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Abstract— The exponential growth of information on the Internet necessitates efficient methods to transform large
volumes of data into concise and useful summaries. This research explores the application of transformer models,
specifically the T5 model, for abstractive text summarization. We implemented the T5 model and integrated support
learning to enhance its summarization capabilities. The model was evaluated using ROUGE scores on the CNN/Daily Mail
dataset. Our findings demonstrate significant improvements in summary quality and performance, highlighting the T5
model's potential in producing coherent and contextually accurate summaries.

Keywords— Abstractive; Single Document; Transformer Model

I. INTRODUCTION

In an era of rapidly growing digital information, the
ability to distill vast amounts of text into concise, informative
summaries has become essential for individuals and
organizations. Abstractive text summarization, a subfield of
natural language processing, aims to transform large textual
data into coherent insights by generating new sentences that
capture the essence of the original text. This project employs
the advanced capabilities of transformer models, specifically
the TS model, to achieve this goal. The T5 model leverages the
text-to-text transfer learning approach, enabling it to perform
various NLP tasks efficiently. By focusing on the CNN/Daily
Mail dataset, we aim to demonstrate the effectiveness of TS in

generating high-quality summaries.

II. RELATED WORK

Recent advancements in natural language processing
have led to the development of various models for text
summarization. Transformer models, such as BERT and GPT-
3, have shown remarkable performance in generating coherent
and contextually accurate The T5 model,
introduced by Google, utilizes a unified text-to-text framework,
making it highly versatile for different NLP tasks. Our work
builds on these advancements by focusing on the T5 model's
application to abstractive text summarization, particularly for
the CNN/Daily Mail dataset. We compare our model's
performance with state-of-the-art models, demonstrating its
superior ability to generate informative summaries.

summaries.

This section describes the current methods using in
abstractive text summarization. Kim et al.[1] introduced a
multi-task  learning
summarization with the T5 small model. The methodology
involved jointly training the model on summarization and
related NLP tasks. Evaluation showed promising performance,

framework for abstractive text

with ROUGE-1, ROUGE-2, and ROUGE-L scores reaching
0.52, 0.31, and 0.48, respectively. They employed a multi-task
learning algorithm for training the model..

Gupta et al.[2] proposed a hierarchical attention
mechanism for abstractive text summarization with the T5
small model. They utilized a hierarchical encoder-decoder
architecture to capture document-level and sentence-level
information. Experimental results demonstrated ROUGE-1,
ROUGE-2, and ROUGE-L scores of 0.49, 0.28, and 0.43,
respectively. The methodology incorporated beam search
decoding and hierarchical attention mechanisms.

Wang et al.[3] introduced a knowledge-enhanced
abstractive text summarization framework using the TS5 small
model in 2024. Their methodology involved integrating
external knowledge graphs and ontologies into the
summarization process to enhance content understanding and
coherence. Evaluation on a diverse range of datasets showed
significant improvements, with ROUGE-1, ROUGE-2, and
ROUGE-L scores reaching 0.54, 0.33, and 0.50, respectively.
They employed a knowledge graph embedding algorithm and
beam search decoding for summarization..

Akhmetov et al.[4] explored abstractive text
summarization using the TS5 small model, employing fine-
tuning on large-scale datasets and beam search decoding. Their
research achieved ROUGE-1, ROUGE-2, and ROUGE-L
scores of 0.45, 0.25, and 0.40, respectively. The methodology
involved the utilization of standard pre-training and fine-tuning

techniques.

Kumar et al.[5] introduced a domain adaptation
approach for abstractive text summarization with the T5 small
model. The methodology involved pre-training the model on a
large-scale general-domain corpus and fine-tuning on domain-
specific data. Evaluation showed promising performance, with
ROUGE-1, ROUGE-2, and ROUGE-L scores reaching 0.53,
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0.32, and 0.49, respectively. They employed a domain
adaptation algorithm based on adversarial training.

Li et al.[6] investigated the impact of document length
on abstractive text summarization performance using the T5
model. They proposed a length normalization technique to
address the issue of length bias in generated summaries.
Experimental results demonstrated ROUGE-1, ROUGE-2, and
ROUGE-L scores of 0.48, 0.27, and 0.42, respectively. The
methodology incorporated length normalization and beam
search decoding.

Zhang and Li[7] explored abstractive text
summarization using the T5 small model, employing a novel
attention mechanism for context aggregation. Their research
achieved ROUGE-1, ROUGE-2, and ROUGE-L scores of 0.46,
0.26, and 0.41, respectively. The methodology involved the
utilization of Transformer-based architectures and beam search
decoding.

We aspire to leverage their innovations and adapt
them uniquely to the realm of single document summarization,
aiming not only to achieve higher scores but also to elevate the
quality and relevance of the summaries generated. In doing so,
we seek to push the boundaries of what is possible and set new
standards in the field of text summarization.

[II. METHODOLOGY

Dataset

The CNN/Daily Mail dataset was chosen for this
research due to its extensive collection of news articles and
corresponding summaries, making it an ideal benchmark for
evaluating summarization models. The dataset consists of over
300,000 news articles, each paired with a summary. This large
corpus provides a robust foundation for training and evaluating
our model.

Data Pre-processing

Pre-processing is a crucial step to ensure that the data
fed into the model is clean, consistent, and well-structured.
Our pre-processing pipeline involves several steps:

Text Extraction

Extract the main content from the news articles,
ignoring metadata and other non-essential information.
Extract the summaries associated with each article.

Cleaning and Normalization

Remove unwanted characters such as special
symbols, HTML tags, and excessive whitespace. Convert all
text to lowercase to ensure uniformity.

Tokenization

Split the text into sentences and further into words
(tokens). This is achieved using the nltk library's sent_tokenize

and word_tokenize functions. Implement subword tokenization
using Byte Pair Encoding (BPE) as provided by the
transformers library to handle out-of-vocabulary words and
reduce the vocabulary size.

Sentence Splitting
Split the articles into individual sentences to facilitate
the model’s understanding of sentence-level context.

Stop Word Removal

Remove common stop words (e.g., "the,
that do not contribute significant meaning to the text. This step
helps in focusing the model on more meaningful content.

"o

and," uinu

Padding and Truncation

Normalize the length of the text sequences by padding
shorter sequences with special tokens and truncating longer
sequences to a fixed length. This ensures uniformity in the input
data, which is necessary for batch processing during model
training.

IV. MODEL SELECTION

For the abstractive summarization task, we chose the
T5 (Text-to-Text Transfer Transformer) model due to its
versatility and proven performance in various NLP tasks. The
implementation involves several key steps:

Model Architecture

The T5 model treats all NLP tasks as a text-to-text
problem. For summarization, the input is a news article, and the
output is its summary. The model architecture consists of an
encoder-decoder framework. The encoder processes the input
text, and the decoder generates the summary.

Fine-Tuning the Pre-trained T5 Model

We utilized the pre-trained t5-small model from the
transformers library, which is fine-tuned on a large corpus of
text data. Fine-tuning on our specific dataset involves training
the model with our pre-processed CNN/Daily Mail dataset.
The training process involves minimizing the cross-entropy
loss between the predicted tokens and the actual tokens in the
reference summaries.

Training Parameters

We fine-tuned the model using the Adam optimizer
with a learning rate of 3e-4. The batch size was set to 8, and the
model was trained for 10 epochs to ensure convergence without
overfitting. Gradient clipping was applied to prevent exploding
gradients during training.

V. RESULTS

The evaluation of the model’s performance was
carried out using the ROUGE (Recall-Oriented Understudy for
Gisting Evaluation) metric, which is widely used for
summarization tasks. We compared our model’s performance
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with the CSNSVTM (Contextualized Semantic Neural
Summarization with Variable Transformer Model) model to
highlight the improvements achieved by our approach. The
comparison metrics include ROUGE-1, ROUGE-2, and
ROUGE-L scores to provide a comprehensive evaluation of the
model’s summarization capabilities.

MODEL ROUGE 1 ROUGE L
CSNSVTM(KARKERA | 0.338 0.241
AND PATHAK, 2022)

Our T5 Model 0.35 0.39

TABLE 1: COMPARISON TO STATE OF THE ART MODELS

ROUGE-1: Our T5 model achieved a ROUGE-1 score
of 0.35, surpassing the CSNSVTM model, which had a score
of 0.338. This indicates that our model has a higher overlap of
unigrams with the reference summaries, reflecting better recall
of individual words.

ROUGE-L: Significantly, our T5 model achieved a
ROUGE-L score of 0.39, substantially higher than the 0.241
scored by the CSNSVTM model. The ROUGE-L metric
considers the longest common subsequence, suggesting that our
model is better at capturing the structure and sequence of the
original text.

The substantial improvement in ROUGE-L indicates
that our model not only captures individual words but also
retains the overall sequence and structure more effectively,
leading to more coherent and contextually accurate summaries.

TS ROUGE 1
PRECISION RECALL F-MEASURE
CNN 0.438 0.445 0.425
DAILY
MAIL
DATASET

Table 2: TS Results on CNN Daily Mail Dataset

TS ROUGE L
PRECISION RECALL F-MEASURE
CNN 0.267 0.298 0.275
DAILY
MAIL
DATASET

Table 3: TS5 Results on CNN Daily Mail Dataset

ROUGE-1 Metrics: The detailed performance of our
T5 model on the CNN/Daily Mail dataset reveals a precision of
0.438, a recall of 0.445, and an F-measure of 0.425 for
ROUGE-1. This balance between precision and recall suggests
that our model is effective at both identifying relevant words
and ensuring that these words are frequently present in the
summaries.

ROUGE-L Metrics: For ROUGE-L, the model
achieved a precision of 0.267, a recall of 0.298, and an F-
measure of 0.275. Although these values are lower than the
ROUGE-1 they still represent a significant
improvement in capturing the sequential relationship of the
original text compared to the baseline model.

scores,

Applying the T5 model to abstractive text
summarization on the CNN/Daily Mail dataset yields
promising results. With a ROUGE-1 score of 0.35, ROUGE-2
score of 0.25, and ROUGE-L score of 0.39, the generated
summaries demonstrate proficiency in capturing the essence of
the source documents. These scores indicate a notable level of
overlap between the generated summaries and the reference
summaries.

VI. CONCLUSIONS

The T5 model’s text-to-text transfer learning
approach, combined with its Transformer architecture, offers
exceptional versatility in handling diverse NLP tasks. Our
findings demonstrate that the T5 model can generate high-
quality abstractive summaries, outperforming the CSNSVIM
model on the CNN/Daily Mail dataset. The improvements in
ROUGE scores and the coherence of the summaries highlight
the T5 model's potential for practical applications in text
summarization. Future work could explore further fine-tuning
of the model, incorporating additional datasets, and

investigating the model's performance on other NLP tasks.
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