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ABSTRACT

Short text clustering poses several challenges because of the limited contextual information available,
especially for low-resource languages such as Persian. This study proposes a novel deep clustering
architecture that consists of an RNN-based autoencoder to learn the latent representation of the text in
preserving the rich structural features. This architecture involves a second network, the Representation
network, to maximize the existing distance between clusters, minimize the overall cluster overlapping, and
improve clustering in the latent space. The two-phase training approach first involved training using
autoencoder reconstruction loss and then jointly optimizing for improved cluster separation. Experiments
with different embedding types were carried out, and the evaluation results showed that the proposed
method outperformed previous approaches. The proposed model provides an impactful advancement in

representation learning and training for the short-text domain.

Keywords-short text clustering; RNN-based autoencoder; deep representation learning

I.  INTRODUCTION

Clustering is an essential unsupervised learning task that
involves grouping similar objects. It is a crucial area of
research that has received significant attention, with various
aspects such as distance metrics, feature selection, and
grouping methods being extensively studied. Among the
numerous clustering algorithms, K-Means [1], DBSCAN [2],
and GMM [3] are very popular. These algorithms typically use
distance-based similarity measures, focusing primarily on low-
level features. However, when dealing with high-dimensional
data, distance metrics become insufficient as distances between
points become relatively uniform [4]. As a result, these
algorithms are not well-suited for clustering high-dimensional
data.

The success of deep learning models has led to many recent
studies that focused on representing data well in both
supervised and unsupervised settings. However, clustering, an
unsupervised task, poses a challenge because no guidance, such
as class labels, is available to guide the learning process. As a
result, neural networks lack constraints to preserve the desired
properties in the representations they learn. Most deep
clustering methods rely on autoencoders that consist of two
components: an encoder and a decoder that work together to
reconstruct input data samples after encoding them in a latent
space. The autoencoders aim to learn the key factors of
similarity in the embedded space in relation to data semantics.
All autoencoders share a reconstruction loss function, but they
differ in the encoding operation. As mentioned above, the main
challenge in unsupervised learning is the lack of an obvious
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objective function that can cluster data points according to their
semantic meaning. DEC [5] was a pioneer in addressing this
challenge by introducing a self-training clustering loss scheme.
This approach directly modifies the representation space to
enhance its suitability for clustering. Later, many approaches
were proposed to improve its structure, using methods such as
preserving locality, different approaches to optimize the neural
network with clustering loss, different embedding variants,
various loss functions, and network structures [6-15]. This
study aimed to design a simple and powerful model, leveraging
autoencoders to learn an embedded space suitable for
clustering. The focus lies specifically on short text data in
Persian, which is considered a low-resource language. The aim
was to create a model to efficiently separate data clusters,
thereby improving data clusterability and accuracy.

The proposed clustering model utilizes an RNN-based
autoencoder to learn data representations, which are then fed
into a deep neural network, called the representation network,
to create a clustering-friendly embedded space. This network is
trained to minimize the cross-entropy between the pairwise
similarity of points in the autoencoder's latent space and the
embedded space. This is achieved by learning a mapping from
the low-dimensional representation Z of the autoencoder to the
embedding space E. The model is trained from end to end,
simultaneously optimizing the encoder, decoder, and
representation network parameters. Finally, K-Means
clustering is applied to the embedding space to obtain the
clusters. This work aimed to detect topics from short texts in
Persian. However, extracting embeddings and clustering is
extremely challenging for texts with fewer than 10 tokens.
Texts of this short length cannot be encoded into embeddings
with sufficient features to discern topics. Therefore, the texts
were filtered to include only those between 10 and 30 tokens in
length. This range was chosen to focus on short texts while still
allowing topic detection through embeddings and clustering.
The limitations of very short texts under 10 tokens prevented
effective topic detection, but by focusing on texts with 10-30
tokens, more meaningful embeddings were produced and
successfully clustered into topics. The main contributions of
this paper are as follows.

e Proposes a simple yet effective RNN-based autoencoder
that simultaneously learns both a valid feature space F and
an embedding space suitable for clustering E. In addition,
in contrast to simpler Multi-Layer Perceptron (MLP)
models, employing an RNN-based autoencoder architecture
enables learning superior embeddings for sequential data,
due to its inherent strength in modeling sequential
dependencies across extended contexts.

e To improve clustering performance, a secondary
feedforward network is used to increase the distance
between data points in the latent space of the autoencoder.
This amplification of inter-cluster margins facilitates better
separation. However, excessive distortion of the latent
space may result in latent vectors that no longer represent
accurately the original input characteristics. To address this,
a two-phase training procedure is proposed. First, the
autoencoder parameters are pre-trained to initialize a robust
latent space. Subsequently, the encoder, decoder, and

representation network modules are jointly optimized. This
joint training procedure allows for enhancing cluster
separation in the latent space while retaining the
autoencoder's reconstruction fidelity.

e To enhance the clustering results, a technique was
employed to filter the texts to ensure they contained a
specific range of tokens, specifically between 10 and 30.
This filtering approach was implemented to improve the
effectiveness of the clustering process.

In recent years, the use of deep neural networks for
clustering tasks, especially in image processing, has garnered
substantial research attention due to their exceptional capacity
in learning complex nonlinear relationships within data. Most
deep clustering approaches focus on learning an effective high-
level representational abstraction of the data to better equip the
subsequent clustering process. A discussion of related works
follows, focusing on recent approaches that use autoencoder-
based architectures for text clustering. In summary, deep
clustering techniques are well-positioned to leverage the
representational learning strengths of deep neural networks,
typically by focusing on objectives that ultimately improve
clustering performance. For a comprehensive overview of deep
clustering methods and other categories of these algorithms, the
study in [16] provides an excellent survey of the latest
techniques and developments. Additionally, a comprehensive
survey on deep clustering was presented in [17], discussing
taxonomic categorizations, current challenges, and future
directions.

Several recent autoencoder-based deep clustering
approaches are based on the seminal DEC model [5], which
uses an autoencoder framework to learn embedded feature
representations and subsequently performs clustering by
minimizing KL divergence loss. Enhancements to DEC include
IDEC [6], which highlights the importance of maintaining data
structure integrity and includes the term of the lower-
dimensional feature representation's reconstruction loss during
fine-tuning tasks. In essence, IDEC aims to jointly optimize the
weighted clustering loss and the autoencoder's reconstruction
loss. DEC-DA [18] augments training data to improve
embedding learning in DEC. In [19], Discriminatively Boosted
image Clustering (DBC) was introduced to address the
challenges of image representation learning and clustering.
DBC shares a similar pipeline to DEC, but its learning process
is self-paced [20], which means that it starts by selecting the
easiest instances and gradually adds more complex samples.
Density-based clustering has also been integrated with deep
feature learning, as exemplified by DDIC [21]. DDIC leverages
a denoising autoencoder to obtain feature representations and
then clusters based on density without needing to pre-specify
cluster numbers. In [15], a novel clustering approach used deep
neural networks to simultaneously learn feature representations
and embeddings suitable for clustering. This approach
encourages the separation of natural clusters in the embedding
space, thus enhancing the efficacy of the clustering process.

More recent DAE-based efforts focus on improving learned
representations and clustering performance by combining deep
embedding learning with traditional methods. DSCDAE [22]
and SC-EDAE [23] specifically aimed to incorporate spectral
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clustering  objectives  within  optimized autoencoder
architectures for clustering tasks. In [13], two novel methods,
Structural Text Network Graph Autoencoder (STN-GAE) and
Soft Cluster Assignment Autoencoder (SCA-AE), were
proposed to improve short text clustering by advancing
representation  learning. STN-GAE utilizes a Graph
Convolutional Network (GCN) within an autoencoder
framework to capture structural relationships between texts,
where texts are nodes in a K-nearest neighbor graph based on
semantic similarity scores. Additionally, SCA-AE incorporates
a soft cluster assignment approach that uses Student's t-
distribution and KL-divergence loss to help embeddings align
more closely with cluster centers and make them better suited
for clustering. The study showed that BERT-based pre-trained
representations performed significantly better than traditional
embeddings such as Word2vec.

In the domain of Persian text clustering, an innovative
method was proposed in [24] to cluster unlabeled Persian text
data, addressing a significant need in Persian Natural Language
Processing (NLP). This approach involves three main steps.
First, it utilizes ParsBERT [25], a monolingual language model
specifically designed for Persian and built on the BERT
architecture. ParsBERT overcomes limitations in multilingual
models, which often underperform with low-resource
languages, such as Persian, by providing language-specific
contextual representations that capture the unique semantic and
syntactic nuances of Persian text. To develop ParsBERT, a
large and diverse dataset was compiled from numerous Persian
sources, including Persian Wikipedia, news websites, and other
public text corpora. This comprehensive dataset enables
ParsBERT to achieve high accuracy across several NLP tasks,
including sentiment analysis, text classification, and Named
Entity Recognition (NER). Such a dedicated model greatly
enhances feature representation quality for Persian data,
providing insights that general multilingual models lack. Using
ParsBERT, Persian text data was transformed into high-quality
numerical features optimized for clustering. Following this, a
stacked autoencoder further refined these features by reducing
their dimensionality, improving their suitability for clustering.
Finally, the k-means algorithm organized these refined features
into coherent clusters, allowing an effective clustering of
semantically similar content. An innovative aspect of this work
was the combined use of ParsBERT and the stacked
autoencoder, which together support the extraction of rich and
distinctive features crucial for accurate clustering. Furthermore,
BERTopic modeling was applied to interpret each cluster more
precisely by analyzing the underlying text context, providing
valuable insights into the topic structure. The method
demonstrated strong performance, achieving a high Silhouette
score of 0.60, and consistently outperformed other clustering
techniques within Persian NLP, highlighting its robustness,
efficiency, and practical utility for Persian text clustering tasks.

Recently, a deep clustering framework built on the Neural
Network Meaningful Learning (NNMeL) theory was
introduced [26]. This model, known as DCSS, first employed a
Contextualized Sentence Encoder (CSE) that used an attention
mechanism along with LSTM units to transform raw text into a
contextualized latent space. This was followed by a Sentence

Similarity Classifier (SSC), which trained the network by
taking pairs of sentences and learning their semantic similarity.
The resulting contextualized representations were then passed
through a Vector Separator Network (VSN) that mapped these
vectors into a space where they were more separable for
clustering. In contrast to traditional autoencoder-based
methods, where reconstruction loss from denoising is used to
learn latent representations, DCSS focused explicitly on
training for sentence similarity before applying clustering.

Autoencoders are popular networks in unsupervised tasks
such as text clustering, offering advantages by learning
compact encoded representations that help reduce noise and
dimensionality, making clustering more efficient. However,
their effectiveness largely depends on architectural choices and
the quality of the generated features. Although autoencoders
hold great potential, they have limitations: Selecting the right
architecture can be challenging, and poor choices can affect
performance. Furthermore, if the encoded features are of low
quality or irrelevant, clustering quality can be reduced.

This study extends the model in [15], which addresses these
issues by combining an autoencoder with a representation
network to create better-separated clusters. Unlike most
autoencoder-based approaches that rely on basic architectures
such as MLP, which are less effective for text data due to their
inability to model sequential patterns, this approach is
specifically tailored for text. Clustering is further optimized by
applying clustering loss to a separate neural network, rather
than directly to the encoder, creating a dedicated embedding
space that is more effective for clustering Persian text data.

II. PROPOSED METHOD

A. Data Preparation

Social media posts often contain various types of noise,
including typos, emojis, mentions, hashtags, and URLs. This
study employed a customized tokenizer to parse Persian social
media data. After tokenization, all nonvocabulary tokens, such
as stop words, numeric, emojis, hashtags, and mentions, were
removed [27]. This filtering process reduced noise while
retaining the core textual content.

As noted previously, texts were filtered to include only
those with 10 to 30 tokens. This range was selected because
texts with fewer than 10 tokens lack sufficient information to
discern their appropriate cluster. Consequently, the latent
vectors generated for these ultra-short texts via the autoencoder
are generally uninformative, reducing clustering performance.
An upper bound of 30 tokens was imposed to improve short-
text clustering. Longer texts intrinsically convey more
information, potentially simplifying clustering. Thus, to focus
only on short texts, they were excluded. To conclude the
preprocessing phase, several methods, such as TF-IDF, SIF
[10], Glove [28], and FastText [29], were employed to
transform the textual data into vector representations.
Subsequently, these embeddings were normalized using min-
max normalization to minimize variance. This normalization
accelerates training and speeds up convergence by scaling the
data to a common range. These embeddings are provided as
input to the model.
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Fig. 1.

B. Autoencoder

The autoencoder is used to reduce the dimensionality of the
features and compresses the high-dimensional input X into a
low-dimensional latent representation Z while preserving most
of the information content. Employing these compressed
embeddings can reduce computational complexity and runtime.
To minimize reconstruction error and achieve reconstructed
outputs X closer to the original inputs X, Mean Squared Error
(MSE) is commonly used as the loss function to quantify the
deviation between X and X.

L(X,X) =X - X|? (1)

Additionally, an autoencoder variant known as the
Denoising Auto-Encoder (DAE) [30] accepts intentionally
corrupted input data and is optimized to recover the original
undistorted samples as outputs. This allows learning feature
representations robust to partial corruption. Rather than directly
reconstructing the input X, DAE is trained to reconstruct the
clean input X from a corrupted version X . This approach
employed an RNN-based DAE (RNN-DAE) with cross-
entropy reconstruction loss. The utilization of RNN layers is
justified because of their ability to extract significant and
informative features from textual data. For this RNN-DAE,
LSTM, GRU, Bi-LSTM, and Bi-GRU layers were utilized.

C. Representation Network

Autoencoders, constrained by the smaller latent space Z,
model data distributions concentrated near low-dimensional
manifolds. They aim to learn representations implicitly
capturing the local coordinate frame of these manifolds in the
latent space Z. However, this yields compactly positioned
representations with severe overlap between natural clusters.
Therefore, clustering in the latent space Z is ineffective [15].
To allow for more effective clustering, the encoder must be
adapted to sufficiently separate natural clusters in the
representation space.

A fully-connected neural network, termed the
representation network, is employed to overcome this
limitation [15], connected to the encoder portion of the
framework. This network is optimized to learn the mapping

Decoder

Representation Network

Structure of the proposed method.

from the latent space Z to the embedded space E by learning
weights ¢ that preserve local structure while promoting greater
separation between natural clusters in E . This generates
embeddings of well-separated clusters, facilitating more
effective clustering compared to the original representation
space.

To capture local data structure, pairwise distances in the
latent and embedded spaces are converted into Student's t-
distribution-based ~ similarity ~probabilities p;; and gq;; ,
respectively, as defined in (2) and (3). Here, p;; defines the
probability of latent representations z; and z;, with & set to 2d,
where d is the latent dimension. In contrast, q;; uses @ = 1 to
induce greater cluster separation in the embedded space E [15].

,, _at1
A+ Fe) —FEPI? /@) 2
pij = - ! —a¥T (2)
Skt F () —f D 112/ @)™ 2
1+ h(z) =h@zpIIH™? 3)
Tk21(1+ R(z) —h(z) |12) 72

Finally, the representation network's weights ¢ are learned
by minimizing the cross-entropy between distributions p and q
as formalized in (4). Minimizing this cross-entropy loss is
equivalent to minimizing the entropy of distribution p as well
as the KL divergence between p and q and results in pushing
clusters apart and reducing overlap, allowing more accurate
and efficient clustering.

Ly = —¥;Xjpijlog(qi;) = Hp) + KL(pllg) 4
D. Training

qij =

The optimization method consists of two phases:

e Initialization and Latent Space Creation: The goal of the
initialization phase is to pretrain the autoencoder to learn
how to effectively compress the input data into a lower-
dimensional latent vector space. The autoencoder is trained
in an unsupervised manner solely to minimize the
reconstruction loss. This trains the autoencoder how to
encode the most salient features of the data in the latent
bottleneck layer. An RNN-based autoencoder is used,
which is better suited for sequence data as it can learn
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temporal dynamics. The key is training the autoencoder on
in-domain data to learn a latent space tailored to the
characteristics of the specific dataset. Proper initialization is
crucial to ensure that the autoencoder provides informative
latent representations before the representation network is
added.

e Joint Training: In this phase, the representation network is
added to the trained autoencoder, and all modules are
optimized together. The representation network is trained to
further refine the latent space to make it more amenable for
clustering. It minimizes a cross-entropy loss, which
encourages clearer separation between data points in the
latent and embedded spaces. However, the autoencoder's
reconstruction accuracy must be maintained during this
phase. If the latent space is distorted too much, the decoded
outputs will become less accurate. Therefore, the clustering
loss is combined with the autoencoder reconstruction loss
when training the encoder. This forces the encoder to
balance the clustering-friendliness and fidelity of the latent
space. The decoder and representation networks are trained
simultaneously to optimize this joint latent space. Training
all modules together allows for improving clustering
performance  while  retaining the  autoencoder's
reconstruction capability.

Regarding loss functions, the cross-entropy (4) is utilized
for the representation network. The decoder module employs a
reconstruction loss, while the encoder uses both the
reconstruction loss and the representation loss. The
representation loss is weighted by a coefficient y . This
combined encoder loss lets us control how much the latent
space Z gets distorted. The objective function is defined in (5).

L=1Lg+ ylg 5)
III. EXPERIMENTS

The model was implemented in the Python programming
language utilizing the TensorFlow framework [31].

A. Dataset

This study used the Sep_TD_TelO1 dataset [32], which is in
Persian. This dataset was collected from Telegram without any
limitations, such as keywords, and therefore, it fully represents
a data stream nature. Several studies have used this dataset in
different fields such as NER, event detection, text clustering,
and topic detection [26, 33-35]. These studies show the
dataset's versatility and significance in Persian language
processing research. Most studies on text clustering focused on
the Twitter social network. Twitter's popularity stems from its
provision of free API access to data for users [36, 37]. In
contrast, this study focuses on the Telegram social network
because it is very popular in Iran. A message collector system
was developed by the ComlInSys Laboratory to access
Telegram data. This dataset includes messages collected from
public channels and groups, with approximately assigned topic
labels to 23% of them. The dataset has 75 distinct labeled
clusters, which were reduced to 44 clusters by constraining the
texts to have between 10 and 30 tokens. Table I presents details
of the dataset. Figures 2 and 3 illustrate the number of posts
and their clusters after preprocessing and normalization.

TABLE L. DATASET SUMMARY [32]
Number of posts 10,209
Number of super-topics 2
Number of sub-topics 81
Number of labeled posts 2,365
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Fig. 2. Posts count and their cluster before preprocessing.
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Fig. 3. Posts count and their cluster after preprocessing.

B. Experimental Setup

1) Network Architecture and Parameter Settings

Similarly to DEC, the encoder and decoder networks utilize
the following architectures, respectively: D-RNN(100)-
FC(500)-FC(500)-FC(2000)-FC(d) and  FC(d(-FC(2000)-
FC(500)-FC(500)-RNN(100)-FC(D), where "D" denotes the
dimensionality of the input data and "d" indicates the
dimension of the latent representation space. The representation
network architecture used is the same as [15] with d-FC(2000)-
FC(500)-FC(500)-FC(e), where "e" represents the embedding
space dimension. In this architecture, RNN stands for using an
RNN layer, and "FC" denotes fully connected neural networks.
For all these layers, the Rectified Linear Unit (ReLU) [38] was
used as the activation function. Stochastic Gradient Descent
(SGD) with momentum [39] and Adam [40] optimizer were
used for training, with a batch size of 32 samples. The learning
rate was set to 0.001, while the latent dimension "d" was set to
100. Each experimental configuration was executed 10 times,
and the average score across these 10 repetitions was recorded.

2) Evaluation Metrics

Unsupervised clustering accuracy (Acc) and Normalized
Mutual Information (NMI) were used for evaluation.
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e Unsupervised Clustering Accuracy (Acc): Given an
individual text example x;, let ¢; denote the obtained cluster
label and t; indicate the label provided in the corpus.
Accuracy is formally defined as:

Z?:l §(tymap(cy))
n

Acc = (6)
where n represents the total number of texts, §(x,y) is an
indicator function being 1 if x = y and 0 otherwise, and
map(c;) signifies a permutation function that maps each
cluster label c; to the equivalent corpus label using the
Hungarian algorithm [41].

e Normalized Mutual Information (NMI): For label set T and
cluster set C, NMI is defined as:

MI(T,C) 7
JHMH)

where MI(T, C) represents mutual information between T
and C, and H(T) and H(C) denote the entropies of T and C,
respectively. NMI assesses clustering accuracy by
measuring the correlation between the predicted clusters
and ground truth labels.

C. Results

The scarcity of previous work on the Persian dataset
challenges the comparison of the results with other works.
Based on baseline works [5, 15], the aim is to extend them and
address the unique challenges of Persian. Experiments were
carried out both without and following the constraint of text
lengths to 10-30 tokens. Initially, the dataset contained 75
clusters, but after applying the mentioned constraints, the
clusters were reduced to 44. For both settings, various high-
quality embedding types, including TF-IDF, SIF, GloVe,
FastText, and ParsBert, were evaluated. Table II presents the
results before and after the token constraint. In addition, this
method is compared to some baseline and recent deep
clustering models, mainly autoencoder-based architectures that

NMI(T,C) =

have been shown to yield strong performance on textual data.
As shown in Table II, adding the token number constraints
greatly improved evaluation metrics. This is because texts
shorter than 10 tokens cannot capture the key information or
cluster structure well. The results in Table II clearly
demonstrate that the proposed method outperforms prior works
in terms of Acc and NMI across various embedding types,
particularly after applying constraints. Table II provides a
comprehensive comparison of clustering performance using
different embedding types before and after applying token
constraints, offering a clear numerical representation of the
improvements achieved. Table III presents the results of the
proposed approach using different types of RNN layers to
compare their performance using TF-IDF embeddings. Since
TF-IDF embeddings demonstrated superior performance over
other embedding techniques, Table IV provides a detailed
comparison of the proposed approach with previous works
using TF-IDF.

As seen in Table III, the proposed approach achieved better
accuracy and NMI across all RNN layer variants. This
performance boost can be attributed to the ability of RNNs to
effectively model sequential information, especially within
short texts. Among these models, the best result was achieved
using Bi-LSTM as the RNN layer of the AE module. Table IV
presents a performance comparison between different deep
clustering techniques and the proposed method using optimal
configurations. Both Acc and NMI metrics are reported on the
basis of the same dataset. The proposed approach demonstrates
a significant improvement in clustering performance, achieving
an Acc of 0.63285 and an NMI of 0.82321, substantially
outperforming previous methods that achieved at most 0.61314
Acc and 0.78276 NMI. This validates that the proposed
approach can effectively learn semantic features that capture
the inherent structures and clusters within short texts. The
recurrent autoencoder architecture and two-phase training
procedure enable robust representation learning from these
limited contexts.

TABLE II. COMPARISON OF ACC AND NMI OF CLUSTERING METHODS BASED ON THREE TYPES OF EMBEDDING BEFORE AND
AFTER TOKEN CONSTRAINTS
. Acc (%) NMI (%)

Method Network | Embedding Before constraints | After constraints | Before constraints | After constraints
K-means - TF-IDF 22.071 54.517 16.651 76.650
DEC [5] FCN 22.467 60.162 16.879 77.949
IDEC [6] FCN TE-IDF 24.987 61.013 18.025 78.537
AE+RN+K-means [15] FCN 28.889 61.314 17.134 78.276
This approach RNN 32.517 63.285 22.076 82.321
DEC FCN 15.283 52.981 31.677 75.793
IDEC FCN Glove 17.879 55.087 34.320 76.112
AE+RN+K-means FCN 16.425 53.285 31.981 77.097
This approach RNN 17.361 60.814 29.521 76.982
DEC FCN 17.214 46.257 32.011 69.514
IDEC FCN FastText 19.026 49.351 33.041 71.671
AE+RN+K-means FCN ) 18.902 48.905 31.985 70.013
This approach RNN 17.982 60.549 31.957 76.142
DEC FCN 19.172 54.257 32.995 76.514
IDEC FCN SIF 19.783 56.863 33.581 78.291
AE+RN+K-means FCN 20.034 57.001 19.527 76.012
This approach RNN 20.819 61.475 21.547 77.025
Stacked AE+K-means [24] FCN ParsBERT 30.328 61.995 23.014 76.361
This approach RNN ) 31.851 62.789 26.490 78.987
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TABLE III. COMPARISON OF ACC AND NMI OF THE
PROPOSED METHOD BASED ON DIFFERENT TYPES OF
RNN LAYERS
Type of RNN A
Method layer used in AE Optimizer Acc NMI
Dense Adam 0.58175 0.79744
) SGD-mom | 0.58540 0.80221
Adam 0.53284 0.77755
LSTM SGD-mom | 0.63139 0.81736
. . Adam 0.52920 0.77245
This approach|  Bi-LSTM SGD-mom | 0.63285 | 0.82321
GRU Adam 0.51241 0.76281
SGD-mom | 0.61898 0.80980
. Adam 0.50218 0.76260
Bi-GRU SGD-mom | 0.61605 | 0.81652
TABLE IV. ACC AND NMI COMPARISON OF DIFFERENT
METHODS AND THE PROPOSED APPROACH WITH
OPTIMAL SETTINGS.
AE ACC NMI
Method Network | (%) | (%)

K-means - 54.517 | 76.650

DEC FCN 60.162 77.949

IDEC FCN 61.013 78.537

AE+RN+K-means FCN 61.314 78.276

Stacked AE+K-means FCN 61.995 | 76.361

This approach RNN 0.63285 | 0.82321

Analyzing the component-level results provides further
insights. The configuration utilizing a Bi-LSTM recurrent layer
coupled with the SGD-Mom optimizer obtained the strongest
performance among the variants examined. This aligns with the
motivation to use RNN architectures that are suitable for the
sequential modeling of short texts. The Bi-LSTM-based model
surpassed even the best method's performance by a significant
margin, demonstrating the benefits of the proposed approach's
innovations. The training process, as discussed above, involved
two phases: Phase 1 to initialize the autoencoder and Phase 2 to
jointly train with the representation network and clustering.
Five different settings for the proposed method were
implemented and evaluated.

SGD-MOM optimizer

0.68

0
2
So0.64
0.62
0.60
—— phasel (auto-encoder loss)
0 50 100 150 200 250 300
Epochs
Fig. 4. Loss values of the Bi-LSTM model for Phase 1.

Figures 4 and 5 illustrate the loss values for the respective
phases, while Figure 6 compares the loss trends across both
phases for the best-performing setting in terms of results. The
consistent decrease in loss values demonstrates the model's

convergence and ability to learn discriminative representations

for effective clustering, as evidenced by the successful
optimization of the objective function.

SGD-MOM optimizer

0.6

0.5

0.4

Loss

0.3

0.2

—— phase2 (joint loss)

0 50 100 150 200 250 300
Epochs

Fig. 5. Loss values of the Bi-LSTM model for Phase 2.
SGD-MOM optimizer
0.7
0.6 \
0.5
0
2
Soa
0.3
0.2 —— phasel (auto-encoder loss)
phase2 (joint loss)
0 50 100 150 200 250 300
Epochs
Fig. 6. Comparison of loss values for Phase 1 and Phase 2.

IV. DISCUSSION

The results demonstrate the efficacy of the proposed
method in significantly improving Acc and NMI scores on the
Persian short text dataset. A critical aspect of this study was
learning an effective mapping from the initial text embedding
space to a transformed one, where the clusters would be more
separable and amenable to efficient clustering. To achieve this,
an RNN-based autoencoder with a representation network was
used, enabling the modeling and extraction of sequential data
from the text. This approach was advantageous in capturing
useful information while minimizing cluster overlap.

Although the proposed architecture outperformed other
deep clustering architectures, the imbalanced nature of the
dataset, as evident from Figures 2 and 3, may have influenced
the results. The challenge of class imbalance was not the
primary focus of this study; however, it is acknowledged that
addressing this issue could potentially enhance -clustering
performance. Developing strategies to mitigate the impact of
class imbalance on clustering algorithms could be a valuable
direction for future research.
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Furthermore, the performance of the proposed method on
the Persian short text dataset underscores its potential
applicability to languages with rich morphological structures
and complex word formations. Similar challenges in extracting
discriminative features for effective clustering have been noted
in recent surveys on text-matching techniques [42], and
experimental studies such as [43] further illustrate the potential
of deep-based models to handle complex linguistic features.
This study contributes to the literature by demonstrating the
effectiveness of deep learning techniques in clustering tasks for
morphologically rich languages, which have traditionally posed
challenges for traditional deep clustering methods. In addition,
the scarcity of works on the Persian language introduces a
significant challenge in terms of reproducibility and
comparative analysis, limiting direct comparative evaluations.
Furthermore, the distinct nature of the dataset used, while
having many challenges like other low-resource languages,
introduces additional complexities when attempting to
benchmark against methods on other languages. Due to these
constraints and the lack of existing open-source
implementations of previous works in this field, especially
recent ones, we were unable to perform a direct comparison
with more recent approaches and instead implemented baseline
methods for comparison. Most studies in this field extend
baselines and add some novelty to improve them. This
approach allowed us to identify the weaknesses of previous
works on low-resource languages such as Persian and then
address them to improve language modeling, dataset quality,
and clustering effectiveness. Thus, this method served a dual
purpose: to improve existing works on short text clustering and
contribute to the Persian NLP field. Adopting and extending
existing works on the Persian language can bridge the gap
between general short-text clustering approaches that focus
mainly on English.

To our knowledge, the study in [26] represents one of the
first attempts to apply deep clustering techniques to Persian
short texts using the Sep_TD_TelOl dataset. Similarly, the
proposed method is among the first to focus on short-text
clustering within this dataset. Although both approaches
leverage a sentence similarity-based training strategy, several
fundamental differences set them apart. The DCSS model was
trained on the entire Sep_TD_TelO1 dataset without any token-
length constraints, whereas this approach specifically filters
texts to include only those containing 10-30 tokens. The
rationale behind this decision is that clustering extremely short
texts is particularly challenging due to the lack of context, and
filtering helps ensure a clear short-text clustering setting.
Although this step removes some longer, more informative
samples, it forces the model to operate under more constrained
conditions, making the competitive performance of the
proposed method particularly noteworthy. Moreover, the
proposed architecture differs significantly from DCSS. While
DCSS employs a contextualized sentence encoder with
attention and LSTM layers, this method integrates an RNN-
based autoencoder combined with an additional representation
network to refine the learned embeddings. This dual-stage
architecture improves the representation learning process and
enhances clustering performance on the filtered dataset.
Although a direct numerical comparison is not feasible due to

dataset differences, the results indicate that the proposed
approach performs effectively under stricter conditions,
suggesting that the proposed enhancements in representation
learning contribute to improved clustering quality.

These distinctions underscore the tailored nature of the
proposed framework for clustering Persian short texts in low-
resource NLP settings. Despite differences in dataset
preprocessing and experimental setups, this approach offers a
strong alternative, highlighting the impact of architectural
choices and dataset filtering on clustering performance. Future
research could further explore these aspects by directly
comparing different preprocessing strategies and extending the
proposed method to more diverse datasets.

In addition, while the results are promising, it is essential to
acknowledge some limitations. One potential limitation is the
size and diversity of the dataset used for the evaluation. Future
research could explore the performance of the proposed
method on larger and more diverse datasets that encompass a
wider range of topics and domains. Additionally, investigating
the proposed method's robustness across different languages
and text genres would further validate its generalizability and
practical utility.

In conclusion, this study presents a novel and effective
approach for short text clustering, particularly in languages
with rich morphological structures. By addressing the challenge
of class imbalance and exploring larger and more diverse
datasets, future research can build on these findings and further
advance the field of text clustering using deep learning
techniques.

V. CONCLUSIONS

This study introduced a new deep clustering method
customized for short texts. The main idea was to use an RNN
autoencoder with an extra representation network to jointly
learn features optimized for clustering. Several key
contributions were made. An RNN autoencoder, which is better
than simple fully-connected autoencoders for short and
sequential data, was proposed to create a latent space that
captures the rich structure of text. A representation network,
trained to spread clusters more in the latent space, was also
added. A two-step training approach was used to improve
cluster separation while maintaining the autoencoder's
reconstruction accuracy. Finally, the texts were preprocessed to
be 10-30 tokens long, which is the ideal range for clustering
short texts. With these innovations, this model can learn high-
quality cluster-aware embeddings tailored to short texts.

The experiments showed significant improvements in
clustering accuracy compared to previous methods. The
proposed RNN autoencoder and two-step training allow for
more effective embedded feature learning from these limited
contexts. Limiting text lengths also reflects the focus solely on
short texts. Specifically, this method surpassed prior clustering
models in Acc and NMI, particularly when incorporating Bi-
LSTM layers. Compared to baseline methods and recent deep
clustering approaches, such as autoencoder-based models, this
framework consistently outperformed them across multiple
embedding techniques. The performance gain validates the
contributions, particularly in adapting RNN architectures and a
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structured
effectively.

training approach for clustering short texts

In summary, this work introduced a deep clustering
framework that demonstrated substantial benefits for the
increasingly  vital short-text domain. The proposed
improvements provide significant accuracy gains and more
robust cluster formation, providing an impactful advance in
representation learning and training for limited contexts. Future
work can build on these cluster-oriented embeddings and
recurrent two-phase architectures to further advance short-text
clustering.
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