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Abstract: Automatic text summarization condenses voluminous text while preserving crucial information. Despite significant advance-
ments in this field, challenges persist in accurately identifying key content, maintaining contextual coherence, and ensuring
computational efficiency. The existing approaches struggle to effectively capture global relationships between sentences and minimize
redundancy. In this study, we propose an extractive text summarization framework using Bidirectional Long Short-Term Memory
with a hypergraph and a dominating set mechanism. A neural encoding module derives context-aware sentence embeddings, and
a hypergraph-based representation models higher-order relational dependencies among sentences. A dominating set-based selection
strategy is then applied to identify the most informative sentences for summary generation. The proposed model is evaluated using
the CNN/Daily Mail dataset and Recall-Oriented Understudy for Gisting Evaluation (ROUGE) metrics. Empirical evaluation attains
ROUGE-1, ROUGE-2, and ROUGE-L scores of 0.4221, 0.3563, and 0.3901, respectively, and demonstrates the proposed model’s
capability to effectively capture key content and generate coherent and informative summaries. The proposed framework proves to be
an efficient approach to automatic summarization and has the potential to be applied in journalism, healthcare, legal analysis, and

digital content management.
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1. Introduction

A vast amount of textual data is produced every day
in today’s digital era by various platforms, including social
media, news sources, and academic libraries [1]. In this scenario,
automatic text summarization is seen as a vital tool, enabling
readers to quickly review lengthy resources [2—4]. Abstractive and
extractive summarization are the two main categories of text
summarization [5-7]. The former generates concise and coherent
summaries by paraphrasing and reformulating the source con-
tent, whereas the latter identifies and aggregates key sentences
from the original document while preserving lexical and syntactic
structure. Extractive summarization preserves factual accuracy,
ensures reliability, requires less computation, and maintains origi-
nal wording, making it preferable in accuracy-critical applications.
Recurrent Neural Networks (RNNs) [8-10] and Long Short-
Term Memory Networks (LSTMs) [11-13] have proven to be
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more efficient than conventional machine learning techniques in
capturing semantic relationships and long-range dependencies in
text. Graph-based techniques like heterogeneous graph neural net-
works have gained popularity due to their capacity to represent
intricate sentence associations, which enhances the summarizing
process [14]. Despite their noteworthy accomplishments, current
methods like SummaRuNNer [15] and heterogeneous graph-
based models struggle to capture inter-sentence relationships,
resulting in redundant and incoherent summaries, emphasizing
the need for improved summarization that fuses sophisticated fea-
ture extraction with graph-based models. This study suggests a
novel extractive text summarization framework to address the
constraints in the state-of-the-art algorithms by incorporating the
following innovations:

1) Preprocessing pipeline: Development of a reliable pipeline for
cleaning and tokenizing text obtained from the CNN/Daily
Mail dataset to ensure high-quality text input for subsequent
processing.

2) Bidirectional Long Short-Term Memory (BILSTM): The
essential features are extracted using the BiLSTM architecture
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while retaining long-range relationships and contextual
knowledge.

3) Hypergraph-based sentence selection: Using the dominating
set property and sentence score, a hypergraph represents
sentence relationships and chooses the most pertinent and
instructive sentences for summary extraction.

By integrating the above features, the proposed framework
overcomes the key limitations of existing extractive methods.
Section 2 surveys the existing extractive and graph-based summa-
rization methods. Section 3 describes the proposed technique in
detail. Section 4 discusses the experiment results and compares
various methods, and Section 5 concludes the ongoing effort and
outlines future scope.

2. Literature Review

Recent advancements in extractive text summarization have
produced a significant increase in the quality and efficiency of
text summaries. A number of studies used transformer-based
models to improve summarization performance. Huang [16]
advanced a multi-path feature learning approach for extrac-
tive summarization, using the CNN/Daily Mail dataset. Their
approach captured complete text representation by process-
ing Bidirectional Encoder Representations from Transformers
(BERT) outputs through multiple pathways. Experimental results
achieved greater ROUGE-1 scores than several baseline models,
such as Transformer and BertSum.

Du et al. [17] optimized sentence extraction in large-
scale datasets using reinforcement learning techniques. Their
new model, when tested using the CNN/Daily Mail dataset,
yielded better Recall-Oriented Understudy for Gisting Evalua-
tion (ROUGE) scores than the earlier methods. However, the
approach’s effectiveness was limited to lengthy document sum-
marization, and its generalization to shorter documents remains
unclear. Fan et al. [18] proposed the Multi-Features Maximal
Marginal Relevance-BERT (MFMMR-BertSum) model for text
summarization in the CNN/Daily Mail dataset. The model out-
performed other conventional extractive summarizing techniques,
including statistical methods and deep learning models. Gonzalez
et al. [19] tested hierarchical neural networks on CNN/Daily
Mail and NewsRoom Corpora. Wang et al. [20] used Deep Q-
Networks (DQN) for extractive summarization. They considered
summarization as a sentence-ranking problem in their DQN-
based model and rated sentences according to their importance.
Their model opened new directions for reinforcement learning
applications in text summarizing and outperformed conventional
extractive summarization techniques like transformer-based sys-
tems. Rahman and Borah [21] proposed a novel summarization
method called NeRoBERTa, which included a nested tree struc-
ture that leveraged discourse and used syntactic trees to enhance
sentence representation. Their model improved coherence in text
summaries when compared to other baseline models. Despite
this improvement, the authors acknowledged that BERT-based
encoders cannot depict sentence-level information coherently [22].
Wang and Zhuang [23] enhanced their model’s denoising capac-
ity and improved the quality of the generated summary by
modeling realistic textual transformations. They used contrastive
learning to distinguish candidate summaries and original arti-
cles and the candidate summaries themselves. Gao et al. [24]
proposed a jointly trained text summarization framework that
integrated both extractive and abstractive methodologies in a uni-
fied architecture. By combining the benefits of extractive models,
they achieved better ROUGE scores. They found that abstrac-
tive models created a more effective summarization system by
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providing more fluid summaries. Asmitha et al. [25] examined
the abstract generation using four models including GPT-2, T5,
BART, and PEGASUS. Their study assessed multiple models
with SacreBLEU and ROUGE evaluation metrics to quantify
their effectiveness in generating accurate and informative sum-
maries. Huang et al. [26] proposed the Genetic Algorithm-assisted
Graph Neural Network (GA-GNN) model for text summariza-
tion. The new model outperformed the existing methods by
1.48, 1.26, and 0.44 for ROUGE-1, ROUGE-2, and ROUGE-L
measures, respectively. Their studies underscored the progressive
advancement of extractive summarization and highlighted the
adoption of modern techniques like deep learning architectures,
attention mechanisms, reinforcement learning strategies, and hier-
archical modeling approaches. Most of the existing works have
primarily been evaluated on standard benchmark datasets like
CNN/Daily Mail. Adeniyi et al. [27] proposed a text rank algo-
rithm for extractive summarization using a bidirectional RNN to
implement their new abstractive text summarizer. Vo et al. [28]
proposed an interpretable extractive text summarization frame-
work that combines meta-learning with Bi-LSTM to improve
sentence selection accuracy while enhancing model adaptability
and explainability across diverse text domains.

Research gap: The proposed text summarization model is a
hybrid framework that combines BiLSTM-based semantic fea-
ture extraction with hypergraph modeling to capture higher-order
sentence relationships. By applying the dominating set principle,
it ensures optimal sentence selection and overcomes the limi-
tations of traditional graph-based and sequence-based methods
while handling coverage and redundancy.

3. Methodology

The proposed model has four successive stages: (1) data col-
lection and preprocessing, (2) feature extraction with a BiLSTM
network, (3) hypergraph construction followed by the application
of the dominating set property, and (4) computation of sentence
scores for text summarization. The overall architecture of the
model is shown in Figure 1.

3.1. Data description

The CNN/Daily Mail dataset from Kaggle can be used as the
standard benchmark for summarization tasks. It contains lengthy
news articles along with their human-generated summaries, and
hence this dataset proves to be ideal for developing, validating,
and testing machine learning algorithms. This dataset consists
of 11,490 test samples, 13,368 validation samples, and 287,113
training samples. Figure 2 depicts the distribution of data.!

3.2. Feature extraction using BiLSTM

The BILSTM network is used for feature extraction. In the
forward phase, the network processes the sentence from left to
right, whereas in the backward phase, it processes it from right
to left, thus allowing the network to extract information in both
directions and capture all textual dependencies [29-31]. Figure 3
illustrates BILSTM feature extraction.

Embedding Layer maps a discrete sentence to vector spaces.
This process results in an embedding layer presented as a matrix.
This can be shown mathematically using Equation (1) below,
where V' represents the vocabulary size, while d represents the

Thttps://www.kaggle.com/datasets/gowrishankarp/newspaper-text-summari
zation-cnn-dailymail/datal
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Figure 1

Architecture of the proposed text summarization model
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embedding dimension size. The embedding layer maps a discrete 1.
sentence into dense vector representations. The resultant embed-
ding layer is a matrix. It can be expressed by Equation (1).
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M

Given an input sequence of token indices XeR” (where T
is the sequence length), the embedding layer retrieves a sentence

embedding as shown in Equation (2).
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Figure 3
Feature extraction using BiLSTM
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where X, is the input vector at the time z, /&,_; refers to the
hidden state from the previous time step, ¢, denotes the cell state
at the time ¢, W refers to the weight matrix associated with the
input, U denotes the weight matrix associated with the previous
hidden state, b refers to the bias terms for each gate, and the
output /1, represents the feature vector for each sentence.

BiLSTM Neural Networks have two neural networks: one
works forward /", and the other works backward A?*¢. The

final output is represented as H, = [h‘lf Wlhi’ “”"]. The output dimen-
sion per direction is 64. After concatenation, the output at each
time step is of size 128 or H;eRT*!128 Here, the dropout func-
tion randomly sets 30% of the activation to zero during training
to prevent overfitting. Hy = D (H,), where D(x)= M © x, M
~Bernoulli(1 — p). In the equation, M is a mask matrix 05 and 15.
After the dropout function, the output of the layer is represented
with 64. This is represented as H; = R7*%*. Time distribution
applies a dense layer with Softmax to each time step separately.
The transformation for ¢ is expressed in Equation 8.

v, = softmax (wgH3, + by) ®)
The Softmax function can be calculated using Equation 9.

exp(Wp il h, + bp [i])
I s W Ul + ol

Py, =i)= ©)

where, y, represents the predicted token at the time
step t, Wp and bp are the weight matrix and bias vector of
the decoder or classifier, and /, is the hidden state at time ¢.
The denominator sums up all possible classes (from j = 1 to
the vocabulary size), ensuring that the output is a valid prob-
ability distribution. The output size is the vocabulary size, and
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the final output is ¥ € R™". Finally, sparse categorical cross-
entropy is used as the output, which is a probability distribution
over vocab_size. The loss function is calculated using Equation 10.

L==3" logP(yX) (10)

where y, is the true sentence at time ¢. The dense layer,
S (contextualized sentence embeddings), represents a probability
distribution over the vocabulary. The output sentence embedding
is a 3D tensor represented in Equation 11. This is the sentence
embedding result.

H € RN*Txh (11)

Here, N is the batch size (number of sentences), 7 is the
sequence length (number of words in a sentence), and / is the
hidden state dimension of the last layer.

3.3. Hypergraph construction from extracted features

The hypergraph captures local and global sentence relation-
ships [32, 33] and the semantic and contextual relationships,
which are further used for subsequent processing to determine the
dominating set for summarization. A hypergraph is constructed
to identify the sentence associations using the feature vectors
extracted by BiILSTM. The hypergraph is built using the sentence
embedding result extracted from the neural network. The hyper-
graph is defined as H = (V, E), where V is the set of nodes
(vertices) representing unique sentence in a given preprocessed
document and E C P(V) is the set of hyperedges, where each
hyperedge e € E is a non-empty subset. Each sentence embed-
ding h; € R”"is considered a node in the hypergraph. Hyperedge
ey is formed using the semantic similarity between groups of sen-
tences. The semantic similarity between two sentences, s; and s,
is computed using cosine similarity over the contextual feature
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vectors, h; and h;, extracted from the BiLSTM encoder, as
expressed in Equation (12).

hih; 12
(172l 11721

S zm(S is S j ) =

If Sim (s;,s;) > threshold, a hyperedge is established. The

threshold is determined by tuning the model’s hyperparameters.
Equation 13 defines the hypergraph’s incidence matrix H.

1 if si belongs to ek

H, = 13
= 0, otherwise (13)

H;;. =1 indicates that sentence s, is part of the hyperedge ¢;.

3.4. Application of dominating set property

The dominating set property is applied to identify a sub-
set of nodes (sentence) that overrule the hypergraph, to ensure
maximum coverage of key sentences and minimize redundancy
[34, 35]. Sentence Se; is part of the dominating set D if:

VSe; € V, ASe; € D such that(Se;, Se;) € E (14)

In Equation (14), V represents the set of all sentences in
the hypergraph, D is the dominating set, representing important
sentences in the document, and E denotes the hyperedges rep-
resenting relationships (e.g., co-occurrence) between sentences.
This selection ensures that every sentence in the hypergraph is
in the dominating set or is directly associated with a sentence in
the dominating set via a hyperedge. This arrangement reduces
redundancy and maximizes the coverage of significant sentences.
Equation 15 expresses this condition.

Maximize: z Se;
ieD

(15)

where Se; is the importance of the Sentence Se;, calculated
based on its frequency and Term Frequency-Inverse Document
Frequency (TF-IDF) score, or the semantic weight of the sentence
is derived from BiLSTM embeddings. The dominating sentences
are extracted, and their corresponding scores are computed from
the hypergraph. Once the dominating set D is determined, it is
used to measure the importance of a sentence using a random
walk model on the hypergraph. The generation of the dominating
set from the hypergraph is represented in Equation (5).

3.5. Application of PageRank algorithm

Sentences are ranked by a PageRank algorithm based on
their importance in a hypergraph structure. Every sentence is
regarded as a node, and the edges show the connections between
sentences, like sentence co-occurrence or semantic similarity.
Higher ratings indicate greater significance, and the system iter-
atively gives scores to sentences [36-40]. PageRank score for
sentence s; is computed as shown in Equation (16).

PR(s;
PR(s;) = deeM(s,-) |L—((/S)’|) +(1 - d)% (16)

Where:

1) PR(s;) is the PageRank score of sentence s;
2) M(s;) represents the set of sentences linking to s;
3) L(j) denotes the number of outbound connections from s;

4) d is the damping factor (typically set to 0.85), which controls
the probability of continuing navigation through the graph
5) N is the total number of sentences in a document

This iterative calculation redistributes importance across sen-
tences, converging to a stable ranking. The sentences with the
highest scores are considered the most relevant for summarization.

3.6. Integration of dominating set property and
PageRank algorithm

The PageRank algorithm and the dominating set property are
applied for the selection of the most important and enlightening
sentences from the text to increase the efficiency of the text sum-
marization process. The dominating set property guarantees the
coverage of all key information using a small subset of sentences
that would reflect the whole text. On the other hand, the PageRank
algorithm calculates the weight of each selected sentence according
to its impact on the hypergraph topology. After the computation
of weights, the sentences are sorted according to PageRank values
in decreasing order. This is expressed by Equation 17.

Ssorted = argsortes(PR(s)) 17

Where:

1) D is the dominating set of sentences that ensures coverage

2) PR(s) is the PageRank score of sentences

3) Syorieaq 18 the sorted list of dominant sentences ranked by their
importance

Through this ranking technique, sentences that have sig-
nificant influence can be given priority to be included in the
summary. This way, the important information in the text is cap-
tured without losing any coherence or creating redundancy. The
combination of the two techniques ensures that the summary is
brief but complete at the same time.

4. Result and Discussion

The outcomes indicate the efficacy of the proposed approach
when compared to baseline approaches in numerical and qualita-
tive terms. This part focuses on the thorough assessment of the
model’s efficiency through different evaluation parameters, bench-
marking against baseline models, and visualizations. This dataset
consists of 11,490 test samples, 13,368 validation samples, and
287,113 training samples. Figure 4 displays a sample word cloud
of the records.

The log-scale graph of highlight lengths distribution by the
number of highlighted words is presented in Figure 5. Since a
log-scale has been chosen for the x-axis, it is much easier to
track changes in length. There is also a noticeable peak on the
histogram, which means that highlights are concentrated within
a certain range of word numbers, specifically from 10 to 100
words. It seems that short highlights occur much more frequently
than long ones. In turn, the density curve (in red color) shows
smoothed data that can be compared with the histogram since the
curves resemble each other.

Lengths of the article and highlights have been compared
using the violin plot and box plot, presented in Figure 6(a) and (b).
The articles are widely distributed and have several outliers; they
are longer in comparison. The highlights, on the other hand, have
little variation and are shorter in length. The articles show a wide
spread, indicating variations in content durations, with highlights
clustered together.
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Figure 4
Word cloud for top 4 records
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Word distribution among the corpus
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Figures 7, 8, 9, and 10 illustrate hypergraph representation
for different records. After extracting the features with BiLSTM,
the hypergraph is built using the sentence embeddings. The fre-
quently used ROUGE measure was employed to evaluate the
proposed algorithm using the CNN/Daily Mail dataset. Metrics
like ROUGE are often employed in natural language processing
tasks to gauge the quality of summaries produced by the system
compared to those manually generated. ROUGE-1, ROUGE-2,
and ROUGE-L are computed using Equations 18, 19, and 20,
respectively.

ROUGE 1 = Number of overlapping unigrams

Total number of unigrams in reference summary

(18)
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Number of overlapping bigrams

ROUGE 2 =
Total number of bigrams in reference summary
(19)
ROUGE I = LCSgenerated summary, reference summary

Total number of words in reference summary
(20)

These metrics measure how well the generated summary
communicates the key points of the reference summary. A better
summary quality is reflected by a high value of the ROUGE met-
ric score. The ROUGE scores before and after using hypergraphs
are shown in Figure 11. Higher scores show better performance in
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Comparison of article and highlight lengths
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Figure 7
Hypergraph construction—Record 1
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Figure 9
Hypergraph construction—Record 3
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Figure 10
Hypergraph construction—Record 4
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Figure 11
ROUGE-1, ROUGE-2, and ROUGE-L comparison for LSTM and hypergraph-based LSTM
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the summarization task. Even though both methods display quite
a wide variance, the hypergraph approach always performs bet-
ter. This improvement shows that the hypergraph approach beats
the LSTM in text summarization.

Table 1
Comparative analysis

Model Rouge-1 Rouge-2 Rouge-L
TSERNN [37] 40.4 16.9 36.1
GPT-2 [38] 29.34 8.27 26.58
SummaRuNNer [40] 0.3960 0.1620 0.3530
LEAD-3 [41] 39.20 15.70 35.50
NEUSUM [41] 41.59 19.01 37.98
BiGRUEXt [41] 39.42 16.13 35.11
Proposed model 0.4221 0.3563 0.3901

The tight clustering implies that the performance level
remains uniform. Neither an ascending nor a descending trend
exists; however, the fluctuations are indicative of changes in the

10

600 800 1000

Record Index

degree of similarity of the text. Peaks indicate strong text overlap
in some cases, while dips show weaker matches.

The comparison between the proposed model and other
advanced algorithms is presented in Table 1. The proposed
model produces higher ROUGE scores and shows that it
is more capable than the current models including Sum-
maRuNNer and NEUSUM in extracting both unigrams and
bigrams.

5. Conclusion

In this research work, an innovative model of text sum-
marization was developed by combining a BiLSTM network
with the concept of dominating sets from hypergraphs. Seman-
tic dependencies were accurately captured by the model, and
hence redundancy was significantly minimized. The outcomes
achieved showed that the framework had excellent capability as
compared to other baseline models. ROUGE scores of ROUGE-
1, ROUGE-2, and ROUGE-L were determined at 0.4221, 0.3563,
and 0.3901, respectively. These results clearly indicate the impor-
tance of applying complex neural models and graph structures
in achieving quality summarizations of textual data. Future
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improvements will be realized by including extractive methods,
multiple languages, and even external knowledge bases in text
summarization frameworks.
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