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Abstract

Text clustering remains valuable in real-world
applications where manual labeling is cost-
prohibitive. It facilitates efficient organization
and analysis of information by grouping similar
texts based on their representations. However,
implementing this approach necessitates fine-
tuned embedders for downstream data and so-
phisticated similarity metrics. To address this
issue, this study presents a novel framework
for text clustering that effectively leverages the
in-context learning capacity of Large Language
Models (LLMs). Instead of fine-tuning embed-
ders, we propose to transform the text cluster-
ing into a classification task via LLM. First, we
prompt LLM to generate potential labels for a
given dataset. Second, after integrating similar
labels generated by the LLM, we prompt the
LLM to assign the most appropriate label to
each sample in the dataset. Our framework has
been experimentally proven to achieve compa-
rable or superior performance to state-of-the-
art clustering methods that employ embeddings,
without requiring complex fine-tuning or clus-
tering algorithms. We make our code available
to the public for utilization'.

1 Introduction

Text clustering is a fundamental task within the
realm of natural language processing (NLP) and
holds significant importance in various practical sit-
uations, especially when manual annotation is pro-
hibitively costly. In particular, it identifies and cat-
egorizes texts that share common themes or topics
based on their content similarity and plays a crucial
role in improving community detection results in
social media (Qi et al., 2012), identifying new top-
ics (Castellanos et al., 2017), analyzing extensive
text datasets (Aggarwal and Zhai, 2012), structur-
ing information (Cutting et al., 2017), and organiz-
ing documents to improve retrieval results (Anick
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and Vaithyanathan, 1997; Cutting et al., 1993). A
typical method for text clustering is to apply clus-
tering algorithms based on pre-trained embeddings
(Devlin et al., 2018; Muennighoff et al., 2023a;
Wang et al., 2022; Su et al., 2022). The embedding
captures semantic relationships between words and
phrases, providing a dense and continuous repre-
sentation of text that is well-suited for clustering
tasks. However, these methodologies often require
tailored fine-tuning to adapt to specific domains
or datasets, which can be resource-intensive and
time-consuming. Besides, the choice of clustering
hyperparameters is greatly influenced by human
expertise and can have a significant impact on the
final outcomes.

Recent state-of-the-art LLMs, such as the GPT
series (Brown et al., 2020; Ouyang et al., 2022;
OpenAl, 2023), have showcased remarkable rea-
soning performance across a wide range of NLP
tasks. However, GPT models restrict access to their
outputs solely through an API, rather than permit-
ting the fine-tuning of parameters to customize the
embeddings for specific downstream tasks. This
limitation of closed-source LLMs has prevented
them from realizing their full potential in previous
clustering methodologies. While several studies
have attempted to harness the outputs of API-based
LLMs to guide text clustering (Zhang et al., 2023a;
Wang et al., 2023a; Viswanathan et al., 2024), they
still rely on skeleton support from fine-tuning em-
bedders such as BERT and ES, as well as improving
clustering algorithms like K-means?.

To this end, this study proposes a novel two-
stage framework that transforms the text cluster-
ing task into a classification task by leveraging the
formidable capabilities of the LLM. In Stage 1,
we sequentially input the data in mini-batches and
prompt the LLM with a label generation task to
assign potential labels to the given data. In Stage
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2, after obtaining the labels, we prompt the LLM
to classify the given data based on these labels.
This framework processes the dataset sequentially,
rather than all at once, thereby circumventing the
input length limitations of LLMs. Moreover, it
leverages the exceptional generation and classifi-
cation capabilities of LLM to effectively simplify
the complexities of clustering and enhance overall
clustering performance.

We extensively evaluate our framework on five
datasets encompassing diverse tasks such as topic
mining, emotion detection, intent discovery, and
domain discovery, with granularities ranging from
18 to 102 clusters. Our results demonstrate that
the proposed framework achieves comparable and
even better outcomes compared with state-of-the-
art clustering methods that employ tailored embed-
ders or cluster algorithms. Notably, our approach
eliminates the need for a fine-tuning process for
different datasets as well as tricky hyper-parameter
settings, thereby saving significant time and com-
putational resources.

2 Methodology

In this work, we propose a two-stage framework
that utilizes a single LLM for text clustering tasks.
To better leverage the generative and classification
capabilities of LLMs, we transform the clustering
task into a label-based classification task, allowing
the LLLM to process the data more effectively. As
illustrated in Figure 1, unlike previous text clus-
tering methods such as ClusterLLLM (Zhang et al.,
2023Db) that calculate distances between data points
in vector space, our approach does not require fine-
tuning for better representation or a pre-assigned
cluster number K. We first prompt the LLM to gen-
erate potential labels for the data. After merging
similar labels, we then prompt the LLM to classify
the input data based on these generated labels. We
will introduce our method in detail in the following
sections.

2.1 Task Definition

For text clustering, given an unlabeled dataset D =
{di}ﬁ\il, where N is the size of the corpus, the
goal is to output K subsets of D as C = {c; }]K:p
where K represents the number of clusters and
each c; represents a cluster, such that d; € c; and
dy € cj if dy and d belongs to the same cluster.
We transform text clustering task into classification

task in this work. Specifically, given the dataset
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Figure 1: A comparison between other methods using
LLMs (left) and our method (right) for text clustering.
Our method transforms the clustering task into a text
classification task by generating potential labels (Stage
1) and classifying input sentences according to the labels
(Stage 2) using LLMs.

D, the model first generates a set of labels £ =
{1}, based on the content of the dataset, where
K’ is the number of labels. Subsequently, each
data d; € D will be classified into one of the labels
[ € L and the input dataset will be clustered into
K’ clusters C' = {c ]K:,l.

2.2 Label Generation Using LLMs

In this section, we explore the process of forming
a label-generation task to obtain potential labels
for clusters using LLMs. Given the few-shot ca-
pabilities of LLMs (Brown et al., 2020), we will
provide several example label names to fully utilize
the in-context learning ability of LLMs.

2.2.1 Potential Label Generation

Since inputting an entire dataset into LLMs is im-
practical due to context length limitations, we in-
put the dataset in mini-batches and then aggregate
the potential labels. Subsequently, we prompt the
model to merge similar labels to adjust the granular-
ity of the clusters. Specifically, given a batch size
B, we will first prompt the LLM with B instances
along with n example label names to generate po-
tential labels for the input data using a prompt P,,
where the dataset is divided into % mini-batches
for processing:

/-:/ - Pg (Igenerate, Dly l) (1)

where Zgenerate 18 the label generation task instruc-
tion, D' = {d;}2, is the input data in mini-batches
of the size B, and [ represents the n given label
names.

2.2.2 Potential Labels Aggregation and
Mergence

After obtaining all the potential labels from LLMs,
we aggregate the labels generated from each mini-



batch together:
»Cunique = {l | l e ['/} (2)

To avoid redundant duplication of final clusters
caused by the LLLM producing different descrip-
tions for the same label, we further prompt the
LLM to merge labels with similar expressions:

L= Pm (Imergea Eunique) (3)
where Zerge is the instructions of the merging task.

2.3 Given Label Classification

Given the potential labels for the entire dataset, we
can now obtain the final clusters by performing
label classification using LL.Ms. For each input
instance, we prompt the LLM to assign a label
from the previously generated potential labels:

c; =P, (Iassigna dj? ﬁ) “)

where c; is the cluster that the LLM classifies d;
into and Z,gsiey 1s the instruction of the assigning
task. After assigning all the data in the dataset
according to the labels, we finally get the text clus-
tering result ' = {c/ f:/r

For the detailed prompt template and instruc-
tions Zgenerate» Zmerge> and Zygsign, please refer to

Appendix B.

3 Experiment

Following Zhang et al.(2023b), we evaluate our
method on five datasets covering diverse tasks with
different granularities. See Appendix C for dataset
details.

3.1 Implementation Details

3.1.1 Query LLMs

We use GPT-3.5-turbo as the query LLM for la-
bel generation and given label classification. Re-
sponses are controlled by adding a postfix: "Please
response in JSON format". Detailed prompts and
instructions are provided in Appendix B. We then
extract the labels from the list in the JSON re-
sponse.

3.1.2 Potential Label Generation

During label generation, label names are provided
to the LLM as examples. We set the number of
given label names to 20% of the total number of
labels in the dataset. To account for context length
limitations, we set the mini-batch size B to 15,
meaning the LLM receives 15 input sentences at a
time to generate potential labels.

3.1.3 Evaluation Metrics

Following (De Raedt et al., 2023) and (Zhang et al.,
2023b), we use three metrics to evaluate clustering
quality. The first metric is Accuracy (ACC), calcu-
lated by aligning true labels and predicted clusters
using the Hungarian algorithm (Kuhn, 1955) and
calculating the percentage of correct assignments.
Second metric is Normalized Mutual Information
(NMI), which uses mutual information to measure
the similarity between the true and predicted clus-
ters and normalize it by the average of the entropy.
Lastly, we use Adjusted Rand Index (ARI), which
takes into account the possibility of random cluster
assignments by adjusting the Rand Index for the
chance grouping of elements.

3.2 Compared Baselines

K-means. We directly apply K-means on embed-
dings extracted from E5-large (Wang et al., 2022)
and Instructor-large (Su et al., 2022). We run the
clustering 5 times with different seeds and calculate
the average result.

IDAS (De Raedt et al., 2023) identifies prototypes
that represent the latent intents and independently
summarizes them into labels using LLMs. Then, it
encodes the concatenation of sentences and sum-
maries for clustering.

PAS (Wang et al., 2023b) develops a three-stage
algorithm Propose-Assign-Select by prompting
LLMs to generate goal-related explanations, de-
termine whether each explanation supports each
sample, and use integer linear programming to se-
lect clusters such that each sample belongs to one
single cluster.

ClusterLLM (Zhang et al., 2023b) prompts LLM
for insights on similar data points and fine-tunes
small embedders using the LL.M’s choice. It also
uses LLM to guide the clustering granularity by
determining whether two data points belong to the
same category. For comparison, we select the best
performing model ClusterLLM-I-iter reported in
the paper.

Additionally, we apply our method with gold
labels given, which performs label classification
using the dataset’s ground truth cluster labels. This
model represents the upper bound of the LLM’s
performance. For more implementation details on
the baselines, please refer to Appendix D.



ArxivS2S GoEmo Massive-I Massive-D MTOP-I
Methods ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
K-means (E5) 31.21 5447 17.01 2214 2126 9.64 5279 70.76 39.03 6221 6542 47.69 3448 7147 2635
K-means (Instructor) 25.11 4848 1239 25.19 21.54 17.03 56.55 7449 4288 6041 6731 4390 33.04 7146 26.72
IDAS 16,79 4156 6.68 1524 12.00 543 5133 68.38 38.29 54.65 57.32 4249 3391 68.70 27.90
PAS 36.50 16.37 18.15 11.34 2.84 10.14 19.62 28.99 9.56 40.63 3099 2280 50.88 64.88 41.83
ClusterLLM 26.34 5045 13.65 26775 2389 17.76 60.69 77.64 46.15 60.85 68.67 45.07 3504 73.83 29.04
Ours 38.78 57.43 20.55 31.66 27.39 1350 71.75 78.00 56.86 64.12 6544 4892 7218 78.78 71.93
LLM_known_labels 41.50 57.59 20.67 3897 2885 1894 7525 78.19 58.01 69.77 69.27 5526 73.25 80.88 73.93

Table 1: Experiment results of text clustering on five datasets, evaluated using Accuracy, NMI and ARI. Best results
are highlighted in bold. LLM_known_labels represents the theoretical upper bound for LLMs in this task. Results of

t-test has shown significant improvements of our method.

4 Results

4.1 Text Clustering Results

We present our text clustering results in Table 1.
Firstly, our method consistently improves text clus-
tering results over other baseline methods across
all datasets, with very few exceptions. For instance,
our method increases accuracy by 12.44% on Arx-
ivS2S, and MTOP-I even witnesses a performance
doubling. This demonstrates the effectiveness of
using LLMs exclusively in text clustering. Besides,
the improvements across three different evaluation
metrics indicate that our method comprehensively
enhances text clustering results from different as-
pects. It not only effectively identifies and differ-
entiates between distinct categories but also cap-
tures the intrinsic structures and characteristics of
the data points. What’s more, the performance
of our method is close to that of the upper bond
LLM_known_labels, which uses ground truth clus-
ter labels for classification. This comparable per-
formance shows the effectiveness of our approach
in generating potential labels and merging similar
labels to determine cluster granularity.

4.2 Granularity Analysis

To assess the granularity of the output clusters, we
compare the final cluster number generated by our
method with those produced by ClusterLLM. Ta-
ble 2 shows that our method outputs cluster counts
that are closer to the true number of clusters, indi-
cated by a smaller absolute difference. This closer
alignment with the actual cluster distribution high-
lights our method’s ability in more accurately cap-
turing the underlying structure of the data through
merging labels that have similar semantic meanings.
Consequently, this leads to improved cluster coher-
ence and validity. The ablation test regarding label
merging task in Appendix F supports this conclu-
sion. It compares the cluster granularity before and
after the merging task and shows that performing

Method ArxivS2S  GoEmo Massive-I Massive-D  MTOP-I
GT #clusters 93 27 59 18 102

ClusterLLM | 16 (-77) 56 (+29) 43 (-16) 90 (+72) 43 (-59)
Ours 122 (+29) 52 (+25) 71 (+12) 24 (+6) 83 (-19)

Table 2: Granularity analysis. The results are presented
in the format of "[#clusters](difference)", where a posi-
tive difference means the model generate more #clusters
than ground truth and vice versa.

label merging task can help the model aggregate
similar labels and output a cluster number that is
closer to the ground truth.

4.3 Analysis on Few-shot Label Generation

To demonstrate that using few-shot examples can
help LLM improve its performance, we conduct ex-
periments with different percentage of gold labels
given to the LLM. As shown in Appendix E, when
provided with examples, the model improves its
clustering result across all three evaluation metrics
on all five datasets. This observation supports our
method of providing example label names during
label generation task in Section 2.2.1 and shows
that our method can utilize the in-context learning
ability of LLMs.

5 Conclusion

We explore using LLMs exclusively for text clus-
tering without relying on additional embedders or
traditional cluter algorithms by proposing a two-
stage framework that transforms the text clustering
problem into label generation and classification
tasks. This framework adds interpretability of the
clusters by assigning meaningful labels. Addition-
ally, LLMs’ comprehensive knowledge from pre-
training data enhances domain adaption ability of
our method in text clustering. Extensive experi-
ments demonstrate the effectiveness of our frame-
work in text clustering with better performance and
granularity. We will explore more cost-efficient
and fine-grained methods in text clustering using
LLM in the future.



Limitation

Our work has limitations in the following senses.
First, as our work relies exclusively on LLMs for
text clustering and does not fine-tune smaller em-
bedders for better representation, more processing
is required through LLMs. This results in increased
API usage and higher associated costs. Since we
use the LLM for given-label classification, the num-
ber of API calls is proportional to the dataset size.
While the savings in computational costs can offset
a significant portion of this API cost increase, this
remains a cost limitation when dealing with large
datasets. Second, while our method achieves better
granularity in clustering results compared to other
LLM-based methods like ClusterLLLM, it still lacks
fine-grain control. Our approach depends on LLMs
to generate potential labels and merge similar con-
cepts, making the final output labels heavily reliant
on the LLMs’ aggregation results. As a result, we
only have general control over the granularity of
the clusters. Given that the number of clusters can
significantly influence the clustering outcomes, we
aim to develop more precise mechanisms for con-
trolling granularity in future work.

Ethics Statement

This work employs LLMs through APIs (e.g. Ope-
nAl API), it will be risky and unsafe to upload
privacy information. Additional effort should be
applied to remove sensitive information before up-
loading to LLMs if you are using this framework
to deal with sensitive data.
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Appendix
A Related Work

A.1 Clustering

Clustering as a fundamental task in machine learn-
ing, has been applied to various data types, includ-
ing texts (Beil et al., 2002; Aggarwal and Zhai,
2012; Xu et al., 2015), images (Yang et al., 2010;
Chang et al., 2017; Wu et al., 2019; Ren et al.,
2020; Park et al., 2021), and graphs (Schaeffer,
2007; Zhou et al., 2009; Tian et al., 2014; Yin et al.,
2017). Recent studies paid much attention to utiliz-
ing deep neural networks in clustering, which mod-
els the similarity among instances using learned
representations (Huang et al., 2014; Guo et al.,
2017; Bo et al., 2020; Zhou et al., 2022). For exam-
ple, Yang et al. (2016) propose a recurrent network
for joint unsupervised learning of deep representa-
tions in clustering. Caron et al. (2018) jointly learns
the parameters of neural networks and the cluster
assignments of the resulting features. Tao et al.
(2021) combines instance discrimination and fea-
ture decorrelation to present a clustering-friendly
representation learning method. All these methods
require additional training process to obtain the fea-
tured representations, and then apply standard clus-
tering algorithms, such as K-means (Lloyd, 1982),
to obtain the final cluster results (Guan et al., 2020).
We argue that this kind of method has limited data
adaption ability and has to train the model on new
datasets, which result in high computational cost.

A.2 Adding Explanations to Text Clusters

While previous clustering algorithms do not neces-
sarily produce interpretable clusters (Chang et al.,
2009), studies pay attention to explaining the
clusters with semantically meaningful expressions.
Treeratpituk and Callan (2006) assigns labels to
hierarchical clusters and assesses potential labels
by utilizing information from the cluster itself, its
parent cluster, and corpus statistics; Carmel et al.
(2009) proposes a framework that selects candidate
labels from external resources like Wikipedia to
represent the content of the cluster; Navigli and
Crisafulli (2010) induce word senses when cluster-
ing the result based on their semantic similarity;
Zhang et al. (2018) iteratively identifies general
terms and refines the sub-topics during clustering to
split coarse topics into fine-grained ones. However,
label or phrase level added information is limited in
describing a complex cluster (Wang et al., 2023b).

Thus, more in-depth expressions are required to
make clusters more explainable.

A.3 Text Clustering using LLMs

Recent rapid development of Large Language Mod-
els (LLMs), such as GPT series (Brown et al., 2020;
Ouyang et al., 2022; OpenAl, 2023), has demon-
strated the powerful comprehensive language ca-
pability of LLMs and some works has been us-
ing LLMs in text clustering task. Wang et al.
(2023b) utilze LLMs to propose explanations for
the cluster and classify the samples based on the
generated explanations; De Raedt et al. (2023) col-
lects descriptive utterance labels from LL.Ms with
well-chosen prototypical utterances to bootstrap in-
context learning; Kwon et al. (2023) use LLMs to
label the description of input data and cluster the
labels with given K. Besides explanation and label
generation, Viswanathan et al. (2024) expand doc-
uments’ keyphrases, generate pairwise constraints
and correct low-confidence points in the clusters
via LLMs, Zhang et al. (2023b) leverage feedbacks
from LLMs to improve smaller embedders, such
as Instructor (Su et al., 2022) and ES (Wang et al.,
2022), and prompt LLMs for helps on clustering
granularity. All these methods use LLMs in an in-
direct way that LLMs only process part of the input
data and do not see the whole dataset. We argue
that this approach does not take full advantage of
the powerful linguistic capabilities of LLMs.

B Prompt template

We design different prompt template (Py, P, Po)
and instructions (Zyenerates Lmerges Lassign) for la-
bel generation, aggregating & merging labels and
given label classification tasks. Table 3 demon-
strates the prompt template and the instructions
used in each task. In order to get better response
from LLMs for further data process, we add format
control related prompt into the instructions, such as
"Please return in json format" with a json example
for LLMs to better understand how to response in
a better way. We present a case study in MTOP-I
dataset for each task in Table 4.

C Dataset Description

We extensively evaluate our framework on five
datasets encompassing diverse tasks, including
topic mining, emotion detection, intent discovery
and domain discovery. Each dataset has different
granularities, ranging from 18 to 102 clusters.



Task

Prompt template with instruction Z

Label Generation

Given the labels, under a text classification scenario, can all these text match the label given?
If the sentence does not match any of the label, please generate a meaningful new label name.
Labels: {given_labels}

Py Sentences: {sentence_list}
You should NOT return meaningless label names such as 'new_label_1’ or "unknown_topic_1" and
only return the new label names, please return in json format like: {json_example}
Please analyze the provided list of labels to identify entries that are similar or duplicate, considering
synonyms, variations in phrasing, and closely related terms that essentially refer to the same concept.
Aggregating and | Your task is to merge these similar entries into a single representative label for each unique concept
merging labels | identified. The goal is to simplify the list by reducing redundancies without organizing it into subcategories
P or altering its fundamental structure. Here is the list of labels for analysis and simplification: {label_list}.
Produce the final, simplified list in a flat, JSON-formatted structure without any substructures or
hierarchical categorization like: {json_example}
. Given the label list and the sentence, please categorize the sentence into one of the labels.
Given label . .
. . Label list: {label_list}
classification
D Sentence: {sentence}
a

You should only return the label name, please return in json format like: {json_example}

Table 3: Prompt template and instructions used in this paper. In this template, words inside {} should be replaced by
corresponding variables during experiments.

Task Question and Answer
Given the labels, under a text classification scenario, can all these text match the label given?
If the sentence does not match any of the label, please generate a meaningful new label name.
Labels: [ "update call’, ’get weather’, "update method call’, ... , ‘resume music’, ’get stories
Prompt news’, ’get reminder location’ ]
Label Generation Sentences: ['do not play any song by lil Yachty’, show me video messages from my grandma’, ... ,
’please add a one and a half minute timer’, "read national news headlines’]
You should NOT return meaningless label names such as "new_label_1" or unknown_topic_1’
and only return the new label names, please return in json format like: {’labels’: ['label name’, ’label name’]}
LLM ,{, . . . . . "
labels": ["get info contact", "get stories news", "create reminder"]
response )
Please analyze the provided list of labels to identify entries that are similar or duplicate, considering
synonyms, variations in phrasing, and closely related terms that essentially refer to the same concept.
Your task is to merge these similar entries into a single representative label for each unique concept
identified. The goal is to simplify the list by reducing redundancies without organizing it into subcategories
Aggregating and | Prompt | or altering its fundamental structure.
merging labels Here is the list of labels for analysis and simplification:["update call’, ’get weather’, ... , ’get reminder
location’, ’create reminder’].
Produce the final, simplified list in a flat, JSON-formatted structure without any substructures or
hierarchical categorization like: {’merged_labels’: [’label name’, ’label name’]}
{
"merged_labels": [
"update call",
"get weather",
LLM "update method call",
response " "
get stories news",
"get reminder location",
"create reminder”
]
!
Given the label list and the sentence, please categorize the sentence into one of the labels.
Given label Prompt Label list: "[ ’update call’, *get weat.her’,&amp}nbsp;&ﬁmp;nbsp;... , “get reminder location’, "create reminder" ]
classification Sentence: "Show me dates for music festivals in 2018.
You should only return the label name, please return in json format like: {’label_name’: "label’}
LLM ,{, .o "
label_name": "get event
response )

Table 4: Case study in the MTOP-I dataset for different tasks. The ... in the prompts and LLM responses indicate
omitted labels to provide a clear presentation of the case study.



Task Name #clusters  #data
Topic ArxivS2S 93 3674
Emotion GoEmo 27 5940
Domain | Massive-D 18 2974
Intent Massive-1 59 2974
MTOP-I 102 4386

Table 5: Dataset stasistics

ArxivS2S (Muennighoff et al., 2023b) is a text
clustering dataset in the domain of academic, it
contains sentences describing a certain domain.
GoEmo (Demszky et al., 2020) is a fine-grained
dataset for emotion detection, multi-label or neutral
instances are removed for text clustering purpose.
Massive-1/D (FitzGerald et al., 2023) and MTOP-
I (Li et al., 2021) are datasets originally used for
classification but adapted for text clustering. "I"
denotes intent and "D" denotes domain. Following
Zhang et al. (2023b), all the datasets are splitted
into large- and small-scale versions with the same
number of clusters. Dataset statistics summary is
shown in Table 5. We use small-scale version of
datasets to reduce cost.

D Baseline Implementation Details

Since different models all evaluated on different
datasets, to better compare the performance of base-
line models and our model, we implement the base-
line models on the five datasets using the source
code provided by the authors.

K-means. We use embeddings extracted from ES5-
large (Wang et al., 2022) and Instructor-large (Su
etal., 2022) and apply K-means algorithm to obtain
the text clustering result. We run the clustering five
times with different seeds and calculate the average
result as the final result.

IDAS. Following (De Raedt et al., 2023) ,we first
generate labels using GPT-3 (text-davinci-003) for
the five datasets used in this paper. For each test set,
5 JSON files are generated with different sample
order, with the nearest neighbors topk = 8. After
that, we produce the result with the generated labels
and calculate the evaluation metrics.

PAS*. We use the same experiment settings as
(Wang et al., 2023b) and use GPT-3.5-turbo as the

3https://github.com/maarten-deraedt/
IDAS-intent-discovery-with-abstract-summarization.
*https://github.com/ZihanWangKi/GoalEx.
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proposers and google/flan-t5-xI° as the assigners.
For cluster_num parameter, we set it as the number
of labels in the datasets.

ClusterLLM®. Since ClusterLLM does not present
its results in the ARI metric, we also reproduce its
results on the five datasets. We choose the best per-
forming model ClusterLLM-I-iter for comparison.
This model adopts Instructor’ as the embedder and
applies the framework twice in an iterative way
by using the previously fine-tuned model as initial-
ization. The LLM used for triplet sampling and
pairwise hierarchical sampling is GPT-3.5-turbo.
We also re-perform the framework on ArxivS2S
and GoEmo datasets to obtain the #clusters result
in granularity analysis in Section 4.2, which is not
presented in the original paper. The #clusters result
of dataset Massive-I, Massive-D and MTOP-I is
taken directly from the paper (Zhang et al., 2023b).

E Given Label Percentage Experiment
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Figure 2: ACC, NMI, ARI of our method on five dataset
with different percentage of given labels. 0% means
no label is provided to the LLM, 20% means we give
20% of the total gold labels to the LLM during label
generation and 100% means LLM is provided with all
true labels and directly performs classification.

We provide the LLM with few-shot examples in
label generation task to fully utilize its in-context
learning ability. To demonstrate that using several
examples can help LLM improve its performance,
we conduct experiments with different percentage
of gold labels given to the LLM. As shown in Fig-
ure 2, when provided with a few examples, the
model improves its clustering result across all three
evaluation metrics on all five datasets. Note that in
the 100% case, the model is given all true labels
and directly performs classification, which repre-
sents the theoretical upper bond "Ours (with gold
labels)" introduced in Section 3.2.

5https://huggingface.co/google/flan—tS—xl.

https://github.com/zhang-yu-wei/ClusterLLM

7https://huggingface.co/hkunlp/
instructor-1large
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F Label Merging Granularity Analysis
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Figure 3: Label merging granularity on five datasets.
"GT #Clusters" means the ground truth number of clus-
ters in the dataset.

To justify the effectiveness of label merging task
in our method, we conduct an comparative anal-
ysis on granularity before and after the merging
task. Figure 3 shows that merging similar labels
helps the model aggregate labels with same mean-
ings, resulting in a cluster number closer to the the
ground truth clusters. This merging method is espe-
cially effective when the number of labels is larger.
For example, it aggregates 21 similar labels in the
ArxivS2S dataset. Since the number of clusters
can heavily impact the final clustering result, this
method of improving the granularity is necessary.
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