, PY) = 'yGH(IIDI}if)‘,P(J‘)) Ew)r [l = vll2]
)
where II(P(%), PU)) denotes the set of all valid
joint distributions with marginals P(®) and P\,
and || - ||2 is the Euclidean distance.

In addition, to assess the fluency and confidence
of each generated label, we compute its perplex-
ity (PPL) (Brown et al., 2020), where a lower
PPL indicates a more fluent and confident genera-
tion. By jointly considering the average pairwise
Wasserstein distance and the perplexity score, we
select the generative pseudo-label with the lowest
PPL among those whose semantic dispersion falls
within a predefined threshold.

Finally, the selected generative pseudo-label 2"
is combined with the input = using the same tem-
plate to form a QA-style input for generative fine-
tuning. The corresponding loss is computed as:
£g% = Loen (2, y5") + Loen (2", y="). The over-
all objective of this component integrates both the
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generative and discriminative pseudo-label loss and
the CCA regularization term:

ﬁDualPL = E((j?s) + Agenﬁgz + )\cca/v‘cca‘ (6)

4.5 Test-time Inference

During inference, the LLM extracts both discrim-
inative and generative representations. For each
representation view, we perform K-means cluster-
ing, followed by Sinkhorn-Knopp (SK) normaliza-
tion (Cuturi, 2013) to transform the raw distance
matrix into a balanced probability distribution over
classes. The detailed procedure is provided in Ap-
pendix B.3. To determine which view produces
better clustering quality, we evaluate the clustering
accuracy (e.g., K-ACC) of both views on a held-out
validation set containing only known-class labels.
The view with higher clustering performance is
then used to produce the final cluster assignments.

5 Experiments

5.1 Experimental Settings

Datasets. We evaluate our proposed method
on five widely-used GCD benchmarks. BANK-
ING (Casanueva et al., 2020) is a fine-grained in-
tent classification dataset comprising 77 distinct in-
tents collected from real-world banking dialogues.
CLINC (Larson et al., 2019) is a public dataset
designed for intent detection across various do-
mains. HWU (Liu et al., 2021) focuses on personal
assistant queries, offering diverse intent classes.
MCID (Levy and Wang, 2020) is a compact dataset
built around COVID-19 related services. Stack-
Overflow (Xu et al., 2015) is a dataset derived
from technical question titles on Stack Overflow.

Dataset Split. To simulate open-world scenarios,
we define two key parameters: the Known Class
Ratio (KCR), representing the proportion of cat-
egories treated as known during training, and the
Labeled Ratio (LAR), denoting the fraction of la-
beled samples provided for each known category.
All labeled examples are randomly sampled from
the training set. To ensure fair comparisons, our
dataset partitioning strictly follows the settings es-
tablished in prior works (An et al., 2024a). We
report experimental results under varying KCR val-
ues of {25%, 50%, 75%} with a fixed LAR of 10%.
For each run, we designated the KCR portion of
classes as known, and the sample LAR portion of
training data per known class as labeled. The LLM
was first trained on this partially labeled training set

(comprising both labeled and unlabeled data). It is
then tuned using a validation set split from the train-
ing set containing only known categories, and fi-
nally evaluated on the full test set. Detailed dataset
statistics are provided in Appendix Table S1.

Baselines. We compare GenDis against a com-
prehensive set of strong and diverse baselines.
These include a wide range of representative
methods, covering both LLM-free methods (e.g.,
DeepAligned (Zhang et al., 2021), DPN (An et al.,
2023b), PTIN (An et al., 2023a), GeolD (Tang
et al., 2024), TAN (An et al., 2024b), KTN (Shi
et al., 2024), SDC (An et al., 2025)) and recent
LLM-enhanced methods (e.g., LOOP (An et al.,
2024a), ALUP (Liang et al., 2024), GLEAN (Zou
et al., 2025)). For fair comparison, we adopt BERT
as the backbone for discriminative models, and
Qwen2.5-7B-Instruct (Qwen Team, 2024) as the
backbone for generative models. In particular, we
utilize Deepseek-V3-0324 (Liu et al., 2024a), one
of the current state-of-the-art LL.Ms, as the auxil-
iary model for all LLM-enhanced methods. Due
to space limitations, detailed descriptions of each
baseline method can be found in Appendix D.3,
and additional experimental results using different
LLM backbones are provided in Appendix E.2

Evaluation Metrics. Following prior works (An
et al., 2024a), we adopt six evaluation metrics to
comprehensively assess clustering performance in
the GCD setting: (1) ARI assesses pairwise con-
sistency between the clustering and ground-truth
partitions; (2) NMI evaluates the mutual informa-
tion between predicted clusters and ground-truth
labels; (3) K-ACC and (4) N-ACC measure clus-
tering accuracy on known and novel classes respec-
tively; (5) H-score computes the harmonic mean of
K-ACC and N-ACC; and (6) ACC indicates overall
clustering accuracy across all classes.

Due to page limitations and metric redundancy,
we report only ARI, NMI, K-ACC, and N-ACC
in the main text, for H-score and ACC are derived
from K-ACC and N-ACC through different aver-
aging strategies and thus offer limited additional
insight. Detailed results with H-Score and ACC
are provided in Appendix Table S2.

5.2 Opverall Performance.

Table 1 presents the performance comparison
between our proposed GenDis and a range of
SOTA baselines across five datasets and three
different KCRs. The results demonstrate that
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Table 1: Performance of various methods across five datasets under different KCRs. Metrics include ARI, NMI,
K-ACC, and N-ACC. All results are averaged over four independent runs to ensure fairness. The best results are
highlighted in bold, while the second-best results are underscored.

Dataset | BANKING | CLINC | HWU | MCID | StackOverflow
KCR  Method | ARl NMI K-ACC N-ACC| ARI NMI K-ACC N-ACC| ARl NMI K-ACC N-ACC | ARl NMI K-ACC N-ACC| ARl NMI K-ACC N-ACC
025 DeepAligned | 34.54 68.68 58.67 4244 | 6596 89.40 8646 7200 | 4252 7522 63.86  50.61 | 18.56 44.64 3895 3530 |4298 5491 8283  50.49
DPN 3449 7315 57.64 4181 | 6508 9232 8579 7022 | 4123 7712 7059 4381 [23.64 5005 5320 3867 |47.04 60.10 8504 52383
PTIN 3975 7194 6133 48.88 | 70.82 9120 87.68 7636 | 4519 7629 6670 5397 [2259 4770 4070 4020 |5592 68.96 80.07  68.59
GeolD 2430 5774  39.66 3412 | 7772 9354 90.00 8281 |54.13 8031 6783 6739 [2660 5092 29.65 5041 |5547 69.67 7597 7140
TAN 2835 64.19 59.50 3632 | 4645 8171 8010 5086 | 29.01 6670 64.02  37.56 | 1895 4555 3977 3894 |28.04 41.68 8265 3353
KTN 2791 6608 6698  33.55 | 5900 8817 9379 6260 | 4350 7620 7180 5492 | 1389 3925 2140 3714 | 6159 7047 88.13  74.63
SDC 4406 7409 7837 4802 | 6480 8979 8940  68.09 |5333 7975 7582 6246 | 1449 39.64 2674 3567 | 5728 7565 84.86  77.27
LOOP 5898 8236 7623 6635 | 8205 9485 9449 8481 | 6032 8380 7582 6977 |3492 5827 3953  57.63 | 6442 7555 8530  76.52
ALUP 6192 8399 7078 7278 | 8346 95.16 9224 8777 | 6376 8457 77.05 7325 |49.08 68.69 4791 7233 | 6639 7540 88.81  78.84
Glean 5691 8202 7115 6480 | 8036 9467 89.01 8470 |58.02 8324 7049 6976 |48.97 68.80 46.12 6952 | 64.09 77.15 8329  76.65
GenDis 6554 8632 8249 7280 |88.40 97.12 96.62 8845 | 74.62 90.05 8759 8074 5824 7526 70.56 7297 | 8288 8650 9583  88.08
050 DeepAligned | 47.90 7676 6550 5320 |73.06 9192 8636 7597 |51.59 7936 59.64 6556 |31.36 55.19 61.83  39.65 |59.13 69.06 77.46  70.97
DPN 4696 7948 7487 3933 7390 9426 9080 6929 |50.75 8146 6777 5647 |27.64 5408 6204 3240 | 6431 7316 8504 7476
PTIN 5174 7864 7419 5442 | 7676 9308 8938  78.84 | 5494 80.69 6665 67.84 [33.17 5718 5201 5311 [5825 7291 7812  67.50
GeolD 5746 8148 7710 5970 | 8177 9474 9278 8253 |5873 8274 7148 6779 | 2877 5232 4506 5044 | 6220 7517 8222 7131
TAN 4512 7468 6953 4387 | 6444 89.05 8562  60.66 |38.79 73.17 6208 4632 |24.84 50.04 5025  41.07 |4274 56.14 8280  37.88
KTN 4997 7813 8139 4451 | 7469 9337 9346 6834 |58.06 82.16 7332  68.17 | 1406 39.64 3605 3077 | 6185 7479 8375 7451
SDC 53.82 8031 7635  53.80 | 7278 92.60 8813 7459 | 60.52 8327 7210 7379 [4973 69.02 6321 7089 |61.82 75.11 8262 7531
LOOP 6271 8434 8077 6477 |83.04 9520 9305 8292 | 6355 8476 7434 7349 |3483 5722 4408 5834 |68.62 7676 8541  80.28
ALUP 6457 8528 8403 6622 |8379 9526 9193 8652 | 6533 85.64 7691 7571 |57.64 7375 7197 7681 |73.59 78.03 88.62  84.17
Glean 63.64 8539 8231 6336 | 7561 9374 88.09 7923 | 6598 8593 7427 8028 |53.56 71.84 5556 8146 | 63.60 77.18 8158  73.63
GenDis 6776 8726 8598  67.00 | 9178 9779 97.56  90.56 | 7592 9026 8448 8516 6793 8178 79.17 8L66 | 86.64 88.64 9392 9275
075  DeepAligned | 5437 80.16 67.82  59.50 | 80.70 9421 8973  78.33 |59.24 8225 7295  64.09 |4842 6750 7333 3498 |S5771 70.63 7864 6686
DPN 6133 8430 79.10 4518 | 8376 9597 9323 7434 |66.18 8646 79.82 6695 |47.22 7053 68.60  37.97 |63.60 7538 82.86  80.82
PTIN 6025 8203 77.19 5999 | 8170 94.66 91.06 7636 | 6020 8255 7434 6770 | 4376 64.14 6760 4382 | 5920 73.06 7571  69.54
GeoID 6580 8552 7869 6656 |87.52 9627 9502 8342 |66.11 8561 7560  79.83 |28.86 5256 5120 4105 | 6521 7621 80.17  78.23
TAN 56.83 8098 75.02 5092 | 7555 9270 89.36  62.17 | 5572 80.81 7467 4944 |3532 6237 64.88 3926 |51.83 6436 8034 3435
KTN 6546 8502 8180  58.89 |8597 9606 9529 7596 |67.55 8599 8052 7373 | 1439 4008 3144 4000 | 6242 7551 80.54 8718
SDC 6151 8348 77.60 6881 | 7975 9443 8824 8551 | 6126 8318 7253 7843 | 5467 7345 7392 7111 | 60.61 7410 8001  82.90
LOOP 6439 8512 7507 7042 | 8628 9597 9326 8368 | 63.67 8506 7402 7296 |3561 5938 5392 5037 |71.88 7845 83.69  84.42
ALUP 7078 8739 8525  66.67 | 87.34 9626 9317  87.30 | 69.99 8722 8025 7923 | 60.68 7641 7936 6444 | 7606 79.87 8841 8587
Glean 7196 8826 8272 7449 |7393 9354 8939 7936 |70.04 8754 8048 7954 | 6447 8038 7827 7137 | 5159 7270 7420 8533
GenDis 7526 90.69 8541  79.14 | 9249 98.05 9660  87.63 | 76.68 90.54 8445 8830 69.36 8242 7970 8426 |86.51 8893 9181  94.62

GenDis achieves consistent and substantial im-
provements under all settings. Specifically, for
the lowest KCR (0.25), our model improves ARI,
K-ACC, N-ACC, and NMI by 14.46%, 12.34%,
4.73%, and 6.56%, respectively. For KCR =
0.5, the improvements are 13.03% (ARI), 6.51%
(K-ACC), 4.47% (N-ACC), and 6.88% (NMI).
Even under the high label regime (KCR = 0.75),
where performance gains are typically saturated,
GenDis continues to outperform all baselines,
achieving improvements of 8.21%, 2.14%, 6.93%,
and 4.38 % on the four metrics, respectively. These
results confirm the generalization of our method un-
der varying supervision levels. Beyond quantitative
gains, we derive several key observations:

Co-training LLM unlocks their full poten-
tial beyond LLM-enhanced paradigms: LLM-
enhanced baselines (LOOP, ALUP, and Glean) al-
ready outperform traditional methods, particularly
under low KCR settings, underscoring the poten-
tial of LLMs in GCD tasks. Among these, LOOP,
which relies on instance-level similarity, provides
a weak and indirect supervision signal, whereas
ALUP and Glean offer stronger pseudo-label super-
vision through explicit class labels. However, none
of these methods fine-tune the LLM itself, thereby
limiting their capacity to align the LLM with label

semantics and model for generalization. In contrast,
GenDis takes the LLM as the backbone and jointly
fine-tunes the LLM with both discriminative and
generative supervision signals with pseudo-label
learning, facilitating more generalizable representa-
tions for GCD, resulting in significant performance.

Strong generalization with limited label super-
vision: Our model exhibits strong generalization
capabilities when only a small portion of known
class labels is available, effectively addressing the
challenge of discovering novel categories under
scarce supervision. As the known class ratio de-
creases from 0.75 to 0.25, performance degradation
is observed across most methods, reflecting the in-
creased difficulty of discovering novel categories
with limited prior knowledge. This effect is par-
ticularly pronounced in traditional and weakly su-
pervised models, which are prone to overfitting
and noise amplification when guided by unreli-
able pseudo-labels. GenDis, however, mitigates
these issues through its co-training of two strong
supervision signals, enabling robust and semanti-
cally meaningful representation learning even in
extremely low-label regimes.

Reliable performance in low-resource
datasets: GenDis maintains superior performance
even on small-scale datasets, further highlighting
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Table 2: Ablation study on HWU dataset with metrics
K-ACC and N-ACC. Detailed results across all metrics
are put in Appendix E.3 due to the page limitations.

KCR | 0.25 | 0.50 | 0.75
Metric | K-ACC N-ACC | K-ACC N-ACC | K-ACC N-ACC
Onlygen 76.84 7182 | 7243 8269 | 7678  83.05
Onlydis 7787 7982 | 7536  77.63 | 7897 8541
GenDis w/o semi | 8530 7830 | 81.06  79.48 | 80.98  74.11
Gen+semi 7295 7147 | 7617 7763 | 7422 83.26
Dis-+semi 87.30 7665 | 7699  80.41 | 80.10  79.83
GenDis w/o GPL | 85.86 7830 | 81.06  77.82 | 83.35 82383
GenDis w/o Lecs | 8402 7843 | 8254  84.14 | 83.60  78.11
GenDis w/ocurr | 7692 7048 | 7597 7357 | 8248  69.53
GenDis w/o was | 8436  73.81 | 8091 8184 | 8223 7725
GenDis | 8759 8074 | 8448 8516 | 8445 8830
KCR: 0.25 KCR: 0.5 KCR: 0.75

2 -76.78 CEEM 78.19 78.57 (KPR 79.42| 77.33 EERNY 7923 7525 77.17 75.12 8113 79.59

g 6144 80.98 8146 80.81 80.85 81.84 82.61 81.95 81.92 FLITIN 82.64 83.86 82.18 RENE) 83.07 83.05

LUCENEERTRESNCEY 7874 79.27 7574 82.71 8315 84.23

80,56/ 82.85 82.45 84.73 81.91 8270 85.7:

84.60 8250 83.68 REXLY 83.26 82.68

0001 001 01 10 20 50

BRERTARTYY 6144 84.03 84.41 REXCTMMREION 82,03 8211 82.40 8334 81.83

81.69 82.36 81.33 82.78 84.56 81.63 il 82.11 82.57 80.90| 84.44 |80.61 80.35
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0001 001 01 10 20 50 0001 001 01 10 20 50

cca cca cca

Figure 3: Grid search results of g, and Ac, on the
HWU dataset under different KCRs with H-Score.

its adaptability to low-resource scenarios. Our
method achieves the best results on the CLINC
dataset, where the large data volume and rich
category hierarchy facilitate effective learning.
In contrast, performance on the MCID dataset
is relatively lower for all methods due to its
limited size and category sparsity, which pose
challenges for semi-supervised learning. Nonethe-
less, our method maintains a clear advantage in
this low-resource setting, demonstrating strong
generalization across diverse data distributions.

5.3 Abalation Study

To assess the contribution of each component in
our framework, we conduct a comprehensive abla-
tion study on the HWU dataset under three dif-
ferent KCRs. Table 2 reports the performance
of several variants of GenDis with specific mod-
ules removed or altered. We group the vari-
ants into three categories: Non-semi-supervised
variants. We consider three variants that do
not incorporate pseudo-label learning: Onlygen,
Onlydis, and GenDis w/o semi, corresponding to
using only the generative objective Lgen, only
the discriminative objective Lgis, or both jointly
without any pseudo-label learning. Single-view
semi-supervised variants. To isolate the contri-
bution of pseudo-labels, we examine gen-+semi
and dis+semi, where pseudo-labels are introduced

only in the generative or discriminative view.
Component-level ablations of our framework.
We further evaluate GenDis by ablating four key
modules: w/o GPL disables the generative pseudo-
labeling; w/o L., removes the CCA regularization,
w/o curr removes the curriculum strategy; w/o was
disables the Wasserstein-based filtering.

The complete model consistently outperforms all
ablated variants across KCRs, demonstrating that
each component contributes meaningfully to over-
all performance. Furthermore, we draw the follow-
ing conclusions: (1) Pseudo-label learning is ben-
eficial but insufficient when isolated. gen+semi
and dis+semi show improvements over non-semi
variants but still underperform the full model, high-
lighting that single-view pseudo-labeling intro-
duces helpful signals but lacks robustness. (2)
Curriculum learning and dispersion-based fil-
tering mitigate noise. Removing curriculum learn-
ing (w/o curr) or Wasserstein filtering (w/o was) re-
sults in clear performance degradation, especially
under low KCRs, suggesting that these modules
effectively reduce noise and promote label quality
during training. (3) CCA loss enhances alignment
between views. The ablation of the CCA regu-
larization reduces performance, showing that L.,
helps align representations across the generative
and discriminative views for better generalization.

5.4 Parameter Analysis

To better understand the influence and interaction
of the generative and consistency constraints, we
perform a grid search over Agep and Accy on the
HWU dataset under three different KCRs. The
results are visualized in Figure 3, using H-Score as
the metric, which provides a balanced measure of
performance across known and novel classes and
is well-suited for hyperparameter selection.

Based on the results, we select the best-
performing hyperparameters (Agen, Acca) for each
KCR: (5.0, 1.0) for KCR = 0.25, (2.0, 0.1) for
KCR =0.5, and (5.0, 0.01) for KCR = 0.75. Jointly
increasing both Agen and Acc, generally leads to
improved performance (i.e., bottom-right regions),
demonstrating the benefit of combining semantic
supervision with consistency regularization. More-
over, as KCR decreases, the known label space be-
comes increasingly sparse, making the model more
susceptible to overfitting when relying solely on
generative or discriminative signals. Consequently,
stronger consistency regularization (i.e., CCA loss)
becomes particularly important in low-supervision
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scenarios. We also provide the parameter analysis
of CCA projection dimension d and the number of
generated responses k in Appendix E.4.

6 Conclusion

In this work, we proposed GenDis, a Generative-
Discriminative Dual-View Co-Training framework
for GCD. Our approach jointly optimizes a LLM
for both discriminative classification and seman-
tic label generation, enabling the learning of se-
mantically enriched pseudo-labels alongside con-
ventional one-hot supervision. To ensure effec-
tive coordination between two views, we employed
CCA-based alignment and introduced a curriculum-
guided discriminative pseudo-labeling strategy as
well as a dispersion-aware generative pseudo-
labeling mechanism. Extensive experiments on five
benchmarks demonstrated that GenDis consistently
outperforms existing SOTA methods.

Limitations

Our study focuses on the textual domain of GCD
and does not extend experiments to multimodal sce-
narios such as vision—language or audio—text tasks.
This choice aligns with the current research scope
of GCD, where most prior works are designed and
evaluated within purely textual settings. Moreover,
our framework already integrates a wide range of
established GCD benchmarks and evaluation met-
rics in Natural Language Processing (NLP), cover-
ing the major datasets and paradigms in this field.
Exploring the applicability of our dual-view co-
training paradigm to multimodal GCD remains an
interesting direction for future research.

Ethical Considerations

We will abide by the laws, rules, and regulations
of our community, school, work, and country. We
will conduct ourselves with integrity, fidelity, and
honesty. We will openly take responsibility for our
actions and only make agreements that we intend to
keep. All data used in this study are publicly avail-
able datasets obtained from GitHub and intended
for research purposes. No human participants were
directly involved, and no personally identifiable
information (PII) was collected.
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A The Use of Large Language Models
Statement

The authors use LLM (ChatGPT) as an assistive
tool in the preparation of this manuscript. We use
LLMs to proofread, check grammar, and refine the
language in the manuscript for improved clarity
and readability.

B Additional Method Details
B.1 Prompt Design

We design a general prompt template for the
GCD task, consisting of a system prompt, a user
prompt, and an assistant prompt. These compo-
nents together form a conversation set Z = {z =
Prompt(z,y)|(z,y) € D' U D"}, where y is a
placeholder for unlabeled samples in D“. This
template serves as input for LLM fine-tuning.

System: You are an expert in open-domain text classi-
fication. Your task is to assign the most suitable and
concise category label for any given input text, even if
no predefined categories are provided.

User: Please read the following text and determine the
most appropriate category it belongs to. Text to classify:

Assistant: A suitable category could be: {y}

Unlike prior approaches that design task-specific
prompts for particular scenarios (e.g., intent detec-
tion), our prompt template is unified and adaptated
to diverse text classification tasks.

B.2 Hungarian Algorithm

GenDis expand training to the unlabeled set D
by generating discriminative pseudo-labels § €
VE U Y (cluster index) through K-means cluster-
ing in the learned latent space h%i. However, the in-
dices after K-means are permuted randomly in each

training epoch, so the classifier parameters have to
be reinitialized before each training epoch (Zhang
et al., 2021). Thus, we adopt the Hungarian al-
gorithm (Kuhn, 2004) as the alignment strategy
to tackle the assignment inconsistency problem.
Specifically, Let §(~1) denote the pseudo-labels
from the previous generation and §*) the current
generation’s cluster assignments. We first construct
a contingency matrix C' € RVI*IVI, where Cij
counts the number of samples assigned to cluster ¢
in §® and to cluster j in §*~1). This matrix cap-
tures the co-occurrence statistics between clusters
of two successive generations. To find the opti-
mal one-to-one mapping that maximizes overall
alignment, we apply the Hungarian algorithm to
the cost matrix C' = Cinax — C, where Clpax 18 the
largest entry in C. This ensures that minimizing
the cost corresponds to maximizing the agreement
between matched clusters. Once the optimal assign-
ment is obtained, we remap the cluster indices in
y® according to the alignment. This strategy pro-
duces a label sequence 7(*) that is aligned with prior
training epochs, thus preserving temporal consis-
tency and improving the stability of discriminative
pseudo-supervision.

B.3 Sinkhorn Normalization

The Sinkhorn-Knopp (SK) algorithm (Cuturi,
2013) is an iterative matrix scaling method that
transforms a non-negative matrix into a doubly
stochastic matrix—i.e., a matrix where each row
and each column sums to one. It is widely used in
optimal transport and entropy-regularized match-
ing problems due to its efficiency and stability.

Given an input cost or similarity matrix D &€
R"™*F (e.g., distance between n samples and k clus-
ter centroids), the SK algorithm applies exponenti-
ation with a temperature-controlled scaling factor,
followed by alternating row and column normaliza-
tions:

P = Sinkhorn(D)

D
= Normalize <N0rmalizemW <exp (—> ))
-

(N

where 7 is a temperature parameter controlling
the sharpness of the resulting distribution, and
Normalize,ow (-) and Normalizeg(-) denote row-
wise and column-wise normalization steps, respec-
tively.

The iterations proceed until the matrix P approx-
imates a balanced assignment, where each class
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Table S1: Dataset statistics under different known class ratios. The leftmost block (ALL) reports the full dataset
statistics, including the entire training, validation, and test sets with all class labels. For each ratio setting
(0.25/0.50/0.75), we report the number of labeled training and validation instances (ITrainl and |Evall), and the
number of known classes (ILabell). All training and validation sets are constructed by sampling 10% labeled data
from the selected known classes.

KCR \ ALL \ 025 \ 0.50 \ 0.75

Split | ITrainl [Evall [Testl [Labell | ITrainl [Evall [Labell | [Trainl [Evall [Labell | [Trainl [Evall ILabell
BANKING 9,000 3,073 999 77 193 23 19 | 430 50 38 | 682 79 58

CLINC 17995 2250 2250 150 | 456 76 38| 900 150 75 | 1344 224 112

HWU 7712 1,032 933 64 183 25 16 | 365 52 32 | 595 83 48

MCID 1,198 331 170 16 29 4 4 59 8 8 92 12 12

StackOverflow | 11,996 5,991 1,998 20 300 50 5 600 100 10 900 150 15

(column) receives nearly uniform assignment mass,  inverse of X;; and Y5> through eigen decompo-
and each sample (row) is assigned a normalized  sition, and derive the cross-view transformation
soft probability over classes. In our framework, matrix T and quantify the sum of the top-k singu-
SK normalization is applied to the distance ma- lar values of T as the correlation corr(Eq, Eo):
trix obtained from K-means clustering over both

the generative and discriminative representations. T = Ef11/22122;21/27

This ensures that the resulting soft class assignment d

distribution is not only aligned with the distance corr(Eq, Eq) = (Z log ai> /d,  (10)
structure but also encourages balanced cluster us- i=1

age, which is essential in scenarios with limited

labeled data or open-category settings. where {;} are the eigenvalues of T'T and d is

a hypermeter for choosing top-d eigenvalues. We

B.4 Canonical Correlation Analysis define the CCA regularization term as the negative
Regularization total canonical correlation: L, = —corr(Eq, Eq).

This regularization loss encourages the two views
to encode maximally correlated features in the
shared subspace. To further stabilize the correlation
computation, we apply spectral clipping and small-
value filtering to remove unstable components near

We introduce a CCA regularization term (Tang
et al., 2018) into the dual-view representation learn-
ing process, enforcing alignment between h%* and
h#" while maintaining their functional indepen-
dence. Specifically, we first project the two views

into a shared k-dimensional latent space using sep-  2€T0
arate MLPs: C Additional Related Works
di dis (. di
€™ = MLP®(h™), e*" = MLP*"(h*"). Co-training Co-training is a semi-supervised

) ) (®) learning paradigm that leverages unlabeled data
Let E; and E2 denote the batch-wise matrices of  y training classifiers on two conditionally inde-

projected embeddings from the discriminative and pendent “views” of the data (Blum and Mitchell,

gener.atlve views, respectively. We compute their 1998). Early approaches attempted to enforce view
covariance matrices as: diversity through architectural separation. For ex-

E.E] ample, Deep Co-Training (Qiao et al., 2018) and
Y= b_1 + il Tri-net (Dong-DongChen and WeiGao, 2018) uti-
E,E] lized dual or triple network architectures to en-
Yigg = b i + ol courage divergence. Subsequent methods, such as
EET Consensus-Driven Propagation (Zhan et al., 2018),
Yo = bl i , (9) improved pseudo-label robustness with commit-

tees of heterogeneous models, while Multi-Head
where 71 and ry are regularization coefficients to ~ Co-Training (Chen et al., 2022) attached multiple
ensure numerical stability and b is the batch size.  heads to a shared backbone with a disagreement
To compute the canonical correlations, we perform  loss for diverse prediction. More recent research
whitening transformations by computing the root ~ has focused on exploiting inherent model or data
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disparities to construct views, including pairing
large and small language models (Lang et al., 2022)
or utilizing vision and language as distinct modal-
ities for co-teaching (Zheng et al., 2024). To the
best of our knowledge, we are the first to extend
the co-training paradigm to the GCD task by intro-
ducing generative and discriminative views within
a single LLM.

D Additional Experiemental Settings

D.1 Detailed Dataset Description

To verify the effectiveness and universality of our
proposed method, we conducted exhaustive ex-
periments on five widely used text classification
datasets. These datasets are summarized as:

¢ BANKING (Casanueva et al., 2020) is a kind of
dataset about the banking business, with 77 cat-
egories. The dataset is derived from real-world
banking queries and is known for its class im-
balance and lexical similarity between different
intents, which makes it challenging for classifi-
cation models.

* CLINC (Larson et al., 2019) is a very popular
dataset, which encompasses a broad range of
intents, totaling 150 across 10 domains, such as
travel, banking, utilities, and weather.

* HWU (Liu et al., 2021) is a dataset derived from
real-world dialogue systems, containing 64 in-
tent classes. The data is collected from real-
world voice assistant interactions and spans mul-
tiple domains, including information retrieval,
home automation, and entertainment, reflecting
realistic user behavior.

* MCID (Levy and Wang, 2020) is a dataset cre-
ated for COVID-19 chatbot intent classification.
It includes 16 intent categories in total, originally
collected in four languages; in our study, we use
the English subset only.

StackOverflow (Xu et al., 2015) is a dataset col-
lected from the StackOverflow developer com-
munity. It contains short text questions or posts
labeled with their corresponding programming
language tags. This dataset is often used to eval-
uate models on short-text intent detection or tag
classification, covering categories such as python,
java, c#, etc.

All datasets are publicly available for academic re-
search and widely used in the NLP community. We
strictly adhere to their usage protocols and licenses.

D.2 More Details on Dataset Split

We present the dataset split statistics across differ-
ent KCRs in Table S1. The training and validation
sets contain only known samples, while the test set
includes both known and novel categories.

In prior work, the known and novel classes are
randomly re-sampled in each experimental run
based on the specified KCR. While this strategy
enables class diversity across runs, it introduces
significant randomness into the evaluation pro-
cess and undermines the fairness of comparisons.
As aresult, previously reported performance met-
rics often vary considerably—even for the same
model—making it difficult to reproduce and com-
pare results consistently. To address this issue, we
fix a single class split for each KCR setting and use
it consistently across all experiments. The exact
class split configurations are made publicly avail-
able via an anonymous link for reproducibility. All
baselines are evaluated on these fixed splits to en-
sure fair and stable comparisons.

D.3 Detailed Baseline Descriptions

To comprehensively evaluate our proposed frame-
work, we compare it against two categories of repre-
sentative baselines: traditional discriminative mod-
els without LLM involvement, and recent LLM-
enhanced approaches.

Non-LLM Baselines. We include several strong
baselines that do not incorporate large language
models but have demonstrated competitive perfor-
mance in GCD:

* DeepAligned (Zhang et al., 2021): A two-stage
method that uses alignment strategies (e.g., the
Hungarian algorithm) to generate pseudo labels
for all unlabeled instances, enabling unified learn-
ing of known and novel categories.

* DPN (An et al., 2023b): A prototype-based
framework that constructs dual prototypes for
known and novel classes to improve feature align-
ment and clustering effectiveness.

* PTJN (An et al., 2023a): A method that lever-
ages model ensembling and iterative refinement
to improve the robustness of pseudo-label assign-
ments.
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* GeolD (Tang et al., 2024): A method that im-
proves pseudo-label distribution by enforcing uni-
formity through the Sinkhorn-Knopp algorithm,
enhancing robustness in open-set scenarios.

¢ TAN (An et al., 2024b): A transfer-based method
that reweights known class representations to
construct refined novel class prototypes via simi-
larity matrices.

e KTN (Shi et al.,, 2024): An approach that
enhances knowledge transfer by incorporating
similarity-based weights into pseudo-label distri-
bution learning.

* SDC (An et al., 2025): A calibration-based
framework that integrates entropy-based uncer-
tainty estimation to mitigate the impact of noisy
pseudo labels.

LLM-Enhanced Baselines. We also compare
with recent methods that incorporate large language
models as auxiliary tools to assist the GCD process:

* LOOP (An et al., 2024a): Utilizes LLMs to
identify semantically similar neighbors through
few-shot prompting, and applies neighborhood
contrastive learning to improve representation
quality.

* ALUP (Liang et al., 2024): Introduces a
comparison-based prompting strategy, where
LLMs classify samples by comparing them with
exemplars from known and novel categories, en-
hancing pseudo-supervision quality.

* GLEAN (Zou et al., 2025): Enhances the dis-
covery of ambiguous samples by incorporating
quality-controlled feedback from LL.Ms at both
the instance and label levels, thereby improving
robustness and interpretability.

All baseline methods are re-implemented or *
adapted based on their official code or descriptions
to ensure consistency.

D.4 Detailed Evaluation Metrics
Following prior works (Zhang et al., 2021, 2023),

we adopt six evaluation metrics to comprehensively
assess clustering performance in the GCD setting:

* Known Accuracy (K-ACC): The clustering ac-
curacy computed on instances from known cat-
egories. Given a clustering assignment, we use
the Hungarian algorithm (Kuhn, 2004) to find the
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optimal one-to-one mapping between predicted
clusters and ground-truth labels. Let J* be the
known class set and C* be the predicted clusters
assigned to them, K-ACC is computed as the pro-
portion of correctly assigned samples in known
classes: K-ACC = Iyil’“l D yeyk %, where
C) is the set of ground-truth samples with label
y, and éy is the assigned cluster.

Novel Accuracy (N-ACC): Similar to K-ACC,
but calculated exclusively on novel categories,
measuring the model’s ability to discover new
classes without supervision. It reflects clustering
performance on the unknown portion of the data.

H-Score: To avoid biased evaluation toward ei-
ther known or novel classes, we report the har-
monic mean of K-ACC and N-ACC, defined as:
H-Score = %, This score penalizes
models that perform well only on one subset (e.g.,
known classes) and encourages balanced perfor-

mance across both.

Overall Accuracy (ACC): The standard cluster-
ing accuracy over all samples, again based on
Hungarian matching between predicted clusters
and all ground-truth labels. While intuitive, it
tends to overemphasize known categories due to
class imbalance, making it less reliable in open-
world settings.

Normalized Mutual Information (NMI): NMI
measures the mutual dependence between the
predicted cluster assignment U and the ground-
truth labels V. It is defined as: NMI(U,V) =

%, where I(U; V) is the mutual infor-
mation, and H(U), H(V) are the entropies of
the cluster and label distributions, respectively.
NMI ranges from O to 1, with 1 indicating perfect

agreement.

Adjusted Rand Index (ARI): ARI evaluates the
similarity between two data partitions (clusters
and labels) by counting pairwise agreements. It
adjusts for chance and is defined as: ARI =
= (9)-[2 () 5, (D]/6)
5[ (+ (D=2 () (D) G)
n;; is the number of data points in both predicted
cluster ¢ and ground-truth class j; a; and b; are
the row and column sums of the contingency ta-
ble. ARI ranges from -1 to 1, with 1 indicating
perfect clustering and O corresponding to random
assignments.

, where




Table S2: Performance of various methods across five datasets at different ratios under metric ACC and H-Score.

Dataset | BANKING |  CLINC | HWU \ MCID | StackOverflow
KCR Metric ‘ ACC H-Score ‘ ACC H-Score ‘ ACC H-Score ‘ ACC H-Score ‘ ACC H-Score
0.25 DeepAligned | 46.44 4921 |75.67 7855 | 5375 5644 | 3626 36.68 | 5858 62.73

DPN 4572 4811 | 7417 7722 | 50.15 53.54 | 4245 4456 | 60.89  64.61

PTIN 5195 5438 |79.22 81.61 | 5698 5954 | 4034 3994 | 7146 73.88

GeolD 3548 3652 | 84.63 8624 | 6749 675 | 4502 37.06 | 7254 73.57

TAN 4204 4505 | 5827 62.16 | 43.82 4724 |39.15 39.08 |4582 4735

KTN 4181 4465 | 705 75.08 | 5891 622 |33.05 2705 | 780  80.81

SDC 5552 5954 | 7349 773 | 6562 6841 |3335 30.19 | 79.16 80.88

LOOP 68.79 70.86 | 87.26 8938 | 71.2 7259 |5293 4553 | 7872 80.64

ALUP 72.29 7171 | 8891 89.94 | 74.15 75.08 | 6598 57.18 | 81.33  83.52

Glean 6636 67.81 | 8579 868 | 6993 70.11 | 6345 5487 | 7831 79.76

GenDis 7469 7728 | 90.52 9234 | 8236 8398 | 7258 7152 | 90.02 91.78
0.50 DeepAligned | 59.25 58.68 |81.16 808 | 6274 6245 | 505 4824 | 7421 7397

DPN 56.82 5148 | 80.04 7857 | 61.84 6158 | 469 4222 | 799  79.28

PTIN 6415 6278 | 84.11 8377 | 6727 672 |5257 524 | 7281 723

GeolD 6826 67.26 | 87.66 8735 | 69.55 6958 | 4781 4759 | 7676 762

TAN 56.5 5378 | 73.14 7097 |53.82 53.02 | 4556 4499 | 6034 51.71

KTN 62.67 5754 | 809 7894 | 70.62 7053 | 3335 33.04 |79.13 78.83

SDC 649  63.11 |81.36 80.79 | 72.98 7293 | 67.13 668 | 7896 78.72

LOOP 72.65 71.83 | 87.98 87.67 | 73.9 739 5136 50.02 | 82.85 82.74

ALUP 7499  74.06 | 89.23  89.08 | 7628 7628 | 7444 73.92 | 864 = 86.34

Glean 7269 7153 | 83.66 8341 | 7743 77115 | 6878 6606 | 77.6  77.32

GenDis 7622 7529 | 94.06 9392 | 8488 8479 | 80.44 80.16 | 93.33 93.32
0.75 DeepAligned | 65.77 6331 | 86.84 83.61 | 7095 6822 |63.95 4667 | 757 72.04

DPN 7074 5738 | 88.44 82.69 | 7691 = 72.7 61.1 4823 | 8235 81.74

PTIN 7295 6731 | 8733 83.04 | 7284 7082 | 61.78 5252 | 74.17 7246

GeolD 757 7208 | 92.08 88.82 | 7655 77.57 | 4872 4523 | 79.68  79.02

TAN 69.08 6054 | 8247 7328 | 6897 5932 |5861 4801 | 68.85 48.06

KTN 76.15 6828 | 9039 84.48 | 7899 7697 | 3353 3518 | 8219 83.73

SDC 7543 7285 | 8755 86.83 | 73.61 7536 | 7323 7244 | 80.73 8129

LOOP 73.93 7259 |90.84 882 | 7378 7342 |53.05 519 |83.87 8391

ALUP 80.67 7476 |91.68 90.13 |80.02 797 | 7571 70.82 | 87.78 87.12

Glean 80.69 7838 | 86.84 84.06 | 80.26 80.0 | 78.05 7775 | 7698  79.25

GenDis 8349 8204 | 9432 9187 |8532 8629 |80.82 8179 |9251 93.15

Table S3: Performance of various backbones based on GenDis across 5 datasets at different ratios. Metrics include
ARI, NMIC, and H-Score. The best results are highlighted in bold, while the second-best results are underscored.

Dataset | BANKING | CLINC | HWU | MCID | StackOverflow
KCR  Backbone | ARI NMI H-Score | ARL NMI H-Score | ARI NMI H-Score | AR NMI H-Score | ARI NMI  H-Score

0.25 Llama3-8B-R1 | 57.46 82.13 6694 | 8433 9586 89.28 | 68.72 8749 80.02 | 6681 79.73 8250 | 78.82 84.57 88.08
Llama3.1-8B 64.81 8630 7749 | 87.72 9687 91.54 | 68.06 87.50 79.80 | 52.78 7328 58.15 | 8289 86.03 92.57
Qwen2.5-7B 6554 8632 7728 | 8840 97.12 9234 | 74.62 90.05 8398 | 5824 7526 7152 | 8288 86.50 91.78
Qwen3-8B 67.46 8740 7855 | 89.36 97.02 9298 | 7502 9124 8476 | 5141 7247 6541 | 8499 87.62 93.76

0.50 Llama3-8B-R1 | 6595 86.10 7220 | 89.80 97.26  92.18 | 64.56 8571 71.89 | 59.50 76.88 6841 | 83.03 87.11 91.80
Llama3.1-8B 68.38 87.06 75.61 | 89.53 9729 91.56 | 73.64 89.08 8252 |67.21 8126 8038 | 83.53 87.27 92.07
Qwen2.5-7B 67.76 87.26 7529 | 91.78 9779 9392 | 7592 90.26 8479 | 6793 8178 80.16 | 86.64 88.64  93.32
Qwen3-8B 67.64 8695 73.83 | 89.75 97.50 91.27 | 7237 88.76 80.32 | 6344 8045 7053 | 83.03 8840 87.76

0.75 Llama3-8B-R1 | 75.82 89.90  77.87 | 9273 97.89 9274 | 7350 89.16 79.49 | 6893 8247 76.61 84.26 86.52  92.04
Llama3.1-8B 72771 8879 7454 | 9280 98.11 92,67 | 7046 87.72 7626 | 73.78 85.03 8535 | 8579 87.87 9281
Qwen2.5-7B 7526 90.69  82.04 | 9249 98.05 91.87 | 76.68 90.54 86.29 | 6936 8242 81.79 | 86.51 8893 93.15
Qwen3-8B 73.04 88.98 7531 91.70 9790 90.75 | 74.88 89.69  80.88 | 71.00 8340 6940 | 83.65 8833  89.61

D.5 Implementation Details

To ensure fair comparisons, we employ bert-base-
234%ncased” as the backbone for the discriminative

*https://huggingface.co/google-bert/
bert-base-uncased
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Table S4: Performance of various backbones based on GenDis across 5 datasets at different ratios. Metrics include
ACC, K-ACC and N-ACC. The best results are highlighted in bold, while the second-best results are underscored.

Dataset | BANKING | CLINC |

HWU | MCID | StackOverflow

KCR Backbone | ACC K-ACC K-ACC | ACC

K-ACC K-ACC | ACC

K-ACC K-ACC‘ ACC K-ACC K-ACC ‘ ACC K-ACC K-ACC

0.25 Llama3-R1 65.70  69.70 64.39 | 87.16 9439 84.70
Llama3 74.03  87.22 69.71 | 89.78  95.61 87.80
Qwen2.5-7B | 74.69  82.49 72.80 | 90.52  96.62 88.45
Qwen3-8B 7693 8221 75.19 | 9231 9439 91.61

77.03  87.30 73.86 | 8248  82.56 8245 | 8581 93.53 83.24
7597  90.16 71.57 | 65.86 48.84 71.84 | 91.12  95.80 89.56
8236 87.59 80.74 | 72.58  70.56 7297 | 90.02
83.20 88.07 81.70 | 66.16  63.95 66.94 | 9241 96.73 90.96

95.83 88.08

0.50 Llama3-R1 | 7345 83.74 63.46 | 9227 95.11 89.42
Llama3 7628 84.14 68.65 | 91.82  96.71 86.93
Qwen2.5-7B | 76.22  85.98 67.00 | 94.06  97.56 90.56
Qwen3-8B 7488 8447 65.58 | 91.64 9751 85.78

71.90  71.69 72.09 | 69.79  60.49 78.70 | 91.80  92.05 91.56
82.56  81.87 83.18 | 80.66 76.54 84.62 | 92.07 91.92 92.22
84.88  84.48 85.16 | 80.44  79.17 81.66 | 93.33 9392 92.75
8043 7882 81.89 | 72.21  61.73 82.25 | 87.82 85.54 90.09

0.75  Llama3-R1 83.44  87.86 69.92 | 9520 97.50 88.42
Llama3 79.66  83.76 67.15 | 9498 97.14 88.60
Qwen2.5-7B | 83.49 8541 79.14 | 9432 96.60 87.63
Qwen3-8B 78.62 8143 70.05 | 93.64 96.31 85.79

80.81  81.85 77.25 | 78.85  80.80 72.84 | 92.10 92.17 91.91
79.26 8148 71.67 | 86.10  86.80 83.95 |92.89 9297 92.65
8532  84.45 88.30 | 80.82  79.70 84.26 | 9251 91.81 94.62
8285 84.36 77.68 | 81.27  89.20 56.79 | 88.57 8747 91.84

language model, and Qwen2.5-7B-Instruct’ as the
backbone for the generative model. For the BERT-
based model, we apply full-parameter fine-tuning.
For the large language model (LLM) (Touvron
et al., 2023), we adopt a parameter-efficient fine-
tuning (PEFT) strategy using LoRA (Hu et al.,
2022), which inserts trainable low-rank adapters
into each Transformer layer while freezing the
original weights. We optimize all models using
the AdamW optimizer with a learning rate of
5 x 1075, a batch size of 32, and 15 training epochs.
The hyperparameters for our proposed method,
(Agens Acca), are selected based on the Known Class
Ratio (KCR): (5.0, 1.0) for KCR =0.25, (2.0, 0.1)
for KCR = 0.5, and (5.0, 0.01) for KCR = 0.75.
We set the CCA subspace dimension to d = 32,
and generate k = 4 candidate labels. For the
Sinkhorn-Knopp (SK) algorithm, we follow the
settings used in prior baselines. Specifically, we
perform 3 iterations of alternating row and column
normalization to obtain a doubly stochastic trans-
port matrix. The entropy regularization coefficient
is set to 0.1, which controls the smoothness of the
transport plan—balancing between numerical sta-
bility and solution sparsity. Additionally, we set
the imbalance factor to 1.0, indicating no explicit
adjustment for class imbalance. Each experiment
are conducted on a single NVIDIA RTX 5880 GPU
with 48GB memory.

E Additional Experiemental Results

E.1 Detailed Experimental Results

Table S2 presents the results under overall ACC and
H-Score, reflecting the holistic performance and
balance across categories. These results confirm

Thttps://huggingface.co/Qwen/QwenZ.
5-7B-Instruct

that our proposed GenDis achieves consistent im-
provements across all metrics and settings, demon-
strating strong generalization to unseen classes
while maintaining robust performance on known
categories.

E.2 Detailed Backbone Results

To further understand the impact of different
LLM backbones on the overall performance of
GenDis, we report a comprehensive evaluation us-
ing four representative backbones: LLaMA3-8B-
R1%, LLaMA3.1-8B%, Qwen2.5-7B1, and Qwen3-
8B!. These models vary in parameter scale and
training quality, representing a diverse range of
foundation model capabilities. Table S3 and Ta-
ble S4 present detailed results under multiple
metrics, including ARI, NMI, H-Score, ACC,
K-ACC, and N-ACC, across five benchmark
datasets and three KCR settings (0.25, 0.50, 0.75).
Overall, these results validate the robustness of
GenDis across various LLM backbones and indi-
cate that our framework can adapt to different foun-
dation model capabilities.

E.3 Detailed Ablation Studies

Table S5 presents a comprehensive ablation study
on the HWU dataset across five evaluation metrics
under different KCRs. We analyze the contribution
of each major component in GenDis by incremen-
tally removing or replacing them with simplified
variants.

*https://huggingface.co/deepseek-ai/DeepSeek-R 1-
Distill-Llama-8B

Shttps://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

Thttps://huggingface.co/Qwen/Qwen2.5-7B

"https://huggingface.co/Qwen/Qwen3-8B
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Table S5: Ablation study on HWU datasets across all five metrics.

KCR | 025 | 050 | 075

Metric | ARI NMI H-Score ACC K-ACC N-ACC | ARl NMI H-Score ACC K-ACC N-ACC| ARl NMI H-Score ACC K-ACC N-ACC
Onlygen 6435 8580 7425 7302 7684  71.82 |70.71 8847 7721 7781 7243 8269 |70.67 8832 7976 78.19 7678  83.05
Onlydis 7198 8896 7883 7936 7787 79.82 | 6822 87.66 7648 7655 7536 77.63 | 7352 8949 8206 8043 7897 8541
GenDis w/o semi | 72.02 88.94 81.19 8043 8530 7830 | 7112 8878 8026 8023 81.06 7948 |71.19 8593 7740 7943 8098  74.11
Gen+semi 6872 8748 7515 7640 7295 7747 |68.69 8823 7688 7694 7617  77.63 | 69.64 8854 7847 7626 7422 8326
Dis+semi 70.36 88.08 8163 79.17 8730 7665 | 7135 8879 78.66 7878 7699 8041 |7129 8850 7996 80.04 80.10  79.83

GenDis w/o GPL | 71.60 88.74 8190  80.09 85.86 78.30 | 73.39 8945 7941 7936 81.06 77.82 | 7541 90.15 83.09 8324 83.35 82.83
GenDis W/o Lo, | 70.04  88.61  81.13 7975  84.02 7843 | 7351 8632 82.84 83.85 82.54 84.14 | 7439 89.73 80.76  82.36  83.60 78.11
GenDis w/o curr | 64.31 8434 7356  72.00 76.92 7048 | 6698 87.02 7475 7471 7597 73.57 | 71.41 8798 7545 7955 8248 69.53
GenDis w/o was | 68.37 86.60 7840 7642 84.36 7381 | 73.56 87.77 81.37 8140 8091 81.84 | 7250 89.11 79.66  81.10 8223 77.25
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Figure S1: Parameter on Agep, and Accq
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Figure S2: Parameter on CCA projection dimension (d) and the number of generated responses (k)

E.4 Detailed Parameter Analysis

We conduct two groups of parameter sensitivity
234pnalyses to better understand the impact of key



hyperparameters in our framework.

The first analysis (Figure S1) investigates the
joint effect of the loss weights Ayep, and Ao, 0N
model performance. We observe a clear trade-off
between K-ACC (performance on known classes)
and N-ACC (performance on novel classes): in-
creasing one loss weight often improves one metric
at the expense of the other. Notably, the H-Score,
which harmonizes these two aspects, offers a more
balanced and informative performance measure.
Accordingly, we select the optimal hyperparameter
combination based on the highest H-Score.

The second analysis (Figure S2) examines the
effect of the CCA projection dimension d and the
number of generated responses k used in multi-
inference during label generation. The results in-
dicate that setting the CCA subspace dimension to
d = 32 and generating k = 4 candidate responses
achieves the best trade-off across all metrics, offer-
ing a balance between representational expressive-
ness and generation diversity.

E.5 Details of Case Study

T-SNE visualization We visualize the learned
representations on the StackOverflow test set us-
ing T-SNE to compare GenDis with a represen-
tative baseline (ALUP) under different KCRs. As
shown in Figure S3, ALUP produces entangled and
overlapping clusters, especially for unseen classes
under low KCR settings. In contrast, GenDis con-
sistently forms more compact and well-separated
clusters, even when labeled data is scarce, showing
that GenDis learns more robust and discriminative
representations, particularly for novel categories.

To further verify that the latent space guided
by discriminative pseudo-labeling can effectively
support semantic label generation, we extract the
pseudo-labels generated by GenDis on the Stack-
Overflow dataset, which is an intent detection
benchmark for programming-related questions. We
observe that GenDis consistently produces con-
cise label names that align closely with ground-
truth categories (e.g., apache, drupal, wordpress).
In contrast, baseline methods such as LOOP and
Glean tend to generate verbose or noisy phrases
that are often irrelevant to the original label seman-
tics. These results demonstrate the superiority of
our approach in capturing precise, label-aligned
semantics, which is critical for guiding pseudo-
label learning and improving generalization. More
details and generated labels are provided in Ap-
pendix E.5.

Generated Labels by GenDis To better under-
stand the quality of semantic signals provided by
our method, we conduct a comparative case study
on the interpreted label descriptions at different
KCRs (KCR = 0.25, 0.50, 0.75). Specifically,
we generate the textual label for each instance in
the unlabeled dataset using the sample prompt de-
scribed in Section 4.2, and then apply the Hungar-
ian algorithm to align the generated labels with the
ground-truth labels for evaluation. As shown in
Tables S6-S8, we compare our model (GenDis)
with two representative LLM-enhanced baselines
(LOOQOP and Glean). It is worth noting that another
recent method, ALUP (Liang et al., 2024), does not
generate semantic label names. Instead, it relies on
querying representative samples and uses retrieved
neighbors as a form of weak supervision signal.
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Figure S3: T-SNE visualization under different KCRs. As known categories typically exhibit better clustering
quality, we render them in gray and use distinct colors to highlight novel classes, thereby emphasizing the clustering
behavior of novel categories.

Table S6: Case study of label interpretation results at KCR = 0.25.

Label GenDis LOOP Glean
ajax - - -
apache apache Web server configuration Apache and HTAccess Rewrites
bash bash Bash scripting techniques Excel Queries
cocoa cocoa Qt widget customization Querying and Collections
drupal drupal Content Management System In- Subversion Management
quiry
excel - - -
haskell haskell understanding system workings  Programming Languages and
Tools
hibernate - - -
linq linq LINQ Operations Programming Queries
magento magento technical issue Development Tasks
matlab matlab MATLAB Help Request Querying and Programming
oracle - - -
0SX mac Drupal question SVN Configuration and Usage
qt qt how to configure or use external AJAX Programming
tools/functions
scala scala Haskell concepts inquiry Excel Programming and Automa-
tion
sharepoint sharepoint Drupal issues and feature re- Oracle SQL and PL/SQL
quests
spring spring Web Technology Concepts Hibernate Troubleshooting
svn - - -
visual-studio | vs2008 Seeking guidance on licensing Code Interpreter
and usage
wordpress wordpress seeking guidance on implementa- CMS and Plugin Management

tion/configuration
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Table S7: Case study of label interpretation results at KCR = 0.50.

Label GenDis LOOP Glean

ajax ajax Programming Inquiry AJAX and ASP.NET

apache apache Scripting Commands AJAX and Web Server Issues

bash - Bash Scripting Excel Formulas and Manipula-
tions

cocoa - - -

drupal drupal SharePoint Integration Issues Mac OS X Configuration and Au-
tomation

excel - - -

haskell haskell Programming Issues Haskell Programming

hibernate - - -

ling - - -

magento - - -

matlab - - -

oracle oracle Seeking Clarification -

0SX python - -

qt - - -

scala scala Bash Commands Linq to Sql Queries and Opera-
tions

sharepoint sharepoint Request for modification or re- Web Development and Server

trieval of specific content Management
spring spring Troubleshooting Guides Hibernate Troubleshooting
svn - - -

visual-studio

wordpress

visual-studio

how to configure external tools
or elements

Programming Queries
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Table S8: Case study of label interpretation results at KCR = 0.75.

Label

GenDis

LOOP

Glean

ajax
apache
bash
cocoa
drupal
excel
haskell
hibernate
ling
magento
matlab
oracle
08X

qt

scala
sharepoint

spring

svn
visual-studio
wordpress

qt

sharepoint

spring
subversion

Drupal troubleshooting

Drupal module functionality

Custom Field Configuration

Drupal form customization
how to upgrade/transition

Programming Queries

Qt Programming Issues
Development Tools and Integra-
tions

Programming Issues
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