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Abstract

Generalized Category Discovery (GCD) aims
to classify data from partially labeled datasets
by jointly recognizing known categories and
discovering novel ones. Despite recent ad-
vances, existing methods still suffer from weak
text–label alignment, inconsistent objectives
across known and novel categories, and poor
discrimination of semantically similar clus-
ters. To mitigate these issues, we propose
TLSA, a unified framework that enforces con-
trastive alignment between text and label rep-
resentations within a shared semantic space.
Specifically, we first design a label-semantic
aware dual-encoder equipped with a symmet-
ric contrastive objective to achieve text-label
alignment. Then, we leverage LLM-based la-
bel induction to generate explicit and seman-
tically meaningful names for previously un-
seen categories, followed by a graph-based re-
finement strategy that disambiguates semanti-
cally overlapping clusters through forced re-
naming. Finally, a confidence-aware sampling
strategy ensures balanced learning across both
easy and hard instances. Extensive experi-
ments on four benchmark datasets show that
TLSA consistently outperforms state-of-the-
art GCD methods. The code is available at
https://github.com/Wenxi-Xu/TLSA.

1 Introduction

Deep learning has demonstrated remarkable effec-
tiveness in text classification when trained on large-
scale annotated corpora. Despite this success, most
prior work has been developed under the closed-
set assumption, where all possible categories are
known in advance. Such an assumption is rarely sat-
isfied in real-world applications, which often face
challenges of limited supervision, domain shifts,
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and evolving label spaces. To address these is-
sues, a growing body of research has explored
semi-supervised and self-supervised approaches
as alternatives to supervised learning.

Recently, the task of generalized category discov-
ery (GCD) has emerged as a promising paradigm
for learning from partially labeled data (Lin et al.,
2020; Zhang et al., 2021). In this setting, a model
is trained on a limited set of labeled samples from
known classes, alongside a large pool of unlabeled
data that encompasses both known and previously
unseen categories. The model needs to distinctly
separate known classes while discovering and iso-
lating unknown ones. This setting is particularly
relevant in real-world scenarios where annotation
budgets are limited and new categories continu-
ously emerge over time.

Contemporary methods for GCD predominantly
employ a two-stage paradigm. The initial stage
involves training a feature encoder on labeled data.
Subsequently, unlabeled samples are clustered and
iteratively refined using pseudo labels, often aug-
mented with semantic guidance from large lan-
guage models (An et al., 2024a; Zou et al., 2025;
Liang et al., 2024). However, three core limita-
tions remain: (1) Treating labels as mere identifiers
(one-hot targets) rather than leveraging their true
semantics weakens text–label alignment. (2) Opti-
mizing known and novel categories with different
objectives (Zhang et al., 2021; An et al., 2023b),
such as a classification loss for labeled samples and
contrastive clustering losses for unlabeled ones,
introduces an inherent bias toward known classes
that becomes more severe when novel classes domi-
nate. (3) For fine-grained label spaces, semantically
close categories tend to occupy overlapping repre-
sentation regions, making clusters less separable
and decision boundaries ambiguous.
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To address these challenges, we propose TLSA,
a unified framework that performs Text–Label
Space Alignment under LLM guidance with con-
trastive learning. Specifically, we first employ a
dual-encoder architecture to embed text and label
into a shared semantic space, where a symmet-
ric contrastive objective aligns the two modalities.
Building upon these aligned representations, we
introduce LLM-driven label induction to automat-
ically derive explicit and interpretable labels for
new categories. We further apply graph-based re-
finement to disambiguate semantically overlapping
clusters and employ confidence-aware sampling
to ensure balanced learning across easy and hard
instances. Extensive experiments on four bench-
mark datasets demonstrate that TLSA consistently
outperforms state-of-the-art methods.

2 Related Work

Generalized Category Discovery Recently,
open-world learning has attracted growing atten-
tion for its relevance to realistic settings, such as
labor-market analytics (Qin et al., 2025b; Chen
et al., 2024). In text classification, a representative
formulation is open-set text classification (OSTC),
which requires models to distinguish in-distribution
classes from unknown inputs (Prakhya et al., 2017;
Chen et al., 2026). Generalized category discov-
ery (GCD) further extends this setting by uncover-
ing the latent structure among unknown instances
while preserving reliable recognition of known
classes (Vaze et al., 2022). Existing GCD meth-
ods typically adopt a two-stage pipeline: they first
train on the labeled set and then cluster or pseudo-
label the unlabeled data, with refinements such as
alignment-based clustering (Zhang et al., 2021),
robust pseudo-label training (An et al., 2023a),
and geometry- or structure-aware constraints (Tang
et al., 2024; Zhang et al., 2024). More recent stud-
ies emphasize knowledge transfer: decoupled pro-
totypical learning improves separability for novel
classes while preserving known-class discrimina-
tion (An et al., 2023b), and prototype/instance
alignment methods further reduce bias between
domains (Shi et al., 2024; An et al., 2024b). In
parallel, calibration-based methods mitigate the
tendency to overfit known classes by adjusting pre-
diction logits, thereby facilitating novel-class dis-
covery (An et al., 2025).

LLMs for GCD LLMs have been widely applied
across a range of natural language processing do-

mains (Qin et al., 2025c; Jiang et al., 2024; Tong
et al., 2025; Qin et al., 2025a; Huang et al., 2026;
Song et al., 2026). Recent studies integrate LLMs
into GCD via active learning. ALUP queries un-
certain samples and propagates soft labels (Liang
et al., 2024); LOOP leverages LLM feedback to
refine neighborhoods and name clusters for evalua-
tion (An et al., 2024a); and GLEAN combines sim-
ilarity judgments, cluster descriptions, and sample-
to-cluster assignments with quality control (Zou
et al., 2025). Although LOOP and GLEAN gen-
erate cluster names, such names are not incorpo-
rated into representation learning, serving only for
evaluation or querying the LLM. In contrast, our
approach explicitly models labels as text and en-
forces contrastive alignment between text and la-
bel representations within a shared semantic space,
enhancing semantic coherence and substantially
improving performance in GCD.

3 Preliminaries

Problem Definition Given a labeled dataset
Dl = {(x, y) | y ∈ Yk}, models trained un-
der the closed-set assumption are effective in rec-
ognizing predefined known categories Yk. How-
ever, in realistic open-world settings, models are
inevitably exposed to unlabeled data Du = {x |
y ∈ Yk ∪ Yn}, which contains instances from
both known categories Yk and novel categories
Yn with Yk ∩ Yn = ∅. This mismatch often
leads to severe failures in identifying novel cat-
egories. The task of GCD therefore aims to si-
multaneously recognize known categories while
discovering novel categories by leveraging both Dl

and Du. Following prior work (An et al., 2023b;
Shi et al., 2024; An et al., 2025), we assume the
number of novel categories |Yn| is known during
training. Evaluation is conducted on a test set
Dt = {(x, y) | y ∈ Yk ∪ Yn} inductively.

Conventional GCD approaches typically fine-
tune a PLM with a classification head on Dl, and
then apply clustering on the learned instance rep-
resentations from Du to assign pseudo one-hot la-
bels. These pseudo-labeled samples are then used
to augment the classifier, which is trained itera-
tively. However, since the classification head is
trained only on Yk, the learned representations are
inherently biased toward known categories. More-
over, pseudo labels for both known and novel cat-
egories remain semantic-free one-hot identifiers
that fail to convey category-level meaning, limiting
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Figure 1: Overall architecture of TLSA. Text–Label Contrastive Alignment pre-trains a dual encoder on labeled
data via a symmetric contrastive objective. LLM-based Semantic Label Induction identifies unknown clusters
via clustering and the Hungarian algorithm, then leverages LLM induction to generate and refine pseudo labels.
Confidence-aware Sampling and Semi-supervised Training perform confidence-stratified sampling and LLM
verification for joint training with labeled data.

generalization to unseen classes.

Solution Overview To overcome the limitations
of conventional one-hot based GCD approaches,
we propose a unified framework TLSA. First, we
introduce Text–Label Contrastive Alignment to
jointly embed texts and labels into a shared se-
mantic space, enabling classification through rep-
resentation matching. Second, we employ LLM-
based Semantic Label Induction for Novel Cate-
gories to generate and refine semantic labels for
novel clusters, facilitating interpretable category
discovery. Finally, we design a Confidence-aware
Sampling and Semi-supervised Training strategy
that filters samples with multi-level confidence and
iteratively performs semi-supervised training. This
unified framework enables the model to move be-
yond predefined categories, effectively discovering
and learning novel classes.

4 Method

4.1 Text–Label Contrastive Alignment

A key limitation of conventional GCD models lies
in their reliance on a classification head that maps
instances to a fixed one-hot label space, which re-
stricts the model’s ability to generalize beyond pre-
defined categories. To address this, we propose a
Label-Semantic Aware Dual-Encoder architecture
that directly aligns texts and labels within a shared
semantic space. This design enables the model to
bypass the constraints of a fixed classifier, making
it naturally extensible to novel categories.

Dual Representations for Text and Label To
enable the model to generalize beyond the one-hot
label space, we design a dual-encoder architecture
that jointly models semantic representations for
both texts and labels. Specifically, given an input
text x, we encode it with a BERT encoder fθ(·)
followed by a projection MLP, obtaining the text
embedding hx = MLPt(fθ(x)). Similarly, for
each label y ∈ Yk, we construct a textual descrip-
tion (e.g., its name or natural language definition),
which is encoded by the same BERT with an in-
dependent projection head, yielding the label em-
bedding hy = MLPl(fθ(y)). During training, this
dual representation enables semantic alignment be-
tween texts and labels through contrastive match-
ing.

Symmetric Difficulty-aware Reweighted Con-
trastive Loss Given a mini-batch of text–label
pairs {(xi, yi)}Bi=1, the objective is to align each
text embedding hxi with its corresponding label
embedding hyi while pushing it away from non-
matching labels. A standard contrastive objective
computes the probability of the correct label under
a softmax distribution:

Lcl(x, y) = − log
exp(sim(hx, hy)/τ)∑

y′∈Yk exp(sim(hx, hy′)/τ)
, (1)

where τ is a temperature parameter and sim(·, ·)
denotes cosine similarity computed as:

sim(x, y) =
h⊤
x hy

∥hx∥∥hy∥
. (2)

We introduce two key enhancements. First, the
loss is made symmetric, enforcing alignment in
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both directions to avoid representation collapse and
to maintain balanced embedding spaces. Let Z ∈
RB×B denote the cosine similarity matrix for text-
label pairs within a mini-batch of size B, where
Zij = sim(hxi , hyj )/τ . The symmetric contrastive
loss is defined as:

Lt→l
cl =

1

B

B∑

i=1

[
− log

exp(Zii)∑B
j=1 exp(Zij)

]
,

Ll→t
cl =

1

B

B∑

j=1

[
− log

exp(Zjj)∑B
i=1 exp(Zij)

]
,

Lcl =
1
2

(
Lt→l

cl + Ll→t
cl

)
. (3)

Second, we incorporate a difficulty-aware rank-
ing loss. For i ̸= j, a larger Zij means the text xi
is more similar to an incorrect label yj , hence this
negative is more confusing. Accordingly, we im-
pose a margin-based penalty on the top-k negatives
with the largest Zij . For text-to-label alignment, for
each i we select the top-k negatives from {Zij}j ̸=i

and compute:

Lt→l
rank =

1

B

B∑

i=1

1

k

∑

j∈N t→l
i

[Zij − Zii +m ]+, (4)

where m ≥ 0 is a margin and [u]+ = max(0, u).
Analogously, for label-to-text alignment we obtain
Ll→t

rank by applying the same procedure on Z⊤. Fi-
nally, the difficulty-aware ranking loss is

Lrank = 1
2
(Lt→l

rank + Ll→t
rank). (5)

Combining the symmetric contrastive loss with
the rank loss yields the final training objective:

Ltrain = Lcl + αLrank, (6)

where α is a weight hyperparameter controlling the
contribution of hard-negative reweighting.

This design ensures that the dual-encoder not
only learns robust text–label alignment in a sym-
metric manner, but also pays particular attention
to fine-grained semantic distinctions. A warm-up
phase is first conducted on the known labeled data.

4.2 LLM-based Semantic Label Induction for
Novel Categories

While the dual-encoder enables semantic alignment
between texts and labels, it alone does not provide
explicit names for unseen categories. To ensure
interpretability and facilitate the extension of the
label space, we incorporate LLMs to induce de-
scriptive labels for clusters that are not aligned
with known categories. This process involves three

stages: identifying novel clusters by aligning dis-
covered clusters with known categories, generat-
ing semantic labels for novel clusters using repre-
sentative samples, and refining ambiguous labels
through a similarity-aware disambiguation step.

Novel Cluster Identification via Known-class
Alignment Given the unlabeled dataset Du, we
first encode each instance with the text encoder and
obtain its semantic embedding. K-Means cluster-
ing is then applied to partition Du into |Yk|+ |Yn|
groups, corresponding to both known and novel
categories. To distinguish them, we identify clus-
ters corresponding to known categories by aligning
their centroids with precomputed labeled known-
class representatives. This alignment is formulated
as a maximum-weight bipartite matching problem
and solved via the Hungarian algorithm (Kuhn,
1955). Details are provided in Appendix B. Clus-
ters matched to known centroids are labeled as
aligned-to-known, while unmatched clusters are
regarded as novel candidates.

Semantic Label Generation with Prototype-
based Samples We first compute confidence
scores for unlabeled samples. Given a sample x in
cluster Ci, its confidence score is defined as:

conf(x,Ci) =
d(x,Cj)− d(x,Ci)

d(Ci, Cj)
, (7)

where Cj is the nearest alternative cluster, d(·, ·)
denotes Euclidean distance, and d(Ci, Cj) is the
distance between cluster centroids.

For each candidate novel cluster in Ci, we se-
lect a small set of high-confidence representative
samples, which are then used as input to prompt
an LLM to generate a concise, human-readable
label that summarizes the cluster’s dominant se-
mantics. Details of the prompt are provided in
Appendix E.1.1. By operating directly in natu-
ral language space rather than relying on numeric
identifiers, this procedure leverages the LLM’s
prior knowledge to produce informative and inter-
pretable category names. Importantly, the LLM is
instructed to avoid duplication with existing known
labels, thereby ensuring that the induced labels ex-
tend rather than overlap with the predefined label
space.

Semantic Label Refinement for Confusable Cat-
egories Although the initial LLM-generated la-
bels provide semantic interpretability, clusters with
high semantic similarity may still be assigned over-
lapping or ambiguous names. To mitigate this, we
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build a label similarity graph G = (V, E), where
each vertex vi ∈ V represents a known or induced
label yi, and each edge (vi, vj) ∈ E encodes their
semantic similarity. Given label embeddings hyi
and hyj obtained from the label encoder, we define
the edge weight as the cosine similarity:

sim(yi, yj) =
h⊤
yihyj

∥hyi∥∥hyj∥
. (8)

An undirected edge is established if sim(yi, yj) ≥
θsim, forming a semantic graph that connects labels
with potentially overlapping meanings. We then
identify connected components C1, C2, . . . , CM
within G, where each component Cm represents
a group of semantically confusable categories.

We distinguish between two scenarios according
to the composition of each connected component
during training. For pure novel groups, where a
component contains only novel clusters, we em-
ploy the LLM to simultaneously rename all clus-
ters within the group, enforcing pairwise distinc-
tiveness among the induced labels (see Prompt 2 in
Appendix E.1.2). For mixed groups, where novel
clusters co-occur with semantically close known
categories, the LLM is instructed to generate new
labels that are not only mutually distinctive but also
clearly separated from their known neighbors (see
Prompt 3 in Appendix E.1.3).

To enhance the reliability of label refinement,
we perform local confidence recalibration within
each component Cm. Specifically, we restrict the
confidence computation to the subset of clusters
{C̃i | C̃i ∈ Cm}, and re-evaluate the confidence
scores for samples assigned to these clusters as:

˜conf(x, C̃i) =
d(x, C̃j)− d(x, C̃i)

d(C̃i, C̃j)
, (9)

where C̃j is the nearest alternative cluster in Cm.
This local normalization ensures that the lo-

cally recalibrated high-confidence samples used for
LLM-based refinement are representative of con-
fusable clusters within the same component, rather
than globally dominant outliers. Through this re-
finement step, semantically entangled clusters are
disambiguated and assigned mutually exclusive,
interpretable names, significantly improving the
consistency and readability of induced label seman-
tics.

4.3 Confidence-aware Sampling and
Semi-supervised Training

However, a cluster label may not apply to every
instance within the cluster, particularly for samples

near decision boundaries. We therefore introduce
an LLM-guided, confidence-aware sampling strat-
egy to retain instances that are truly consistent with
the cluster label, providing a second-stage verifica-
tion after cluster discovery and label induction.

LLM-guided Confidence-aware Sampling
Based on precomputed conf(x,Ci), unlabeled
samples in each cluster Ci are partitioned into
high-, medium-, and low-confidence sets, denoted
as Du,i

high, Du,i
mid, and Du,i

low. At epoch e, we rank
samples in Ci by conf(x,Ci) in descending order
and partition them by adaptive ratio rhe and fixed
ratio rl:

Du,i
high = {x ∈ Ci | rank(x) ≤ rhe |Ci| },

Du,i
mid = {x ∈ Ci | rhe |Ci| < rank(x) ≤ (1−rl) |Ci| },

Du,i
low = {x ∈ Ci | rank(x) > (1−rl) |Ci| }, (10)

For each cluster Ci, we randomly sample unla-
beled kh, km, and kl instances from Du,i

high, Du,i
mid,

and Du,i
low, respectively, to form the queried candi-

date set D̃u
e , and send them to the LLM together

with their label of the cluster. The LLM returns
a binary decision verify(x,Ci) ∈ {0, 1} for each
queried sample. The final verified pseudo-labeled
set for epoch e is:

D̂u
e = {(x, ŷ) | x ∈ D̃u

e , verify(x,Ci) = 1},

where ŷ denotes the matched known-class label
for aligned-to-known clusters or an LLM-induced
label for novel clusters. Details of the sample-
selection prompt are provided in Appendix E.1.4.

Iterative Semi-supervised Training After
pseudo-label filtering, we retrain the model in an
iterative semi-supervised fashion. At each epoch e,
the training set is defined as the union of labeled
and verified pseudo-labeled samples:

Dtrain
e = Dl ∪ D̂u

e . (11)

To incorporate more uncertain yet potentially infor-
mative samples, we dynamically anneal the high-
confidence ratio rhe across epochs. Specifically, rhe
is linearly increased from an initial conservative
value rh0 (e.g., 0.15) to a larger value rhT (e.g., 0.40)
as training proceeds. This adaptive relaxation can
be formulated as:

rhe = (1− t) rh0 + t rhT , t =
e

E − 1
, (12)

where E is the total number of semi-supervised
epochs.

During each epoch, the model parameters are
optimized with the proposed loss Ltrain in Eq. 6.
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The process is iterated over epochs, alternating
between clustering, label induction, LLM-based
verification, and retraining. As the model evolves,
cluster boundaries become sharper, confidence es-
timates more accurate, and pseudo-label quality in-
creasingly reliable. This dynamic ratio scheduling
enables the model to gradually transition from con-
servative pseudo-label selection to more inclusive
learning, thereby achieving robust representations
for both known and novel categories.

5 Experiment

5.1 Experimental Settings
Datasets Following prior work (Liang et al.,
2024; Zou et al., 2025), we evaluate our GCD
framework on three widely-used English bench-
marks: BANKING (Casanueva et al., 2020),
CLINC (Larson et al., 2019), and HWU (Liu et al.,
2021). We also incorporate a Chinese dataset,
THUCNews.* Further details are provided in Ap-
pendix C.2. We followed the standard splitting
commonly employed in GCD (Zhang et al., 2024).
Specifically, we considered three experimental set-
tings in which 25%, 50% and 75% of the total
categories were designated as known classes Yk,
while the remaining were treated as novel classes
Yn. Within the training data, only 10% of the sam-
ples from Yk were used as labeled training data,
and the rest, together with all samples from Yn,
formed the unlabeled training set.

Baselines We compared our approach with
two categories of SOTA methods for GCD.
(1) Traditional GCD methods, including
DeepAligned (Zhang et al., 2021), DPN (An et al.,
2023b), GeoID (Tang et al., 2024), KTN (Shi et al.,
2024), PTJN (An et al., 2023a), SDC (An et al.,
2025), TAN (An et al., 2024b), and USNID (Zhang
et al., 2024). (2) LLM-enhanced GCD methods,
including LOOP (An et al., 2024a), ALUP (Liang
et al., 2024), and GLEAN (Zou et al., 2025),
which integrated LLMs into the discovery process.
Further details of these baselines are provided in
Appendix C.3.

Implementation Details We adopted dataset-
appropriate BERT (Devlin et al., 2019) backbones
as the shared encoder: BERT-base-uncased for
the English datasets and BERT-base-Chinese for
THUCNews, each equipped with two separate two-
layer MLP projection heads for text and label en-

*http://thuctc.thunlp.org/

coding. The model was optimized using AdamW.
For the symmetric difficulty-aware reweighted con-
trastive loss (Eq. (6)), we set α = 0.5 and top-k
with k = 5. To further incorporate LLM capabil-
ities, locally deployed DeepSeek-V3 (Liu et al.,
2025) was employed as the LLM backend. During
training, the high-confidence ratio rhe was linearly
annealed from 0.15 to 0.40 across epochs. For
confidence-aware representative sampling, we set
khigh = 8, kmid = 12, and klow = 16. All experi-
ments were conducted with three random seeds on
a single NVIDIA RTX 4090 GPU. To ensure a fair
comparison, we re-implemented all baseline meth-
ods using the same dataset-appropriate BERT back-
bone as TLSA on each dataset and followed the
hyperparameter settings reported in their original
papers. For LLM-enhanced methods, DeepSeek-
V3 served as the backend to guarantee experimental
comparability.

Evaluation Protocol Following prior work on
GCD (Zhang et al., 2024), we evaluate perfor-
mance using three standard metrics: overall ac-
curacy (ACC), Adjusted Rand Index (ARI), and
Normalized Mutual Information (NMI). While the
LLM is used for training, inference follows the
standard GCD protocol using only the text encoder.
Predicted clusters are aligned to ground-truth la-
bels using the Hungarian algorithm (Kuhn, 1955).
Formal definitions are provided in Appendix C.4.

5.2 Overall Performance

The overall performance under different known-
class ratios was presented in Table 1. As shown,
our method outperformed all baselines in the vast
majority of cases across datasets and known ratios,
demonstrating its robustness and effectiveness.

Firstly, our method demonstrated superior per-
formance across all known-class ratios, with partic-
ularly strong gains observed at ρ = 0.25, where it
achieved an average relative improvement of 3.56%
in ACC, 4.20% in ARI, and 1.55% in NMI across
datasets. These results highlight the effectiveness
of our approach under low-resource conditions,
where limited labeled information poses significant
challenges. Additionally, LLM-enhanced meth-
ods generally outperformed traditional approaches
in most cases, reinforcing the advantage of lever-
aging external semantic knowledge. Even when
ρ = 0.75, where sufficient labeled data were avail-
able, our method continued to deliver strong and
stable performance. This demonstrated that the
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Known Ratio Method BANKING CLINC HWU THUCNews

ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI

ρ = 0.25

DeepAligned 45.87 34.35 68.65 75.47 65.83 89.43 53.81 42.56 75.17 47.30 32.10 54.76
DPN 45.27 34.41 72.75 74.46 64.94 92.36 52.07 43.42 78.38 63.91 45.97 68.98
GeoID 38.31 27.03 60.48 83.80 77.26 93.50 67.80 54.33 80.40 64.03 48.34 67.65
KTN 41.45 27.46 65.78 70.43 58.87 88.19 59.27 44.21 76.45 73.16 62.09 75.81
PTJN 51.51 39.31 71.66 79.23 71.01 91.32 56.69 45.02 76.08 61.47 48.46 64.94
SDC 48.01 36.44 69.21 66.65 55.91 85.95 58.78 45.25 75.75 64.66 47.73 67.19
TAN 42.16 28.43 64.31 58.86 46.93 81.86 44.25 29.34 66.89 67.22 52.36 69.61
USNID 67.44 57.16 81.90 82.75 77.68 93.99 72.58 62.19 84.71 67.38 52.40 69.81
LOOP 70.63 60.71 83.16 87.79 82.45 94.92 71.16 60.74 83.97 40.06 20.93 40.32
ALUP 72.32 62.33 84.22 87.24 81.96 95.04 70.16 59.42 83.05 73.63 63.81 75.89
GLEAN 66.36 56.91 82.02 85.79 80.36 94.67 69.93 58.02 83.24 46.71 27.98 49.59
TLSA 74.97 65.31 85.82 90.67 86.92 96.33 76.87 65.74 85.71 74.65 64.38 77.23

ρ = 0.5

DeepAligned 58.22 46.87 76.27 81.07 73.10 91.96 62.92 51.86 79.67 60.53 39.17 59.15
DPN 57.03 46.99 79.49 79.78 73.53 94.14 61.53 50.06 81.29 67.57 43.78 68.06
GeoID 68.98 58.07 81.63 87.91 81.90 94.78 69.70 59.35 83.00 70.29 54.94 71.14
KTN 62.36 49.54 77.88 80.34 74.08 93.33 71.58 59.13 82.61 78.00 62.55 74.93
PTJN 64.01 51.75 78.59 84.00 76.57 93.04 66.60 54.27 80.36 64.94 50.67 68.08
SDC 61.54 49.92 77.77 75.01 67.52 90.45 65.15 52.62 79.71 76.82 59.69 73.21
TAN 56.74 44.90 74.51 72.41 63.67 88.82 54.04 38.98 73.36 67.30 47.39 65.48
USNID 70.92 62.16 84.82 86.80 81.87 95.28 77.49 67.94 86.95 71.39 52.19 69.46
LOOP 72.76 63.18 84.58 87.07 82.07 94.99 74.19 64.14 84.99 48.95 26.02 45.43
ALUP 72.79 64.03 85.33 88.70 84.21 95.57 73.39 62.52 84.25 75.09 60.58 73.62
GLEAN 72.69 63.64 85.39 83.66 75.61 93.74 77.43 65.98 85.93 55.57 34.21 55.07
TLSA 78.64 68.21 86.82 92.27 88.29 96.68 79.72 68.92 87.02 80.91 70.61 81.39

ρ = 0.75

DeepAligned 66.13 54.69 80.32 86.41 80.06 94.04 71.55 59.61 82.21 82.29 72.55 80.34
DPN 70.38 60.68 84.04 88.95 84.15 96.03 76.94 66.38 86.53 81.66 68.63 79.65
GeoID 76.13 66.09 85.68 91.69 86.97 96.11 76.48 66.00 85.51 73.83 61.08 76.16
KTN 76.54 65.85 85.19 90.78 86.41 96.15 79.14 67.61 85.92 81.89 67.94 77.71
PTJN 73.33 60.46 82.12 87.47 81.79 94.68 73.06 60.71 82.81 76.98 65.72 76.51
SDC 72.46 60.28 82.46 83.33 76.97 93.33 72.95 60.42 82.97 82.37 67.76 77.16
TAN 68.81 56.61 80.93 82.49 75.43 92.58 69.64 56.29 81.03 82.64 72.56 80.25
USNID 77.00 69.09 87.44 90.06 86.45 96.36 78.65 69.11 87.23 84.02 76.37 83.21
LOOP 73.80 64.90 85.41 90.65 86.18 95.95 73.74 63.80 85.21 67.57 50.34 63.74
ALUP 77.19 68.44 86.92 90.95 86.66 96.16 77.39 67.45 86.41 78.86 65.31 76.68
GLEAN 80.69 71.96 88.26 86.84 73.93 93.54 80.26 70.04 87.54 74.26 58.25 72.97
TLSA 81.43 72.14 87.83 95.32 92.06 97.49 81.07 70.60 87.58 85.04 77.43 83.22

Table 1: Overall performance on GCD task. Best in bold, second-best underlined. Results averaged over 3 seeds.

proposed method effectively sharpened clustering
boundaries and enhanced representation discrimi-
nation, contributing to consistent performance.

5.3 Ablation Studies
To further assess the contribution of individual com-
ponents within our method, we conducted an ab-
lation study by introducing four variants: (1) w/o
Semantic Label Refinement for Confusable Cat-
egories: disables the semantic label refinement
module designed to disambiguate confusable cat-
egories; (2) w/o Dynamic Confidence Ratios rhe :
fixes the confidence ratios across epochs instead
of adapting them dynamically; (3) w/o Symmetric
Difficulty-aware Reweighted Contrastive Loss:
replaces the proposed contrastive loss with standard
cross-entropy; (4) w/o Confidence-aware Sam-
pling: removes the LLM-guided confidence-aware
sampling.

The results are shown in Table 2. Removing se-
mantic label refinement consistently degrades per-

formance, as semantically similar clusters remain
entangled and blur decision boundaries. Fixing the
dynamic confidence ratios across epochs leads to
further decline because the model can no longer
adapt to evolving cluster densities during training.
Replacing the reweighted contrastive loss with stan-
dard cross-entropy causes moderate degradation
by weakening semantic alignment between known
and novel categories. Finally, removing confidence-
aware sampling results in the most substantial per-
formance drop, indicating that the model struggles
to identify reliable pseudo-labels without intelli-
gent sample selection.

5.4 Impact of Hard Negative Top-k
To investigate the impact of selecting different
numbers of hard negatives in the difficulty-aware
ranking loss, we evaluated various values of k ∈
{0, 5, 10, 20, 30} on the BANKING and HWU
datasets where the known-class ratio ρ is 0.25.

As shown in Table 3, setting k = 5 achieved the
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ρ = 0.25 ρ = 0.50 ρ = 0.75

ACC ARI NMI ACC ARI NMI ACC ARI NMI

TLSA 74.97 65.31 85.82 78.64 68.21 86.82 81.43 72.14 87.83
w/o Semantic Label Refinement 73.48 63.42 85.21 76.37 66.70 86.61 79.53 69.85 87.35
w/o Dynamic Confidence Ratios 73.41 63.80 85.34 76.07 66.46 86.39 79.19 70.23 87.55
w/o Reweighted Contrastive Loss 72.45 62.36 84.86 76.34 66.54 86.29 79.30 69.45 87.36
w/o Confidence-aware Sampling 58.01 45.17 74.82 63.60 51.73 78.47 70.18 58.63 81.86

Table 2: Ablation studies on the BANKING dataset.

Top-k BANKING HWU

ACC ARI NMI ACC ARI NMI

0 73.64 64.20 85.58 76.33 65.58 85.61
5 74.97 65.31 85.82 76.87 65.74 85.71
10 74.31 65.06 85.60 75.03 64.22 85.48
20 74.13 64.25 85.73 75.53 63.97 85.15
30 73.81 64.42 85.71 75.15 64.61 85.41

Table 3: Performance comparison across different top-k
values on BANKING and HWU (ρ = 0.25).

α
BANKING HWU

ACC ARI NMI ACC ARI NMI

0.1 72.83 62.90 84.98 75.19 64.52 85.39
0.5 74.97 65.31 85.82 76.87 65.74 85.71
1 73.70 64.67 85.73 75.24 64.71 85.51
2 72.80 63.64 85.50 76.09 65.61 85.65

Table 4: Performance comparison across different α
values on BANKING and HWU (ρ = 0.25).

best performance. When k = 0, the ranking loss
is disabled, limiting the model’s ability to perform
fine-grained discrimination. Moderate values of
k (e.g., 5 or 10) effectively concentrated the rank-
ing penalty on the most confusing negatives. In
contrast, larger values tended to diffuse the learn-
ing signal across too many samples, weakening
the model’s focus on critical boundary cases and
degrading performance.

5.5 Impact of Ranking Loss Weight α

We further examined the effect of the ranking loss
weight α in Eq. (6), which controlled the trade-off
between the symmetric contrastive loss Lcl and the
difficulty-aware ranking loss Lrank for hard nega-
tives. To analyze its influence, we conducted exper-
iments on the BANKING and HWU datasets under
a low known-class ratio setting where ρ = 0.25,
varying α among 0.1, 0.5, 1, and 2.

The results, summarized in Table 4, showed that
α = 0.5 achieved the best performance, suggest-
ing that this configuration achieved an effective
balance between the contrastive loss and the hard-
negative loss. When α is too small, the ranking

(kh, km, kl)
BANKING HWU

ACC ARI NMI ACC ARI NMI

Balanced Configurations

(2, 4, 6) 72.39 62.25 84.09 72.93 61.19 83.51
(4, 8, 12) 73.13 63.59 85.11 74.64 62.94 84.72
(8, 12, 16) 74.97 65.31 85.82 76.87 65.74 85.71
(12, 18, 24) 74.44 65.18 86.00 75.74 64.78 85.65
(15, 30, 45) 72.87 63.76 85.49 72.16 60.68 84.19

Single-level Configurations

(36, 0, 0) 64.41 51.43 78.39 70.15 55.75 80.58
(0, 36, 0) 71.95 59.87 83.29 70.90 58.78 82.66
(0, 0, 36) 73.36 63.51 85.42 74.13 62.97 84.72

Table 5: Performance comparison across different sam-
pling configurations on BANKING and HWU (ρ =
0.25).

loss was underweighted, reducing the model’s abil-
ity to capture subtle semantic distinctions among
confusing negatives. Conversely, excessively large
values placed disproportionate emphasis on hard
negatives, which can lead to overfitting on chal-
lenging samples. These observations underscore
the importance of appropriately balancing the two
loss components to ensure both robust generaliza-
tion and fine-grained discriminative capability.

5.6 Impact of Confidence-aware Sampling
Strategies

To investigate how different sampling configura-
tions affect model performance, we conducted ex-
periments on the BANKING and HWU datasets
with known-class ratio ρ = 0.25. Table 5 summa-
rized the results across five balanced configurations
with varying sample sizes, as well as three single-
level settings that utilize only one confidence sub-
set, where kh, km, and kl denoted the numbers
of samples drawn from the high-, medium-, and
low-confidence subsets, respectively.

Among all configurations, the balanced setting
of (8, 12, 16) achieved the best performance. Bal-
anced configurations outperformed single-level
variants, suggesting that combining samples of
varying confidence provides complementary sig-
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Strategy ACC ARI NMI

Direct 74.97 65.31 85.82
ICL 75.34 65.50 85.99
CoT 76.14 65.96 86.18
Self-Refine 76.22 66.43 86.13

Table 6: Performance comparison across prompting
strategies on BANKING (ρ = 0.25).

nals: higher-confidence instances anchor stable su-
pervision, while lower-confidence instances cap-
ture harder yet still label-consistent cases near
boundaries. Additionally, both excessively small
and large balanced configurations led to diminished
effectiveness. Smaller configurations restrict feed-
back diversity, limiting the model’s exposure to
representative variations, whereas larger configura-
tions introduce noisy samples.

5.7 Impact of Different LLMs and Prompts

Recently, numerous studies have sought to en-
hance the text comprehension capabilities of LLMs
through the design of diverse prompting strate-
gies. To evaluate the robustness and generaliz-
ability of TLSA, we conducted experiments un-
der four representative prompting paradigms: Di-
rect, In-Context Learning (Brown et al., 2020),
Chain-of-Thought (Wei et al., 2022), and Self-
Refine (Madaan et al., 2023), where the Direct
strategy served as the default setting for the main
experiment. Detailed prompt designs are provided
in Appendix E.2. As shown in Table 6, our method
achieved consistently strong performance across
multiple advanced prompting strategies, indicating
that while LLM prompting incurs higher cost, it
also brings notable improvements in performance.
We also evaluated our approach with different LLM
backbones, and the detailed results are provided in
Appendix D.

6 Conclusion

In this work, we proposed TLSA, a novel GCD
framework that integrates a dual-encoder with
LLM-driven semantic refinement. Our method
explicitly models the semantics of texts and la-
bels and aligns them in a shared embedding space
to achieve robust contrastive alignment. Further-
more, we introduced LLM-guided semantic label
refinement and confidence-aware sampling. Ex-
tensive experiments on four benchmark datasets
show that TLSA achieves the best overall average
performance, demonstrating its effectiveness.

Limitations

Despite the strong performance, our method has
several limitations. First, while evaluations in Ap-
pendix D demonstrate that smaller open-source
models can achieve competitive results, the frame-
work’s overall effectiveness remains inevitably in-
fluenced by the inherent performance and biases
of the chosen LLM. This sensitivity may be more
pronounced in highly specialized domains where
model knowledge may be limited. Second, inte-
grating LLMs introduces additional challenges in
terms of data privacy, LLM interaction latency, and
request overhead. In this study, we attempted to
alleviate these concerns by employing a locally de-
ployed DeepSeek-V3 model to enhance security
and minimize communication delays.

Ethical Considerations

This study is conducted entirely on publicly avail-
able benchmark datasets released for research use.
We do not collect new personal data, and our exper-
iments operate on the datasets as provided by their
original sources. We follow standard research prac-
tices regarding data usage, privacy, and responsible
reporting.
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A LLM Usage Statement

We used large language models (LLMs) in two
specific ways during this research. First, LLMs
were employed to polish the writing and improve
the clarity of this paper. Second, LLMs were in-
tegrated into our proposed method as part of the
label generation, refinement, and sample filtering
processes. No LLMs were used for idea conception,
model architecture design, algorithm development,
or experimental evaluation. All methodological
decisions and empirical analyses were carried out
independently by the authors.

B Hungarian Algorithm Details for
Known-class Alignment

To distinguish known categories from novel ones
within the discovered clusters, we formulate the
alignment between unlabeled cluster centroids
and labeled known-class anchors as a maximum-
weight bipartite matching problem. Let C =
{c1, c2, . . . , cK} be the set of centroids obtained
from K-Means clustering on the unlabeled data Du,
where K = |Yk|+ |Yn| is the total number of clus-
ters. Let P = {p1,p2, . . . ,p|Yk|} be the precom-
puted prototypes for known classes, where each pj

is the mean embedding of labeled instances belong-
ing to class ykj ∈ Yk extracted by the encoder. The
similarity between an unlabeled cluster centroid
ci and a known-class prototype pj is defined by
cosine similarity:

Si,j =
c⊤i pj

∥ci∥∥pj∥
. (13)

We construct a similarity matrix S ∈ RK×|Yk|. The
objective is to find an optimal injective mapping
σ : {1, . . . , |Yk|} → {1, . . . ,K} that maximizes
the aggregate similarity:

max
σ

|Yk|∑

j=1

Sσ(j),j , (14)

subject to σ(j) ̸= σ(j′) for j ̸= j′. To solve this us-
ing the Hungarian algorithm (Kuhn, 1955), we aug-
ment S into a square matrix S̃ ∈ RK×K by adding
K − |Yk| dummy columns with zero entries. The
cost matrix C̃ is then defined as C̃i,j = −S̃i,j . The
algorithm identifies a permutation π of {1, . . . ,K}
that minimizes

∑K
i=1 C̃i,π(i). Clusters matched

to the original |Yk| columns are assigned to the

corresponding known classes, while the remain-
ing clusters are identified as candidates for novel
categories.

C Experimental Details

C.1 Experimental Setup Details

Our experiments use dataset-appropriate BERT
backbones: BERT-base-uncased for the English
datasets and BERT-base-Chinese for THUCNews.
All experiments can be executed on a single
consumer-grade GPU. The overall running time
is largely influenced by the latency of LLM queries.
We build our framework with open-source software
packages, including PYTORCH, TRANSFORMERS,
SCIKIT-LEARN, and NUMPY. Default hyperparam-
eter configurations and additional training details
are provided in the released code repository.

C.2 Datasets

(1) BANKING (Casanueva et al., 2020), an intent
recognition dataset containing 13,073 customer ser-
vice queries labeled with 77 fine-grained intents;
(2) CLINC (Larson et al., 2019), an out-of-scope
intent detection dataset comprising 22,500 utter-
ances spanning 150 intents; (3) HWU (Liu et al.,
2021), a spoken language understanding dataset
consisting of 25,716 examples across 64 intents;
and (4) THUCNews, a Chinese news classification
dataset from which we randomly sampled 8,348
titles covering 14 distinct categories for GCD. For
this Chinese dataset, both the baselines and our
method replaced the English BERT-base-uncased
with BERT-base-Chinese to better capture its lin-
guistic features. To ensure fairness and repro-
ducibility, all datasets were pre-partitioned into
fixed training, validation, and testing sets, which
were strictly maintained across all experiments and
baselines.

C.3 Baselines

We provide detailed introductions of the baselines
used in our experiments. (1) Traditional GCD
methods. These methods mainly rely on cluster-
ing, representation learning, or knowledge transfer
without the involvement of large language mod-
els. They include DeepAligned (Zhang et al.,
2021), USNID (Zhang et al., 2024), DPN (An et al.,
2023b), TAN (An et al., 2024b), GeoID (Tang et al.,
2024), KTN (Shi et al., 2024), PTJN (An et al.,
2023a), and SDC (An et al., 2025). They repre-
sent the evolution from early clustering-based meth-
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ods with alignment and pseudo-label refinement,
to recent transfer- and geometry-aware methods
that explicitly enhance knowledge sharing across
categories. (2) LLM-enhanced GCD methods.
These approaches leverage large language models
to provide additional information. They include
LOOP (An et al., 2024a), ALUP (Liang et al.,
2024), and GLEAN (Zou et al., 2025), which in-
tegrate LLMs into the discovery process through
active querying, uncertainty propagation, and feed-
back quality control.

DeepAligned Deep Aligned Clustering (Zhang
et al., 2021) leverages limited labeled intents to
guide clustering of both known and novel ones. It
pre-trains a BERT encoder and applies K-Means
clustering to generate pseudo labels. To stabilize
training, cluster centroids across epochs are aligned
via the Hungarian algorithm, producing consistent
pseudo labels instead of noisy reinitialization.

USNID USNID (Zhang et al., 2024) is a unified
clustering framework for unsupervised and semi-
supervised new intent discovery. It learns robust
intent representations with contrastive pre-training,
stabilizes clustering via centroid-guided alignment,
and jointly optimizes cluster-level and instance-
level objectives.

DPN The Decoupled Prototypical Network (An
et al., 2023b) decouples prototypes of known and
novel categories. Known prototypes are aligned
with labeled classes via bipartite matching, while
unmatched prototypes represent novel categories.
It further introduces semantic-aware prototypical
learning to capture semantic relations and mitigate
pseudo-label noise, and regularizes known proto-
types with labeled supervision.

TAN The Transfer and Alignment Network (An
et al., 2024b) explicitly transfers supervision from
known to novel categories. It learns transferable
prototypes and aligns them across domains to re-
duce distribution shift. TAN alternates between su-
pervised training on labeled data and pseudo-label
refinement on unlabeled data, effectively mitigat-
ing bias towards known categories and improving
clustering for novel intents.

GeoID GeoID (Tang et al., 2024) learns
geometry-aware representations for new intent dis-
covery, inspired by Neural Collapse. It fixes classi-
fier weights to a Simplex Equiangular Tight Frame
(ETF) and aligns cluster assignments via optimal

transport and k-means matching. Dual pseudo-
labeling and contrastive learning enforce intra-class
compactness and inter-class separation, producing
near-optimal cluster geometry.

KTN The Knowledge Transfer Network (Shi
et al., 2024) transfers knowledge from known to
novel categories via entropy-based soft differentia-
tion and prototype-based transfer weights. Logit-
and label-level adjustments reduce confusion for
known samples and propagate logits to semanti-
cally similar novel categories. KTN combines
cross-entropy, consistency, and InfoNCE losses,
and supports online inference with fast speed.

PTJN PTJN (An et al., 2023a) introduces an
Extractor–Generator–Corrector architecture for ro-
bust pseudo-label training. Generator produces
epoch-level pseudo labels, while Corrector gen-
erates iteration-level refinements to mitigate mis-
matches. Joint training on labeled data preserves
source knowledge, and adaptive voting integrates
multiple predictions at inference.

SDC Self-Debiasing Calibration (An et al., 2025)
leverages the bias of a pre-trained model instead of
discarding it. Category Bias Mitigation subtracts bi-
ased logits from known categories, while Category
Confusion Mitigation transfers biased logits from
semantically similar known to novel categories. An
entropy-based weighting mechanism adapts debi-
asing to known vs. novel samples.

LOOP LOOP (An et al., 2024a) is an active
learning framework with LLMs in the loop. It
selects misclustered samples via Local Inconsis-
tent Sampling, queries LLMs to refine neighbor as-
signments, and trains with Refined Neighborhood
Contrastive Learning. Finally, it queries LLMs to
generate semantic names for novel clusters, com-
bining improved clustering with interpretability.

ALUP ALUP (Liang et al., 2024) integrates
LLMs with active learning and uncertainty propa-
gation. Uncertainty Propagation selects representa-
tive uncertain samples, Comparison-based Prompt-
ing queries LLMs with comparative judgments, and
Soft Feedback Propagation propagates soft labels
to neighbors.

GLEAN GLEAN (Zou et al., 2025) improves
LLM-based GCD by incorporating diverse and
quality-enhanced feedback. It combines similar
instance selection, category characterization, and
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pseudo-category alignment with quality investiga-
tion and filtering. It also introduces mechanisms to
assess and enhance the reliability of LLM feedback
before propagation to prevent error accumulation.

C.4 Evaluation Metrics
In the experiments, we employ three standard eval-
uation metrics to evaluate the performance of GCD
models: ACC, ARI, and NMI. Their definitions are
as follows.

Clustering Accuracy (ACC). ACC measures the
best one-to-one correspondence between predicted
clusters and ground-truth classes. It is defined as

ACC = max
m∈M

1

N

N∑

i=1

1
(
m(ŷi) = yi

)
,

where N is the total number of samples, ŷi and
yi denote the predicted and true labels of the i-th
sample, respectively, and m ranges over all possi-
ble one-to-one mappings between predicted clus-
ters and true classes. Higher ACC indicates better
alignment between predicted clusters and true cate-
gories.

Adjusted Rand Index (ARI). ARI measures the
similarity between two partitions (predicted and
true labels) by considering all pairs of samples and
counting those that are assigned consistently. It
corrects the Rand Index (RI) for chance:

ARI =
RI− E[RI]

max(RI)− E[RI]
,

where RI = a+b

(N2 )
, with a denoting the number of

sample pairs placed in the same cluster in both par-
titions, and b denoting the number of pairs placed
in different clusters in both partitions. ARI ranges
from −1 to 1, where 1 indicates perfect agreement
and values close to 0 indicate random assignment.

Normalized Mutual Information (NMI). NMI
evaluates the mutual dependence between the pre-
dicted clustering and the true labels, normalized by
their entropies:

NMI =
I(Ŷ ;Y )√
H(Ŷ )H(Y )

,

where I(Ŷ ;Y ) denotes the mutual information be-
tween predicted labels Ŷ and true labels Y , and
H(·) represents entropy. NMI ranges from 0 to 1,
with higher values indicating stronger correspon-
dence between the predicted and ground-truth label
distributions.

LLM ACC ARI NMI

DeepSeek-V3 74.97 65.31 85.82
GPT-5-Mini 76.53 65.72 85.99
Kimi-K2 75.94 65.79 85.90
Grok-4-Fast 74.99 64.09 85.44
Gemma-3-27B 74.02 63.70 85.28
Qwen3-Next-80B-A3B 73.10 63.42 85.09

Table S1: Performance comparison across different
LLMs on BANKING (ρ = 0.25).

D Impact of Different LLMs

To assess generalizability, we evaluate six models
on BANKING with ρ = 0.25 (Table S1). While
GPT-5-Mini and Kimi-K2 achieve top performance,
open-source models like DeepSeek-V3, Gemma-
3-27B, and Qwen3-Next-80B-A3B remain highly
competitive. These open-source alternatives are
particularly advantageous for practical deployment:
they allow for local hosting to ensure data privacy,
reduce latency, and lower operational costs dur-
ing training. The robust results across models of
varying scales underscore our framework’s broad
applicability and efficiency.

E Prompting Design Strategies

This appendix details our standard prompting im-
plementation and compares it against three ad-
vanced strategy variants: Chain-of-Thought, In-
Context Learning, and Self-Refine.

E.1 Our Standard Prompts

Our standard framework employs a multi-stage
prompting pipeline within each training epoch
to name, refine novel categories and select high-
quality samples for training. Details are as follows:

E.1.1 Prompt 1: Novel Label Generation
This is the first step in the label generation pro-
cess. After clustering identifies a new group of
unlabeled data, this prompt is used to generate a
single, concise label for it. The prompt emphasizes
adherence to naming conventions and avoidance of
duplication with any existing known labels.

Prompt 1: Novel Label Generation

System: You are an expert at categorizing text data and
creating concise, meaningful labels.
User:
Context: Generalized Category Discovery / New Intent
Recognition. Some intents are already known. You will
propose ONE new intent label for the samples below.
Make the label:
- One intent only: the label must describe a single coherent
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intent. - Handle outliers: base the label on the strongest
common intent across samples. - Form: lowercase words
joined by underscores; <=5 words; concise and label-like.
- Style: express a single, specific action or outcome; reject
broad expressions. - Do NOT duplicate or be synonymous
with any KNOWN LABEL.
Output (strict JSON only; no code fences; no extra text):
{"label": "<label_text>"}
KNOWN LABELS (for conflict/style reference):
{known_labels}
SAMPLES (numbered):
{numbered_samples}

Variable
• {known_labels}: All known category labels

from the training set.
• {numbered_samples}: Representative texts

from a novel cluster, randomly sampled from
the high-confidence subset.

E.1.2 Prompt 2: Rename Novel Label for
Pure Novel Groups

Following initial label generation, this prompt ad-
dresses the scenario where hierarchical clustering
identifies a "pure component" containing multiple,
semantically similar novel clusters. It instructs the
LLM to generate distinct labels for all groups in a
single batch, enforcing pairwise distinctiveness to
refine the initial names.

Prompt 2: Rename Novel Label for Pure
Novel Groups

System: You answer only with minimal strict JSON.
User:
Context: You are given {G} groups of user queries. Each
group needs ONE distinct intent label.
IMPORTANT: These {G} groups are semantically SIM-
ILAR. You must add strong qualifiers (object/chan-
nel/phase/state) to ensure clear separation.
Task: Propose EXACTLY {G} labels.
Constraints:
- Pairwise distinctiveness: the {G} labels MUST be mutu-
ally exclusive. - GLOBAL-FORBIDDEN: do NOT dupli-
cate or be synonymous. - Form: lowercase words joined
by underscores; <=5 words. - Style: follow GLOBAL-
FORBIDDEN naming style.
Output (strict JSON only; no code fences; no extra text):
{"labels": ["<label_1>", ..., "<label_{G}>"]}
GLOBAL-FORBIDDEN: {forbidden_global_str}
GROUPS:
{groups_joined}

Variable
• {G}: The number of novel clusters within the

pure component.
• {forbidden_global_str}: All known labels in

the dataset.
• {groups_joined}: Representative samples for

each of the ‘G‘ novel clusters, formatted as num-
bered lists.

E.1.3 Prompt 3: Rename Novel Label for
Mixed Groups

This prompt runs in parallel with Prompt 2 for a
different scenario. It is designed for "mixed compo-
nents" where novel clusters are semantically close
to one or more known labels. It requires the LLM
to generate new labels that are not only distinct
from each other but also clearly distinguished from
their semantically similar known neighbors.

Prompt 3: Rename Novel Label for Mixed
Groups

System: You answer only with minimal strict JSON.
User:
Context: You are given {G} groups of user queries. Each
group needs ONE distinct intent label.
IMPORTANT: These {G} groups are semantically SIMI-
LAR to FORBIDDEN-LOCAL labels below. You must
find subtle differences and add strong qualifiers to distin-
guish them.
Task: Propose EXACTLY {G} labels.
Constraints:
- Pairwise distinctiveness: the {G} labels MUST be mutu-
ally exclusive. - FORBIDDEN-LOCAL: do NOT dupli-
cate or be synonymous; study sample texts to understand
boundaries. - GLOBAL-FORBIDDEN: also avoid dupli-
cations.
Output (strict JSON only; no code fences; no extra text):
{"labels": ["<label_1>", ..., "<label_{G}>"]}
FORBIDDEN-LOCAL (semantically SIMILAR; must
distinguish): {forbidden_local_str}
{known_joined}
GLOBAL-FORBIDDEN: {forbidden_global_str}
GROUPS:
{groups_joined}

Variable
• {G}: The number of novel clusters within the

mixed component.
• {forbidden_local_str}: Known labels from

the same mixed component.
• {known_joined}: Sample texts for each ‘forbid-

den_local_str‘ label, providing concrete bound-
ary examples.

• {forbidden_global_str}: All known labels in
the dataset.

• {groups_joined}: Representative samples for
each of the ‘G‘ novel clusters.

E.1.4 Prompt 4: Sample Selection
As the final step in the pipeline before training, this
prompt is used to refine the data for both known
and newly labeled categories. It instructs the LLM
to select samples from a candidate pool that truly
belong to a given ‘target_label‘, effectively filtering
out noise and ambiguous cases before they are used
in contrastive learning.
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Prompt 4: Sample Selection

System: You are an expert at judging whether a user
query belongs to a given category label. You should make
precise selections.
User:
You are given ONE known label and a list of numbered
user queries.
Goal: select only the queries whose primary intent truly
matches the known label.
Rules:
- One-intent focus: focus on the main intent of each query,
not other aspects of the query. Semantic match only (not
keyword/substring match). - Treat off-topic or rare men-
tions as outliers; EXCLUDE them. - Boundary with
OTHER LABELS: if a query fits any OTHER LABEL
better, EXCLUDE it. - Do not invent any new label. No
explanation.
Note: quality over quantity; returning [] is acceptable !
KNOWN LABEL: {target_label}
OTHER LABELS (for boundary reference):
{known_labels_str}
Output (strict JSON only; no code fences; no extra text):
{"selected_indices": [i1, i2, ...]}
QUERIES (numbered):
{numbered_queries}

Variable
• {target_label}: A single category label (can

be known or newly generated).
• {known_labels_str}: All other labels, used as

a boundary reference to prevent overlap.
• {numbered_queries}: Candidate samples from

the cluster associated with the ‘target_label‘.

E.2 Comparison with Advanced Prompting
Strategies

We evaluated three advanced prompting strategies
by modifying our core framework’s prompts. The
key differences are highlighted below.

E.2.1 Chain-of-Thought (CoT)
The CoT strategy was applied to all four standard
prompts. It modifies them by instructing the LLM
to provide step-by-step reasoning before its final
JSON output, making the decision-making process
more transparent.

Example An instruction is added to the output
format section of each prompt. For instance, the
modification for Prompt 1 (Novel Label Genera-
tion) is shown below. The original prompt content
is in light gray, and the added instruction is high-
lighted in green.

Make the label:
- One intent only: ...
- ...
- Do NOT duplicate or be synonymous with any
KNOWN LABEL.

Please reason step by step.
Output format: First provide your step-by-
step reasoning and analysis. Then provide
your final answer in JSON format: {"label":
"<label_text>"}

KNOWN LABELS (for conflict/style reference): ...
SAMPLES (numbered): ...

E.2.2 In-Context Learning (ICL)

The ICL strategy was applied to Prompt 1 (Novel
Label Generation) and Prompt 4 (Sample Selec-
tion). For these tasks, injecting few-shot exam-
ples helps guide the LLM’s behavior. This strategy
was not applied to the batch renaming prompts
(Prompts 2 and 3) due to the high complexity and
variability of their inputs, which makes crafting rep-
resentative and non-confusing few-shot examples
challenging.

Examples

1. For Prompt 1 (Novel Label Generation), 2-3
examples are inserted before the final ‘KNOWN
LABELS‘ section. The added part is highlighted
in blue.

... (rules section) ...
Output (strict JSON only; no code fences; no
extra text):
{"label": "<label_text>"}

Example 1:
Samples:
{example_samples_1}
Label: {example_label_1}
Example 2:
Samples:
{example_samples_2}
Label: {example_label_2}

KNOWN LABELS (for conflict/style reference):
...

2. For Prompt 4 (Sample Selection), few-shot ex-
amples demonstrating correct selections are
added.

... (rules section) ...
Output (strict JSON only; no code fences; no
extra text):
{"selected_indices": [...]}
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Example 1:
KNOWN LABEL: {example_label_1}
SAMPLES:
{example_samples_1}
Output: {"selected_indices": [1, 3]}
Example 2:
KNOWN LABEL: {example_label_2}
SAMPLES:
{example_samples_2}
Output: {"selected_indices": [2, 4,
5]}

KNOWN LABEL: {target_label} ...

E.2.3 Self-Refine
The Self-Refine strategy was applied to all four
standard prompts. It transforms each LLM call into
a two-round process: an initial generation followed
by a critique-and-refine step.

Example This is a procedural change. For any
given task, such as Prompt 1 (Novel Label Genera-
tion), the process is as follows:
1. Round 1: The standard prompt is sent to the

LLM, producing an ‘initial_response‘.
2. Round 2: A new prompt is constructed, con-

taining the original task, the ‘initial_response‘,
and a set of review criteria. The LLM is asked
to critique its own work and provide a ‘re-
fined_answer‘. The final output is parsed from
this second response.

The review-and-refine prompt for label generation
is shown below, with the review instructions high-
lighted in orange.

Original Task: {initial_prompt}
Previous Answer: {initial_response}

Please carefully review your generated label: 1.
Does this label accurately summarize the common
theme? 2. Is the label concise and easy to un-
derstand? 3. Does the label duplicate any known
labels?
Output format: Feedback: [Your analysis and feed-
back] Refined Answer: {"label": "improved
label"}
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