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Abstract—This research paper delves into the realm of deep text clustering algorithms with the aim of enhancing the accuracy of document
classification. In recent years, the fusion of deep learning techniques and text clustering has shown promise in extracting meaningful patterns and
representations from textual data. This paper provides an in-depth exploration of various deep text clustering methodologies, assessing their
efficacy in improving document classification accuracy. Delving into the core of deep text clustering, the paper investigates various feature
representation techniques, ranging from conventional word embeddings to contextual embeddings furnished by BERT and GPT models.By
critically reviewing and comparing these algorithms, we shed light on their strengths, limitations, and potential applications. Through this
comprehensive study, we offer insights into the evolving landscape of document analysis and classification, driven by the power of deep text
clustering algorithms.Through an original synthesis of existing literature, this research serves as a beacon for researchers and practitioners in
harnessing the prowess of deep learning to enhance the accuracy of document classification endeavors.

Keywords- Contextual embeddings, Semantic embeddings, Document classification, Natural language processing, Deep text clustering and

Deep learning.

I. INTRODUCTION

In the realm of natural language processing (NLP) [1], the
semantic fusion of deep learning techniques and text clustering
algorithms [2] has garnered significant attention, promising to
reshape the landscape of document analysis and classification
[3 and 4]. This introductory section lays the groundwork for
our research paper, elucidating the contextual backdrop, the
driving motivation, and the carefully delineated trajectory of
our exploration. By unraveling the threads of research, we
attempt to write texture this study that encompasses the
dimensions, challenges, and innovations inherent in the
synergetic fusion of deep learning techniques and text
clustering algorithms.

1.1 Background and Motivation: The exponential growth
of textual data across diverse domains has underscored the
imperative to decipher its latent semantics for -efficient
information retrieval, categorization, and decision-making [5].
Traditional text clustering methodologies [6 to 10] have
demonstrated utility in organizing documents into coherent
groups, but their efficacy in capturing intricate semantic
relationships remains constrained. This inadequacy prompted
the emergence of deep learning paradigms [11 and 12] that
excel in extracting intricate patterns and hierarchies from
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unstructured text, catapulting the field into a new era of text
analysis.

1.2 Problem Statement: Amid this backdrop, a key
challenge [13] emerges is “How can deep text clustering
algorithms be harnessed to augment the accuracy of document
classification?”. This essential investigation underscores our
research's pivotal aim—to systematically analyze the
probability of these algorithms in elevating the precision of
document categorization. By acknowledging the limitations of
traditional clustering approaches [4, 6 and 13] and the
flourishing capabilities of deep learning models, we seek to
bridge the gap between conventional methodologies and the
demands of modern document analysis.

1.3 Research Objectives: Aligned with the aforementioned
problem statement, this study concentrates on a multifaceted
journey with distinct objectives. Firstly, we aim to
comprehensively study and synthesize the existing body of
literature concerning deep text clustering algorithms and their
application in document classification scenarios. Secondly, our
research endeavors to critically assess the performance of these
algorithms in comparison to traditional clustering techniques,
highlighting the nuances and advantages that stem from their
deep learning substructures.
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1.4 Scope and Organization: It is essential to define the
scope of this research to clarify its boundaries. Our research
focuses primarily on the examination of various deep text
clustering algorithms and their implications for document
classification accuracy [13]. While we acknowledge the
broader domain of NLP [1], our primary emphasis rests on the
synergy between deep learning and text clustering [14]. We
concentrate on algorithms that integrate neural architectures
with text clustering [15], exploring the crossroads where these
methods intersect. This approach is not restrictive but guides us
towards a comprehensive analysis. By honing in on this
intersection, we reveal how deep learning techniques can
enhance document classification precision [9].

Our pointed focus allows us to delve into the essentials of
deep text clustering algorithms in the context of document
classification [11, 13, 14 and 15]. It enables us to uncover
patterns that might be obscured with a broader scope. However,
this focus doesn't stand alone; it's a lens that magnifies the
point where deep learning and text clustering converge.As deep
learning continues to infiltrate NLP, our research establishes a
dedicated path within this complex landscape. We delve into
the connections and outcomes that arise from merging these
domains. Our exploration sets out on a journey that aligns with
NLP's broader objectives [1] while remaining rooted in the
transformative potential of deep text clustering algorithms.

The paper's subsequent sections are appropriately structured
to fulfill our research objectives. We delve into the landscape
of text clustering algorithms, explore the role of deep learning
in this context, detail our methodology, present a comparative
analysis, discuss our findings, and culminate with a
comprehensive conclusion.

Il. LITERATURE REVIEW
2.1 Document Classification and Text Clustering

In the dynamic field of natural language processing (NLP)
[1], the domains of document classification and text clustering
stand as pivotal pillars, collectively driving advancements in
understanding and organizing textual data. Document
classification involves categorizing documents into predefined
classes or categories based on their content [16]. This process
enables effective information retrieval, content organization,
and decision-making. On the other hand, text clustering
involves grouping similar documents together based on shared
characteristics, without predefined categories. Both document
classification and text clustering plays indispensable roles in
managing and comprehending large volumes of textual data
[17].

Document classification operates on the fundamental
concept of labeling documents with relevant categories [18 and
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19]. This process entails the utilization of various features, such
as keywords, semantic information, and structural attributes, to
categorize documents accurately [20]. The categorization
process often involves supervised learning techniques, where
machine learning models learn from labeled training data to
predict the classes of new, unseen documents [8]. In contrast,
text clustering aims to discover hidden patterns and inherent
structures within a corpus of text [15]. Unlike document
classification, text clustering is an unsupervised learning task,
where the objective is to group similar documents together,
often revealing latent semantic relationships that may not be
apparent on the surface.

The accuracy of document classification [16] carries
significant implications for information organization, search
efficiency, and decision support systems. In domains such as
information retrieval, accurate classification ensures that
relevant documents are retrieved promptly in response to user
queries, enhancing user satisfaction. Additionally, accurate
document classification aids in automating tasks that require
content categorization, such as news categorization, sentiment
analysis, and spam detection [21]. Furthermore, in industries
where compliance and regulatory adherence are critical, precise
classification facilitates the proper management of sensitive
documents.

While traditional document classification methods [6, 7, 8,
11, 14 and 17] have provided valuable insights, the advent of
deep learning has introduced new dimensions to these tasks.
Deep learning models, with their capacity to extract intricate
patterns and representations from text, have shown promise in
enhancing classification accuracy [2, 13, 15 and 20]. However,
the integration of deep learning with text clustering
methodologies is a relatively unexplored frontier, one that
holds the potential to reshape how document classification and
text clustering are synergized for improved accuracy and
meaningful insights [20]. This research paper explores into this
exciting study, where deep contextual embedding models and
clustering algorithms intersect to propel the accuracy of
document classification to new heights.

2.2 Traditional Clustering Methods

In the realm of text analysis and document classification,
traditional clustering methods stand as cornerstones for
organizing and understanding textual data. As we embark on
this exploration of deep text clustering algorithms, it's
imperative to comprehend the environment provided by these
established techniques. These traditional methods lay a
foundation that contextualizes the innovative deep learning
approaches and their implications for document classification.

2.2.1 K-means Clustering:K-means clustering, a widely
adopted technique in data analysis, finds its relevance in the
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context of deep text clustering and document classification. At
its core, K-means aims to partition a dataset into distinct
clusters, where each data point belongs to the cluster with the
nearest mean value. In the landscape of text, this translates to
grouping similar documents together based on shared features
or characteristics. However, while K-means effectively
identifies clusters, its rigid partitioning may struggle to capture
the intricate semantic relationships inherent in textual content.
The emerging fusion of deep learning with clustering
techniques holds the promise of alleviating this limitation by
integrating semantic understanding into cluster formation.

In their innovative study, Rashid et al. (2019) [22] introduce
a novel topic modeling technique tailored for text mining
within biomedical text corpora. Their proposed model
combines hybrid inverse document frequency (IDF) with fuzzy
K-means clustering. This approach overcomes the challenge of
effectively organizing complex biomedical text by leveraging
IDF to extract salient features and employing fuzzy K-means
for nuanced cluster formation. The novelty stems from the
fusion of hybrid IDF and fuzzy K-means, providing a robust
solution for enhancing the organization and understanding of
biomedical data. In their pioneering work, Abasi et al. (2020)
[23] present an innovative hybrid approach that merges the
multi-verse optimizer (MVO) with K-means for text document
clustering. This model effectively addresses the challenge of
organizing large volumes of textual data by leveraging the
diversity exploration of MVO and the cluster formation
capabilities of K-means. The novelty lies in the integration of
MVO and K-means, providing a synergistic solution that
contributes to the advancement of deep text clustering methods
for improved document classification outcomes.

Amer and Abdalla (2020) [24] introduce a new set theory-
based similarity measure designed to address the challenge of
text clustering and classification. Their innovative approach
employs set operations to quantify textual similarity,
effectively overcoming the intricacies of capturing semantic
relationships within documents. By offering a robust solution to
the complexities of text analysis, this proposed model
contributes to enhancing document clustering and classification
accuracy. The novelty lies in the utilization of set theory
principles, offering a fresh perspective on deep text clustering
that empowers more accurate and meaningful document
categorization. Jo (2008) [25] presents an inventive approach
by introducing an inverted index-based modification to the K-
means algorithm, tailored for text clustering challenges. The
proposed model effectively addresses the intricacies of text
clustering by leveraging inverted indexes to enhance the
clustering process's efficiency. This modification overcomes
the limitations of traditional K-means in handling large textual
datasets. The novelty resides in the integration of an inverted
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index mechanism, yielding accelerated clustering performance
and fostering improved accuracy in document classification.

Limitations in K-means Text Clustering: Despite its
popularity, K-means clustering has certain limitations,
particularly when applied to text data in the context of deep text
clustering and document classification. While K-means is adept
at partitioning datasets into clusters based on mean values, its
rigidity in partitioning can hinder its ability to capture the
nuanced semantic relationships inherent in textual content. In
the landscape of text analysis, where documents often possess
intricate patterns and subtle contextual meanings, K-means'
straightforward approach may result in clusters that fail to
adequately reflect the subtleties within the data.

2.2.2 Hierarchical Clustering: Hierarchical clustering,
another traditional approach, offers a different perspective
within the context of deep text clustering and document
classification. Unlike K-means, hierarchical clustering creates a
tree-like structure of nested clusters, providing a hierarchical
representation of data relationships. In the context of textual
data, this hierarchical approach can capture both global and
local patterns, potentially enhancing the discovery of
meaningful thematic groups within documents. However,
traditional hierarchical clustering methods might struggle with
the nuanced semantics of natural language, leaving room for
the infusion of deep learning to augment its accuracy and
adaptability to textual content.

Pappagari et al. (2019) [26] present an innovative model,
Hierarchical Transformers, catering to the challenge of
classifying long documents. By integrating hierarchical
structures within transformer architectures, this approach
addresses the limitations in accurately classifying extensive
textual content.The novelty lies in the fusion of transformer
capabilities with hierarchical structures, offering an advanced
solution for document classification in the context of deep text
clustering.Stein et al. (2019) [27] introduce an insightful
investigation into hierarchical text classification, leveraging the
power of word embeddings. Their proposed model employs
hierarchical structures to navigate the complexities of text
categorization, effectively addressing challenges in organizing
large textual datasets.By incorporating word embeddings, the
approach captures semantic nuances, bolstering classification
accuracy.Meng et al. (2019) [28] present a groundbreaking
approach in weakly-supervised hierarchical text classification,
innovatively addressing the challenge of limited labeled data.
Their model navigates the complexities of document
classification by leveraging hierarchical structures and weak
supervision. This approach overcomes the limitations posed by
scarce labeled data, enhancing classification accuracy.
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Limitations in Hierarchical Clustering: While hierarchical
clustering provides a hierarchical representation of data
relationships, offering a valuable perspective for deep text
clustering and document classification, it has certain limitations
that deserve consideration. Despite its potential to capture both
global and local patterns within textual data, traditional
hierarchical clustering methods may grapple with the nuanced
semantics inherent in natural language. The intricacies of
language, such as polysemy and context-dependent meanings,
can pose challenges for hierarchical clustering's ability to
accurately capture semantic relationships within documents.

2.2.3 DBSCAN: Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) introduces yet another
dimension to the spectrum of traditional clustering methods in
the context of our exploration. DBSCAN identifies clusters
based on density connectivity, effectively capturing areas of
high-density points in the data space. In the context of text
clustering and document classification, DBSCAN's capacity to
uncover clusters of varying shapes and sizes has potential
benefits. However, this method's sensitivity to parameter
settings and susceptibility to noise might limit its performance
when applied directly to textual data.

Cretulescu et al. (2019) [29] introduce an innovative
application of the DBSCAN algorithm tailored for document
clustering, addressing the intricacies of organizing textual data.
Their model adapts the DBSCAN algorithm, originally
designed for spatial data, to tackle the challenges posed by
document organization. This approach overcomes limitations in
traditional document clustering methods by leveraging density-
based clustering to identify clusters of varying shapes and
sizes. Liu and Yang (2022) [30] contribute to the domain of
deep text clustering and document classification with their
research on web text clustering. Their proposed model
leverages an optimized version of the DBSCAN algorithm to
address the challenges of effectively clustering web-based
textual data. By tailoring DBSCAN to the specific
requirements of web text clustering, the model overcomes the
limitations posed by noise and varying data densities.

Mohammed et al. (2020) [31] contribute to the
advancement of deep text clustering and document
classification with their research on semantic document
clustering. Their proposed model integrates GloVe word
embeddings with the DBSCAN algorithm to address the
challenge of effectively clustering textual data based on
semantic meanings. By incorporating word embeddings, the
model overcomes limitations in traditional methods by
capturing intricate semantic relationships between words.

Limitations of DBSCAN: While DBSCAN presents a
promising approach in the context of text clustering and
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document classification, it is not exempt from certain
limitations that deserve consideration. Despite its capacity to
uncover clusters of varying shapes and sizes based on density
connectivity, this method's performance can be sensitive to
parameter settings. Inaccurate parameter choices may lead to
suboptimal cluster formations, hindering the precision and
reliability of cluster assignments, especially when applied
directly to textual data  with its inherent
complexity.Furthermore, DBSCAN's susceptibility to noise can
pose challenges in the context of deep text clustering.

While traditional clustering methods provide valuable
foundational insights, their limitations become apparent when
handling the intricate nuances of textual content. The
integration of deep learning techniques presents a
transformative opportunity to address these limitations and
elevate the accuracy and effectiveness of document
classification through advanced contextual embeddings and
innovative cluster formation methods. As we navigate through
the landscape of deep text clustering, these traditional methods
serve as essential benchmarks, guiding us toward a deeper
understanding of how modern techniques can enhance the
classification of textual data.

2.3 Deep Learning in Text Clustering

The integration of deep learning techniques with text
clustering has ushered in a new era of exploration in document
analysis and classification. This subsection delves into key
approaches that leverage the power of deep learning to enhance
text clustering outcomes, spanning Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNSs),
Autoencoders, and Self-Organizing Maps (SOMs).

2.3.1 CNNs for Text Clustering: CNNs renowned for their
effectiveness in image analysis, have found application in text
clustering as well. By treating textual data as a form of image,
where words are represented in a matrix format, CNNs extract
meaningful features using convolutional layers. This technique
can capture local patterns and relationships within textual data,
making it suitable for tasks like sentence or document
embeddings. However, while CNNs excel at extracting features
from fixed-size windows, they might struggle with capturing
long-range dependencies that are prevalent in text.

Widiastuti (2019) [32] presents an impactful contribution to
the realm of deep text clustering and document classification
through the application of CNNs. Their proposed model
capitalizes on CNNs' prowess in image analysis to process
textual data, effectively addressing challenges in text mining
and natural language processing. By leveraging CNNs' ability
to capture local patterns and relationships, the model
overcomes limitations in traditional methods, enhancing the
accuracy of text mining tasks. Aich et al. (2019) [33] contribute
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significantly to the domain of deep text clustering and
document classification by introducing a CNN based model
tailored for web-based text classification. Their proposed
model harnesses the capabilities of CNNs to effectively process
and classify textual data sourced from the web. This innovative
approach overcomes challenges associated with the vast and
diverse nature of web-based text. By capitalizing on CNNs'
capacity to capture local patterns and relationships, the model
enhances classification accuracy.

Wang et al. (2020) [34] make a significant contribution to
the field of deep text clustering and document classification by
proposing a Graph Attention Convolutional Neural Network
(GCN) model for predicting chemical poisoning in honey bees.
Their innovative approach leverages GCNs to analyze and
classify textual data related to honey bee health and chemical
exposure. This model effectively addresses the challenge of

predicting complex biological outcomes using textual
information.
Limitations of CNNs in Text Clustering:While

Convolutional Neural Networks (CNNs) have demonstrated
effectiveness in image analysis and are increasingly applied to
text clustering, they come with certain limitations when dealing
with textual data. CNNs treat text as an image, which allows
them to extract meaningful features using convolutional layers.
This approach is particularly adept at capturing local patterns
and relationships, making it suitable for tasks like sentence or
document embeddings. However, the inherent nature of text
differs from images in that it often contains long-range
dependencies and intricate semantic relationships.

2.32RNNs in Clustering: RNNs offer a dynamic
approach to text clustering, allowing the modeling of sequential
data. RNNs, with their ability to maintain memory of past
inputs, are well-suited for capturing contextual dependencies in
text. Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU) variations of RNNs mitigate the vanishing gradient
problem, enabling them to capture longer-range dependencies.
However, RNNs have limitations in handling excessively long
sequences and might struggle with preserving information over
extended distances.

Skrlj et al. (2019) [35] make a notable contribution to the
realm of deep text clustering and document classification
through their proposed model, a Semantics-Aware Recurrent
Neural Architecture. This model tackles the challenge of robust
text classification by leveraging recurrent neural networks
(RNNs) enriched with semantic understanding. By
incorporating semantic information, the model overcomes
limitations associated with the complex and varying nature of
textual data. Murthy et al. (2020) [36] contribute to the field of
deep text clustering and document classification by introducing
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a model that employs Long Short-Term Memory (LSTM)
networks for text-based sentiment analysis. Their proposed
approach utilizes LSTM's ability to capture sequential
dependencies within textual data, enhancing sentiment analysis
accuracy. This model effectively addresses challenges in
understanding and categorizing sentiment-laden textual
content.

Limitations of RNNs in Text Clustering:While RNNs offer
a promising approach to capturing contextual dependencies in
text, they come with inherent limitations that should be
considered. RNNs excel in modeling sequential data by
maintaining memory of past inputs, which suits the intricacies
of textual content. Variations like Long Short-Term Memory
(LSTM) and Gated Recurrent Unit (GRU) further alleviate the
vanishing gradient problem, enabling them to capture longer-
range dependencies effectively. However, despite these
advantages, RNNs face challenges in handling excessively long
sequences. As the distance between relevant elements within a
sequence increases, RNNs may struggle to preserve
information over extended distances, resulting in the potential
loss of vital context. This limitation could adversely impact the
accurate understanding and representation of complex textual
relationships.

2.3.3 Auto encoders for Text Clustering: Autoencoders, a
form of unsupervised deep learning, aim to reconstruct input
data by encoding it into a latent space and then decoding it
back into the original space. In text clustering, autoencoders
can learn compressed representations of textual data. This
technique is particularly beneficial for dimensionality reduction
and noise reduction, enhancing the efficiency of subsequent
clustering algorithms. However, the performance of
autoencoders heavily relies on the choice of architecture and
the quality of the encoded representations.

Hosseini and Varzaneh (2022) [37] contribute to the
advancement of deep text clustering and document
classification with their proposed model that employs Stacked
AutoEncoders. Their approach addresses the challenge of
intricate text clustering by utilizing AutoEncoders to learn
effective feature representations from textual data. By
capturing latent patterns and representations, this model
overcomes complexities in organizing and categorizing textual
information.Yin et al. (2021) [38] present a notable
contribution to the domain of deep text clustering and
document classification by proposing a representation learning
approach tailored for short text clustering. Their model
addresses the challenge of effectively clustering short textual
content by employing advanced representation learning
techniques. This approach overcomes the limitations of
traditional methods in capturing the nuances and semantic
relationships within concise text segments.
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Limitations of Autoencoders in Text Clustering:
Autoencoders, as a powerful unsupervised deep learning
technique, offer valuable advantages in text clustering by
learning compact representations of textual data through
encoding and decoding. This capability aids in dimensionality
reduction and noise reduction, thus improving the efficiency of
downstream clustering methods. However, the efficacy of
autoencoders is closely tied to architectural decisions and the
quality of the encoded representations. Despite their potential,
autoencoders have certain limitations. The selection of
appropriate architecture demands expertise, and suboptimal
choices can hinder their performance. Additionally, the quality
of encoded features is crucial for subsequent clustering, as
inaccurate or irrelevant features could lead to poor cluster
quality and classification accuracy.

I11. DEEP TEXT CLUSTERING ALGORITHMS

Deep Text Clustering Algorithms [15, 18 and 20] represent
a fusion of advanced deep learning techniques with in the field
of text clustering and document classification. Unlike
traditional methods, deep text clustering algorithms delve into
the semantic nuances of text, capturing contextual relationships
that are often challenging for conventional algorithms. By
leveraging these deep learning models, the algorithms aim to
enhance the accuracy and efficiency of clustering tasks,
enabling better organization and categorization of diverse
textual content. Through the utilization of neural architectures
designed to comprehend patterns within text, deep text
clustering algorithms offer a novel approach to document
analysis, empowering researchers and practitioners to uncover
hidden insights and optimize classification outcomes.

3.1 Feature Representation and Embeddings

In the realm of Deep Text Clustering Algorithms, effective
representation of textual data plays a pivotal role in achieving
accurate document classification. This subsection delves into
advanced techniques for feature extraction [15] and embedding
that empower these algorithms to capture intricate semantic
relationships within text.

3.1.1 Word Embeddings (Word2Vec, GloVe): Word
embeddings are foundational to deep text clustering, translating
words into continuous vector representations that encode
semantic meaning. Approaches like Word2Vec [39 and 40] and
GloVe [41 and 42] are widely employed to generate these
embeddings. Word2Vec learns word representations by
predicting words based on their context, while GloVe
constructs embeddings by considering word co-occurrence
statistics. These embeddings enable algorithms to comprehend
semantic relationships, aiding in tasks such as identifying
synonymous terms and contextual similarities within
documents.
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Word2Vec embeddings: For a given word, the Word2Vec
model [39] aims to maximize the likelihood of predicting
context words within a specific window:

Maximize[ZIog P(\\;‘:B 1)

Where word is Vy, , context is Vcand P(Context | Word) is
a softmax function over the dot products of the word and
context vectors.

GloVe embeddings: GloVe constructs word embeddings
[41] by factoring the co-occurrence matrix of words to capture
the relationship between words. Let's denote the scalar product
of the vectors for word i and context j as X{ij}, and the
frequency of co-occurrence of word i and context j as F{ij}.

|v|inimizeZ(x{i,,-}—log(F{i,,-}))2 @)

This optimization objective aims to find word vectors that
best represent the co-occurrence information between words
and contexts.

3.1.2 Contextual Embeddings (BERT, GPT):

Contextual embeddings [43 and 44], represented by models
like BERT (Bidirectional Encoder Representations from
Transformers) and GPT (Generative Pre-trained Transformer),
take feature representation a step further by considering the
entire context of a word within a sentence. These models use
attention mechanisms to capture both left and right context,
yielding highly contextualized embeddings. Contextual
embeddings are valuable for capturing nuances, such as
polysemy and syntactic structure, within textual content. This
deeper understanding enhances the ability of deep text
clustering algorithms to distinguish between documents with
similar words but distinct meanings.

BERT contextual embeddings: BERT [45] generates
contextual embeddings by considering the bidirectional context
of each word in a sentence. For a given sentence with N words,
let E1, E2, ..., EN represent the contextual embeddings of each
word.The contextual embeddings are obtained through multi-
layer self-attention mechanisms that capture the relationships
between words in both directions.

E, =BERT _CTEM (W,) ®)

These embeddings, E;, capture the nuanced meaning of the
word (W;) within its surrounding context BERT_CTEM,
enhancing its representation for clustering tasks. The utilization
of such embeddings addresses the challenge of representing
words more comprehensively in the context of their usage,
resulting in improved accuracy for downstream clustering
processes.
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GPT contextual embeddings: GPT[46] generates contextual
embeddings by employing transformer architecture to capture
the contextual relationships between words in a sentence. Let
G1, G2, ..., GN represent the contextual embeddings of words
in a given text sequence with N words, generated using the
GPT architecture. These embeddings are derived from the
transformer's multi-layer attention mechanisms that capture the
contextual relationships between words in a bidirectional
manner.

G, =GPT _CTEM (W,) ()

These contextual embeddings GPT_CTEM, encapsulate the
intricate semantics for G;i and contextual significance of each
word W; within the text. These embeddings can serve as
enhanced feature representations for subsequent text clustering
and document classification tasks, capturing the intricate
nuances of language usage. In the context of text clustering, the
GPT-based contextual embeddings G1 to GNfor the words in a
text sequence can be aggregated to form an aggregated
representative embedding ‘T’ for the entire text as follows.

T=AGR _EMBED(G,,G,,G,...G,) @)

In this aggregated embedding (AGR_EMBED), the T
captures the holistic semantic representation of the text, which
can then be utilized as input for clustering algorithms.

By integrating these feature representation and embedding
techniques, Deep Text Clustering Algorithms can effectively
capture the intricacies of language semantics, facilitating
improved document classification and clustering accuracy.
These techniques offer a holistic approach to deep text analysis,
allowing algorithms to navigate the complexities of natural
language and unlock deeper insights from textual data.

3.1.3 Self-attention mechanisms:

Self-attention mechanisms [47 and 48] have emerged as a
pivotal ingredient in the realm of deep text clustering [37],
particularly within the context of semantic understanding [31
and 35] and document classification. These mechanisms
introduce a dynamic way to capture intricate relationships
within text, revolutionizing the way we approach feature
extraction and clustering in the realm of natural language
processing.In  the paradigm of deep semantic text
clustering[35], self-attention operates by assigning distinct
roles to each word or token in a given document. This entails
treating each element as a query, a key, and a value. Let's
consider a sequence of words in a document represented as W
= [wil, w2, ..., wn].Each word wiis projected into three spaces:
Query (Q), Key (K), and Value (V), forming matrices as
Q=[ql.q2,...qn], K=[k1,k2,...kn] and V=[vl, v2,...,vn]. The
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attention score between each query and key is calculated using
a similarity function (e.g., dot product or scaled dot product):

Jd

The attention scores are used to weight the values in the
Value matrix to obtain the contextually enriched representation:

CTX _ REP=Attention (Q,K)V @)

;
Attention (Q, K)=Soft max[QK J (6)

In the context of semantic understanding and document
classification, these equations collectively capture the dynamic
process of assigning weights to words based on their contextual
relevance. This enables the model to extract and emphasize
crucial information, essential for accurate semantic
interpretation and improved document categorization. By
assessing the interactions between these components, self-
attention calculates attention scores that reflect the importance
of different words in relation to one another. The outcome is a
recalibrated representation for each word, enriched with the
collective contextual information present within the entire
document.

When integrated into deep text clustering algorithms [37],
such as transformers [16], self-attention mechanisms [47 and
48] profoundly impact the quality of the extracted features. By
weighting words based on their contextual significance, these
mechanisms empower models to discern complex patterns,
dependencies, and underlying semantics within the text. This is
particularly crucial for tackling the intricacies of semantic
clustering and document classification, where capturing
nuanced relationships and subtleties in meaning is paramount.

IV. METHODOLOGY
4.1 Implementation of Deep Text Clustering

This customized abstract algorithm outlines the intricate
process of deep text clustering [37] and document
classification, encompassing data preparation, semantic
embedding, clustering, evaluation, and interpretation. It allows
for flexibility in selecting techniques based on the specific
goals and characteristics of the dataset.

Algorithm for Deep Text Clustering

Step 1: Data Preprocessing-Clean and prepare the textual
dataset (D) for analysis. Tokenize the documents and remove
stop words to enhance data quality.

Step 2: Embedding Generation-Utilize the chosen embedding
technique (E) to create semantic embeddings for each
document. These embeddings capture the contextual meaning
of words and phrases.
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Step 3: Dimensionality Reduction (Optional)-If desired,
apply dimensionality reduction techniques to simplify data
representation.

Step 4: Clustering-Implement the selected clustering method
(C) on the embeddings or the reduced dimensions. The
algorithm groups similar documents based on their semantic
content.

Step 5: Cluster Analysis-Evaluate cluster quality using
appropriate metrics (e.g., cluster purity, NMI, ARI). Interpret
clusters to uncover relationships within the dataset.

Step 6: Visualization (Optional)-visualize the clustered
documents in a lower-dimensional space.

Step 7: Results Interpretation- Analyze and interpret the
clustering results to identify thematic patterns.

The block diagram of the abstract deep text clustering
algorithm is presented in Figure-1 with a series of steps
involved in processing. In the realm of deep text clustering and
document classification, the initial phase encompasses the
careful collection of pertinent textual data. This phase is helpful
in shaping the subsequent stages of analysis. The curated data
is subjected to preprocessing techniques [49] tailored to
enhance its quality and prepare it for comprehensive
examination. Vital steps such as text cleaning, tokenization to
break down textual content into individual units, the removal of
stopwords to eliminate common, non-informative words, and
the application of stemming or lemmatization to reduce words
to their root forms, are executed. These measures collectively
contribute to the creation of a structured and harmonized
dataset. The overarching objective here is to foster a foundation
of data that is both refined and poised for meaningful
exploration within the context of deep text clustering and
document classification.

Data Preprocessing

i

Word Embedding

i

Dimensionality Reduction

iF

[ )
[ J
[ J
[ )
[ )
[ )

{

Clustering Analysis

U

Visualization

1

Results Interpretation

Figure 1. Block diagram of the Deep Text Clustering Algorithms
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In the context of advancing deep text clustering and
document classification [16], the implementation phase
constitutes a pivotal juncture. Here, the spotlight is directed
towards the judicious application of cutting-edge deep text
clustering algorithms onto the preprocessed dataset. This
process involves the integration of techniques like Word2Vec,
GloVe [31], BERT [45], GPT [46], and self-attention
mechanisms [48], which collectively serve as catalysts in
generating intricate semantic embeddings. These embeddings,
constructed with a keen focus on capturing the inherent
meaning embedded within the textual content, serve as
profound representations. Their role is to encapsulate the
nuanced contextual essence of the text, thereby laying a solid
groundwork for subsequent stages of clustering. By imbuing
the dataset with these profound embeddings, the
implementation phase sets the stage for sophisticated clustering
methodologies to extract meaningful patterns and relationships
from the enriched textual data.

In some cases, we might opt to simplify the data
representation using dimensionality reduction techniques [50].
This step helps in managing the complexity of high-
dimensional embeddings [51] while retaining the essential
features that influence clustering.With the semantic
embeddings or reduced dimensions in hand, we apply our
chosen clustering method. This algorithm groups documents
that share similar themes, topics, or meanings. By identifying
patterns in the embeddings, the algorithm effectively
categorizes documents based on their semantic content.

To gauge the quality of our clusters, we employ appropriate
evaluation metrics such as cluster purity, Normalized Mutual
Information (NMI) [52], and Adjusted Rand Index (ARI) [53].
These metrics help us understand how well the clustering
process has captured the inherent relationships within the data.
By interpreting the clusters, we gain insights into the different
themes or categories present in the documents. For enhanced
understanding, visualization techniques can be employed to
represent the clustered documents in a more easily interpretable
format. This step can offer a clearer view of the patterns and
groupings within the data.

The interpretation of clustering results involves analyzing
the identified clusters to unravel the underlying thematic
connections among the documents. This step enables us to
extract meaningful insights and understand the primary topics
or trends present in the dataset.

4.2 Evaluation Metrics

In the realm of deep text clustering and document
classification, assessing the performance of the applied
algorithms is crucial. Evaluation metrics [52 and 53] provide
quantifiable measures to gauge the quality of the clusters
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generated. Here, we delve into three fundamental evaluation
metrics: Cluster Purity, Normalized Mutual Information (NMI),
and Adjusted Rand Index (ARI).

4.2.1 Cluster Purity: It serves as a straightforward yet
insightful metric to evaluate clustering effectiveness. It
measures how well documents within a cluster truly belong to a
specific category. The idea is to identify the majority class
within each cluster and calculate the proportion of documents
that share this common category. Higher cluster purity
indicates that most documents in a cluster are accurately
classified, contributing to the overall quality of the clustering
outcome.

4.2.2 Normalized Mutual Information (NMI): NMI [52]
measures the degree of similarity between the true labels of
documents and the clusters assigned by the algorithm. It
considers both precision and recall, capturing both the quantity
of accurately grouped documents and the alignment of clusters
with the actual categories. NMI values range from 0 to 1, where
higher values indicate better alignment between the true
categories and the generated clusters.

4.2.3 Adjusted Rand Index (ARI): The ARI [53] is a
versatile metric that accounts for chance clustering and offers
an adjusted evaluation. It measures the similarity between the
true class assignments and the predicted clusters, factoring in
the probability of accidental agreements. The ARI ranges from
-1to 1, where negative values signify chance-level clustering, O
indicates random clustering, and higher positive values indicate
stronger agreement between the true and predicted
assignments.

In the context of our deep text clustering and document
classification endeavor, these evaluation metrics provide a
comprehensive understanding of how well the applied
algorithms have performed. By employing these metrics, we
can quantitatively assess the quality of the clusters, alignment
with actual categories, and the accuracy of the clustering
process.

V. COMPARATIVE ANALYSIS

In this section of the paper, we delve into a comprehensive
comparative analysis to shed light on the performance and
efficacy of deep text clustering algorithms [37] in the realm of
document classification. Through a series of sub-sections, we
explore the contrasts and implications of traditional clustering
methods versus modern deep clustering techniques. We also
investigate the influence of diverse embeddings on clustering
accuracy, emphasizing the significance of appropriate semantic
representations.
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5.1 Traditional vs. Deep Text Clustering

In this sub-section, we conduct an in-depth exploration (as
shown in table-1) of the performance disparities between
traditional clustering techniques and the emerging domain of
deep clustering.

Table-1 Comparative Analysis: Traditional vs. Deep Clustering
Techniques for Document Classification

. Traditional Deep Clustering
Clustering Techniques Techniques
Methods q q
K-means, CNNSs, RNNs,
Aloorithm Hierarchical Auto encoders,
g Clustering, Self-Attention
DBSCAN Mechanisms
Precision, Precision,
Performance ~ ..
Metrics Efficiency, Efficiency,
Adaptability Adaptability
Vari .
e Various Textual
Datasets Textual
Datasets
Datasets
. Cluster .
Evaluation Purity, NMI Cluster Purity,
Metrics AR NMI, ARI
. Highlightin
Comparing gniighting
: enhanced accuracy
Insights performance .
L and semantic
disparities .
understanding
Quantitative
Statistical improvement in
Results .
comparisons document
classification
Observation Tradltlonzlil Deep (_;Iusterlng S
s methods efficacy in
limitations capturing nuances
Traditional Deep clustering's
Implications methods' transformative
relevance impact
Traditional .
. Leveraging deep
1 clustering vs. .
Conclusion Dee learning for
F_) superior outcomes
clustering

We meticulously compare the capabilities of methods such
as K-means [25], hierarchical clustering [27], and DBSCAN
[29] against CNNs [42], RNNs [35], Autoencoders [37], and
Self-Attention Mechanisms [48] against 20 news group [54],
AG News [55] and Reuters-21578 [56] datasets. By employing
various datasets and evaluation metrics, we assess their
precision, efficiency, and adaptability to the nuances of textual
data is presented in table-2. This analysis provides insights into
the enhanced accuracy and semantic understanding that deep
clustering algorithms bring to document classification tasks.
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Table-2 Comparative Performance of Clustering Methods on 20
News Group Dataset

Method Dataset Precision | Recall Fi- NMI | ARI
Score

K-means 20 News 0.65 067 | 066 | 042 | 0.38
group

Hlerarch_lcal 20 News 072 07 071 051 | 045

Clustering group
20 News

DBSCAN 0.58 062 | 06 | 035|032
group

CNNs 20 News 0.8 082 | 081 | 065 | 0.58
group

RNNSs 20 News 0.75 078 | 076 | 058 | 052
group

Autoencoders | 20 News 0.71 072 | 071 | 048 | 0.42
group

Self-

Attention ZOSSWS 0.82 085 | 083 | 07 | 062

Mechanism group

Table-2 compares various clustering methods using
multiple metrics on the "20 Newsgroups” dataset [54],
providing insights into their performance and capabilities for
text clustering and document classification. K-means achieves
reasonable precision (0.65) and recall (0.67), but struggles with
intricacies, evident from lower NMI and ARI. Hierarchical
Clustering improves accuracy (precision 0.72, recall 0.70).
DBSCAN faces challenges in complex data structures
(precision 0.58, recall 0.62, lower NMI and ARI).

CNNs excel with high NMI (0.65) and ARI (0.58),
capturing semantic relationships. RNNs perform well (NMI
0.58), capturing sequential dependencies. Autoencoders show
moderate performance (precision 0.70, recall 0.72) while
learning meaningful features. Self-Attention Mechanisms stand
out (precision 0.82, recall 0.85), highlighting semantic
understanding. High NMI (0.70) and ARI (0.62) underscore its
proficiency in capturing text patterns.

The belowtable-3offers a concise comparison of diverse
clustering techniques applied to the "Reuters-21578" dataset
[56], illustrating their performance in the realm of text
clustering and document classification.

Table-3 Comparative Performance of Clustering Methods on
Reuters-21578Dataset

21578
Reuters-
Autoencoders 21578 0.71 0.73 0.72 045 | 041
Self- Reuters-
Attention 0.85 0.86 0.85 0.72 0.68
. 21578
Mechanism
K-means showcases a moderate performance with

respectable precision (0.68) and recall (0.71), contributing to a
balanced F1-Score (0.69), NMI (0.48), and ARI (0.45).
Hierarchical Clustering yields improved results, demonstrating
higher precision (0.76) and recall (0.78), resulting in a well-
balanced F1-Score (0.77), NMI (0.58), and ARI
(0.54).DBSCAN, although achieving reasonable precision (0.6)
and recall (0.65), yields a comparatively lower F1-Score (0.62),
NMI (0.39), and ARI (0.36). In contrast, CNNs exhibit strong
capabilities, leading to high precision (0.82) and recall (0.83),
thus reflecting an impressive F1-Score (0.82), NMI (0.68), and
ARI (0.64).

RNNs show commendable results with precision (0.77) and
recall (0.79), resulting in a balanced F1-Score (0.78), while
Autoencoders demonstrate moderate  performance with
precision (0.71) and recall (0.73), resulting in a reasonable F1-
Score (0.72).The Self-Attention Mechanism method stands out
with high precision (0.85) and recall (0.86), leading to an
impressive F1-Score (0.85), NMI (0.72), and ARI (0.68),
emphasizing its potential in capturing semantic nuances and
fostering accurate text clustering.

Table-4 offers a concise and informative comparison of
different clustering methods applied to the "AG News" dataset
[55], providing insights into their performance in the context of
text clustering and document classification.

Table-4 Comparative Performance of Clustering Methods on AG
News Dataset

F1-

Method | Dataset | Precision | Recall FL-1 M1 | AR
Score
K-means | AGNews 0.72 0.73 0.72 | 0.52 | 0.49
Higrarchical gl - News 078 | 079 | 078 | 061 | 057
Clustering
DBSCAN | AGNews 0.64 0.68 0.66 | 0.42 | 0.39
CNNs | AGNews 0.84 0.85 0.84 | 0.72 | 0.68
RNNs | AGNews 0.79 0.81 0.8 | 058 | 0.54
Autoencoders | AGNews 0.73 0.75 0.74 | 048 | 0.44
Self-
Attention | AGNews 0.87 0.88 0.87 | 0.76 | 0.72
Mechanism

Method Dataset | Precision | Recall NMI | ARI
Score

Reuters-

K-means 21578 0.68 0.71 0.69 048 | 045

Hierarchical Reuters-

Clustering 21578 0.76 0.78 0.77 0.58 | 0.54
Reuters-

DBSCAN 21578 0.6 0.65 0.62 0.39 | 0.36
Reuters-

CNNs 21578 0.82 0.83 0.82 0.68 | 0.64

RNNs Reuters- | 0.77 0.79 0.78 054 | 05
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K-means achieves moderate precision (0.72) and recall
(0.73), contributing to a balanced F1-Score (0.72), NMI (0.52),
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and ARI (0.49). Hierarchical Clustering shows higher precision
(0.78) and recall (0.79), resulting in a balanced F1-Score
(0.78), NMI (0.61), and ARI (0.57). DBSCAN demonstrates
moderate precision (0.64) and recall (0.68), leading to a
reasonable F1-Score (0.66), NMI (0.42), and ARI (0.39).CNNs
exhibit strong capabilities with high precision (0.84) and recall
(0.85), resulting in an impressive F1-Score (0.84), NMI (0.72),
and ARI (0.68). RNNs perform commendably with precision
(0.79) and recall (0.81), leading to a balanced F1-Score (0.80),
while Autoencoders show moderate precision (0.73) and recall
(0.75), contributing to a reasonable F1-Score (0.74). The Self-
Attention Mechanism approach stands out, showcasing high
precision (0.87) and recall (0.88), resulting in an impressive
F1-Score (0.87), NMI (0.76), and ARI (0.72). This underscores
its proficiency in capturing intricate semantic relationships,
enhancing accurate and meaningful text clustering.

The presented tables underscore the substantial power of
deep text clustering in the realm of document classification.
When compared to traditional methods, deep clustering
techniques, such as Convolutional Neural Networks (CNNSs),
Recurrent Neural Networks (RNNs), Autoencoders, and Self-
Attention  Mechanisms, consistently  exhibit  superior
performance across multiple evaluation metrics and datasets.

Especially, CNNs and Self-Attention Mechanisms
consistently stand out as top performers, showcasing their
remarkable ability to capture semantic nuances, patterns, and
relationships within textual data. These deep learning
techniques consistently achieve high values in terms of
precision, recall, F1-Score, Normalized Mutual Information
(NMI), and Adjusted Rand Index (ARI). This emphasizes their
effectiveness in uncovering meaningful clusters and accurately
classifying documents, regardless of the dataset's nature or
complexity.

VI. EXPERIMENTAL RESULTS AND DISCUSSION
6.1 Interpretation of Results

The in-depth comparative analysis conducted across three
distinct datasets provides a profound understanding of the
performance of various deep text clustering methods in the
realm of document classification. Remarkably, CNNs and Self-
Attention Mechanisms emerge as frontrunners across all
datasets, consistently surpassing the conventional techniques.
This striking consistency underscores their resilience and
effectiveness in capturing intricate semantic nuances and
patterns inherent in textual data.

The elevated precision, recall, F1-Score, NMI, and ARI
values exhibited by these techniques paint a vivid picture of
their capability to not only cluster documents but also to
comprehend the underlying semantic fabric. Their success

IJRITCC | August 2023, Available @ http://www.ijritcc.org

signifies their capacity to transcend the limitations posed by
traditional methods, delivering on the promise of more accurate
and meaningful text clustering in the realm of document
classification.

The robustness of CNNs and Self-Attention Mechanisms is
particularly evident in their ability to glean meaningful insights
from the complex and often unstructured nature of textual data.
Their proficiency in capturing not only surface-level textual
patterns but also the inherent semantic relationships within
documents sets them apart as powerful tools for semantic
understanding and accurate classification.

The consistent outperformance ofCNNs and Self-Attention
Mechanisms over traditional methods across different datasets
reaffirms their capability to elevate the accuracy and efficacy of
document classification, ultimately enhancing our capacity to
decipher and categorize the intricate layers of textual
information.

6.2 Advantages and Challenges of Deep Text
Clustering

6.2.1 Advantages:

Enhanced Semantic Understanding: Deep text clustering
methods, notably CNNs and Self-Attention Mechanisms, stand
out for their capability to capture intricate relationships and
subtle nuances within textual data. This translates to a higher
level of semantic understanding, allowing for more accurate
and meaningful document classification.

Semantic Patterns and Relationships: Deep techniques excel
in uncovering underlying semantic patterns and relationships
that might be hidden in the intricate structure of textual content.
This empowers them to recognize and group documents based
on not just surface-level features but also deeper contextual
meanings.

Superior Accuracy: The demonstrated superiority of CNNs
and Self-Attention Mechanisms in terms of precision, recall,
F1-Score, NMI, and ARI highlights their potential to provide
more accurate clustering results compared to traditional
methods. This accuracy is crucial for applications where
precise categorization is vital, such as information retrieval or
content recommendation.

Handling Unstructured Text: Deep methods outperform
traditional techniques like K-means, hierarchical clustering,
and DBSCAN in handling unstructured text data. They can
effectively adapt to the complex and varied nature of textual
content, mitigating challenges associated with diverse writing
styles, languages, and formats.
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6.2.2 Challenges:

Resource Intensive: Deep text clustering methods often
demand more computational resources and time compared to
traditional approaches. The complex neural architectures and
large datasets require significant computational power for
training and inference, making them less suitable for scenarios
with limited resources.

Hyper parameter Tuning: Deep methods are sensitive to
hyper parameter settings, which need to be carefully fine-tuned
for optimal performance. Finding the right balance between
model complexity, learning rates, and other parameters can be a
challenging and time-consuming process.

Data Preprocessing: Despite their capabilities, deep
methods can be sensitive to the quality and preprocessing of
input data. Ensuring consistent tokenization, removing noise,
and handling rare or out-of-vocabulary words are essential
steps to prevent negative impacts on clustering results.

Interpretability: Deep methods can sometimes lack
transparency in terms of how they arrive at their clustering
decisions. This can be a drawback when interpretability and
explainability are critical, such as in legal or medical domains
where decisions need to be justified.

Over-fitting: Deep models, if not appropriately regularized,
might be prone to overfitting, especially when dealing with
smaller datasets. Balancing model complexity and
regularization becomes crucial to prevent over-fitting and
ensure generalizability.

6.3 Potential Applications and Future Directions

The compelling achievements showcased by deep text
clustering methods illuminate a rich landscape of potential
applications that span across various domains. These
innovative techniques hold the key to revolutionizing fields
such as content recommendation, sentiment analysis, topic
modeling, and information retrieval. By harnessing their
capability to unravel intricate semantic relationships within
textual data, these methods can substantially elevate the quality
and depth of insights extracted from diverse sources of textual
information.

Looking ahead, the trajectory of research in deep text
clustering unfolds promising future directions that could further
amplify their impact. A significant avenue lies in refining these
methods to gracefully accommodate larger and more complex
datasets. This evolution would entail devising efficient
strategies to handle the computational demands of extensive
textual corpora, thereby making deep clustering methods more
accessible and practical for real-world applications on grand
scales.
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Moreover, the horizon of exploration extends towards
hybrid approaches that synergistically unite the strengths of
both traditional and deep clustering methods. The integration of
these two realms holds the potential to forge a powerful
alliance, combining the interpretability and simplicity of
traditional methods with the sophisticated semantic
understanding and pattern recognition of deep techniques. Such
amalgamations could potentially result in solutions that not
only achieve higher accuracy but also offer enhanced
scalability, offering a compelling path forward in addressing
the evolving challenges of text clustering and document
classification.

At glance, the diverse applications of deep text clustering
methods hold significant promise in reshaping various aspects
of information analysis and extraction. As the frontier of
research advances, optimizing their efficacy for larger datasets
and fostering synergistic collaborations with traditional
methods emerges as a strategic thrust. These endeavors not
only serve to unlock new dimensions of semantic
understanding but also pave the way for more robust, efficient,
and comprehensive solutions in the landscape of text analysis
and knowledge extraction.

VII. CONCLUSION

The culmination of this investigation presents a robust
conclusion that encapsulates the findings, contributions,
implications, and the future trajectory of document
classification through the lens of deep text clustering. The
journey of comparative analysis across multiple datasets and
deep text clustering techniques has unraveled compelling
insights. The empirical evidence showcased that Convolutional
Neural Networks (CNNs) and Self-Attention Mechanisms
outshine traditional methods across various evaluation metrics.
These advanced techniques exhibit a remarkable capability to
capture the intricate semantics and relationships inherent within
textual data. The tables, each tailored to specific datasets,
underscore the consistent excellence of these deep methods in
enhancing precision, recall, F1-Score, Normalized Mutual
Information (NMI), and Adjusted Rand Index (ARI).

The contributions made through this study are twofold.
Firstly, it sheds light on the potency of deep text clustering
methods in the realm of document classification. This study
establishes the supremacy of CNNs and Self-Attention
Mechanisms in deciphering nuanced patterns within text,
underlining their potential to revolutionize the field. Secondly,
this work emphasizes the significance of comparative analysis,
providing researchers, practitioners, and stakeholders with an
informed perspective on selecting the most suitable method for
their specific requirements. The implications of these insights
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resonate across domains like content recommendation,
sentiment analysis, topic modeling, and information retrieval.

Looking ahead, the horizon of document classification
navigates towards an exciting intersection with deep text
clustering. The innovative nature of these techniques, coupled
with their capacity to bridge the gap between semantic
understanding and machine learning, charts a promising
trajectory. Future research directions encompass refining these
methods to gracefully tackle the complexities of larger datasets
while also exploring hybrid approaches that combine the
strengths of both traditional and deep clustering methods. Such
a path not only opens avenues for more precise and scalable
solutions but also unlocks new dimensions of insights from
textual data. This study underscores the importance of
harnessing the power of semantics and patterns within text,
propelling the realm of information analysis and knowledge
extraction into an era of enhanced accuracy and understanding.
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