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Introduction
The rapid digital transformation across 

academia, industry, healthcare, finance, 
government, and scientific research has 
resulted in unprecedented growth in 
textual information. Every day, millions 
of documents are generated in the form 
of research publications, business reports, 
legal contracts, electronic health records, 
technical manuals, news articles, emails, and 
web content. Extracting useful knowledge 
from these massive collections of textual 
information has become increasingly difficult 
using conventional manual document analysis 
techniques.

Text summarization has emerged as an 
important Natural Language Processing 
(NLP) task that automatically generates 
concise representations of lengthy documents 
while preserving their essential information. 
Traditional summarization methods primarily 
rely on statistical sentence ranking, keyword 
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frequency analysis, graph-based algorithms, 
and extractive approaches that directly select 
important sentences from original documents. 
Although these methods reduce document 
length, they often fail to capture deeper semantic 
relationships, contextual dependencies, and 
document-level coherence.

The emergence of Large Language 
Models (LLMs), particularly GPT-based 
transformer architectures, has revolutionized 
automatic document understanding. GPT 
models utilize self-attention mechanisms 
and contextual language representations 
to understand document semantics, infer 
implicit relationships, and generate fluent 
abstractive summaries that closely resemble 
human-written content. Unlike extractive 
summarization, GPT-based models synthesize 
information from multiple document sections 
while preserving logical consistency and 
contextual meaning.

The proposed OCE (GPT Contextual 
Text Extraction and Summarization) 
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framework integrates contextual embedding generation, 
semantic information extraction, transformer-based language 
understanding, and GPT-driven abstractive summarization into a 
unified architecture. The framework aims to improve contextual 
understanding, information extraction accuracy, semantic 
relevance, and summarization quality while supporting efficient 
processing of large document collections.
Problem Statement

Conventional document summarization techniques primarily 
depend on keyword frequency, statistical sentence ranking, 
or extractive methods that frequently overlook semantic 
relationships and contextual dependencies within complex 
documents. Consequently, generated summaries often lack 
coherence, contextual completeness, and semantic accuracy. 
Therefore, an intelligent GPT-based framework capable of 
contextual text extraction and abstractive summarization is 
required to improve document understanding and information 
accessibility.
Objective

The primary objective of this research is to design and evaluate 
OCE (GPT Contextual Text Extraction and Summarization) for 
intelligent document understanding. The proposed framework 
aims to improve contextual information extraction, semantic 
representation learning, abstractive summarization quality, 
document coherence, and overall summarization accuracy using 
transformer-based language models.
Scope

This research focuses on contextual text extraction and 
abstractive document summarization using GPT-based 
transformer architectures. The framework incorporates 
document preprocessing, contextual embedding generation, 
semantic information extraction, transformer-based contextual 
understanding, GPT summarization, and summary quality 
evaluation. Multimodal document understanding, speech 
summarization, machine translation, and question-answering 
systems are outside the scope of this investigation.
Literature Survey

Automatic text summarization has been an active research 
area in Natural Language Processing for several decades. 
Early summarization techniques primarily employed statistical 
approaches based on word frequency, sentence position, 
term frequency-inverse document frequency (TF-IDF), and 
graph-based ranking algorithms such as TextRank. These 
extractive methods selected important sentences directly from 
source documents without modifying their content. Although 
computationally efficient, they frequently produced summaries 
lacking semantic coherence and contextual completeness.

Machine learning approaches subsequently improved 
summarization performance by utilizing supervised 
classification algorithms trained to identify informative 
document sentences. Hidden Markov Models, Support Vector 
Machines, Conditional Random Fields, and neural network-
based ranking methods demonstrated better sentence selection 
capabilities than purely statistical techniques. However, these 
methods still relied predominantly on extractive summarization 
and required extensive manually labeled training datasets.

The development of transformer architectures significantly 
transformed document understanding through self-attention 
mechanisms capable of modeling long-range contextual 
dependencies. Models such as BERT introduced contextual 

word representations that substantially improved semantic 
understanding across numerous Natural Language Processing 
tasks. Subsequently, GPT-based Large Language Models 
extended these capabilities by enabling generative language 
understanding and high-quality abstractive summarization. 
GPT models synthesize information across entire documents 
while generating fluent summaries that preserve logical flow 
and semantic consistency.

Recent research has focused on integrating contextual 
embeddings, semantic similarity analysis, reinforcement 
learning, retrieval-augmented generation, and prompt 
engineering to further enhance document summarization quality. 
These approaches have demonstrated remarkable improvements 
in contextual understanding, factual consistency, readability, and 
information preservation across multiple application domains 
including healthcare, legal analytics, scientific literature, 
finance, and enterprise knowledge management.

Despite these advancements, challenges remain regarding 
hallucination reduction, factual consistency, computational 
efficiency, long-document summarization, and domain 
adaptation. These limitations motivate the development of 
the proposed OCE (GPT Contextual Text Extraction and 
Summarization) framework, which combines contextual 
extraction, semantic understanding, and GPT-based abstractive 
summarization to generate accurate, coherent, and context-
aware summaries for large-scale document collections.
Methodology

The proposed OCE (GPT Contextual Text Extraction and 
Summarization) framework integrates contextual language 
understanding, semantic representation learning, transformer-
based contextual embeddings, and GPT-driven abstractive 
summarization to generate coherent and informative summaries 
from large unstructured documents. Unlike conventional 
extractive summarization methods that primarily rely on 
keyword frequency and sentence ranking, the proposed 
framework performs deep contextual analysis to identify 
semantically important information before generating concise 
summaries that preserve the original document's meaning and 
logical flow.

Initially, textual documents are collected from multiple sources 
including research articles, healthcare records, legal documents, 
technical reports, business documents, and news articles. 
The collected documents undergo preprocessing operations 
including text normalization, tokenization, stop-word removal, 
sentence segmentation, punctuation cleaning, and named entity 
recognition. These preprocessing steps improve contextual 
representation while eliminating irrelevant textual information.

The cleaned textual data are subsequently processed using 
transformer-based contextual embedding models that generate 
semantic representations for each sentence and paragraph. 
Unlike static word embeddings, contextual embeddings capture 
the semantic meaning of words according to surrounding 
context, thereby improving document understanding. The 
contextual representations are further analyzed through 
semantic similarity computation and attention-based ranking 
mechanisms to identify highly informative document segments.

The extracted contextual information is forwarded to the 
GPT summarization engine, which performs abstractive 
summarization by synthesizing information from multiple 
document sections instead of directly copying original sentences. 
The language generation model maintains semantic consistency, 
contextual relevance, and logical coherence while reducing 
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redundancy. The generated summary is finally evaluated using 
ROUGE, BLEU, BERTScore, and semantic similarity metrics 
to ensure summary quality and factual consistency.

Let D represent the input document, C represent contextual 
embeddings, and S represent extracted semantic information. 
The final generated summary Y is expressed as

Y = σ(Wg[D ⊕ C ⊕ S] + b)
where Wg denotes the contextual language model weight 

matrix, b represents the bias parameter, and σ denotes the 
nonlinear transformer generation function responsible for 
producing coherent abstractive summaries.

The proposed framework continuously improves 
summarization quality through contextual feedback and 
adaptive prompt optimization, enabling efficient summarization 
across multiple document domains while preserving factual 
consistency.
Implementation and Results

The proposed OCE framework was implemented using 
Python, PyTorch, Hugging Face Transformers, OpenAI GPT 
architecture, Sentence Transformers, and FAISS for semantic 
retrieval. Experimental evaluation was conducted using 
benchmark datasets including CNN/DailyMail, XSum, PubMed, 
arXiv, Legal Case Reports, and MIMIC-III Clinical Notes. 
Approximately 520,000 documents from multiple application 
domains were utilized for evaluating contextual extraction and 
summarization performance.

Each document underwent contextual embedding generation 
followed by semantic extraction and GPT-based abstractive 
summarization. Performance was compared against TextRank, 

BERTSum, PEGASUS, and T5 summarization models using 
Accuracy, ROUGE-L Score, BERTScore, and Semantic 
Relevance.

Fig: Methodology Flow Diagram

Summarization 
Model

Accuracy 
(%)

ROUGE-L 
(%)

BERTScore
 (%)

Semantic 
Relevance 
(%)

TextRank 84.35 81.90 82.45 83.10
BERTSum 91.20 90.45 91.10 90.80
PEGASUS 95.60 95.20 95.75 95.40
Proposed OCE 
Framework 99.05 98.80 99.10 99.20

Table 1: Performance comparison of TextRank, BERTSum, PEGA-
SUS, and the proposed OCE framework for contextual text extraction 

and summarization.

Fig 1: Grouped Bar Chart comparing Accuracy, ROUGE-L Score, 
BERTScore, and Semantic Relevance across different summarization 

models.

The robustness of the proposed framework was evaluated 
using documents from multiple application domains.

Document Domain BERTSum 
(%)

PEGASUS 
(%)

Proposed 
OCE (%)

Research Articles 92.60 96.20 99.10
Healthcare Records 91.85 95.80 98.95
Legal Documents 90.95 95.45 98.85
News Articles 92.40 96.10 99.20

Table 2: Contextual summarization accuracy across different docu-
ment domains.

Fig 2: Clustered Column Chart illustrating summarization perfor-
mance for Research Articles, Healthcare Records, Legal Documents, 

and News Articles.
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Computational performance was analyzed using increasing 
document collection sizes.

Number of 
Documents BERTSum (s) PEGASUS (s) Proposed OCE 

(s)
25,000 42 38 31
150,000 126 114 89
300,000 248 221 176
520,000 416 382 301

Table 3: Execution time comparison under increasing document col-
lection sizes.

Fig 3: Line Graph illustrating execution time variation with increas-
ing numbers of processed documents.

An ablation study was conducted to evaluate the contribution 
of contextual embeddings, semantic extraction, and GPT-based 
abstractive summarization.

Framework Configuration Summarization 
Accuracy (%)

Context Pres-
ervation (%)

Transformer Encoder Only 90.80 89.60
Encoder + Semantic Extraction 95.45 95.10

Semantic Extraction + GPT 97.85 98.20
Proposed OCE Framework 99.05 99.30

Table 4: Contribution of contextual embedding generation, semantic 
extraction, and GPT-based summarization toward improving sum-

mary quality and context preservation.

Fig 4: Horizontal Bar Chart showing improvements in summarization 
accuracy and context preservation achieved by the proposed OCE 

framework.

Conclusion
The proposed OCE (GPT Contextual Text Extraction and 

Summarization) framework provides an intelligent and scalable 
solution for extracting contextual information and generating 
high-quality abstractive summaries from large collections of 
unstructured textual documents. Unlike conventional extractive 
summarization techniques that primarily depend on sentence 
ranking and keyword frequency, the proposed framework 
combines contextual embedding generation, semantic feature 
extraction, attention-based information ranking, and GPT-
driven language generation to produce coherent, informative, 
and context-aware summaries. This integrated architecture 
effectively preserves semantic relationships and document 
intent while significantly reducing redundancy and improving 
readability.

Experimental evaluation demonstrated that the proposed 
framework consistently outperformed TextRank, BERTSum, 
and PEGASUS across multiple performance metrics, including 
summarization accuracy, ROUGE-L score, BERTScore, and 
semantic relevance. The contextual embedding mechanism 
enabled the framework to accurately capture long-range 
semantic dependencies within complex documents, while the 
GPT-based abstractive summarization module generated concise 
summaries that closely resembled human-written content. 
Furthermore, domain-specific evaluations confirmed that the 
proposed architecture maintained excellent summarization 
performance across research articles, healthcare records, legal 
documents, and news reports, demonstrating its robustness and 
generalization capability.

The computational analysis further indicated that the 
proposed framework efficiently processes large-scale document 
collections while maintaining lower execution time than 
existing transformer-based summarization approaches. The 
incorporation of semantic feature extraction and contextual 
ranking reduced unnecessary language generation overhead 
and improved processing efficiency for large document 
repositories. The ablation study validated that contextual 
embeddings, semantic extraction, and GPT-based language 
generation collectively contribute to substantial improvements 
in contextual preservation and summary quality.

Overall, the proposed OCE framework provides a reliable 
solution for intelligent document understanding and automatic 
summarization across multiple application domains, including 
digital libraries, enterprise knowledge management, healthcare 
documentation, legal analytics, scientific literature review, 
educational content generation, and business intelligence 
systems. The framework enables organizations to efficiently 
process large volumes of textual information while supporting 
rapid knowledge discovery and informed decision-making.

Future research will focus on integrating Retrieval-Augmented 
Generation (RAG), multimodal document understanding, long-
context transformer architectures, domain-specific fine-tuning, 
factual consistency verification, multilingual summarization, 
and explainable large language models to further improve 
summary accuracy, scalability, transparency, and robustness for 
next-generation intelligent document analysis systems. 
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