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Abstract: In the era of exponential growth in online data, the proliferation of online information necessitates
effective strategies for text summarization to distill vast amounts of data into concise, digestible insights. This
paper presents a comprehensive investigation into text summarization methodologies within the context of a
Text Intelligence Engine project, with a primary emphasis on the Text Rank algorithm. Leveraging the
principles of graph-based ranking, our approach harnesses the power of Text Rank to identify key concepts
and generate coherent summaries. Through meticulous experimentation and rigorous evaluation, we
demonstrate the robustness and effectiveness of Text Rank in extracting salient information from diverse
textual sources. Furthermore, we explore the integration of Text Rank with machine learning techniques to
enhance summarization performance. By elucidating the theoretical foundations and practical applications of
Text Rank, this paper contributes to the advancement of text intelligence systems, offering valuable insights
and guidelines for researchers and practitioners in the field.
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education, healthcare, and beyond. Amidst

1. INTRODUCTION this wealth of textual information, the need for

In the contemporary digital landscape,

. systems capable of distilling the essential
characterized by an unprecedented abundance

elements from voluminous texts has become
increasingly pronounced.

Text summarization, as a field of study, has
evolved in tandem with the exponential
growth of online data. Researchers have
explored various models and techniques to
generate concise summaries, ranging from

of data, the significance of effective text
summarization methodologies cannot be
overstated. Data permeate every facet of
modern life, from mundane tasks like driving,
where vehicle speed and mileage are
meticulously recorded, to the vast repository
of information accessible through the internet,
spanning domains as diverse as news,

extractive methods that select salient
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sentences from the original text to abstractive
approaches that synthesize new phrases to
encapsulate key concepts. Moreover,
advancements in natural language processing
(NLP) have facilitated the development of
domain-specific and query-based
summarization techniques, catering to diverse
user needs and preferences.

Within this context, our paper delves into the
multifaceted landscape of text summarization,
with a particular focus on recent
advancements and trends observed over the
past five years. We examine the predominant
methodologies employed, including machine
learning, neural networks, reinforcement
learning, sequence-to-sequence modeling,
and fuzzy logic, assessing their efficacy in
generating accurate and coherent summaries.
Furthermore, we scrutinize optimization
techniques utilized to refine summarization
models, shedding light on the nuances of
algorithmic performance and effectiveness.

A critical aspect of our analysis involves the
evaluation of text summarization models
across  various  datasets,  highlighting
disparities  in
performance metrics. Notably, we observe
instances where hybrid approaches combining
different methodologies yield superior results
compared to  individual techniques.

accuracy SCOres and

Additionally, we explore the integration of
popular Python libraries such as sci-kit-learn,
NLTK, SpaCy, and fastai into NLP pipelines,
underscoring the pivotal role of practical
toolsets in  advancing
capabilities.

As we navigate the intricate terrain of text
summarization, it becomes evident that the

summarization

quest for optimal summarization techniques

© 2024, IJSREM | www.ijsrem.com

remains ongoing. While significant strides
have been made in recent years, challenges
persist, particularly in achieving human-level
abstraction and coherence in summary
generation. Nevertheless, the applications of
text summarization are vast and far-reaching,
spanning domains such as media monitoring,
search marketing, financial research, and
beyond, underscoring its indispensable role in
modern information retrieval and decision-
making processes.

Through our comprehensive examination of
text summarization methodologies and
advancements, we aim to contribute to the
collective understanding of this dynamic field,
providing insights and directions for future
research endeavors and practical applications
alike.
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Fig-1: Distribution of papers studied over the
years.

A. Automation

Automation, defined as the substitution of
manual  operations with  computerized
procedures and machinery, stands as a
fundamental aspect of modern technological
advancement. According to recent studies [2],
automation has demonstrated significant
benefits, including:

a) Productivity Increase: Research indicates
that automation can lead to a substantial
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increase in productivity, with studies
showing up to a 25% improvement in
manufacturing output [Reference 2].

b) Cost Reduction: By automating
processes, organizations can realize
considerable cost savings. Studies have
shown that automation can result in a
reduction of operational costs by as much
as 30% [Reference 2].

c) Labor Optimization: Automation

streamlines workflows, reducing the need

for manual labor. This optimization can
lead to a decrease in labor requirements by

up to 40% [Reference 2].

d) Error Elimination: Human error, a
common concern in manual operations, can
be significantly reduced through automation.
Studies have demonstrated error rates
decreasing by as much as 90% with the
implementation of automated systems.
Types of Automation
Automation is instrumental in boosting
productivity and driving cost reduction
across various industries, particularly in
manufacturing sectors. Different types of
automation technologies include.

a) Information Technology (IT)

b) Computer-Aided Manufacturing (CAM)

¢) Numerically Controlled (NC) Equipment

d) Robots

e) Flexible Manufacturing Systems (FMS)

f) Computer-Integrated Manufacturing
(CIM)

These diverse forms of automation play
critical roles in streamlining processes,
optimizing  resource utilization, and
enhancing operational efficiency within
manufacturing environments. By leveraging
automation technologies, industries can

© 2024, [JSREM | www.ijsrem.com
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achieve significant improvements in
productivity, cost-effectiveness, and overall
competitiveness.

. METHODOLOGIES

Extractive Summarization
Unsupervised Extractive Summarization:
Unsupervised extractive summarization
techniques involve generating summaries
from a given document without relying on
pre-existing labeled groups or
classifications. Approaches include graph-
based methods, latent variable models, and
term frequency analysis, offering easy
implementation and satisfactory results.

e Hernandez et al. [17] utilized K-Means
Clustering for sentence selection in
extractive  summarization, achieving
favorable results.

Joshi et al. [18] proposed SummCaoder, an
unsupervised framework using sentence
vectors and  scoring  metrics  for
summarization.
El-Kassas et al. [19] introduced EdgeSumm, a
graph-based system utilizing noun-based
sentence  representation and K-Means
clustering for summary generation.
Zheng & Lapata [20] presented PacSumm,
utilizing graph-based sentence mapping and
BERT embeddings for sentence selection.
Vanetik et al. [21] proposed a Weighted
Compression Model for sentence extraction,
utilizing EDU removal and weighted scoring.
Supervised Extractive Summarization:
Supervised strategies select subsets of
sentences to create summaries, often treated as
binary classification  problems.  These
approaches require labeled datasets and aim to
identify the most relevant sentences for
inclusion in the summary.
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Collins et al. [25] employed Recurrent Neural
Networks (RNNs) for sentence ranking,
considering features such as abstract
relevance, numeric counts, and sentence
position.

Charitha et al. [26] utilized Convolutional
Neural Networks (CNNs) and Integer Linear
Programming (ILP) for automated text
summarization, integrating word embeddings
and sentence ranking.

Wong et al. [27] explored supervised learning
for sentence re-ranking, considering various
sentence features such as content, event, and
relevance characteristics.

PERA & NG [28] developed a Naive Bayes
Classifier ~ (NBC)  for  cost-effective
summarization by classifying text documents
and utilizing their summaries.

By distilling the essence of the studies and
methodologies discussed, this concise overview
provides a comprehensive understanding of both

unsupervised  and

supervised  extractive

summarization techniques, highlighting their
significance and potential contributions to text
summarization research and applications.

© 2024, IJSREM
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Fig. 2. Taxonomy for Text
summarization

B. Abstractive Summarization:

Abstractive summarization involves
generating summaries that may contain
words and sentences not explicitly present in
the source text. In this section, we explore
various unsupervised and supervised
approaches to abstractive summarization,
highlighting  their methodologies and
contributions to the field.

1. Unsupervised Abstractive Summarization:

DOI: 10.55041/IJSREM29913 |

e In Dohare [2], the Semantic Abstractive
Summarization  (SAS) pipeline s
introduced. SAS leverages Abstract
Meaning Representation (AMR) graphs
to extract concise summaries from input
stories. By employing coreference
resolution and meta-nodes, SAS
constructs an AMR story graph and
subsequently generates abridged
sentences. This approach outperforms
previous SAS techniques by
incorporating novel algorithms for
summary extraction.

Chu & J. Liu [3] propose an end-to-end
neural model, Mean Sum, for uncontrolled
summarization of product or business
reviews. By utilizing an auto-encoder
module and a summary module, Mean Sum
learns to generate summaries that capture the
essence of input documents. However, the
model lacks attention mechanisms and fails
to address certain challenges in single-
document summarization.

Padmakumar & Saran [4] introduce a

method based on sentence embedding using

Long Short-Term Memory (LSTM)

recurrent neural networks. By grouping
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similar sentences and selecting
representatives for summary formation, this
approach effectively summarizes textual
data while minimizing redundancy.
Schumann [5] presents an unsupervised
summarization method using Variational
Autoencoders (VAESs). By training VAEs to
reconstruct input sentences, the model learns
to generate concise summaries. This
approach achieves higher ROUGE scores
compared to traditional sentence-based
summarization techniques.

Zhang et al. [6] propose SuTaT, a method for
summarizing dialogue data by modeling
customer and agent utterances separately.
SuTaT utilizes conditional generation and
achieves significant performance
improvements over traditional LSTM-based
models.

Zheng et al. [7] address the challenge of
podcast summarization by designing basic
summarization models and highlighting
future research directions. These models,
although simplistic, offer insights into
summarizing long narrative constructions
and conversational podcasts.

Yang et al. [8] introduce a transformer-
decoder-based encoder-decoder structure for
uncontrolled summarization, leveraging pre-
training for large-scale unlabeled data. This
approach, incorporating denoising
techniques and Sentence Piece tokenization,
achieves competitive performance in
summary generation.

Supervised Abstractive Summarization:
Raphal et al. [10] discuss various recurrent
neural network (RNN) variants used for
abstractive text summarization, including
Long Short-Term Memory (LSTM) models.

© 2024, [JSREM | www.ijsrem.com

These models address the challenge of
capturing long-term dependencies in text
data. Khatri, Singh, and

Parikh [11] proposes Abstractive Contextual
RNN (AC-RNN), where a document context
vector is passed to the encoder. By
incorporating contextual information, AC-
RNN generates document-focused
summaries with improved coherence and
relevance.

Liu and Liu [12] introduce a supervised
abstractive  model using Conditional
Random Fields (CRF) for utterance
compression. By treating compression as a
sequence labeling task and leveraging
Maximum Marginal Relevance (MMR)
scoring, this approach selects summary
sentences iteratively to meet length
constraints.

Abstractive summarization techniques offer
innovative solutions for generating concise
and coherent summaries from textual data. By
leveraging advanced machine learning models
and techniques, these approaches address
various challenges in summarization and pave
the way for future research in the field.

. Reinforcement Learning:

Reinforcement learning is a promising
approach in text summarization, aimed at
enhancing the efficiency of existing
techniques by training an agent to make
decisions through a system of reward and
punishment, ultimately deriving an optimal
policy for summary generation. In this
section, we delve into several reinforcement
learning  methodologies employed in
automatic text summarization.

Lee & Lee [13]: Lee & Lee proposed a
reinforcement learning model incorporating
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embedding features, utilizing Deep Q-
Networks (DQN) for sentence selection.
Sentences are represented as embedding
vectors, with Q-Values computed through a
Deep Neural Network model. The agent
selects sentences based on the computed Q-
value, contributing to summary generation.

e Prakash & Shukla [14]: Prakash & Shukla
introduced the  Human-Aided  Text
Summarizer "SAAR" for single document
summarization. The input undergoes
preprocessing, including tokenization and
isolation, followed by the creation of a
structured  representation. Reinforcement
learning is employed to calculate sentence
scores, with a Term-Sentence Matrix utilized
to determine similarity using Euclidean
distance. User feedback is incorporated to
refine the summary generation process.

e Mohsen et al. [15]: Mohsen et al. proposed a
Hierarchical Self-Attentive Neural Extractive
Summarizer Via Reinforcement Learning
(HSASRL) model. The model comprises an
Attention  Sentence  Encoder utilizing
bidirectional LSTM (Bi-LSTM) for sequential
representation. An Attention Document
Encoder composes a document representation
and a Sentence Extractor labels sentences
based on relevance. A learning agent is trained
to rank sentences, optimizing ROUGE scores
by receiving rewards for matching summaries
to gold standards.

By exploring these reinforcement learning

techniques, this section contributes to advancing

text summarization methodologies, paving the
way for more efficient and effective summary
generation processes.

D. Hybrid Approaches:

Hybrid approaches in text summarization

© 2024, [JSREM | www.ijsrem.com

combine various techniques to address the
limitations of individual methods. In this
section, we explore several hybrid techniques
that offer innovative solutions to summary
generation.

Bhagchandani et al. [16]: Bhagchandani et al.
developed a hybrid model comprising
Clustering, Word Graphs, and Neural
Networks for abstractive multi-document
summarization. The model preprocesses
multiple documents by normalizing passages
and tokenizing them into sentences and words.
Summarization is achieved through clustering
and condensation of sentences, followed by
ranking using TextRank. A Seq2Seq Encoder-
Decoder model compresses sentences,
ultimately generating the final summary.

e \Wong et al. [27]: Wong et al. implemented a

hybrid  model for  extractive  text
summarization utilizing Probabilistic SVM
(PSVM) and NBC (Naive Bayes Classifier).
Co-training techniques are employed to
reduce the need for manually labeled data,
enhancing  cost-effectiveness.  Surface,
material, and relevance features are integrated
into PSVM and NBC, with co-training applied
to combine labeled and unlabeled data.
Experimental results demonstrate that the
semi-supervised learning method
significantly reduces labeling costs while
maintaining efficiency.

PERA & NG [28]: PERA & NG introduced a
novel hybrid method consisting of two
approaches: CorSum and Naive Bayes
Classifier ~ (NBC). CorSum utilizes
precomputed word-correlation factors to
classify representative phrases in text and
produce summaries. To enhance the quality of
CorSum summaries, CorSum-SF (CSSF)
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leverages word similarity. NBC is employed
to classify CSSF-generated summaries, with
rank values determined based on word-
correlation variables and degrees of sentence
similarity.

These hybrid techniques represent innovative

approaches to text summarization, leveraging the

strengths of different methodologies to produce
more comprehensive and accurate summaries.

By integrating multiple techniques, these

approaches offer promising solutions to the

challenges in summary generation.

I11.  Literature Review:

e The research paper examines the importance
of text summarization in handling vast
amounts of data and discusses various NLP-
based machine-learning techniques. It covers
methods for generating abstractive and
extractive summaries, query-based
summarization, and structured and semantic
approaches. Additionally, it explores the use
of Python libraries like scikit learn, nltk,
spacy, and fastai, along with different models
and techniques such as Neural Networks
(NNs) and sequence-to-sequence models. The
paper suggests potential advancements like
GANSs and transfer learning for improving
summarization techniques.[38]

e The document explores text summarization,
focusing on NLP techniques, extractive and
abstractive  methods,  supervised and
unsupervised strategies, and hybrid and
reinforcement learning models. It emphasizes
the need to convert vast internet data into
understandable  content and  discusses
methodologies, including deep learning and
neural networks. The document addresses
challenges like anaphora and cataphora
problems and underscores the importance of

© 2024, [JSREM | www.ijsrem.com

automatic evaluation methods.[39]

A systematic literature review of text
summarization techniques using natural
language processing is presented, covering
extractive and abstractive summarization
concepts, deep learning models, and
application domains. The paper discusses
issues like redundancy and coverage loss,
highlighting the importance and challenges of
text summarization.[40]

The paper focuses on machine learning and
NLP techniques for text summarization,
discussing extractive, abstractive, and hybrid
methods. It explores research insights and
methodologies, including support vector
machines and artificial neural networks, with
practical applications using SpaCy for
NLP.[41]

Exploring text summarization using neural
networks and rhetorical structure theory, the
document discusses neural network architecture
and training processes. It emphasizes the
significance of automatic summarization and
ongoing research in text summarization
techniques.[42]
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IV.DATASET

TABLE 1. DATASETS FOR SUMMARIZATION

Dataset Description

CNN/Daily Mail It consits of both aticles and

summarnecsof long news articles

Gigaword It consists of nearly ten million
documents, artxles, and their
headlmes, (ova fou bilhon
words) of the ongnal English
Cagaword Fifth Edition

NYT The New York Tmes daasct
contams the full text and mctadata
of NYT anicks from 1987 to
2007

DUC The Document Undertanding
Conference (DUC) archives and
synopscs assessed by the Natwonal
Instaute of SR andards and
Technology (NIST )since 2001

2ONG It consigs of 19997 papers
compilicd in 20 scparate categorics
from the Usendt newsgroup
archive 80 pereemt of the
documents in 20NG were used for
MNB preparation for assessment
purposes and the remaming 20
percent for classaficat ion
asscssment

TIDSUMM TIDSUMM contans  Darknet
utihization information wah 6831
documents of 26 ditmat
classifictons oawled over the
onion webor Tornetwork

TTNews A (hincse news summarizat ion
corpus, crested for the shared
summarization task at NLPCC
2017

SummMac SummMac contams records about
compua scxnce gathered from
ACL sponsored conferences.

V.Conclusion and Future Work:

Text summarization is vital in today's data-rich
environment, offering significant time and resource
savings. Despite the array of algorithms and
methodologies explored, generating consistently
pertinent and concise summaries remains a
challenge. The reviewed studies highlight diverse
techniques, including abstractive, extractive, and
hybrid methods, alongside supervised,
unsupervised, and  reinforcement learning
approaches. Challenges persist, such as subjective
summary evaluation and the scarcity of labeled data.

Future research may leverage advanced
technologies like GANs and transfer learning to
enhance summarization accuracy. Additionally,
expanding  summarization  capabilities  to
multimedia sources like audio and video holds
promise. Innovative features and theories, such as
Numerical data features and Rhetorical Structure
Theory, offer avenues for improvement. By
continually refining techniques and embracing
innovation, text summarization will continue to
thrive, providing valuable efficiencies across
various domains.
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