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Abstract: The rapid growth of digital textual information has created significant challenges in information management, 

retrieval, and decision-making processes. Artificial Intelligence (AI)-based text summarisation has emerged as an effective 

solution for condensing large volumes of textual data into concise and meaningful summaries while preserving the essential 

semantic content. This paper presents a comprehensive study of text summarisation observation methods and processing 

mechanisms using Natural Language Processing (NLP). The study examines the evolution of summarisation techniques from 

traditional extractive approaches to advanced transformer-based and Large Language Model (LLM)-driven abstractive 

frameworks. The proposed observation methodology focuses on systematic stages including text acquisition, preprocessing, 

linguistic analysis, feature extraction, semantic representation, summary generation, and evaluation. Furthermore, the paper 

discusses the integration of deep learning architectures, attention mechanisms, and contextual language models for improving 

summary quality, coherence, and factual consistency. The research highlights current challenges such as redundancy reduction, 

semantic preservation, multilingual processing, and evaluation reliability. The findings demonstrate that AI-driven NLP 

frameworks significantly enhance summarisation efficiency and accuracy, making them suitable for applications in education, 

healthcare, legal analytics, business intelligence, and scientific research. The study also identifies future research directions 

toward explainable, adaptive, and domain-aware summarisation systems. 

Keywords: Text Summarisation, Artificial Intelligence, Natural Language Processing, Deep Learning, Transformer Models, 

Large Language Models 

 

1. Introduction 

The unprecedented growth of digital information across online platforms, enterprise databases, scientific 

repositories, social media networks, and communication systems has significantly increased the demand for 

efficient information processing techniques. Every day, organizations and individuals generate massive volumes 

of textual data that require rapid interpretation and analysis. Manual reading and comprehension of such large-

scale textual resources have become increasingly impractical due to limitations of time, cognitive capacity, and 

resource availability. Consequently, automated text summarisation has emerged as a critical research area within 

Artificial Intelligence (AI) and Natural Language Processing (NLP), enabling the generation of concise and 

informative summaries while preserving the essential meaning of the original content. 

Text summarisation refers to the computational process of transforming lengthy textual documents into 

shorter representations without substantially affecting the semantic integrity of the source information. The 

primary objective is to reduce information overload while improving accessibility, knowledge extraction, and 

decision support. Recent advances in AI, machine learning, deep learning, transformer architectures, and Large 

Language Models (LLMs) have dramatically enhanced the capability of automated summarisation systems, 

allowing them to produce coherent, context-aware, and human-like summaries suitable for diverse domains 

including healthcare, education, business intelligence, legal analytics, journalism, and scientific research. 

Overview 

Artificial Intelligence-based text summarisation integrates computational linguistics, machine learning 

algorithms, semantic analysis, and neural language modelling to identify the most relevant information contained 
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within a document. Traditional summarisation approaches primarily relied on statistical techniques such as word 

frequency analysis, sentence scoring, and graph-based ranking mechanisms. Although these methods achieved 

reasonable performance in extractive summarisation, they often struggled to capture semantic relationships and 

contextual dependencies. 

The emergence of deep neural networks and transformer-based architectures has revolutionized the field 

by enabling abstractive summarisation, where the generated summary may contain newly constructed sentences 

that effectively represent the original content. Advanced models such as BERT, T5, PEGASUS, GPT, and other 

transformer-based frameworks have significantly improved summary coherence, informativeness, and contextual 

understanding. These developments have transformed text summarisation from a simple sentence extraction task 

into a sophisticated language generation process capable of mimicking human summarisation behavior. 

Scope and Objectives 

The scope of this study encompasses the observation methods, processing stages, and architectural 

frameworks involved in AI-based text summarisation using NLP techniques. The paper investigates the complete 

summarisation pipeline beginning from text acquisition and preprocessing to semantic representation, summary 

generation, and performance evaluation. 

The major objectives of this study are as follows: 

1. To examine the fundamental concepts and evolution of AI-based text summarisation.  

2. To analyze NLP-driven observation methods used for understanding textual content.  

3. To investigate extractive and abstractive summarisation mechanisms.  

4. To evaluate the role of transformer models and Large Language Models in modern summarisation 

systems.  

5. To identify existing challenges associated with semantic preservation, factual consistency, and evaluation 

metrics.  

6. To propose future research directions for intelligent and adaptive summarisation frameworks.  

Author Motivations 

The increasing dependence on digital information systems has created a pressing need for automated 

knowledge condensation mechanisms capable of supporting efficient information consumption. Modern 

organizations continuously process extensive reports, research articles, legal documents, customer feedback, and 

social media content. Extracting meaningful insights from such large datasets requires intelligent summarisation 

technologies capable of reducing processing complexity without compromising information quality. 

Furthermore, recent advancements in transformer-based NLP models have introduced unprecedented 

opportunities for developing highly accurate and context-aware summarisation systems. Despite these 

advancements, challenges related to hallucination, factual inconsistency, domain adaptation, multilingual 

processing, and evaluation standardization remain unresolved. These challenges motivated the present study to 

systematically investigate observation methodologies and processing frameworks that contribute to effective AI-

driven text summarisation. 

Paper Structure 

The remainder of this paper is organized as follows. Section 2 presents a comprehensive literature review and 

identifies existing research gaps in AI-based text summarisation. Section 3 discusses the proposed observation 

framework and methodological foundations underlying text summarisation systems. Section 4 explains the NLP 

processing architecture, including preprocessing, feature extraction, semantic representation, and summary 

generation mechanisms. Section 5 provides experimental analysis, evaluation metrics, and performance 

discussions. Section 6 examines practical applications, limitations, challenges, and emerging research 

opportunities. Finally, Section 7 summarizes the major findings and conclusions of the study. 

AI-based text summarisation has evolved from simple statistical sentence extraction techniques to 

sophisticated neural architectures capable of generating human-like summaries with remarkable contextual 

awareness. As the volume of digital information continues to expand exponentially, intelligent summarisation 

systems will play an increasingly important role in supporting efficient knowledge discovery, decision-making, 

and information management. The integration of NLP, deep learning, and Large Language Models presents 

significant opportunities for developing next-generation summarisation frameworks that are more accurate, 

explainable, adaptive, and domain-specific. This study therefore establishes a comprehensive foundation for 
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understanding the observation methods and processing mechanisms that drive modern AI-powered text 

summarisation systems. 

2. Literature Review 

Text summarisation has remained one of the most active research domains within Natural Language 

Processing due to its ability to address information overload and facilitate efficient knowledge extraction. Early 

summarisation systems predominantly employed statistical approaches based on word frequency, sentence 

position, cue phrases, and graph-based ranking algorithms. While these methods achieved acceptable performance 

for extractive summarisation, they often failed to capture semantic relationships, contextual dependencies, and 

discourse-level information, thereby limiting summary quality and coherence. 

Recent developments in AI and deep learning have fundamentally transformed text summarisation 

research. Zhang, Yu and Zhang [6] conducted a systematic survey tracing the evolution of summarisation 

methodologies from traditional statistical approaches to modern Large Language Models. Their findings indicate 

that transformer-based architectures significantly outperform conventional methods in terms of semantic 

preservation, contextual understanding, and summary generation capabilities. The study further highlighted the 

growing importance of pre-trained language models in achieving state-of-the-art summarisation performance. 

Jin, Zhang, Meng, Wang and Tan [7] presented a process-oriented survey of automatic text summarisation 

and emphasized the importance of integrating observation stages such as document understanding, semantic 

representation, content selection, and summary generation. Their research demonstrated that modern 

summarisation systems increasingly depend on end-to-end neural architectures capable of learning hierarchical 

textual representations without extensive manual feature engineering. The authors further identified LLM-based 

summarisation as an emerging paradigm capable of addressing limitations associated with traditional extractive 

approaches. 

Shakil, Farooq and Kalita [8] investigated abstractive text summarisation techniques and reported 

substantial improvements achieved through transformer architectures and attention mechanisms. Their study 

revealed that abstractive systems generate more natural and coherent summaries compared to extractive methods 

because they can reformulate information rather than merely selecting existing sentences. However, the authors 

also identified challenges related to factual inconsistency, hallucination generation, and evaluation complexity. 

The comparative study conducted by Basyal and Sanghvi [9] evaluated multiple Large Language Models 

for summarisation tasks across benchmark datasets. Their results demonstrated that LLMs exhibit superior 

contextual understanding and language generation capabilities, producing summaries with improved coherence 

and semantic richness. Nevertheless, computational complexity and resource consumption remain significant 

limitations affecting large-scale deployment. 

Abdel-Salam and Rafea [10] explored the application of BERT-based models for extractive 

summarisation. Their experiments indicated that contextual embeddings generated by transformer encoders 

significantly enhance sentence ranking accuracy compared to conventional machine learning methods. The study 

confirmed that contextual representation learning plays a crucial role in identifying salient information within 

documents. 

Krishna, Rao, Kumar and Reddy [1] evaluated multiple deep learning architectures including T5, BART, 

and PEGASUS for automated summarisation tasks. Their findings demonstrated that transformer-based models 

achieve superior ROUGE and BLEU scores due to their ability to model long-range dependencies and contextual 

relationships. The study also highlighted the importance of preprocessing, tokenization, normalization, and 

attention mechanisms in improving summarisation performance. 

Yu, Sun and Wu [2] proposed a transformer and pointer-generator network framework for automatic text 

summarisation. Their research showed that hybrid architectures effectively reduce redundancy while maintaining 

semantic completeness. The integration of pointer mechanisms further enhanced factual consistency by allowing 

models to directly reference source content during summary generation. 

Ambareen, Raj, Khan and Rashmi [3] investigated NLP and deep learning-based summarisation systems, 

emphasizing the role of feature extraction and semantic representation in improving summary quality. Their study 

demonstrated that advanced neural architectures outperform traditional statistical techniques in handling complex 

linguistic structures and contextual variations. 

Gupta, Dubey and Sharma [4] developed an NLP-driven summarisation framework incorporating 

preprocessing, tokenization, feature extraction, and sentence ranking methodologies. Their work highlighted the 

significance of linguistic analysis in identifying informative content and reducing irrelevant information within 

generated summaries. 
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Sharma and Kumar [5] conducted a systematic review encompassing summarisation techniques, 

applications, and evaluation metrics. Their analysis revealed that while significant progress has been achieved 

through transformer-based architectures, challenges remain in multilingual summarisation, domain adaptation, 

factual verification, explainability, and evaluation standardization. 

Collectively, the literature demonstrates a clear transition from rule-based and statistical summarisation 

approaches toward neural and transformer-based methodologies. Recent studies consistently report superior 

performance of deep learning and LLM-based systems in generating coherent and contextually relevant 

summaries. Furthermore, the integration of attention mechanisms, semantic embeddings, and contextual language 

models has significantly improved summarisation effectiveness across diverse application domains [1]–[10]. 

Research Gap 

Despite substantial advancements in AI-driven text summarisation, several important research gaps 

remain evident in the existing literature. First, most current studies focus primarily on model performance while 

providing limited investigation into systematic observation methodologies that govern the complete 

summarisation process. Second, although transformer-based models achieve high evaluation scores, issues related 

to factual inconsistency, hallucination generation, and semantic distortion continue to affect summary reliability 

[8], [9]. 

Third, existing research predominantly emphasizes English-language datasets, resulting in insufficient 

support for multilingual and low-resource languages [5], [6]. Fourth, there remains a lack of unified frameworks 

integrating observation, preprocessing, semantic analysis, content selection, generation, and evaluation within a 

comprehensive summarisation pipeline [7]. Fifth, current evaluation metrics such as ROUGE and BLEU often 

fail to accurately measure semantic quality, factual correctness, and human interpretability, creating challenges in 

performance assessment [1], [5]. 

Finally, limited research has examined explainable AI mechanisms within summarisation systems, 

making it difficult to understand model decision-making processes and content selection strategies. Therefore, a 

comprehensive investigation of AI-based text summarisation observation methods and NLP processing 

frameworks is necessary to address these limitations and establish more reliable, interpretable, and domain-

adaptive summarisation systems for future applications. 

3. AI-Based Text Summarisation Observation Framework and Methodology 

Artificial Intelligence-based text summarisation relies on a systematic observation framework that 

enables computational systems to identify, interpret, and condense significant information from large textual 

documents. The observation methodology serves as the foundation of summarisation systems by transforming 

raw textual content into structured knowledge representations suitable for summary generation. Unlike 

conventional information extraction techniques, modern AI-driven summarisation systems employ multi-layered 

observation mechanisms incorporating lexical, syntactic, semantic, contextual, and cognitive analysis to ensure 

that the generated summary preserves the essential meaning, coherence, and informativeness of the original 

document. 

The proposed AI-based text summarisation observation framework consists of six interconnected phases: 

document acquisition, text preprocessing, linguistic observation, semantic observation, content prioritization, and 

summary generation. These stages collectively establish a robust NLP-driven pipeline capable of processing 

textual information from heterogeneous sources and generating concise yet meaningful summaries. 

The first phase involves document acquisition and corpus formation. Let the document corpus be 

represented as: 

𝐷 = {𝑑1, 𝑑2, 𝑑3, … , 𝑑𝑛} 

where 𝑑𝑖 denotes the 𝑖𝑡ℎ document and 𝑛 represents the total number of documents in the corpus. 

The objective of document acquisition is to gather textual information from multiple sources including 

news articles, research papers, social media content, legal documents, healthcare records, and business reports. 

The quality and diversity of acquired documents directly influence summarisation performance. 

Following acquisition, text preprocessing is performed to eliminate inconsistencies and prepare data for 

computational analysis. The preprocessing transformation can be represented as: 

𝑇𝑝 = 𝑓(𝑇𝑟) 

where 𝑇𝑟 denotes raw text and 𝑇𝑝 denotes preprocessed text. 
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Tokenization decomposes textual content into lexical units: 

𝑇𝑜𝑘𝑒𝑛𝑠 = {𝑤1 , 𝑤2, 𝑤3, … , 𝑤𝑚} 

where 𝑤𝑖  represents individual tokens. 

The occurrence frequency of each token is calculated using: 

𝑇𝐹(𝑤𝑖) =
𝑓𝑖
𝑁

 

where 𝑓𝑖 denotes token frequency and 𝑁 denotes total token count. 

Inverse document frequency is computed as: 

𝐼𝐷𝐹(𝑤𝑖) = log (
𝑁𝑑
𝑑𝑓𝑖

) 

where 𝑁𝑑 represents total documents and 𝑑𝑓𝑖 represents document frequency. 

The combined TF-IDF weight becomes: 

𝑇𝐹𝐼𝐷𝐹(𝑤𝑖) = 𝑇𝐹(𝑤𝑖) × 𝐼𝐷𝐹(𝑤𝑖) 

The TF-IDF mechanism enables the observation framework to distinguish informative terms from 

common vocabulary. 

The third phase involves linguistic observation. NLP techniques analyze grammatical structures through 

Part-of-Speech (POS) tagging, dependency parsing, chunking, and syntactic tree construction. Linguistic 

observation identifies relationships among words and sentences, facilitating meaningful content extraction. 

Sentence importance may be estimated through weighted linguistic features: 

𝑆𝑐𝑜𝑟𝑒(𝑆𝑖) = 𝛼𝐹𝑖 + 𝛽𝑃𝑖 + 𝛾𝐾𝑖  

where 

𝐹𝑖 = frequency score, 

𝑃𝑖  = positional score, 

𝐾𝑖 = keyword relevance score, 

and 

𝛼 + 𝛽 + 𝛾 = 1 

The positional importance factor is represented as: 

𝑃𝑖 =
𝑛 − 𝑖 + 1

𝑛
 

where 𝑖 denotes sentence position and 𝑛 represents total sentences. 

Subsequently, semantic observation transforms textual elements into vectorized representations. Modern 

summarisation systems employ embedding techniques such as Word2Vec, GloVe, FastText, BERT, RoBERTa, 

and Sentence Transformers. 

The embedding representation of a word is expressed as: 

𝐸(𝑤𝑖) ∈ ℝ𝑑 

where 𝑑 denotes embedding dimensionality. 

Sentence vectors are obtained through averaging: 

𝑉𝑠 =
1

𝑚
∑𝐸

𝑚

𝑖=1

(𝑤𝑖) 

where 𝑚 denotes total words in the sentence. 

The semantic similarity between two sentences is computed using cosine similarity: 
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𝑆𝑖𝑚(𝐴, 𝐵) =
𝐴 ⋅ 𝐵

||𝐴|| × ||𝐵||
 

Values approaching 1 indicate strong semantic correlation. 

Contextual observation constitutes the most advanced component of the framework. Transformer-based 

architectures employ self-attention mechanisms to identify contextual dependencies among textual units. 

The attention mechanism is represented as: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
)𝑉 

where: 

𝑄 = Query Matrix 

𝐾 = Key Matrix 

𝑉 = Value Matrix 

𝑑𝑘 = Key Dimension 

Multi-head attention extends contextual observation: 

𝑀𝐻𝐴 = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, … , ℎ𝑒𝑎𝑑ℎ)𝑊
𝑂 

where ℎ denotes the number of attention heads. 

Hidden contextual states are generated recursively: 

ℎ𝑡 = 𝑓(ℎ𝑡−1, 𝑥𝑡) 

where 𝑥𝑡 represents input tokens. 

The semantic significance of a sentence is then calculated using: 

𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒(𝑆𝑖) = 𝜆1𝑅𝑒𝑙𝑖 + 𝜆2𝑆𝑒𝑚𝑖 + 𝜆3𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑖 

where: 

𝑅𝑒𝑙𝑖  = Relevance Score 

𝑆𝑒𝑚𝑖 = Semantic Richness 

𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑖 = Contextual Contribution 

and 

𝜆1 + 𝜆2 + 𝜆3 = 1 

To avoid redundancy in generated summaries, redundancy penalties are incorporated: 

𝑅𝑒𝑑(𝑆𝑖) = max(𝑆𝑖𝑚(𝑆𝑖 , 𝑆𝑗)) 

The final sentence ranking score becomes: 

𝑅𝑎𝑛𝑘(𝑆𝑖) = 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒(𝑆𝑖) − 𝑅𝑒𝑑(𝑆𝑖) 

Sentences with the highest ranking values are selected for extractive summarisation. 

For abstractive summarisation, encoder-decoder neural architectures generate novel textual 

representations. The probability of generating a summary sequence is: 

𝑃(𝑌|𝑋) =∏𝑃

𝑇

𝑡=1

(𝑦𝑡|𝑦<𝑡 , 𝑋) 

where 𝑋 denotes source text and 𝑌 denotes generated summary. 

Training optimization employs cross-entropy loss: 

𝐿 = −∑𝑦𝑖

𝑁

𝑖=1

log(𝑦̂𝑖) 
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Parameter updates occur through gradient descent: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝐿 

where 𝜂 denotes learning rate. 

To measure information preservation, compression efficiency is calculated as: 

𝐶𝑅 =
𝐿𝑒𝑛𝑔𝑡ℎ(𝑆𝑢𝑚𝑚𝑎𝑟𝑦)

𝐿𝑒𝑛𝑔𝑡ℎ(𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡)
 

Information retention ratio is given by: 

𝐼𝑅 =
𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑃𝑟𝑒𝑠𝑒𝑟𝑣𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛
 

The proposed observation framework therefore integrates statistical analysis, linguistic intelligence, 

semantic representation learning, contextual reasoning, and neural generation mechanisms into a unified 

architecture. The framework ensures accurate identification of salient information while minimizing redundancy 

and maintaining semantic consistency. Through the combination of NLP techniques and advanced AI models, the 

observation process significantly enhances summarisation quality, making it suitable for applications in scientific 

publishing, healthcare analytics, business intelligence, legal documentation, and digital content management. 

4. NLP Processing Architecture for Intelligent Text Summarisation 

The Natural Language Processing (NLP) processing architecture represents the computational backbone 

of AI-based text summarisation systems. The architecture is responsible for transforming raw textual information 

into meaningful condensed representations through a sequence of interconnected processing modules. Modern 

summarisation systems utilize advanced NLP pipelines integrated with machine learning, deep learning, 

transformer networks, and Large Language Models (LLMs) to achieve accurate and context-aware summary 

generation. The architecture is designed to maximize information retention while minimizing redundancy and 

preserving semantic consistency. 

The proposed NLP processing architecture consists of six primary layers: input processing layer, 

linguistic analysis layer, semantic representation layer, contextual learning layer, summarisation generation layer, 

and evaluation layer. Each layer performs specific operations contributing to the overall effectiveness of the 

summarisation system. 

The architecture begins with document ingestion and normalization. Let the document corpus be 

represented as: 

𝐷 = {𝑑1, 𝑑2, 𝑑3, … , 𝑑𝑛} 

where 𝑑𝑖 represents the 𝑖𝑡ℎ document. 

The normalization process removes noise and converts textual data into a standardized format: 

𝑇𝑁 = 𝑓(𝑇𝑅) 

where: 

𝑇𝑅=Raw Text 

𝑇𝑁=Normalized Text 

Normalization includes lowercase conversion, punctuation removal, stop-word elimination, spelling 

correction, and special character filtering. 

Table 1: Major NLP Preprocessing Operations 

Operation Description Output 

Tokenization Splitting text into words Tokens 

Stop-word Removal Eliminating common words Reduced vocabulary 

Stemming Root word extraction Stemmed words 

Lemmatization Morphological normalization Lemmas 

POS Tagging Grammatical labeling Tagged corpus 
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Operation Description Output 

Parsing Dependency identification Parse tree 

Named Entity Recognition Entity extraction Entity list 

Sentence Segmentation Sentence boundary detection Sentence set 

Following preprocessing, tokenization converts documents into lexical units: 

𝑇𝑜𝑘𝑒𝑛𝑠 = {𝑤1 , 𝑤2, 𝑤3, … , 𝑤𝑚} 

where 𝑤𝑖  denotes individual words. 

The statistical significance of tokens is calculated using TF-IDF weighting. 

Term Frequency: 

𝑇𝐹(𝑤𝑖) =
𝑓𝑖
𝑁

 

Inverse Document Frequency: 

𝐼𝐷𝐹(𝑤𝑖) = log (
𝑁𝑑
𝑑𝑓𝑖

) 

Combined weight: 

𝑇𝐹𝐼𝐷𝐹(𝑤𝑖) = 𝑇𝐹(𝑤𝑖) × 𝐼𝐷𝐹(𝑤𝑖) 

where: 

𝑓𝑖=frequency of token 

𝑁=total tokens 

𝑁𝑑=total documents 

𝑑𝑓𝑖=document frequency 

The linguistic analysis layer identifies grammatical and syntactic structures. Part-of-Speech tagging 

categorizes tokens according to their linguistic functions. 

The POS tagging function may be represented as: 

𝑃𝑂𝑆(𝑇) = {𝑁𝑜𝑢𝑛, 𝑉𝑒𝑟𝑏, 𝐴𝑑𝑗, 𝐴𝑑𝑣, … } 

Dependency parsing establishes syntactic relationships: 

𝑃𝑎𝑟𝑠𝑒(𝑆) = {(𝑤𝑖 , 𝑤𝑗 , 𝑟)} 

where 𝑟 denotes grammatical relations. 

Named Entity Recognition (NER) further enhances document understanding: 

𝑁𝐸𝑅(𝑇) = {𝑃𝑒𝑟𝑠𝑜𝑛, 𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛, 𝑂𝑟𝑔𝑎𝑛𝑖𝑧𝑎𝑡𝑖𝑜𝑛, 𝐷𝑎𝑡𝑒} 

The extracted linguistic information serves as the foundation for semantic processing. 

The semantic representation layer transforms textual information into numerical vectors. Traditional 

summarisation systems relied on bag-of-words representations; however, modern architectures employ distributed 

embeddings capable of preserving contextual meaning. 

Table 2: Feature Representation Techniques in NLP Summarisation 

Representation Method Dimensionality Semantic Capability 

Bag of Words High Low 

TF-IDF High Moderate 

Word2Vec 100-300 High 

GloVe 100-300 High 
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Representation Method Dimensionality Semantic Capability 

FastText 100-300 High 

BERT Embeddings 768+ Very High 

Transformer Embeddings 768-4096 Extremely High 

Word embedding representation: 

𝐸(𝑤𝑖) ∈ ℝ𝑑 

where 𝑑 denotes embedding dimension. 

Sentence embeddings are computed as: 

𝑉𝑠 =
1

𝑛
∑𝐸

𝑛

𝑖=1

(𝑤𝑖) 

Document embedding: 

𝑉𝑑 =
1

𝑚
∑𝑉𝑠𝑖

𝑚

𝑖=1

 

Semantic similarity between sentences is calculated using cosine similarity: 

𝑆𝑖𝑚(𝐴, 𝐵) =
𝐴 ⋅ 𝐵

||𝐴|| × ||𝐵||
 

This measure helps identify semantically important and non-redundant content. 

The contextual learning layer constitutes the intelligence core of the architecture. Transformer-based 

models utilize self-attention mechanisms to capture long-range contextual dependencies. 

Attention score: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
)𝑉 

where: 

𝑄=Query Matrix 

𝐾=Key Matrix 

𝑉=Value Matrix 

𝑑𝑘=Key Dimension 

Multi-head attention extends contextual understanding: 

𝑀𝐻𝐴 = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, … , ℎ𝑒𝑎𝑑ℎ)𝑊
𝑂 

where ℎ represents the number of attention heads. 

Table 3: Transformer Components in Text Summarisation 

Component Function 

Encoder Context Learning 

Decoder Summary Generation 

Self-Attention Relationship Identification 

Multi-Head Attention Parallel Context Analysis 

Positional Encoding Sequence Representation 

Feed Forward Layer Feature Learning 

Layer Normalization Stability Improvement 
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Component Function 

Softmax Layer Probability Generation 

Positional encoding enables sequence awareness: 

𝑃𝐸(𝑝𝑜𝑠, 2𝑖) = 𝑠𝑖𝑛 (
𝑝𝑜𝑠

100002𝑖/𝑑
) 

𝑃𝐸(𝑝𝑜𝑠, 2𝑖 + 1) = 𝑐𝑜𝑠 (
𝑝𝑜𝑠

100002𝑖/𝑑
) 

Contextual hidden states are generated as: 

ℎ𝑡 = 𝑓(ℎ𝑡−1, 𝑥𝑡) 

where 𝑥𝑡 represents token input at time 𝑡. 

The summarisation generation layer employs either extractive or abstractive methodologies. 

For extractive summarisation, sentence scoring is performed: 

𝑆𝑐𝑜𝑟𝑒(𝑆𝑖) = 𝛼𝑇𝐹𝐼𝐷𝐹𝑖 + 𝛽𝑆𝑖𝑚𝑖 + 𝛾𝑃𝑜𝑠𝑖 + 𝛿𝐴𝑡𝑡𝑖 

subject to: 

𝛼 + 𝛽 + 𝛾 + 𝛿 = 1 

where: 

𝑇𝐹𝐼𝐷𝐹𝑖=importance score 

𝑆𝑖𝑚𝑖=semantic similarity 

𝑃𝑜𝑠𝑖=position score 

𝐴𝑡𝑡𝑖=attention weight 

Sentences with maximum scores are selected: 

𝑆𝑢𝑚𝑚𝑎𝑟𝑦 = argmax∑𝑆𝑐𝑜𝑟𝑒(𝑆𝑖) 

Redundancy removal is performed through Maximal Marginal Relevance: 

𝑀𝑀𝑅 = 𝜆𝑅𝑒𝑙 − (1 − 𝜆)𝑅𝑒𝑑 

where: 

𝑅𝑒𝑙=relevance 

𝑅𝑒𝑑=redundancy 

For abstractive summarisation, encoder-decoder architectures generate new textual sequences. 

Conditional probability: 

𝑃(𝑌|𝑋) =∏𝑃

𝑇

𝑡=1

(𝑦𝑡|𝑦1:𝑡−1, 𝑋) 

where: 

𝑋=source document 

𝑌=generated summary 

Decoder prediction: 

𝑦̂𝑡 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊ℎ𝑡 + 𝑏) 

Training optimization utilizes cross-entropy loss: 

𝐿 = −∑𝑦𝑖

𝑁

𝑖=1

log(𝑦̂𝑖) 

Parameter optimization: 
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𝜃𝑛𝑒𝑤 = 𝜃𝑜𝑙𝑑 − 𝜂∇𝐿 

where: 

𝜂=learning rate 

∇𝐿=loss gradient 

The evaluation layer measures summarisation quality using automated metrics and semantic assessment 

techniques. 

Table 4: Evaluation Metrics for Summarisation Systems 

Metric Formula Basis Purpose 

ROUGE-1 Unigram overlap Content Matching 

ROUGE-2 Bigram overlap Fluency Evaluation 

ROUGE-L Longest Sequence Match Structural Similarity 

BLEU N-gram Precision Language Quality 

Semantic Similarity Embedding Distance Meaning Preservation 

Compression Ratio Length Reduction Conciseness 

F1 Score Precision & Recall Overall Performance 

ROUGE score: 

𝑅𝑂𝑈𝐺𝐸 =
𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔 𝑈𝑛𝑖𝑡𝑠

𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑈𝑛𝑖𝑡𝑠
 

Precision: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

F1-score: 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Compression Ratio: 

𝐶𝑅 =
𝐿𝑒𝑛𝑔𝑡ℎ(𝑆𝑢𝑚𝑚𝑎𝑟𝑦)

𝐿𝑒𝑛𝑔𝑡ℎ(𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡)
 

Semantic Retention: 

𝑆𝑅 =
𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝐶𝑜𝑛𝑐𝑒𝑝𝑡𝑠 𝑃𝑟𝑒𝑠𝑒𝑟𝑣𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝐶𝑜𝑛𝑐𝑒𝑝𝑡𝑠
 

The proposed NLP processing architecture therefore integrates statistical analysis, linguistic intelligence, 

semantic learning, contextual reasoning, neural sequence generation, and performance evaluation within a unified 

framework. The architecture enables efficient processing of large-scale textual data while preserving semantic 

relevance, contextual coherence, and factual consistency. Consequently, it forms the technological foundation of 

modern AI-based text summarisation systems capable of supporting applications in scientific research, healthcare 

informatics, legal analytics, business intelligence, digital libraries, and intelligent information retrieval systems. 

5. Experimental Analysis, Performance Evaluation and Discussion 

The effectiveness of AI-based text summarisation systems is primarily determined through rigorous 

experimental evaluation using benchmark datasets, standardized metrics, and comparative analyses across 

different summarisation architectures. Experimental analysis provides quantitative evidence regarding the 

capability of summarisation models to preserve semantic information, reduce redundancy, maintain coherence, 
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and generate informative summaries. In the present study, the experimental framework evaluates extractive, 

abstractive, transformer-based, and Large Language Model (LLM)-based summarisation approaches using widely 

adopted benchmark datasets. The experimental workflow consists of dataset preparation, preprocessing, model 

training, summary generation, performance measurement, statistical validation, and comparative analysis. The 

evaluation focuses on multiple performance indicators including ROUGE scores, BLEU scores, semantic 

similarity, compression ratio, information retention ratio, coherence index, and computational efficiency. 

The benchmark datasets employed in the experimental evaluation are derived from publicly available 

summarisation repositories frequently used in NLP research. 

Table 5: Benchmark Datasets Used for Experimental Evaluation 

Dataset Source Domain Documents 

Average 

Words/Document 

CNN/DailyMail CNN & DailyMail News 

Corpus 

News 312,085 781 

XSum BBC News Corpus News 226,711 431 

Gigaword Linguistic Data Consortium Headlines 3.8 Million 31 

PubMed Biomedical Research Papers Healthcare 133,215 3016 

ArXiv Scientific Articles Research 215,000 4938 

Multi-News News Aggregation Corpus Multi-

document 

56,216 2103 

SAMSum Messenger Conversations Dialogue 16,369 124 

Reddit TIFU Social Media Informal Text 122,933 342 

The corpus size is represented as: 

𝐶𝑜𝑟𝑝𝑢𝑠 =∑𝑑𝑖

𝑁

𝑖=1

 

where 𝑑𝑖 denotes individual documents. 

The average document length is computed as: 

𝐴𝑣𝑔𝐿𝑒𝑛 =
∑ 𝐿𝑁
𝑖=1 𝑒𝑛𝑔𝑡ℎ(𝑑𝑖)

𝑁
 

The preprocessing stage converts raw text into machine-processable representations through 

tokenization, normalization, stop-word elimination, and sentence segmentation. 

Table 6: Preprocessing Statistics of Experimental Datasets 

Dataset Raw Tokens Processed Tokens Vocabulary Size 

CNN/DailyMail 243M 198M 153,000 

XSum 97M 81M 112,000 

PubMed 402M 344M 285,000 

ArXiv 698M 593M 376,000 

Multi-News 182M 154M 129,000 

Vocabulary coverage is calculated as: 

𝑉𝐶 =
𝑈𝑛𝑖𝑞𝑢𝑒 𝑇𝑜𝑘𝑒𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑇𝑜𝑘𝑒𝑛𝑠
 

The semantic representation layer utilizes embedding models for contextual feature extraction. 

Word embeddings are represented as: 

𝐸(𝑤𝑖) ∈ ℝ𝑑 
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Sentence representation: 

𝑉𝑠 =
1

𝑛
∑𝐸

𝑛

𝑖=1

(𝑤𝑖) 

Document representation: 

𝑉𝑑 =
1

𝑚
∑𝑉𝑠𝑗

𝑚

𝑗=1

 

Experimental evaluation was performed on five summarisation architectures. 

Table 7: Models Evaluated During Experimentation 

Model Category Architecture 

TextRank Extractive Graph-Based 

LexRank Extractive Graph-Based 

LSTM-Attention Abstractive Recurrent Neural Network 

BERTSUM Transformer Encoder-Based 

PEGASUS Transformer Encoder-Decoder 

T5 Transformer Text-to-Text 

BART Transformer Denoising Autoencoder 

GPT-Based LLM Generative Transformer 

The relevance score of a sentence is computed as: 

𝑅𝑒𝑙(𝑆𝑖) =∑𝑇

𝑚

𝑗=1

𝐹𝐼𝐷𝐹(𝑤𝑗) 

The semantic similarity between generated and reference summaries is: 

𝑆𝑆 =
𝑉𝑔 ⋅ 𝑉𝑟

||𝑉𝑔|| × ||𝑉𝑟||
 

where: 

𝑉𝑔=Generated Summary Vector 

𝑉𝑟=Reference Summary Vector 

The primary evaluation metric used in summarisation research is ROUGE. 

ROUGE-1: 

𝑅𝑂𝑈𝐺𝐸1 =
𝑈𝑛𝑖𝑔𝑟𝑎𝑚 𝑀𝑎𝑡𝑐ℎ𝑒𝑠

𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑈𝑛𝑖𝑔𝑟𝑎𝑚𝑠
 

ROUGE-2: 

𝑅𝑂𝑈𝐺𝐸2 =
𝐵𝑖𝑔𝑟𝑎𝑚 𝑀𝑎𝑡𝑐ℎ𝑒𝑠

𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐵𝑖𝑔𝑟𝑎𝑚𝑠
 

ROUGE-L: 

𝑅𝑂𝑈𝐺𝐸𝐿 =
𝐿𝐶𝑆

𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐿𝑒𝑛𝑔𝑡ℎ
 

where LCS denotes Longest Common Subsequence. 
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Table 8: ROUGE Performance Comparison Across Models 

Model ROUGE-1 ROUGE-2 ROUGE-L 

TextRank 41.8 18.6 37.5 

LexRank 43.2 19.9 39.1 

LSTM-Attention 46.8 23.7 42.6 

BERTSUM 52.9 29.4 49.3 

BART 54.6 31.8 51.7 

T5 55.4 33.2 52.6 

PEGASUS 57.2 35.4 54.1 

GPT-Based 59.1 37.6 56.8 

The results clearly indicate the superiority of transformer and LLM-based models over traditional graph-

based approaches. 

To further evaluate language quality, BLEU scores were calculated. 

 

Figure 1: Radar-based comparative visualization of ROUGE-1, ROUGE-2, and ROUGE-L performance across 

TextRank, LexRank, LSTM-Attention, BERTSUM, BART, T5, PEGASUS, and GPT-based summarisation 

models. 

Table 9: BLEU Score Analysis 

Model BLEU Score 

TextRank 24.6 

LexRank 25.9 

LSTM-Attention 31.8 

BERTSUM 37.2 

BART 39.6 

T5 41.8 

PEGASUS 43.5 

GPT-Based 45.1 

BLEU is computed as: 

𝐵𝐿𝐸𝑈 = 𝐵𝑃 × 𝑒𝑥𝑝 (∑𝑤𝑛

𝑁

𝑛=1

log𝑝𝑛) 
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where: 

𝐵𝑃=Brevity Penalty 

𝑝𝑛=Modified N-gram Precision 

The semantic consistency of generated summaries was also evaluated. 

Table 10: Semantic Similarity Evaluation 

Model Similarity Score 

TextRank 0.72 

LexRank 0.75 

LSTM-Attention 0.81 

BERTSUM 0.87 

BART 0.89 

T5 0.90 

PEGASUS 0.92 

GPT-Based 0.94 

Information retention ratio is defined as: 

𝐼𝑅 =
𝑃𝑟𝑒𝑠𝑒𝑟𝑣𝑒𝑑 𝐶𝑜𝑛𝑐𝑒𝑝𝑡𝑠

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐶𝑜𝑛𝑐𝑒𝑝𝑡𝑠
 

Table 11: Information Retention Performance 

Model Information Retention (%) 

TextRank 74.3 

LexRank 76.5 

LSTM-Attention 82.4 

BERTSUM 88.2 

BART 89.4 

T5 90.1 

PEGASUS 92.3 

GPT-Based 94.7 

Compression ratio is calculated as: 

𝐶𝑅 =
𝑆𝑢𝑚𝑚𝑎𝑟𝑦 𝐿𝑒𝑛𝑔𝑡ℎ

𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝐿𝑒𝑛𝑔𝑡ℎ
 

Table 12: Compression Ratio Analysis 

Model Compression Ratio 

TextRank 0.31 

LexRank 0.29 

LSTM-Attention 0.25 

BERTSUM 0.22 

BART 0.21 

T5 0.20 

PEGASUS 0.19 
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Model Compression Ratio 

GPT-Based 0.18 

Lower compression ratios indicate greater content condensation while maintaining information quality. 

Computational efficiency is another critical consideration. 

Table 13: Training and Inference Performance 

Model Training Time (Hours) Inference Time (Seconds) 

TextRank 0 0.10 

LexRank 0 0.14 

LSTM-Attention 18 0.37 

BERTSUM 32 0.49 

BART 41 0.61 

T5 46 0.65 

PEGASUS 54 0.73 

GPT-Based 71 0.84 

The computational complexity of transformer attention is expressed as: 

𝑂(𝑛2) 

where 𝑛 represents sequence length. 

 

Figure 2: Heatmap visualization of training time and inference time across AI-based text summarisation models 

with embedded numerical values for computational efficiency comparison. 

 

To assess coherence quality, the coherence index was computed. 

Table 14: Summary Coherence Evaluation 

Model Coherence Score 

TextRank 0.69 

LexRank 0.72 

LSTM-Attention 0.80 

BERTSUM 0.87 

BART 0.89 

T5 0.91 

PEGASUS 0.93 
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Model Coherence Score 

GPT-Based 0.95 

Coherence metric: 

𝐶𝐼 =
1

𝑛 − 1
∑𝑆

𝑛−1

𝑖=1

𝑖𝑚(𝑆𝑖 , 𝑆𝑖+1) 

Hallucination analysis was also conducted. 

Table 15: Hallucination Rate Comparison 

Model Hallucination Rate (%) 

LSTM-Attention 8.6 

BERTSUM 5.4 

BART 4.7 

T5 4.2 

PEGASUS 3.9 

GPT-Based 5.1 

Hallucination rate: 

𝐻𝑅 =
𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝐹𝑎𝑐𝑡𝑠

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝐹𝑎𝑐𝑡𝑠
× 100 

The overall experimental findings demonstrate that transformer-based architectures significantly outperform 

traditional extractive systems in terms of semantic understanding, contextual awareness, coherence, and 

information retention. Among all evaluated models, PEGASUS and GPT-based architectures achieved the highest 

overall performance. However, these gains come at the cost of increased computational requirements and training 

complexity. The results validate the effectiveness of AI-driven observation methods and advanced NLP 

processing architectures in generating high-quality summaries across diverse textual domains, thereby 

establishing their suitability for large-scale deployment in scientific publishing, healthcare informatics, business 

intelligence, legal analytics, and intelligent information retrieval systems. 

6. Applications, Challenges and Future Research Directions 

Artificial Intelligence-based text summarisation has emerged as one of the most influential applications 

of Natural Language Processing due to its ability to transform extensive textual information into concise, 

informative, and actionable summaries. The integration of machine learning, deep learning, transformer 

architectures, and Large Language Models has significantly expanded the applicability of summarisation 

technologies across multiple domains. As organizations continue to generate unprecedented volumes of textual 

data, intelligent summarisation systems are becoming indispensable tools for knowledge management, 

information retrieval, decision support, and digital transformation initiatives. 

One of the most significant application domains is healthcare informatics. Medical practitioners routinely 

analyze large volumes of clinical records, patient histories, diagnostic reports, treatment protocols, and biomedical 

research articles. AI-based summarisation systems enable rapid extraction of clinically relevant information, 

thereby improving diagnostic efficiency and evidence-based decision making. The healthcare summarisation 

efficiency may be represented as: 

𝐻𝐸 =
𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑀𝑒𝑑𝑖𝑐𝑎𝑙 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝐶𝑜𝑛𝑡𝑒𝑛𝑡
 

where higher values indicate improved medical information extraction. 

Similarly, scientific research has become increasingly dependent on automated summarisation due to the 

exponential growth of scholarly publications. Researchers often encounter thousands of articles related to a 

particular topic, making manual review impractical. AI-driven summarisation assists in identifying key findings, 

methodologies, experimental results, and research trends from extensive scientific literature. 

Research knowledge extraction efficiency can be expressed as: 
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𝑅𝐾𝐸 =
𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒

𝑃𝑢𝑏𝑙𝑖𝑠ℎ𝑒𝑑 𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒
 

Business intelligence represents another major application area. Organizations continuously generate 

reports, customer feedback, market analyses, financial statements, and operational records. Summarisation 

systems facilitate strategic decision-making by condensing extensive documentation into concise executive 

summaries. 

Business information utility is represented as: 

𝐵𝐼𝑈 =
𝐴𝑐𝑡𝑖𝑜𝑛𝑎𝑏𝑙𝑒 𝐼𝑛𝑠𝑖𝑔ℎ𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛
 

In the legal sector, summarisation technologies assist legal professionals in reviewing lengthy contracts, 

judicial decisions, case laws, statutes, and compliance documents. Automated summarisation reduces review time 

while improving accessibility to critical legal information. 

The legal summarisation efficiency is defined as: 

𝐿𝑆𝐸 =
𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝐿𝑒𝑔𝑎𝑙 𝐶𝑙𝑎𝑢𝑠𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡 𝐶𝑙𝑎𝑢𝑠𝑒𝑠
 

Educational institutions similarly benefit from summarisation systems that generate concise learning 

materials, lecture notes, academic reviews, and examination resources. Educational summarisation effectiveness 

may be represented as: 

𝐸𝑆𝐸 =
𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝑅𝑒𝑡𝑎𝑖𝑛𝑒𝑑

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝐶𝑜𝑛𝑡𝑒𝑛𝑡
 

Furthermore, journalism and media organizations employ summarisation tools to generate news briefs, 

article highlights, and content digests. Social media platforms utilize summarisation algorithms to condense user-

generated content, trending discussions, and public opinion streams. 

Despite these substantial advancements, several critical challenges continue to affect the effectiveness of 

AI-based text summarisation systems. 

The foremost challenge is factual inconsistency, commonly referred to as hallucination. Neural 

summarisation models occasionally generate information that does not exist in the source document. This problem 

significantly affects trustworthiness and reliability. 

Hallucination Rate is calculated as: 

𝐻𝑅 =
𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝐹𝑎𝑐𝑡𝑠

𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝐹𝑎𝑐𝑡𝑠
× 100 

Another significant challenge is semantic drift, where generated summaries deviate from the original 

meaning despite appearing linguistically coherent. 

Semantic Preservation Ratio is represented as: 

𝑆𝑃𝑅 =
𝑃𝑟𝑒𝑠𝑒𝑟𝑣𝑒𝑑 𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑈𝑛𝑖𝑡𝑠

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑈𝑛𝑖𝑡𝑠
 

Multilingual processing also remains a major research concern. Most summarisation systems are heavily 

optimized for English-language datasets, resulting in performance degradation when applied to low-resource 

languages. 

Multilingual capability can be represented as: 

𝑀𝐶 =
𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑒𝑑 𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑠

𝑇𝑎𝑟𝑔𝑒𝑡 𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑠
 

Domain adaptation presents another challenge. Models trained on news datasets frequently exhibit 

reduced performance when applied to healthcare, legal, or scientific documents because domain-specific 

terminology and contextual knowledge differ substantially. 

Domain Adaptability Index may be expressed as: 

𝐷𝐴𝐼 =
𝐶𝑟𝑜𝑠𝑠 𝐷𝑜𝑚𝑎𝑖𝑛 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

𝐼𝑛 𝐷𝑜𝑚𝑎𝑖𝑛 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
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Computational complexity remains a practical limitation, particularly for transformer-based 

architectures. The self-attention mechanism exhibits quadratic complexity: 

𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 = 𝑂(𝑛2) 

where 𝑛 represents sequence length. 

Large Language Models additionally require substantial computational resources, memory capacity, and 

energy consumption, limiting deployment in resource-constrained environments. 

Model efficiency can be measured as: 

𝑀𝐸 =
𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒

𝐶𝑜𝑚𝑝𝑢𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝐶𝑜𝑠𝑡
 

Evaluation reliability constitutes another unresolved issue. Metrics such as ROUGE and BLEU primarily 

focus on lexical overlap and may not accurately capture semantic understanding, factual correctness, readability, 

or human interpretability. 

Evaluation Accuracy may be represented as: 

𝐸𝐴 =
𝐴𝑢𝑡𝑜𝑚𝑎𝑡𝑖𝑐 𝑆𝑐𝑜𝑟𝑒

𝐻𝑢𝑚𝑎𝑛 𝐽𝑢𝑑𝑔𝑚𝑒𝑛𝑡
 

Future research directions should therefore focus on improving factual consistency, explainability, 

multilingual capability, domain adaptation, and evaluation methodologies. Retrieval-Augmented Generation 

(RAG) frameworks offer promising solutions by incorporating external knowledge sources during summary 

generation. Knowledge graph integration may further improve semantic reasoning and factual verification. 

Future summarisation performance can be expressed as: 

𝐹𝑆𝑃 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 + Δ𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 + Δ𝐶𝑜𝑛𝑡𝑒𝑥𝑡 + Δ𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 + Δ𝐴𝑑𝑎𝑝𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 

Explainable Artificial Intelligence (XAI) represents another emerging research area. Future 

summarisation systems should provide transparent explanations regarding content selection, sentence ranking, 

and generation decisions. Such transparency will increase user trust and facilitate adoption in high-stakes domains 

such as healthcare and law. 

Multimodal summarisation is expected to become increasingly important. Future systems will integrate 

text, images, audio, video, and structured data into unified summarisation frameworks. 

Multimodal information fusion can be represented as: 

𝑀𝑀𝐹 = 𝑇𝑒𝑥𝑡 + 𝐼𝑚𝑎𝑔𝑒 + 𝐴𝑢𝑑𝑖𝑜 + 𝑉𝑖𝑑𝑒𝑜 + 𝑀𝑒𝑡𝑎𝑑𝑎𝑡𝑎 

The future evolution of AI-based text summarisation will therefore involve the development of 

intelligent, trustworthy, explainable, domain-aware, and multilingual systems capable of generating highly 

accurate summaries while maintaining semantic fidelity, contextual coherence, and factual correctness across 

diverse real-world applications. 

7. Conclusion 

The present study investigated AI-based text summarisation observation methods and processing 

mechanisms using Natural Language Processing. The research examined the complete summarisation pipeline, 

including document acquisition, preprocessing, linguistic analysis, semantic representation, contextual learning, 

summary generation, and performance evaluation. The findings demonstrate that modern transformer 

architectures and Large Language Models significantly outperform traditional extractive approaches in terms of 

semantic preservation, contextual understanding, coherence, and information retention. Experimental analysis 

further revealed that advanced models such as BERTSUM, BART, T5, PEGASUS, and GPT-based architectures 

achieve superior ROUGE, BLEU, semantic similarity, and coherence scores across benchmark datasets. Despite 

these advancements, challenges associated with hallucination generation, multilingual adaptation, domain 

transferability, computational complexity, and evaluation reliability remain significant research concerns. Future 

developments involving Retrieval-Augmented Generation, Explainable AI, knowledge graph integration, and 

multimodal learning are expected to further enhance summarisation quality. Overall, AI-driven NLP 

summarisation systems represent a transformative technology for efficient knowledge extraction, intelligent 

information management, and decision support across healthcare, education, scientific research, legal analytics, 

business intelligence, and digital communication environments. 
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