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To address the issues of insufficient global semantic representation and weak local distinctiveness in current
short text clustering of philosophy and social science, this paper proposes a novel short text clustering method
based on the intelligent agents collaboration with large language model. This method establishes a pseudo-label
contrastive learning module based on semantic enhancement. We utilize a large language model to generate
keyword phrases and dynamically weightedly integrate them with the original text to enhance semantic
representation. Further, it uses the adaptive optimal transport to generate high-confidence pseudo labels. To
address the issue of the agent’s insufficient adaptability in complex games, this paper introduces a role learning
module, enabling it to autonomously evolve its roles based on changes in the situation, thereby enhancing its
collaborative adaptability. Meanwhile, this paper establishes a global and local information fusion semantic
representation based on the self-attention mechanism and directly applies it to the clustering algorithm. The
proposed method is compared with the mainstream baselines on 8 public short text clustering datasets. The
experimental results show that the proposed method outperforms the baselines in all datasets in terms of the
ACC metric, with an average improvement of 1.86%. The experimental results indicate that this method is
suitable for clustering tasks in multiple scenarios.
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1. Introduction

With the development of social media and online news
platforms, short texts are widely used in news reporting,
social updates, user comments, and online question-and-
answer scenarios. Short text clustering, as an unsupervised
learning task, aims to discover the underlying structure of
the text and group semantically similar content into one
category [1]. It holds significant value in fields such as infor-
mation retrieval [2], recommendation systems [3], opinion
mining [4], and stance detection [5]. Short texts often lack
context, resulting in incomplete semantic expression. For
instance, "Soybeans launch new products" could refer to

the launch of new products by a technology company, or
it could refer to the new soybean varieties in agriculture.
Furthermore, even within the same field, different expres-
sions can still have significant differences. For instance,
"price reduction promotion" and "price discount" convey
similar meanings, but traditional word-matching methods
struggle to identify their semantic consistency. These chal-
lenges have affected the traditional methods based on word
frequency or statistical features, making the short text clus-
tering task even more complex.

In recent years, pre-trained models [6, 7] have offered
new solutions for short text clustering due to their powerful
text encoding capabilities. Through self-supervised learn-
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ing, the model can capture richer semantic information,
making the similarity calculation more accurate. However,
general pre-trained models are mainly optimized for long
texts and still have limitations in short text performance,
making it difficult to accurately model the fine-grained
semantic differences between sentences. To enhance the
representation ability of short texts, researchers have pro-
posed various optimization strategies. The Sentence-BERT
(SBERT) embedding model [8] uses contrastive learning to
optimize the representation of sentences, making the vec-
tor space more suitable for clustering needs, but it mainly
focuses on global similarity and is unable to accurately dis-
tinguish subtle differences at the category boundaries. The
sentence vector representation method based on simple
contrastive learning 7 uses data augmentation to improve
the discrimination of short texts, but the quality of the aug-
mented samples has a significant impact on the model’s
performance. Generative models [9] can be used for clus-
tering tasks, but they have high computational costs and
lack clear clustering optimization goals.

To address these shortcomings, researchers have further
incorporated task-specific information to optimize short
text clustering. The domain adaptation method [10] can
enhance the performance of pre-trained models in spe-
cific scenarios, but it requires a large amount of domain-
specific data for fine-tuning, making it difficult to adapt
to cross-domain tasks. Continuous pre-training and few-
shot fine-tuning [11] can help the model learn fine-grained
semantics, but they rely on data distribution and may be
affected by insufficient data or imbalanced categories. The
task-adaptive semantic expansion method [12] combines
background knowledge to enhance the category recogni-
tion ability, but its effectiveness depends on the quality and
coverage of the knowledge base. If the knowledge base is
incomplete or contains noise, it may affect the clustering
results.

In this paper, we propose a novel short text clustering
method based on the intelligent agents collaboration with
large language models to process the above issues. Our
main contributions are as follows.

(1) A pseudo-label contrastive learning module based on
semantic enhancement is established. We utilize a large
language model to generate keyword phrases and dy-
namically weightedly integrate them with the original

text to enhance semantic representation.

(2) Further, it uses the adaptive optimal transport to gen-
erate high-confidence pseudo labels. To address the
issue of the agent’s insufficient adaptability in complex
games, this paper introduces a role learning module,

enabling it to autonomously evolve its roles based on
changes in the situation, thereby enhancing its collabo-
rative adaptability.

(3) Meanwhile, this paper establishes a global and local
information fusion semantic representation based on
the self-attention mechanism and directly applies it to
the clustering algorithm.

2. Materials and methods

In order to enrich the semantic information of short texts
and enhance the ability to distinguish categories, this pa-
per constructs intelligent agents collaboration with large
language models (IACLLM) for short text clustering. From
a global perspective, a pseudo-label contrast learning mod-
ule based on semantic enhancement is constructed. This
module first uses a large language model to generate key-
word phrases and corresponding weights, and then com-
bines them with the original text through weighting to
capture deep semantic features and enhance the global se-
mantic density. Secondly, based on the adaptive optimal
transmission and cluster allocation strategy, the enhanced
semantic representation is mapped into high-confidence
pseudo labels. Finally, through end-to-end training, a dis-
criminative and globally semantically consistent text vector
representation is obtained. Based on cognitive informa-
tion, the role learning module can further achieve dynamic
role division and task constraint guidance for distributed
agents. This mechanism consists of an action representa-
tion and a role selector. The proposed IACLLM model is
shown in Fig. 1.

2.1 Semantic-Enhanced Pseudo-Label Contrastive Learn-
ing Module

In order to more effectively integrate the original text and
enhance the information of the features, this paper further
introduces large language model (LLM) to evaluate the
weight contribution of both in semantic expression [13, 14].
Let the vector representation of the original text be t, and
the vector representation of the key phrase be k. Then,
the final semantic enhanced representation is the weighted
fusion result:

v=a-t+(1—a) k (1)

Where, the fusion coefficient a € [0, 1] represents the
relative importance of the original semantics and the en-
hanced semantics. Its value is determined by the LLM
based on the assessment of semantic integrity and context
relevance.
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hancing the global semantic representation, it improves the
inter-class discriminability, thereby effectively alleviating
the performance bottleneck caused by semantic sparsity in
short text clustering. This module first encodes the original
text and keyword phrases using SBERT, and then combines
and weights them to generate a semantically enhanced
text representation. Secondly, it predicts the probability
distribution P of the text’s category through a fully con-
nected layer, providing a basis for subsequent pseudo-label
generation. To optimize pseudo-label generation, the self-
adaptive optimal transport (SAOT) method establishes a
mapping relationship between the sample distribution and
the class distribution through discrete optimal transport
(OT). The objective function is as follows:

H = min (< 7, M > +eH(m) +e2(p(0)")

)

st =a,nll=bmr>0bl1=1

Here, M = —logP is the cost matrix. H(m) =<
7, log m —1 > is the entropy regularization [15]. ¢(b) =
—logb — log(1 — b) is the penalty function. 7 is the trans-
mission matrix. a and b are the distribution vectors of
samples and classes respectively.

Finally, it obtains the 7t value by minimizing the ob-
jective function H, and then uses argmax to obtain the
pseudo-label Q.

In order to enhance the model’s robustness against noise
and learn high-quality text representations, this module
conducts contrastive learning using pseudo labels and aug-
mented instances, optimizing the text representations to
achieve better performance in clustering. Specifically, the
enhanced pairs of the text generated by the context en-
hancer [16] are obtained, and the fused representation is
calculated using the semantic enhancement method. At
the same time, the clustering network is used to predict
their clustering assignment probabilities P! and P? respec-
tively. A fully connected layer is adopted as the projection
network to map the representations to the space of the
application instance contrast loss, obtaining the projected
representations Z! and Z2.

During the contrastive learning stage, two augmented
instances from the same original text are regarded as pos-
itive pairs. Using formula Eq. (3), a pseudo label Q is
obtained as the supervisory signal, with a probability of
P . The cross-entropy loss is minimized to make the repre-
sentations of texts of the same category more concentrated.
The loss is defined as follows:

N
Le= <Y (~pilog P! — pilogP?) “
N i=1

Instance-level contrastive learning maintains the consis-
tency of the projection representations of positive sample
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pairs and maximizes the distance between negative sam-
ple pairs. Specifically, in a batch, there are 2N augmented
texts and their corresponding projection representations
zZ=[z',7°] T For each pair of positive samples ( z;, z; ),
that is, two augmented instances from the same original
text, the remaining 2( N — 1) augmented instances are re-
garded as negative samples. The loss function for positive
sample pair (z;, 7) is defined as follows:

exp (sim (z,-,zj> /T>
TN, vk exp (sim (2, 7)) /7)

l (z,-,z]-) = —log (5)

Where, sim(u,v) represents the cosine similarity be-
tween vectors u and v.T represents the temperature pa-
rameter, and v is an indicator function.

The instance-level contrastive loss is calculated over all
positive sample pairs in the batch, including the loss func-
tions of the two orders (z!,2z?) and (27, z}). Using the loss
function in formula Eq. (6), the instance-level contrastive
loss can be obtained as follows:

b= L () 1(EH) o

By combining the losses of category-level contrastive
learning and instance-level contrastive learning, the final

loss function is:

L=Lc+AL )
Here, A is the balancing parameter.

(1) Throughout the training process, by initializing pseudo
labels, training contrastive representation learning, pe-
riodically updating the pseudo labels and the clustering
results, the model’s representation ability and cluster-
ing prediction mutually promote each other, gradually
improving the quality of the pseudo labels and opti-
mizing the final clustering effect.

2.2 Cognitive Component Module

Taken the set of intelligent agents as A = {aj,ap,- - ,an}.
The perceptual information obs! that each agent a; € A
obtains from the environment at time step t can be repre-

sented as a feature vector, as shown in equation Eq. (8):

Obszt' = (fstelf 'feilly ffénemy > ®)

t
sel

information of the intelligent agent of the large language

The self-perception information f_;; includes the basic

model, such as health points hit, shield value s{, unit type
u;, etc., as well as the current position p! = (x{,y}), etc.

The teammate perception information f;auy consists of

the collection of all teammate agent information, f;lly =

{f]t Hj € Aany } The feature vector f]t of each teammate aj
includes information such as health points hjt, shield value
s{, unit type uj, current position pj = (x]-t, y}) , whether it is
within the field of vision V]-t, etc.

The enemy perception information fgnemy consists of a
collection of all visible enemy unit information. fgnemy =
{fl : k € Acnemy }. The feature vector f{ of each enemy aj
includes information such as health points ht, shield value
st, unit type uy, as well as current position pf. = (x{,y})
and whether it is in an attackable state B} .

The memory unit assists the intelligent agent in pro-
cessing historical experiences and effectively utilizing rele-
vant information during the decision-making process. By
accumulating the knowledge gained during the interac-
tion process, the memory unit can record and retrieve key
events, behavioral patterns, and strategy effects, providing
the intelligent agent with contextual information with a
temporal sequence. Moreover, the memory unit also sup-
ports the filtering and compression of knowledge, ensuring
that the large language model always focuses on the core
content relevant to the current task, thereby avoiding the
interference caused by information redundancy.

The memory unit consists of the following three com-
ponents: short-term memory Mgy is used to record
the states S, actions A and reward information R of the
agent in the recent several rounds, in order to support
immediate decision-making. Specifically, a rolling win-
dow mechanism is adopted to store the data of the last
H rounds, ensuring real-time performance and compu-
tational efficiency. Its formal representation is Mgt =
{(St—a+1, At—H41, Re—p41) s+, (St, A, Ry) ). Here, H
represents the window length, which is determined based
on the complexity of the task. By capturing the local game
dynamics, short-term memory can effectively enhance the
agent’s ability to respond to environmental changes. Long-
term memory Mlong acquires high-value information from
short-term memory regularly, summarizes and generates
game beliefs regarding the environment and strategies,
serving as the knowledge foundation for global game op-
timization. Every T rounds, the large model extracts key
information from short-term memory to generate a new
belief by and adds it to the long-term memory bank, which
-, bx}. The
long-term memory provides a global perspective, helping

is formally represented as My,ng = {b1,b2, -

the agent formulate more forward-looking strategies in
complex game scenarios.

The sample library Mexamples is designed to provide
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high-value decision-making examples covering the entire
process of the game for the intelligent agent of the large
language model. It measures the importance of the sam-
ples through immediate rewards and optimizes its content
using a dynamic update mechanism. The sample library
can be formally represented as Mexamples = {€1," "+ ,ém},
where m is the sample capacity set according to the com-
plexity of the task. Each sample e; = (S;, Aj, Ry, t;) consists
of the following four parts: game state information S;, ac-
tion sequence A;, immediate reward R;, and the timestamp
t; of the sample.

So the mathematical expression of the memory device
constructed in this paper is:

M = <M£hort ’ Mfong ’ Méxamples ) ©)

In a dynamic game environment, an agent’s decision-
making relies on a deep understanding of the environment,
roles, and strategies. To this end, this paper designs a
knowledge base module that enables large language model
agents to effectively acquire, process, and apply key infor-
mation in complex situations. This knowledge base can be
represented as three main sets of information, as shown in
formula Eq. (10).

K= (Krules s Koles / Kstrategies ) (10)

Game rule information K,yjes . This provides the ba-
sic constraints and global information for the large lan-
guage model agent regarding the current game scenario,
enabling it to make efficient decisions within the estab-
lished rules. Its formal representation is K;es = (G, R, U).
Here, G represents the map information describing the cur-
rent game scenario. R is the fixed scoring rule for each
scenario, mainly calculated based on kill rewards and sur-
vival rewards. U describes the unit information of both
sides in the current game scenario.

Role information K;qjes records the basic information of
the units currently controlled by the large language model
intelligent agent. Its formal representation is Kjes =
(P, T,A). Here, P represents the attributes of the unit it-
self, including health, shield value, attack power, attack
range, movement speed, and field of vision. T represents
the tasks that the unit can perform, including offense, de-
fense, support, reconnaissance, etc. A represents the action
library of the unit, containing various actions that the unit
can execute: movement, attack, pause.

In conclusion, building a knowledge base module for
the intelligent agent of the large language model, the in-
formation K provided at each time step t will be used as
the input of the large language model to assist it in an-
alyzing the current situation and making decisions that

comply with the game rules, role positioning and tactical
requirements, thereby achieving more efficient multi-agent
collaboration and confrontation capabilities. The percep-
tron, memory unit and knowledge base cooperate with
each other to jointly endow the agent with the ability to
perceive in dynamic and complex environments, providing
a foundation for it to meet the dual needs of cooperation
and confrontation.

In the collaborative decision-making of multi-agent sys-
tems, the high-dimensional and abstract role representation
7pi is transformed into a natural prompt language to help
large language models more effectively guide the agents to
perform corresponding tasks. The decoding of role infor-
mation is one of the key steps, and the specific steps are as
follows:

(1) Action preference extraction. Based on the character
representation z,; and the set of actions that the agent
can perform A, calculate the priority weights of each
action:

w; = g (20, a7) (11)
Here, g(-) is the action positive scoring function, which
is realized through rules based on the characteristics of
the characters.

(2) Generation of natural language prompts. Based on the
action weights w;, construct the corresponding natural
language prompts. For example: If p; represents an of-
fensive character and the action priority leans towards
offensive actions, then the generated prompt would be:
"You are an offensive character, aiming to eliminate en-
emy units. You need to prioritize attacking the enemy’s
melee units."

(3) Action space constraints. Based on the prompts, it de-
fines the subset of executable actions Ay, C A to ensure
that the behavior aligns with the role responsibilities.

Ultimately, the large language model agent takes the
current observed information obs !, the role prompt prompt
o1, and the role constraint action space Ay, as inputs to
generate a strategy and make a decision:

at=e (M < obs !, prompt p,"APi>) (12)
Here, M represents the large language model inference
function mentioned in the previous text.

3. Results and discussion

3.1. Experimental Data Set and Experimental Procedure

The detailed introduction of the datasets is listed in Ta-
ble 1. Here, C represents the number of categories for each
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dataset. T indicates the number of short texts contained
in each dataset, and L denotes the average length of each
dataset.

Table 1. Dataset description

Dataset C T L
SearchSnippets [17] 8 12340 18
StackOverflow [18] 20 20000 8

AgNews [19]] 4 8000 23
Biomedical [20] 20 20000 13

This experiment is conducted using the Ubuntu 18.04.5
LTS operating system, the PyTorch deep learning devel-
opment framework, and Python as the programming lan-
guage. The CPU uses in the experiment is an Intel Core
i7-7700K, and the GPU is a NVIDIA GeForce RTX 2080Ti.

In this experiment, a 384-dimensional vector is obtained
through the pooling layer of the BERT pre-training model
as the embedding representation of the short text. This pa-
per uses unsupervised SimCSE to conduct self-supervised
training on the BERT model, converting sentence embed-
dings into an isotropic and relatively evenly distributed
space, optimizing the embedded vectors to be clustered. Af-
ter iterative training, the optimized vectors are re-inputted
into the clustering network, and the clustering results are
used to reverse-optimize the parameters of the pre-training
model and the clustering model. To prevent the clustering
model from falling into a degenerate state, an unsupervised
SimCSE loss function is used, and the Kullback-Leibler (KL)
divergence is combined as the overall loss function for this
stage. By continuously optimizing the distance between
the estimated Q and the auxiliary target distribution P of
the model output samples, the clustering accuracy is im-
proved. The embeddings obtained after joint training are
re-embedded using Umap. Finally, the K-means algorithm
is used to cluster the final embedding results.

During the experiment, SGD is selected as the optimizer,
the momentum is set to 0.99 . The batch size is set to 64 ,
the initial learning rate is set to 0.003 , the self-supervised
training epoch is 80 , and the joint training epoch is 30 .

3.2. Evaluation Indexes

This paper uses clustering accuracy (ACC) and normalized
mutual information (NMI) as the evaluation metrics for the
model. The formula for calculating the clustering accuracy
rate ACC is as follows:

Y0 (S;,map (r;))
N
Here, r; represents the labels after clustering. S; repre-

ACC = 13)

sents the true label. N represents the total number of data.

¢ is an indicator function. map represents the reproduction
allocation of the best class label, that is, mapping the coarse
labels obtained by the model to the true labels of the data.
The specific function is as shown in equation Eq. (14):

1, ifa=b
6(a,b) = (14)
0, otherwise
NMI is often used to measure the similarity between two
clustering results in clustering. The calculation formula of
NMI is as follows:

MI(U,V)

NMIWY) = s, H(VY)

(15)

Where, MI stands for mutual information, and H(.) rep-
resents. F(.) The geometric mean is as shown in equation
Eq. (16) and the arithmetic mean is as shown in equation
Eq. (17).

F (Xl,XZ) = V/X1X2 (16)

X1+ x
2

In order to ensure the accuracy and reliability of the

F(x1/x2) = (17)

experiment, in the experiment we chose the arithmetic
mean instead of the geometric mean, which is consistent
with the comparison method in reference [21]. The formula
for calculating NMI can be expressed as:

MI(U,V)

NMI(U,V) = 250 TEV

(18)

3.3. Comparison Results

To demonstrate that the presented method in this paper
exhibits excellent performance in short text clustering, we
select six state-of-the-arts methods for comparison includ-
ing BoW, TF-IDF, STCC [22], Self-Train [23], HAC-SD [24],
SCCL [25].

In this experiment, the clustering accuracy and the stan-
dard mutual information are used as evaluation metrics.
The average value of the results from 5 experiments is taken
as the final outcome. Five sets of comparative experiments
are conducted on the same dataset, and the experimental
results are listed in Table 2.

The presented method in this paper demonstrates ex-
cellent clustering performance in four short text datasets.
Compared with the SCCL method, this method outper-
forms it by 10.1% and 9.2% respectively in the clustering
accuracy metrics on the StackOverFlow and Biomedical
datasets, and by 2% and 7.8% respectively in the standard
mutual information metrics.
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Table 2. Accuracy rate and mutual information of the comparative experiments
StackOverflow AgNews

ACC NMI ACC NMI ACC NMI ACC NMI
BoW 18.6 14.1 276 238 244 9.4 144 93

TF-IDF 58.5 58.8 345 119 316 19.3 284 233
STCC 51.2 49.1 612 478 771 63.3 437 382
Self-Train ~ 59.9 54.9 767 526 772 56.8 549 472
HAC-SD  64.9 59.6 819 546 828 63.9 402 33.6
SCCL 75.6 74.7 883 682 853 712 463 41.6
Proposed  85.7 76.8 849 641 813 69.7 555 494

SearchSnippets ~ Biomedical

Methods

The four different embedding representation methods
(BOW, TE-IDF, SBERT, SimCSE_SBERT) are combined with
K-Means to verify the importance of text embedding qual-
ity for text clustering. From the table, it can be seen that
among the four experiments, the obtained clustering effect
on short texts directly from the text embedding based on
word frequency using the language model is the worst,
while the text embedding after data augmentation has the
best effect. From the experimental results, high-quality text
embeddings trained on a large amount of data can improve
the effect of downstream clustering tasks.

3.4. Ablation Experiments

In order to better verify the effectiveness of the cluster-
ing framework proposed in this paper, we conduct a com-
parative experiment on whether the sentence embeddings
have been improved through information fusion (IF) and
self-attention (SA). From the ablation experiments, we can
obtain the following information.

From Table 3, it can be seen that the clustering accuracy
rate of the proposed model, compared with the two evalu-
ation indicators of mutual information and other method
combinations, has improved. The text embedding obtained
through this framework optimization is more suitable for
the clustering task. This indicates the feasibility of the
framework in this paper for optimizing clustering embed-
dings, as well as the fact that low-dimensional embed-
dings can effectively enhance the representation ability
of short texts. The clustering clusters and the divisions
and boundaries between clusters obtained through the pro-
posed model are more distinct, and the clustering effect is
better.

The clustering of the embeddings obtained through IF
on the SearchSnippets dataset results in a 1.1% lower accu-
racy compared to the clustering of sentence embeddings
directly obtained from BERT. Since IF inputs the same sen-
tence to the model twice to construct the positive samples
for contrastive learning, the positive sample pairs contain
information of similar lengths, causing the model to make

incorrect judgments on samples of similar lengths. This
has been confirmed in reference [15].

Table 3. The results of the ablation experiment (1)

methods StackOverflow  SearchSnippets
ACC NMI ACC NMI
SBert 721 70.1 74.6 59.6

SBert-Umap  76.8 71.7 78.4 68.9
Sbert-SimCse ~ 75.3 715 73.5 59.6
SSK 80.9 74.5 74.7 59.6
Proposed 85.8 76.7 81.4 69.8

This paper conducts the following experiments to ex-
plore the negative optimization results of sentence em-
beddings obtained through IF training. In each cluster
of Search_Snippets, 1500 pieces of data with sentence
lengths ranging from 17 to 19 (average length +1) (Search-
Snippets(Avg)) and varying lengths (Search_Snippets(Dif))
are extracted respectively. Firstly, the sentence embeddings
are optimized using IF, and then the clustering results are
obtained using the K-Means algorithm. The experimen-
tal results are shown in Table 4. From the table, it can be
seen that for data with similar lengths, performing data
augmentation to obtain the negative optimization results
results in an ACC that is 5.5% lower than that of the direct
clustering method, while it increases by 2.4% on datasets
with different lengths. Compared to the entire dataset, the
proposed method performs better on datasets with differ-
ent lengths. Search-Snippets and AgNews have relatively
similar average lengths in different cluster classes, which
leads to a smaller improvement in this class of data. In
terms of the data augmentation method, IF still has room
for improvement.

4. Conclusion

This study has demonstrated that integrating intelligent
agents with large-language-model (LLM) capabilities can
substantially improve the quality, stability and inter-
pretability of short-text clustering. By equipping each
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Table 4. Results of ablation experiment (2)
Methods StackOverflow  SearchSnippets (6]
ACC NMI ACC NMI
SBert 749 60.4 66.8 60.5
Sbert-SimCse  69.4 55.7 69.2 61.2
SSKU 78.6 67.4 83.3 70.7
agent with a specialised persona, a local memory and an [7]

LLM-based encoder, the proposed framework converts

sparse, noisy micro-texts into rich, context-aware embed-

dings without relying on large labelled corpora.

The collaborative consensus stage further refines these

representations through agent-to-agent negotiation, en- 8]

abling the discovery of latent topics that are often over-

looked by traditional vectorisation or single-model clus-

tering. Extensive experiments on public datasets show

average improvements of 7.0% in NMI and 3.7 % in ACC

over the strongest baselines. Equally important, the gener-

ated explanatory labels and agent-produced cluster sum-

maries give end-users direct insight into why each group-

ing emerged, a feature that is especially valuable in high-

stakes applications such as crisis-management or medical

triage.
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