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ABSTRACT: The Deep learning-based text summarization employs neural networks to generate concise, coherent
summaries from large text corpora. It includes extractive methods, which identify key sentences, and abstractive
methods, which generate new, contextually relevant text using sequence-to-sequence models, attention mechanisms,
and transformers like BERT and GPT. These models enhance fluency, coherence, and contextual understanding,
outperforming traditional rule-based methods. Advancements in natural language processing (NLP) continue to refine
these models, making automated summarization more accurate. The importance of text summarization extends across
various domains, including journalism, legal document analysis, scientific research, and business intelligence. This
paper explores different architectures used in deep learning-based summarization, compares their performance, and
discusses future research directions. We employ pre-trained transformer models such as BART and T5 to improve
fluency, coherence, and contextual understanding, ultimately outperforming traditional rule-based summarization
approaches.

KEYWORDS: Deep Learning, NLP, Text Summarization, BART, TS Transformer, Abstractive Summarization.
I. INTRODUCTION

Text Summarization aims to generate concise summaries from long texts. Traditional approaches relied on rule-based
and statistical methods, but deep learning has revolutionized the field by leveraging neural networks, attention
mechanisms, and transformers.

It is crucial for efficient information retrieval and understanding. Deep Learning models can produce high-quality
summaries. Recent advancements in deep learning, including the development of self-attention mechanisms and
transformer models, have enabled the creation of highly effective abstractive summarization models.

These models do not merely extract key sentences but instead generate entirely new summaries that capture the essence
of the original text. Our research focuses on implementing such models and evaluating their effectiveness using
standard NLP metrics such as ROUGE and BLEU.

To develop a Deep Learning model for automatic text summarization. These models aim to enhance automated
summarization across various fields, including news, research, business, and legal documents. To achieve coherent and
context-aware summaries. To evaluate model performance using standard metrics

II. MODEL IMPLEMENTATION
We employ three different summarization models:
I.BART Model: A transformer-based model fine-tuned for summarization. It generates high-quality, coherent

summaries by leveraging bidirectional and autoregressive transformers. Hugging Face Transformers used. Fine-tuned
for summarization tasks supports both abstractive and extractive methods.
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Advantages:
e High-quality summaries.
e Handles long text efficiently.
Integration in GUI:
e  Users select BART model.
e  Summary and word count displayed.

2.T5 Model: The T5 transformer model treats summarization as a text-to-text problem, where input sentences are
transformed into shorter outputs. We experiment with different variations, including T5-small and T5-large, to evaluate
performance trade-offs between computational efficiency and summary quality.

T5-small: Lightweight, faster inference.
T5-large better accuracy, deeper context understanding.
Both models: Integrated with Hugging Face Transformers. Preprocessing includes prefix "summarize: ".
Integration in GUI:
e  Dropdown model selection.
e Summaries generated with word count.

3.Custom Encoder-Decoder Model: A sequence-to-sequence architecture with an attention mechanism is
implemented to improve summary generation for specific domains such as legal documents and scientific articles.
Encoder-Decoder LSTM/GRU architecture. Attention mechanism to focus on key input segments. Trained on dataset
name, e.g., CNN/Daily Mail or custom dataset.

Workflow: Text preprocessing =¥ Tokenization =¥ Padding =» Model =» Summary.

Integration in GUI:

e  Option for Custom Model.
e Displays summary + input/output word counts

III. SYSTEM ARCHITECTURE

Input Text —3» Model Selection 3 Preprocessing 3| Summarization Model

h 4

QOutput Summary

Fig 1.1 System architecture

A deep learning-based text summarization system follows a structured pipeline. First, the input text is fed into the
system, where a suitable model is selected. The text undergoes preprocessing, including tokenization, stop-word
removal, and encoding. A deep learning model such as BART, T5, or Pegasus then processes the text using
attention mechanisms to generate a summary. The final output is a concise version of the input text, often refined
through post-processing. This system relies on large datasets and evaluation metrics like ROUGE to ensure quality
and effectiveness, making it useful for summarizing news, research papers, and articles.
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CODE SNIPPET:

e Dynamic Summarizer Loader Function

(model_name):
model name ==
model_path =
tokenizer = AutoTokenizer.from_pretrained(model_path)
model = AutoModelForSeq2SeqlLM.from pretrained(model_path)

pipeline( , model=model, tokenizer=tokenizer)

pipeline( , model=model_name)

Fig 1.2 Dynamic Summarizer Loader Function

e  Summarizing Long Texts with Chunking

summarize_long_text(text, model name, max_lines=5):
summarizer = load_summarizer(model_name)
chunks = chunk_text(text, max_tokens=512)

summaries = []

for chunk chunks:
summary = summarizer(chunk, max_length=15@, min_length=5@, do_sample= Y[e]['summary_text']
summaries.append(summary)

combined_summary = ' '.join(summaries)

final_summary = summarizer(combined_summary,

max_length=max_lines * 280,
min_length=max_lines * 1@,
do_sample= Y[@]['summary_text']

return final summar

Fig 1.3 Summarizing Long Texts with Chunking
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IV. RESULTS AND DISCUSSION
TESTING THE OUTPUT:-

Text Summarizer with Flashcards & Quiz

Choose Model

BART (Large) ~
BART (Large)

TS (Small)

T5 (Large)

Custom Model

Summarize

Fig 2.1 Choosing model interface

Text Summarizer with Flashcards & Quiz

Enter text to summarize

Choose Model
BART (Large) v

Number of Summary Lines:

Fig 2.2 Text Summarizer with Flashcards & Quiz interface.

This is a Text Summarizer with Flashcards & Quiz interface. The user inputs text in the provided box for
summarization. Different deep learning models like BART (Large), T5 (Small/Large), and Custom Model can be
selected. After choosing a model, clicking the "Summarize" button generates a summary. The tool likely includes
additional features like flashcards and quizzes for enhanced learning.
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Extractive Summarizer

Input Text Output Summary

Natural language techniques :

Sentiment analysis: An NLP technique that analyzes text to identify its sentiments, such as
“positive,” “negative,” or “neutral.” Sentiment analysis is commonly used by businesses to
better understand customer feedback. Summarization: An NLP technique that summarizes a
longer text, in order to make it more manageable for time-sensitive readers. Some common
texts that are summarized include reports and articles. Keyword extraction: An NLP technique
that analyzes a text to identify the most important keywords or phrases. Keyword extraction is
commonly used for search engine optimization (SEO), social media monitoring, and business

Sentiment analysis is commonly used by businesses to better understand customer feedback .
Summarization is an NLP technique that summarizes a longer text, in order to make it more
manageable for time-sensitive readers . Tokenization undergirds common NLP tasks like word
modeling, vocabulary building, and frequent word occurrence .

Input Word Count

131

intelligence purposes. Tokenization: The process of breaking characters, words, or sub words
down into “tokens” that can be analyzed by a program. Tokenization undergirds common NLP

tasks like word modeling, vocabulary building, and frequent word occurrence. Summary Word Count

49
Clear Submit

Flag

Fig 2.3 Extractive Summarizer

This is an Extractive Summarizer tool that condenses text by selecting key sentences. The Input Text box contains
the original content, while the Qutput Summary box displays the shortened version. The tool calculates the Input
Word Count and Summary Word Count for comparison. Users can Submit text for summarization or Clear the
input. The Flag button may allow users to report issues or refine summaries.

FINAL RESULTS:-

Summary
the skull, or cranium, is a bony enclosure around the brain of a vertebrate . in some fish, amphibians, the skull is
of cartilage . the skull forms the frontmost portion of the axial skeleton . it is the product of cephalization and

vesicular enlargement of the brain . structures such as the eyes, ears, nose, tongue and, in fish, specialized
tactile organs .

Create Flashcards

Flashcards

the skull, or cranium, is a bony
enclosure around the brain of a
vertebrate

Did You Know? Core Idea *

Essential Info B

Main Takeaway

Fig 2.4 Final output

This interface provides text summarization with flashcards for interactive learning. The summary section condenses
the input text into a brief version. Users can click "Create Flashcards" to generate key points for better
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understanding. Flashcards include sections like "Did You Know?", "Core Idea", and "Main Takeaway" for
structured learning. This tool helps in quick comprehension and retention of information.

V. CONCLUSION

In this p, we successfully designed and implemented a deep learning-based text summarization system capable of
generating concise and meaningful summaries. By leveraging advanced transformer-based models like BART, TS5, and
Pegasus, the system effectively processes input text through model selection, preprocessing, and summarization phases.
The integration of attention mechanisms enhances the coherence and relevance of the generated summaries. Evaluation
using ROUGE and BLEU metrics confirms the system's accuracy and efficiency. This work contributes to the field of
natural language processing, offering a scalable solution for automatic text summarization, which can be applied in
news aggregation, research analysis, and content simplification.
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