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Abstract—Text summarization is an important task in nat-
ural language processing (NLP), with significant implications
for information retrieval and content management. Traditional
summarization methods often struggle with issues like redun-
dancy, loss of key information, and inability to capture the
underlying semantic structure of the text. This paper addresses
these challenges by presenting an advanced approach to extrac-
tive summarization, which integrates clustering-based sentence
selection with the BART model.The proposed method tackles
the problem of redundancy by using Term Frequency-Inverse
Document Frequency (TF-IDF) for feature extraction, followed
by K-means clustering to group similar sentences. This clustering
step is designed to reduce redundancy by ensuring that each
cluster represents a distinct theme or topic. Representative
sentences are then selected from these clusters based on their
cosine similarity to a user query, which helps in retaining the most
relevant information. These selected sentences are then fed into
the BART model to generate the final abstractive summary. This
combination of extractive and abstractive techniques addresses
the common problem of information loss, ensuring that the
summary is both comprehensive and coherent. The approach is
evaluated using the CNN/DailyMail and XSum datasets, which
are widely recognized benchmarks in the summarization domain.
Results assessed through ROUGE metrics demonstrate that the
proposed model substantially improves summarization quality
compared to existing benchmarks.

Keywords—Abstractive summarization; extractive summariza-
tion; sentence clustering; language understanding; information
retrieval

I. INTRODUCTION

Text summarization task aims to generate a concise and
coherent summary from a given text while preserving its key
information and meaning[1]. The challenge lies in effectively
capturing the essence of the original content, which can vary
widely in length, complexity, and structure. In the realm of text
summarization, there are two primary approaches [2]: extrac-
tive and abstractive summarization, extractive summarization
involves selecting and compiling sentences or phrases directly
from the source text to form a summary. This approach relies
on identifying the most important segments of the text, but
may lack coherence and fluidity in the final output. On the
other hand, abstractive summarization involves generating new
sentences that convey the core ideas of the text [3], often
resulting in more human-like and fluent summaries. However,
this approach requires advanced techniques to ensure that the
generated summary is both accurate and contextually relevant

[4].

Extractive summarization is the most widely utilized and
rapidly developed approach [5]. Despite its advancements,
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extractive summarization faces challenges, particularly in ini-
tial center selection and redundancy issues. In articles with
complex sentence structures, the summarized sentences often
exhibit high redundancy. This occurs because the extracted
sentences may share significant semantic similarity, leading to
repetitive content in the summary. Consequently, even if the
summary includes relevant concepts, it may contain redundant
information due to the repetition of similar concepts. This
redundancy can make the summary unnecessarily lengthy
and less concise. To solve the above problems this paper
explores an enhanced summarization approach that combines
clustering-based extractive methods with the BART model.
the methodology starts by employing TF-IDF to evaluate the
significance of each sentence within the original text and
subsequently apply K-means clustering to group similar sen-
tences into clusters. This process helps in identifying thematic
groups within the text, which reduces redundancy and ensures
a more diverse representation of content. For each cluster,
representative sentences are selected based on cosine similarity
to a query sentence. By selecting sentences that closely match
this query, key information from each cluster is accurately
captured, the selected sentences are then used to form a context
for the BART model, which generates the final summary.

The proposed approach is evaluated using several well-
established benchmark datasets, including CNN/DailyMail and
XSum. Performance is assessed using ROUGE metrics, and the
experimental results indicate that the model achieves superior
ROUGE scores compared to other benchmark summarization
methods. Specifically, the approach demonstrates significant
improvements in terms of informativeness and coherence,
reflecting a more accurate and fluid representation of the
original text.

The main contributions of this work are summarized as
follows:

e A novel framework for text summarization is proposed
that enhances the coherence and human-likeness of the
generated summaries.

e  An effective sentence sampling strategy is introduced
within the rewrite model, which significantly improves
the quality and relevance of the summaries.

e The extensive experiments demonstrate that the pro-
posed model consistently outperforms existing state-
of-the-art baselines in text summarization.

The rest of the paper is organized as follows. Section II
reviews related work of this paper. Section III gives a detailed
explanation of the methodology. Section IV describes the
experimental setups, which is followed by the experimental
results in Section V. The paper is concluded in Section VI.
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II. RELATED WORK

Automatic Text summarization (ATS) has been extensively
researched, with various methods proposed to address its
challenges [6]. Early work in extractive summarization focused
on approaches such as frequency-based methods, graph-based
algorithms like Text Rank, and machine learning techniques
[7]. These methods generally perform well in selecting salient
sentences but often struggle with generating coherent sum-
maries. Recent advancements in abstractive summarization
have been driven by transformer-based models. Models like
BERT (Bidirectional Encoder Representations from Trans-
formers) and its variants have achieved state-of-the-art perfor-
mance on summarization tasks by capturing deep contextual
information [8]. BART a more recent model, combines the
strengths of both bidirectional and autoregressive transformers,
making it particularly effective for text generation tasks [1].
This section provides a summary of relevant research that
informs the hybrid summarization approach, which combines
extractive and abstractive techniques.

A. Extractive Text Summarization

The extractive summarization method involves selecting
key sentences and keywords directly from the original text
[9], It works by scoring sentences based on their impor-
tance, with higher scores indicating more significant sentences
[10]. The summary is created by sequentially choosing the
highest-scoring sentences from the text [11]. Liu et al. [7]
enhanced extractive summarization by combining the improved
TextRank algorithm with K-means clustering, This approach
utilizes the BM25 model to compute sentence similarity and
derive TR scores which are used to select initial cluster
centers and reduce redundancy. Mohsen et al. [12] developed a
hierarchical self-attentive neural network model that integrates
reinforcement and supervised learning to rank sentences by
directly optimizing the ROUGE metric. The model leverages
hierarchical self-attention to create document and sentence
embeddings that capture the document’s structure, enhancing
feature representation and summarization quality.

B. Abstractive Text Summarization

The abstractive summarization method creates summaries
by generating new words and phrases, rather than directly
extracting from the original text [13]. It uses natural language
understanding to analyze the grammar and semantics of the
document [14], allowing it to convey the main ideas in a newly
formulated text [15]. Jain et al. [16] developed a specialized
dataset for abstractive summarization to increase the number
of training samples while maintaining manageable lengths for
each sample. Bahrainian et al. [17] developed CATS an ad-
vanced abstractive neural summarization model that enhances
the traditional sequence-to-sequence approach by introducing
a mechanism for controlling the latent topic distribution of
the generated summaries Su et al. [18] proposed a two-
stage method for variable-length abstractive summarization
using a text segmentation module and a Transformer-based
summarization model. It first segments the text using BERT
and BiLSTM, then applies a two-stage training approach with
BERTSUM for document and segment summarization.
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C. Hybrid Text Summarization

The hybrid summarization method combines both extrac-
tive and abstractive techniques to leverage the strengths of
each approach. Initially, an extractive summary is generated
using extraction models or trainers [8]. This summary is then
refined through semantic analysis and rephrasing to produce
an abstractive summary [19]. This dual approach aims to
create a more comprehensive summary by integrating the
benefits of both methods [20]. Recent studies have increas-
ingly focused on combining extractive and abstractive methods
[21]. For instance, using extractive summaries as inputs for
abstractive models has demonstrated improved performance
[22], highlighting the efficacy of this integrated approach in
enhancing summary quality. Zhang et al. [1] proposed frame-
work as Extract-then-Abstract approach, an initial extractive
summarization model is used to identify and select relevant
sentences from the text. This extractive summary is then
refined using an abstractive model to generate summary. Moro-
zovskii and Ramanna [23] proposed supervised learning model
employs a hybrid approach that integrates both extractive
and abstractive elements to enhance the inclusion of crucial
information in news summaries. Wang et al. [13] introduced
the Topic-Injected Bidirectional Encoder Representations from
Transformers (TP-BERT) by incorporates contrastive learning
during training.

The previous studies highlights various methodologies and
advancements in text summarization. Table I summarizes dif-
ferent studies, detailing the year of the study, the methods
employed, key contributions, and the limitations encountered.
the proposed approach introduces a novel enhancement by
integrating clustering-based sentence selection with the BART
model. Unlike traditional extractive methods that select sen-
tences based on frequency or similarity alone, the method
utilizes TF-IDF for feature extraction and K-means clustering
to group similar sentences. This clustering process identifies
thematic groups within the text, reducing redundancy and
ensuring a more diverse representation of content. By se-
lecting representative sentences from each cluster based on
cosine similarity to a query sentence, the approach effectively
captures essential information while minimizing redundancy.
This method addresses the limitations of improved TextRank,
which may not fully achieve thematic coherence. Moreover, the
integration with BART enhances the fluency and coherence of
the final summary, leading to more contextually accurate and
readable outputs.

III. METHODOLOGY

Our proposed summarization approach integrates extrac-
tive and abstractive techniques to enhance the relevance and
coherence of generated summaries. The methodology is de-
signed to capture key information from the source text while
producing fluent and contextually accurate summaries. The
process involves data preprocessing, vectorization, clustering-
based sentence selection, representative sentence extraction,
and abstractive summarization using BART as shown in Fig.
1.

A. Data Preprocessing

The preprocessing steps included Articles were retrieved
from the dataset based on user-defined keywords using a
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TABLE I. SUMMARY OF RELATED WORK IN TEXT SUMMARIZATION

Vol. 15, No. 10, 2024

Study Year | Method Key Contributions Limitations

Wang et al [13] 2024 | Integrates topic words into sen- | Improving semantic consistency | Incorporating topic words and con-
tences and uses contrastive learning | and summarization quality trastive learning may add com-
during training plexity to the model, potentially

increasing computational require-
ments.

Jain et al [24] 2024 | Generating additional training sam- | Handling long documents Potential information loss from
ples by creating multiple extractive segmenting documents into 512-
summaries token

Liu et al [7] 2024 | Employs an improved BM25 | Reduce sentence redundancy The method does not account for
model to compute BM25 similarity the position of sentences in the
between sentences. final summary, which might affect

the coherence and readability of the
summary

Morozovskii  and | 2023 | Proposes an enhancement to the | Enhanced Attention Mechanism The model may include less rele-

Ramanna [23] transformer model’s  attention vant information due to its distri-
mechanism by integrating bution of attention across words
frequency information for each
word to better handle rare words.

Zhang et al [1] 2023 | Implements sentence sampling | Develops a pipeline using topic | The extractive stage might still re-
strategy to create parallel data for | modeling to select the most rele- sult in summaries that lack smooth
the rewrite model without manual | vant sentences transitions between sentences
annotation

Bahrainian et al[17] | 2022 | Neural sequence-to-sequence | Introduces customizable abstrac- | Need for comparison  with
model with encoder-decoder and | tive summarization using topic | transformer-based models.
topical attention modeling.

Su et al [18] 2020 | Two-stage Transformer-based sum- | Employs BERT and LSTM for seg- | The integrating of multiple mod-
marization model with text seg- | mentation and uses collaborative | els and collaborative training might
mentation training. imply potential challenges in prac-

tical implementation.

Mohsen et al [12] 2020 | Hierarchical self-attentive | Combines reinforcement and su- | The complexity of the model may
reinforced neural network-based | pervised learning to optimize the | lead to increased computational re-
summarization model ROUGE evaluation metric directly. quirements.

search function that scans through the dataset and returns
the top results. This search is limited to a maximum of five
articles to maintain manageability. Each article was segmented
into sentences using NLTK’s “sent tokenize” function to
facilitate clustering and similarity computations [25]. Sen-
tence segmentation enables us to process and analyze each
sentence independently [26]. Further preprocessing included
stop words removal, which involved eliminating common but
less informative words (e.g. “the”, “and”) to focus on more
meaningful terms [27]. Also, word alignment process is to
remove punctuation and numbers from each sentence. Finally,
Lemmatization was applied to reduce words to their base or
root forms (e.g. transforming “running” to “run”) [28], Fig. 2
summarizes these steps.

B. Vectorization

In this step, the Term Frequency-Inverse Document Fre-
quency (TF-IDF) vectorizer is employed to convert sentences
into numerical feature vectors, this process begins with apply-
ing the vectorizer to the preprocessed sentences, transforming
them into a high-dimensional space where each dimension
corresponds to a term in the vocabulary. The (TF-IDF) model
assigns weights to terms based on their importance within each
sentence relative to the entire corpus. By capturing both the fre-
quency of terms within individual sentences (Term Frequency)
and their significance across the corpus, the TF-IDF vectorizer
produces feature vectors that effectively represent the content

and context of each sentence.

C. Clustering Process

A clustering-based approach was employed to identify rep-
resentative sentences [7]. Specifically, the K-means algorithm
was used to cluster sentences into a predefined number of
clusters. K-means partitions sentences based on their vector
representations [1], grouping similar sentences together [29].
the elbow method was utilized to determine the optimal
number of clusters as illustrated in Fig. 3. This method involves
plotting the within-cluster sum of squares (inertia) against the
number of clusters [30]. Inertia measures the sum of squared
distances between each point and its assigned cluster center,
reflecting the compactness of the clusters [31]. the K-means
algorithm was executed across a range of cluster counts (from
1 to 10) and computed the inertia for each count.The resulting
plot displays the number of clusters on the x-axis and the
corresponding inertia on the y-axis. The “elbow” of the plot,
where the rate of decrease in inertia slows down, indicates
the optimal number of clusters. This point represents a bal-
ance between minimizing inertia and avoiding overfitting by
selecting too many clusters [32]. choosing the optimal number
of clusters affects the thematic diversity and coherence of the
summary. Fewer clusters may lead to excessive redundancy,
while more clusters can cause over-segmentation and loss
of crucial information. The elbow method helps in finding
a balance that improves summary quality by ensuring each
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Fig. 1. The general structure of the proposed model.

cluster represents a distinct theme or topic, which enhances
the effectiveness and the summarization results [33].

D. Selecting Representative Sentences

To refine the selection of representative sentences from
each cluster, cosine similarity was calculated between a query
sentence and each sentence within a cluster. The query was
constructed from the first few sentences of the article to
effectively represent the main context. For each cluster, the
sentence with the highest cosine similarity to the query was
selected as outlined in the Algorithm 1. cosine similarity was
chosen because it effectively quantifies the similarity between
sentences based on their term frequency representation [34],
this metric is particularly useful for identifying sentences that
closely match the thematic context of the query sentence
[35], ensuring that the representative sentences are contextually
relevant.

E. Summarization with BART

The BART (Bidirectional and Auto-Regressive Transform-
ers) model, specifically the pre-trained facebook/bart-large-
cnn version was used for generating summaries due to its
strong performance on summarization tasks [1]. The model
was configured to produce summaries with a maximum length

of 150 tokens and a minimum of 40 tokens. It was fed with
an augmented context, which was created by concatenating
representative sentences selected through a clustering process.
This augmented context helped the model generate a more
coherent and comprehensive final summary.

Algorithm 1: Clustering-Based Extractive-Then-
Abstractive Summarization

1 Input Text document D, User query @

2 Output Final summary S

3 Feature Extraction: Calculate the Term Frequency-Inverse Document
Frequency (TF-IDF) for each sentence in document D Represent each
sentence as a TF-IDF vector

4 Sentence Clustering: Apply K-means clustering to group the sentences into

K clusters based on their TF-IDF vectors
Representative Sentence Selection: for each cluster do

n

N

Calculate the cosine similarity between each sentence and the user query Q
Select the sentence with the highest cosine similarity within each cluster as
the representative sentence

Input to BART Model: Combine the selected representative sentences into a
coherent sequence Feed the sequence of selected sentences into the
pre-trained BART model

Generate Final Summary: The BART model generates an abstractive
summary S from the input sequence of representative sentences

return Final summary S

<

3

e
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Fig. 2. Data preprocessing steps.

IV. EXPERIMENTS

In this section, The experiments conducted to evaluate
the effectiveness of the proposed summarization model are
presented. These experiments are designed to assess the per-
formance of various summarization methods across different
datasets, with a focus on comparing baseline methods and the
proposed approach.

A. Datasets

To evaluate the performance of the framework, it
is assessed using two benchmark summarization datasets:
CNN/DailyMail [36] and XSum [37], detailed statistical in-
formation for these datasets is provided in Table II.

1) The CNN/DailyMail: dataset is widely used for evalu-
ating text summarization models. It consists of approximately
93,000 articles from CNN and 220,000 articles from the Daily
Mail newspapers, totaling around 313,000 news articles [6].
Each article in the dataset is paired with multiple reference
summaries, which are generally several sentences long, and are
written by humans. The summaries are derived from the article
highlights, typically found as bullet points making this dataset
suitable for both extractive and abstractive summarization
tasks.

2) The XSum: (Extreme Summarization) dataset is a bench-
mark dataset specifically designed for single-document ab-
stractive summarization tasks. It consists of approximately
227,000 online articles from the BBC, covering a wide range
of topics, including news, sports, and lifestyle. Each article
is paired with a corresponding one-sentence summary, known
as the “extreme summary”, which captures the key point
of the article. The one-sentence summaries are often highly
abstractive, meaning they are not simply extracted sentences
from the original text but are instead newly generated sentences
that convey the main idea [7].

2 4 6 8 10
Number of Clusters

Fig. 3. Elbow method for determining the optimal number of clusters.

B. Baseline Methods

A range of high-performing models is selected for evalua-
tion, relevant models from recent years as the baseline.

TABLE II. STATISTICS OF THE CNN/DAILYMAIL AND XSUM DATASETS

Dataset #Docs #Avg. sent. | #Avg. words | Domain
CNN/DailyMail | 287,113 | 45.7 781 News
XSum 204,045 19.77 431 News

1) Lead-3: method simply selects the first three sentences
from the document as the summary. It exploits the tendency
of news articles to place the most important information at the
beginning [38].

2) PacSum: (Parameterized Summarization) uses a

heuristic-based approach to select sentences based on their
importance, as determined by a parameterized model. It is
known for its effectiveness in extracting informative sentences
that contribute to high-quality summaries [39].
FAR (Focus-Aware Ranking) incorporates focus-aware
ranking strategies to select the most relevant sentences. It
improves upon simple extraction methods by considering the
relevance and focus of the content [40].

3) SUMO: (Summarization with Meaningful Overlaps) fo-
cuses on identifying and using significant overlaps in sentence
content to improve summary quality. It aims to balance infor-
mativeness and redundancy in the selected sentences [41].

4) PGNet: (Position-Aware Graph Network) incorporates
position information and graph-based methods to rank sen-
tences based on their importance in a given document. It
improves upon traditional methods by leveraging positional
information [16].

5) REFRESH: (REsponse-aware Frequency-based Summa-
rization with Contextualized Highlights) uses response-aware
frequency metrics to highlight key content. It adapts based on
context to improve summary relevance [42].

6) SEQ: (Sequence-to-Sequence) models are based on

sequence-to-sequence learning approaches that generate sum-
maries by learning from large amounts of text. These models
often use encoder-decoder architectures to produce coherent
and contextually relevant summaries [43].
TED (Text Extensible Domain) leverages domain-specific
knowledge to enhance summarization. By extending the text
domain, TED models improve summary quality by incorpo-
rating additional contextual information [44].

7) CPSUM: (Soft) is an extractive summarization approach
that employs a soft selection mechanism, focusing on selecting
important sentences based on their relevance and contribution
to the summary [13].

8) CPSUM: (Hard) differs from its soft counterpart by
using a hard selection mechanism, which selects sentences
more decisively without soft probability weighting [45].
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9) BERTEXT: is an extractive summarization method that
employs sequence labeling. This approach determines which
sentences should be included in the summary by leveraging
predictions made by a pre-trained BERT model [8].

10BART: effectively captures context through its bidirec-
tional encoder and produces high-quality summaries using its
autoregressive decoder [1].

C. Evaluation

To evaluate the performance of the summarization ap-
proach, the ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) metric was used to assess the quality of the
generated summaries [19]. ROUGE measures the overlap
between the generated summaries and reference summaries
across several dimensions including [46]:

ROUGE-1 (R-1): Measures unigram overlap between the
generated and reference summaries. This metric evaluates
the proportion of unigrams (single words) in the generated
summary that are present in the reference summaries [4].

ROUGE-2 (R-2): Assesses bigram overlap, focusing on
pairs of consecutive words. This metric helps determine how
well the generated summary captures the sequence of word
pairs found in the reference summaries [13].

ROUGE-L (R-L): Evaluates the longest common subse-
quence between the generated and reference summaries [47].
The calculation of the ROUGE-N is shown in Eq. (1).

ZSES ZnEN—grams(s) CountmatCh(n)

ROUGE-N =
ZSGS EnGN»grams(s) Countref(n)

ey

where:

e S is the set of generated summaries.

e  N-grams(s) represents the set of n-grams in summary
5.

e  countyyen(n) is the count of n-grams n that match
between the generated summary and the reference
summaries.

e  count(n) is the count of n-grams n in the reference
summaries.

D. Implementation

The implementation involved Libraries, the “transformers”
library for BART was used, “datasets” for loading the datasets,
“sklearn” for clustering and vectorization, and “nltk” for sen-
tence tokenization. A Python script was developed to automate
the entire process, from article retrieval and sentence clustering
to summary generation and evaluation.

V. RESULTS AND DISCUSSION

A. Results

The performance of the proposed BEAR model is evaluated
using ROUGE metrics across various summarization models,
as detailed in Table III. This table showcases the R-1, R-2,
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and R-L scores for different models on the CNN/DailyMail
dataset, including the BEAR model. Notably, BEAR demon-
strates competitive performance with R-1, R-2, and R-L scores
of 48.15, 19.23, and 37.03, respectively, surpassing several
baseline models.

To facilitate a visual interpretation of these results, Fig.
4 presents a heatmap of the ROUGE scores. This heatmap
highlights the comparative performance of BEAR against other
models, clearly illustrating that BEAR excels in both R-1 and
R-2 metrics. This indicates its superior capability in capturing
relevant information and ensuring coherence in summaries.

TABLE III. ROUGE SCORES FOR DIFFERENT MODELS ON THE
CNN/DAILYMAIL DATASET

Model R-1 R-2 R-L
Lead 3 40.01 17.45 | 36.31
PacSum 40.37 17.92 | 36.62
FAR 40.42 1795 | 36.67
SUMO 41.00 18.40 | 37.20
PGNet 39.50 17.30 | 36.40
REFRESH 41.30 18.40 | 37.50
SEQ 23.24 7.10 22.15
TED 38.73 16.84 | 36.15
BART 44.16 18.07 | 35.53
BEAR (proposed model) 48.15 19.23 37.03

Lead 3 - 17.45 36.31
a5

Pacsum -| \ 17.92 36.62
- 40
FAR - \ 17.95 36.67
-35
SUMO - 11.00 18.40 37.20
PGNet - 17.30 36.40 -30
T
o
=]
= S
REFRESH - 41.30 18.40 37.50 55
SEQ - 23.24 7.10 22.15
20
TED - 16.84 36.15
15
BART - 24.16 18.07 3553

- 10
BEAR (proposed) 48.15 19.23 37.03

ROUGE-1 ROUGE-2 ROUGE-L

Fig. 4. Heatmap of ROUGE scores for different summarization models on
the CNN/DailyMail dataset.

Table IV presents the ROUGE scores for various summa-
rization models evaluated on the XSum dataset. Notably, the
proposed BEAR model demonstrates impressive performance,
achieving R-1, R-2, and R-L scores of 25.00, 8.57, and 19.44,
respectively. Fig. 5 provides a visual representation of these
results through a heatmap. In the heatmap, color gradients
are used to illustrate the relative performance of each model,
with darker shades indicating higher ROUGE scores. This
visualization effectively highlights the strengths of the BEAR
model compared to other models, underscoring its capability
in generating high-quality summaries.

www.ijacsa.thesai.org

1128 |Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

TABLE IV. ROUGE SCORES FOR VARIOUS SUMMARIZATION MODELS
ON THE XSUM DATASET

Model R-1 R-2 R-L
Lead 3 16.30 | 1.60 | 11.95
SEQ 20.11 | 5.23 16.15
CPSUM(Soft) 17.22 | 2.17 12.71
CPSUM(Hard) 17.29 | 2.18 12.73
BERTEXT 2286 | 448 | 17.16
BEAR (proposed model) | 25.00 | 8.57 19.44

25

16.30 11.95

Lead 3

-20
16.15

SEQ
|

17.22 12.71

Models
CPSUM(Hard) CPSUM(Soft)
| |

17.29

- - b
-

ROUGE-2

12,73

19.44

BEAR (proposed) BERTEXT

ROUGE-L

ROUGE-1

Fig. 5. Heatmap of ROUGE scores for various summarization models on the
XSum dataset.

B. Comparative Analysis with Previous Research

To assess the relevance and competitiveness of the BEAR
model, its results were compared with those of other state-of-
the-art summarization approaches. Table V shows a detailed
comparison of ROUGE scores across different models on the
CNN/DailyMail and XSUM datasets, highlighting the BEAR
model’s superior performance.

1) CNN/DailyMail dataset: The BEAR model outperforms
several baseline models such as Lead-3, PacSum, and RE-
FRESH in terms of R-1 and R-2 scores, indicating its supe-
rior ability to capture essential content. For example, Lead-
3 achieved an R-1 score of 40.01, while BEAR obtained
48.15, demonstrating significant improvements compared to
BERTSUM, which has been widely used for summarization,
BEAR’s higher ROUGE scores underscore its effectiveness in
integrating clustering-based sentence selection with abstractive
summarization.

2) XSum dataset: The BEAR model outperforms models
like BERTEXT and SEQ in both R-1 and R-2 scores. The com-
parative analysis of the proposed BEAR model against other
summarization models on the XSum dataset demonstrates its
superior performance across all three ROUGE metrics (R-1,
R-2, and R-L) key observations include:

3) ROUGE-1 (R-1): BEAR achieved an R-1 score of
25.00, outperforming other models, such as SEQ (20.11) and
BERTEXT (22.86), which are commonly used for summariza-
tion tasks. This higher score indicates that BEAR can better
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capture important words and phrases from the original text.

4) ROUGE-2 (R-2): With an R-2 score of 8.57, BEAR
substantially surpasses the other models in capturing bigram-
level co-occurrences between the generated summaries and the
reference summaries. For instance, SEQ and BERTEXT which
scored 5.23 and 4.48 respectively, lag behind in capturing
contextual relationships that involve pairs of words. The im-
provement in R-2 reflects BEAR’s enhanced ability to generate
coherent summaries.

5) ROUGE-L (R-L): BEAR also leads in the ROUGE-L
metric with a score of 19.44, demonstrating its strength in
maintaining the longest common subsequence between the
generated summaries and the references. This indicates that
BEAR is more capable of producing summaries that retain the
overall meaning and structure of the original content compared
to other models like SEQ (16.15) and CPSUM (Soft) (12.71).

Overall, BEAR’s results on the XSum dataset show that
the model consistently outperforms the other methods across
all metrics, validating its capability to generate high-quality
summaries for summarization tasks.

C. Role of Clustering and Representative Sentences

Clustering organizes sentences into thematic groups based
on their semantic similarity, utilizing TF-IDF and K-means
clustering algorithms. This method structures the text into
distinct clusters, each representing specific topics or aspects,
which helps maintain context and relevance throughout the
summarization process. By segmenting the text into these
thematic clusters, redundancy is minimized and the focus is
placed on selecting the most representative sentences. This
reduces repetition and ensures a concise, relevant summary.

Once the clustering is complete, representative sentences
from each cluster are selected and serve as the context for
the BART model. The BART model then generates the final
summary by integrating these representative sentences, this
hybrid approach effectively bridges the gap between extractive
and abstractive summarization techniques. It ensures that the
summary not only captures key points but also maintains
fluency and coherence, facilitating smooth transitions between
different sections. The combination of clustering and BART
helps to create a summary that is both contextually relevant
and well-structured.

D. Limitations of the Present Study

While the approach aims to enhance coherence and rel-
evance, there might still be instances where the generated
summaries contain redundant or less relevant information if
the clustering or similarity measures are not perfectly aligned
with the summary objectives.

VI. CONCLUSION

In this paper, a novel framework for text summarization is
presented that enhances the quality of generated summaries.
The approach integrates a rewrite model with an innovative
sentence sampling strategy, resulting in summaries that are
not only more relevant but also of higher quality. A method
for the rewrite model leverages an effective sentence sampling
strategy, enhancing the selection of content for summarization.
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TABLE V. STATE-OF-THE-ART COMPARISON FOR TEXT SUMMARIZATION

Model CNN/DailyMail XSUM

R1I | R2 [ RL | R1 | R2 | RL
Lead 3 4001 | 17.45 | 3631 | 1630 | 1.60 | 11.95
PacSum 4037 | 1792 | 36.62 - - -
FAR 4042 | 1795 | 36.67
SUMO 4100 | 1840 | 37.20
PGNet 39.50 | 17.30 | 36.40
REFRESH 4130 | 1840 | 37.50 - - -
SEQ 2324 | 7.10 | 2215 | 20.1 | 523 | 16.15
TED 3873 | 1684 | 36.15 - - -
BART 4416 | 18.07 | 35.53 - - -
CPSUM (Soft) - - - 1722 | 217 | 121
CPSUM (Hard) 1729 | 218 | 12.13
BERTEXT - - - 2236 | 448 | 17.16
BEAR (proposed model) | 48.15 | 19.23 | 37.03 | 25.00 | 857 | 19.44

The framework consistently outperforms existing state-of-the- REFERENCES

art baselines across various text summarization tasks. These
results underscore the superiority of the approach in delivering
more coherent and contextually relevant summaries. Future
work will focus on several key areas to further enhance
the summarization framework. First, the application of this
approach to other languages and domains will be explored,
expanding its scope and effectiveness. Additionally, methods
to incorporate user feedback into the summarization process
will be explored, enabling the generation of more personalized
and user-centric summaries.
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