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Abstract 

Text summarization in Natural Language Processing (NLP) has gained significant attention due to the 

exponential growth of digital information. NLP research involves various aspects such as collecting and 

publishing research data, utilizing machine learning and deep learning techniques, and addressing 

challenges like understanding words in context and cultural differences. As the volume of textual data 

continues to surge, automated summaries have become crucial for efficient information retrieval and 

consumption across diverse domains. NLP systems involve input and output structures of speech and 

written text, with two main components: Natural Language Understanding (NLU) and Natural Language 

Generation (NLG). This paper reviews the key concepts, techniques, and advancements in text 

summarization. Examine extractive and abstractive summarization approaches, discuss their underlying 

methodologies, and highlight recent advancements, including neural network-based models and pre-

trained transformers. Additionally, explore the evaluation metrics and challenges associated with text 

summarization, concluding with potential future directions in this dynamic field.  
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1. Introduction 

Natural Language Processing (NLP) encompasses a broad range of studies focusing on the interaction 

between computers and human language, aiming to enable machines to comprehend, interpret, and 

generate human language effectively [1]. NLP research involves various aspects such as collecting and 

publishing research data, utilizing machine learning and deep learning techniques, and addressing 

challenges like understanding words in context and cultural differences [2]. Furthermore, NLP extends to 

supporting requirements engineering by applying NLP techniques to analyze linguistic aspects of 

requirements documents, detect language issues, and establish traceability links between requirements, 

showcasing the interdisciplinary nature of NLP research involving computer science, linguistics, logic, 

and psychology [3]. This comprehensive approach highlights the significance of NLP in transforming 

industries, enhancing human-machine interactions, and advancing computational modeling of language 

across various domains. NLP systems involve input and output structures of speech and written text, with 

two main components: Natural Language Understanding (NLU) and Natural Language Generation (NLG) 

as in fig. 1.1.NLP encompasses several key components essential for processing and understanding human 

language. These components include Natural Language Understanding (NLU), speech recognition, 

syntactic analysis, semantic analysis, pragmatic analysis, and speech synthesis.  

 

1.1.Text Summarization in NLG 

Natural language generation (NLG), on the other hand, focuses on creating human language. It takes 

structured data and converts it into natural-sounding text or speech that humans can easily understand. 

This involves tasks like Text Summarization which generating a concise summary of a longer text. Text 

Summarization (TS) is the process of distilling the most important information from a source text to 

produce a concise and coherent summary [4]. As the volume of textual data continues to surge, automated 
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summarization has become crucial for efficient information retrieval and consumption [5]. TS play a crucial 

role in distilling large volumes of textual data into concise and meaningful summaries, aiding in efficient 

comprehension and utilization of information [6]. 

 
Figure: 1.1 NLP Main Components 

Various approaches, such as extractive and abstractive summarization techniques, are employed to 

generate summaries that capture the essence of the original text while enhancing linguistic fluency and 

precision [7]. Semantic similarities are leveraged to extract key information from texts, focusing on shared 

concepts, themes, and contextual relationships to produce coherent and relevant summaries [8]. The use of 

advanced Natural Language Processing (NLP) techniques aids in analyzing and prioritizing key concepts, 

ensuring that the generated summaries reflect a deeper understanding of the text's semantics [9]. This 

process is crucial in an era of information overload, helping users quickly grasp key points from large 

documents.  

 
Figure: 1.2 Text Summarization 

TS have wide-ranging applications, from summarizing news articles and scientific papers to creating brief 

overviews of lengthy legal documents. The field has evolved significantly, moving from simple extractive 

methods to sophisticated abstractive techniques powered by deep learning.  Additionally, experiments 

utilizing structural properties of sentences, term expansion using WordNet, and a local thesaurus have 

shown promising results in selecting appropriate extractive summaries [10].Literature reviews have 

highlighted the importance of accuracy in text summarization, especially in scientific documents, leading 

to the exploration of different methods and techniques to enhance summarization processes [11]. TS offers 

several key benefits, including the ability to condense large volumes of text into shorter versions while 

retaining essential information, thus saving time and effort for readers [12] as in fig. 1.2. This process is 

crucial in various domains such as news articles, scientific papers, legal documents, and social media, 

where extracting important insights efficiently is paramount [13]. By utilizing both extractive and 

abstractive summarization techniques, text summarization can provide accurate and concise summaries 

that capture the essence of the original text without diluting its main theme, enhancing readability and 
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comprehension for users [14]. Additionally, text summarization aids in tasks like financial research, search 

engine optimization, media monitoring, and question-answering bots, demonstrating its versatility and 

applicability across different fields [15]. Overall, text summarization plays a vital role in improving 

information retrieval, enhancing productivity, and facilitating quick understanding of complex textual 

data. The process is crucial for various applications such as news articles, scientific papers, legal 

documents, and social media, enabling effective analysis and decision-making. Overall, text 

summarization systems based on semantic similarities offer valuable tools for enhancing efficiency in 

information processing and decision-making across diverse domains. As we delve deeper into this study, 

we'll explore the various approaches, challenges, and future directions of text summarization, highlighting 

its importance in managing and disseminating information effectively in our digital age. This paper aims 

to provide an in-depth review of text summarization techniques, focusing on their evolution, current state, 

and future trends. 

 

2. Approaches to Text Summarization 

Text summarization is the process of condensing a text document into a briefer version while retaining its 

key information and meaning. It has a wide range of applications in various domains. Extractive and 

abstractive summarizations are the two main approaches (in fig. 2.1) to text summarization [16]. Another 

approach leverages the synergy of BERT for extractive summarization and GPT for abstractive 

summarization, resulting in a hybrid system that produces high-quality summaries across diverse 

domains [17].  

 
Figure: 2.1 Approaches of Text Summarizations  

 

2.1. Extractive Summarization 

Extractive summarization involves selecting significant sentences, phrases, or sections from the original 

text and concatenating them to form a summary [18]. This method relies on identifying key components of 

the text without generating new content. Extractive summarization indeed entails selecting important 

sentences or phrases from the source text to create a summary [19] as in fig. 2.2. Various methods have 

been proposed to enhance the effectiveness of extractive summarization, such as employing linguistic 

features and machine learning techniques like maximum likelihood estimation and maximum entropy for 

generating summaries in low-resource languages like Hindi [20]. Additionally, the use of transformer 

models and deep learning techniques has been explored to extract meaningful information from clinical 

texts, aiming to improve information retrieval in medical literature [21].  
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Figure: 2.2. Extractive Text Summarization 

Furthermore, studies have shown that extractive summarization is commonly utilized in legal document 

summarization due to its ability to retain critical aspects and produce well-structured summaries that cover 

all legal elements, with models like C4.5 being identified as effective for this purpose [22]. Extractive 

summarization plays a crucial role in condensing lengthy texts while preserving essential information. 

 

2.1.1. Statistical Methods 

Statistical methods play a crucial role in extractive summarization, where the goal is to condense lengthy 

texts by selecting important sentences or phrases. Various approaches have been proposed, such as weight 

assignment of keywords in local and global files, sentence ranking algorithms [23], and the use of 

Elementary Discourse Units (EDUs) for extractive unit selection [24]. Furthermore, recent advancements 

in the field have introduced new statistical approaches that leverage hidden clustering structures within 

the text to improve the accuracy of extractive summarization, surpassing both extractive and abstractive 

methods in terms of ROUGE-2 metric by 10% [25]. Statistical methods are integral in extractive 

summarization, aiding in the selection of critical information for creating concise and informative 

summaries. These statistical techniques, when applied in educational settings, can help in summarizing 

educational materials effectively and efficiently, aiding students and educators in comprehending and 

retaining key information from various sources. 

• Term Frequency-Inverse Document Frequency (TF-IDF): TF-IDF (Term Frequency-Inverse 

Document Frequency) plays a crucial role in extractive summarization by ranking the importance 

of words in a document based on their frequency and uniqueness across a set of documents [24]. 

The application of TF-IDF in extractive summarization enhances the efficiency of summarization 

techniques, streamlining the process of condensing large volumes of text into coherent and 

informative summaries [25]. 

• LexRank and TextRank: TextRank and LexRank algorithms aid in extractive summarization by 

automatically identifying key sentences in a document to create concise summaries while 

preserving essential information through different approaches [26].  TextRank is a graph-based 

algorithm that assigns importance scores to sentences based on their relationships within the text, 

allowing for the extraction of key sentences [27]. On the other hand, LexRank employs a similar 

approach but incorporates the concept of eigenvector centrality to determine sentence importance 
[28]. 

• Cluster Based Methods: Cluster-based methods can indeed be utilized to identify key sentences 

in multi-document summarization tasks. By merging Cluster-Based and Graph-Based methods key 

information can be extracted while minimizing redundancy [29]. Within each cluster, the TextRank 

algorithm ranks sentences by importance and representativeness, contributing to the identification 

of key sentences [30]. Additionally, in the context of Document Summarization (DS), a novel 

pretraining objective is introduced that selects the ROUGE-based centroid of each document 
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cluster as a summary proxy, showcasing the effectiveness of cluster-based approaches in 

summarization tasks [31]. 

 

2.2.Abstractive Summarization 

Abstractive summarization involves generating new sentences that convey the core ideas of the original 

text as in fig. 2.3. This approach mimics human-like summarization by paraphrasing and rephrasing 

content [32]. Abstractive text summarization in natural language processing and information retrieval offers 

various applications such as condensing news articles, scientific papers, legal documents, and social media 

content into concise summaries while preserving key information and generating new sentences to capture 

the essence of the original text [33]. 

 
Figure: 2.3. Abstractive Summarization 

2.2.1. Rule-Based Methods 

Rule-based abstractive summarization involves creating summaries by following predefined linguistic 

rules and patterns. While traditional methods rely on rule-based strategies, recent advancements explore 

innovative approaches like Discriminative Adversarial Search (DAS) to alleviate exposure bias without 

external metrics [34]. By combining syntactic text simplification, concept frequency scoring, and semantic 

transformation rules to improve summary informativeness while maintaining linguistic quality, 

outperforming existing abstractive methods [35]. Rule-based approaches evolutes in to more sophisticated 

techniques that enhance the effectiveness and quality of abstractive summarization in various domains, 

including legal texts and general document summarization. 

• Template-based: Template-based summarization involves structuring summaries following 

predefined formats, as seen in the creation of gold-standard opinion summaries from tweets [36]. 

Use predefined templates to generate summaries. 

• Ontologies and Semantic Networks: On the other hand, ontology and semantic network-based 

methods focus on leveraging semantic relationships between terms to generate concise summaries, 

as demonstrated in the graph-based abstractive summarization model using SciBERT and the 

graph transformer network (GTN) for scientific articles [37]. Utilize structured knowledge 

representations to generate summaries. 

• Sequence-to-Sequence (Seq2Seq) Models: Seq2Seq models have gained popularity for their 

ability to generate concise summaries by mapping input sequences to output sequences [38]. 

Comprise encoder-decoder architecture for summary generation. These models integrate neural-

based techniques, such as LSTM units and attention mechanisms, with knowledge-based methods 

like Word Sense Disambiguation (WSD) to enhance content generalization and coherence [39]. 

 

3. Advances in Neural Network-Based Summarization 

The advent of deep learning and neural networks has revolutionized text summarization. Neural networks 

significantly enhance text summarization techniques by leveraging advanced architectures and 

methodologies that improve accuracy, coherence, and efficiency. Innovative approaches like the Modified 
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Generative Adversarial Network (MGAN) utilize a three-phase process that combines extractive and 

generative techniques, achieving notable accuracy improvements over traditional models [40]. 

Furthermore, the introduction of gated attention mechanisms in graph neural networks enhances the 

extraction of key information while minimizing redundancy, leading to more readable summaries [41]. The 

application of Spiking Neural Networks (SNN) also demonstrates advantages in robustness and power 

efficiency compared to conventional deep learning models [42]. Pre-trained transformer models, such as 

BERT, GPT, and T5, have set new benchmarks in summarization tasks. 

 

3.1 Transformer Models 

Transformer models, known for their attention mechanism, have shown significant advancements in 

various natural language processing tasks, including text summarization [43]. Leverage self-attention 

mechanisms for parallel processing and improved performance. Moreover, innovations such as 

incorporating keyword information into the Transformer framework have shown to enhance the relevance 

and coherence of generated summaries, addressing common issues like detachment from the main focus 
[41]. The pre-trained models BERT, GPT, and T5 exhibit distinct approaches to summarization, reflecting 

their unique architectures and design philosophies.  

• BERT (Bidirectional Encoder Representations from Transformers): Pre-trained on large 

corpora, fine-tuned for summarization. BERT, with its bidirectional encoder architecture, excels 

in tasks requiring deep contextual understanding, making it particularly effective for extractive 

summarization where key information is identified from the text [44]. 

• GPT (Generative Pre-trained Transformer): Autoregressive model generating coherent 

summaries. GPT, a generative model, is optimized for text generation, allowing it to produce 

coherent summaries that may not strictly adhere to the original text, thus excelling in abstractive 

summarization [44]. 

• T5 (Text-To-Text Transfer Transformer): Converts all NLP tasks, including summarization, 

into a text-to-text format. T5 adopts a text-to-text framework, simplifying various NLP tasks, 

including summarization, by treating them uniformly as text generation problems, which enhances 

its versatility across different summarization tasks [44]. 

 

4. Evaluation Metrics 

The evaluation of text summarization models is complex, with various metrics demonstrating differing 

effectiveness. Evaluating the quality of summaries is crucial for comparing different summarization 

methods. ROUGE, BLEU, and METEOR are significant metrics in NLP evaluation, each serving distinct 

roles in assessing translation quality.   

• ROUGE (Recall-Oriented Understudy for Gisting Evaluation): ROUGE, primarily used for 

summarization, evaluates the overlap of n-grams, making it useful for assessing the quality of 

generated text in various contexts [45].  ROUGE has been the benchmark for summarization 

evaluation for nearly two decades, facilitating comparability across thousands of studies [51]. 

Measures overlap of n-grams, word sequences, and word pairs between the generated summary 

and reference summary. ROUGE Metrics further categorize into sub blocks for deeper evaluation. 

ROUGE-N, Measures the overlap of n-grams between the system and reference summaries [53]. 

For example, ROUGE-1 evaluates unigrams, and ROUGE-2 evaluates bigrams. ROUGE-L, 

Measures the longest common subsequence (LCS) between the system-generated and reference 

summaries [52]. ROUGE-W, A weighted version of ROUGE-L that assigns different weights to 

matches based on their positions [52]. ROUGE-S, Measures the overlap of skip-bigrams, where the 

bigrams may have arbitrary gaps between words [53]. For extractive summarization, ROUGE-N (as 

in Equ. (4.1)), and ROUGE-L (as in Equ. (4.2)) are the most appropriate and widely used metrics 
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because they effectively measure both content coverage (through n-gram overlap) and structural 

similarity (through LCS). 

𝑅𝑂𝑈𝐺𝐸 − 𝑁 =  
𝑆∈𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑠 𝑛𝑔𝑟𝑎𝑚𝑛𝑛∈𝑆𝐶𝑜𝑢𝑛𝑡𝑚𝑎𝑡𝑐ℎ(𝑛𝑔𝑟𝑎𝑚𝑛𝑛) 

𝑆∈𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑠 𝑛𝑔𝑟𝑎𝑚𝑛𝑛∈𝑆𝐶𝑜𝑢𝑛𝑡(𝑛𝑔𝑟𝑎𝑚𝑛𝑛)
    --- Equ. (4.1) 

Where, n is the length of the n-gram (e.g., 1 for ROUGE-1, 2 for ROUGE2, 𝐶𝑜𝑢𝑛𝑡𝑚𝑎𝑡𝑐ℎ

(𝑛𝑔𝑟𝑎𝑚𝑛𝑛) is the number of n-grams in both the generated and reference summaries, 

𝐶𝑜𝑢𝑛𝑡(𝑛𝑔𝑟𝑎𝑚𝑛𝑛) is the total number of n-grams in the reference summary. 

𝑅𝑂𝑈𝐺𝐸 − 𝐿 =  
𝐿𝐶𝑆 (𝑋,𝑌)

𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
                                      --- Equ. (4.2) 

Where, LCS(X,Y) is the length of the longest common subsequence between the system 

summary X and the reference summary Y. 

• BLEU (Bilingual Evaluation Understudy):  BLEU was originally designed for specific tasks, 

and its transferability to other NLP applications is limited, which can skew performance 

evaluations [54]. Evaluates the precision of n-grams. BLEU, which measures lexical overlap 

between machine-generated translations and human references, is widely used but has limitations 

in capturing nuanced errors, such as entity deviations [46]. It is a metric used to evaluate the quality 

of machine-generated text, particularly in tasks like machine translation. BLEU compares the 

machine-generated text (candidate) with one or more human-written reference texts by measuring 

the overlap of words and phrases (n-grams). The BLEU score is computed using a combination of 

n-gram precision and a brevity penalty (BP) as in Equ. (4.3). 

𝐵𝐿𝐸𝑈 = 𝐵𝑃. 𝑒𝑥𝑝 𝑤𝑛 log 𝑝𝑛𝑛=1
𝑁                                   --- Equ. (4.3) 

Where, BP is the brevity penalty, c is the length of the candidate translation, r is the length of the 

reference translation, pn is the modified precision for n-grams of length n. 

• METEOR (Metric for Evaluation of Translation with Explicit ORdering): Considers 

synonymy, stemming, and word order. METEOR, on the other hand, incorporates synonymy and 

stemming, providing a more flexible evaluation that can better aligns with human judgment 

[45]. METEOR is a more linguistically informed and recall-sensitive metric than BLEU (as Equ. 

(4.4)). Its incorporation of semantic matching and word order penalties makes it especially 

valuable for tasks where meaning and fluency matter, such as summarization, translation, and text 

generation [55]. For extractive summarization, METEOR can be useful when evaluating the quality 

of the extracted sentences in terms of both content and coherence.  

𝑀𝐸𝑇𝐸𝑂𝑅 = 𝐹 × (1 − 𝑃𝑒𝑛𝑎𝑙𝑡𝑦)                                       --- Equ. (4.4) 

Where, F is the F1-Score, Penalty to penalize the system. METEOR score is computed in several steps 

 

5. Challenges and Future Directions 

Despite significant advancements, TS faces several challenges. Current challenges in TS include 

ambiguity in generated summaries, computational inefficiencies, and the need for semantic understanding. 

Ambiguities arise from difficulties in modeling linguistic context and representing semantic meanings, 

leading to varied interpretations of summaries [47]. Additionally, the computational intensity of 

optimization algorithms used in Automatic Text Summarization (ATS) can hinder efficiency, particularly 

with complex techniques that require significant processing time [48]. 

• Semantic Understanding: Semantic understanding is crucial, as effective summarization requires 

capturing not only syntactic structures but also the underlying meaning and context of the text. 

Ensuring summaries accurately capture the meaning of the source text. 

• Coherence and Cohesion: Coherence and cohesion in generated summaries are critical for 

readability and user comprehension; however, many existing systems still fall short in these areas, 

particularly in abstractive summarization. Maintaining logical flow and consistency in summaries. 

• Evaluation Limitations: Evaluation of summarization quality presents its own set of challenges. 

Developing comprehensive and reliable evaluation metrics. 
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Future directions also include personalized and domain-specific summarization, as well as integrating 

external knowledge sources to enrich the summarization process [49]. By focusing on these innovative 

approaches, the field can overcome existing limitations and improve the effectiveness of text 

summarization techniques. Future research directions include: 

• Multimodal Summarization: Current trends in multimodal summarization emphasize the 

integration of diverse data type’s text, images, and audio to enhance the quality and relevance of 

summaries. Integrating text with other media forms (images, videos) for richer summaries. 

• Domain-Specific Summarization: Domain-specific summarization techniques are increasingly 

tailored to meet the unique needs of fields such as medicine, law, and finance. In the medical 

domain, for instance, specialized models like MEDVOC optimize vocabulary for pre-trained 

language models, significantly enhancing the quality of medical text summaries by addressing out-

of-vocabulary issues and improving fidelity in generated summaries.  

• Interactive Summarization: Interactive summarization allows users to guide and customize the 

summarization process, enhancing the relevance and quality of the output. Allowing users to guide 

and customize the summarization process.  

 

6. Conclusion 

TS are a pivotal area in NLP, enabling efficient information processing and retrieval. While traditional 

methods laid the groundwork, neural network-based models have significantly advanced the field. The TS 

based study highlights the evolving landscape of summarization techniques, emphasizing the effectiveness 

of hybrid models that combine extractive and abstractive methods. The integration of BERT for extraction 

and GPT for abstraction has shown promising results in producing high-quality summaries, demonstrating 

the potential for improved information synthesis across various domains [17]. Earlier Studies indicates that 

Large Language Models (LLMs) can significantly enhance evaluation processes, aligning closely with 

human assessments, unlike traditional automatic metrics such as ROUGE and BERTScore, which often 

lack consistency and reliability [50]. Furthermore, a comprehensive analysis of abstractive techniques 

reveals that they yield clear, cohesive, and information-rich summaries, addressing the challenges of 

comprehending complex texts [7]. Overall, the findings suggest that a nuanced understanding of both 

extraction and abstraction methods, along with robust evaluation frameworks, is crucial for advancing text 

summarization in natural language processing. Continued research and innovation are essential to 

overcome existing challenges and harness the full potential of automated summarization. 
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