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ABSTRACT: This paper provides a comprehensive overview of automatic text summarization, a critical task in natural 

language processing aimed at condensing large volumes of text into concise summaries. The document discusses two 

primary approaches to text summarization, extractive and abstractive, and explores the role of pre-trained models in 

enhancing summarization performance. Various pre-trained models, including BART, BERT, DistilBART, GPT-2, T5, 

PEGASUS, GPT-3, PALM, and RoBERTa, are examined, highlighting their architectures, capabilities, and 

applications in text summarization tasks. The paper also addresses the challenges of information overload in the digital 

age and underscores the importance of automated summarization tools in managing vast amounts of textual data. 

Overall, this paper serves as a valuable resource for researchers and practitioners interested in the latest advancements 

and trends in automatic text summarization. 
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I. INTRODUCTION 

 

In the era of information abundance facilitated by the internet, the task of distilling vast amounts of text into concise, 

meaningful summaries has become increasingly vital. Automatic text summarization, a key component of natural 

language processing (NLP), offers a solution to this challenge by condensing lengthy articles, documents, or news stories 

into succinct summaries, thereby facilitating quick information retrieval and mitigating the effects of information 

overload. This paper explores the foundational concepts of text summarization, focusing on two primary approaches: 

extractive summarization, which selects and combines key sentences from the source text, and abstractive 

summarization, which generates summaries by understanding the content and context of the input text. Additionally, the 

role of pre-trained models in text summarization is examined, highlighting their ability to learn and generalize from large 

text corpora, enabling them to generate coherent and informative summaries with high efficiency and accuracy. The 

paper also provides an overview of several prominent pre-trained models in NLP, such as BART, BERT, and GPT-3, 

discussing their architectures, functionalities, and contributions to the field of automatic summarization. Through this 

exploration, the paper aims to elucidate the advancements and challenges in text summarization, offering insights into 

the evolving landscape of NLP and its applications in managing and extracting knowledge from vast textual data 

sources.[1] 

 
II. FOUNDATIONS OF TEXT SUMMARIZATION AND THE ROLE OF PRE-TRAINED MODELS 

 

A. What is text summarization ? 
Text summarization is a process in natural language processing (NLP) where a machine learning model is used to 

condense a piece of text, such as an article, document, or news story, into a shorter version while still retaining the key 

information and main points of the original text. This condensed version, known as a summary, provides a quick and 

concise overview of the text, making it easier for readers to understand the main ideas without having to read the entire 

document.[2] 

 
B. What are pre-trained models? 
Pre-trained models are machine learning models that have been trained on a large corpus of text data to perform a 

specific NLP task, such as text summarization, without the need for additional training on the specific dataset. These 

models have learned the underlying patterns and structures of language from the training data and can be fine-tuned on 

a smaller dataset for a specific task to improve their performance.[3] 
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C. How pre-trained models can be utilized for text summarization? 
Pretrained models can be used for text summarization by fine-tuning them on a specific dataset related to the 

summarization task (if required). This involves taking a pre-trained model and updating its parameters using a smaller 

dataset of summarization examples. During the fine-tuning process, the model learns the specifics of the summarization 

task, such as identifying key information and generating concise summaries based on the input text. Fine-tuned models 

can then be used to automatically generate summaries for new pieces of text, saving time and effort compared to 

manual summarization methods. 

 

III. PRETRAINED MODELS 
 

D. BART (Bidirectional and Auto-Regressive Transformers) 
BART, an innovative model in the field of natural language processing (NLP), was introduced by Facebook AI 

researchers in 2019. It quickly garnered attention for its ability to excel in various NLP tasks, including text 

summarization, machine translation, and text generation. Built upon the Transformer architecture, BART leverages 

powerful attention mechanisms to capture long-range dependencies in input sequences. Unlike traditional models, BART 

focuses on sequence-to-sequence tasks, requiring both an encoder to process input data and a decoder to generate output. 

However, for tasks like text summarization, BART utilizes only the encoder component. The model's effectiveness lies 

in its ability to learn rich representations of input text, enabling it to generate coherent and informative summaries. Fine-

tuning BART on specific datasets further enhances its performance, making it a versatile and valuable tool in NLP 

applications.[4] 

 
E. BERT (Bidirectional Encoder Representations from Transformers) 
BERT, a landmark in NLP, was introduced by Google AI Language researchers in October 2018, [5]sparking significant 

interest in the field. It achieved state-of-the-art performance across various NLP tasks, including Question-Answering, 

Sentiment Analysis, and language translation. As a Transformer model, BERT utilizes attention mechanisms to 

understand the relationships between words in a sequence. Unlike traditional models, Transformers consist of two key 

components: an encoder, which processes input data, and a decoder, which generates output. Since BERT focuses on 

language modelling, it only requires the encoder. The specific workings of Transformers are detailed in the original 

research paper.[6] 

 
F. DistilBART 
DistilBART, a variant of the BART model, was introduced as a more lightweight and efficient version by Hugging Face 

in 2020. This model aims to retain the key capabilities of BART while reducing its size and computational requirements, 

making it more accessible for a wider range of applications. Like BART, DistilBART is based on the Transformer 

architecture and is designed for sequence-to-sequence tasks, such as text summarization and machine translation. It 

consists of an encoder-decoder structure, with the encoder responsible for processing input data and the decoder for 

generating output. DistilBART's compact size and efficient training make it a practical choice for tasks where 

computational resources are limited. Despite its smaller size, DistilBART maintains competitive performance compared 

to its larger counterparts, making it a valuable option for various NLP applications.[7] 

 
G. GPT-2 (Generative Pre-trained Transformer 2) 
GPT-2, short for "Generative Pre-trained Transformer 2," was introduced by OpenAI in 2019 and represents a significant 

advancement in natural language processing (NLP). This model gained attention for its ability to generate coherent and 

contextually relevant text, showcasing its effectiveness in various NLP tasks. Built on the Transformer architecture, 

GPT-2 is a large-scale model trained on a diverse dataset of text from the internet. It employs a decoder-only 

architecture, where the model processes input sequentially and generates output one token at a time. GPT-2's key 

innovation lies in its ability to generate human-like text by predicting the next word in a sequence based on the context 

provided by the preceding words. This approach allows GPT-2 to excel in tasks such as text generation, language 

translation, and question answering. Despite its impressive performance, GPT-2 has raised concerns about the potential 

misuse of AI-generated text, leading to responsible deployment practices in its usage.[8], [9] 

 
H. T5 
T5, or Text-to-Text Transfer Transformer, is a versatile and powerful model introduced by Google AI in 2019. T5 differs 

from traditional models in that it frames all NLP tasks as text-to-text tasks, where both the input and output are textual. 

This approach allows T5 to handle a wide range of tasks, including text summarization, machine translation, and 

question answering, in a unified manner. T5 is based on the Transformer architecture and consists of an encoder-decoder 

structure, similar to models like BERT and GPT-2. However, T5's innovative text-to-text framework enables it to 
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achieve state-of-the-art performance on many NLP benchmarks. By training on a diverse set of text-to-text tasks, T5 

learns to generalize across tasks and domains, making it a highly effective and adaptable model for various NLP 

applications.[10] 

 
I. PEGASUS 
PEGASUS, introduced by Google Research in 2020, is a transformer-based model designed specifically for abstractive 

text summarization. PEGASUS builds upon the BERT architecture but introduces several key innovations to improve 

its performance in summarization tasks. One of the key features of PEGASUS is its novel pre-training approach, which 

involves denoising documents instead of individual sentences or spans of text. This allows PEGASUS to generate more 

coherent and informative summaries by understanding the context of the entire document. Additionally, PEGASUS 

utilizes a self-supervised objective called gap-sentence generation, which helps the model learn to generate summaries 

by predicting missing sentences in a document. Overall, PEGASUS has achieved state-of-the-art performance on 

various text summarization benchmarks, demonstrating its effectiveness in generating high-quality summaries.[11] 

 

J. GPT 3 

GPT-3, the successor to GPT-2, was introduced by OpenAI in 2020. It is known for its massive scale, with 175 billion 

parameters, making it one of the largest language models ever created. GPT-3 further improves upon its predecessors 

by demonstrating superior performance on a wide range of NLP tasks, including text summarization. Like GPT-2, 

GPT-3 is based on the Transformer architecture and utilizes unsupervised learning. However, GPT-3's larger size 

allows it to generate even more coherent and contextually relevant text, often indistinguishable from human-written 

text. Despite its impressive capabilities, GPT-3 also raised concerns about potential misuse and ethical implications due 

to its ability to generate highly convincing fake text.[12], [13] 

 
K. PALM 
PALM, short for Pre-trained Autoencoding Latent Model, was introduced by the Hong Kong University of Science and 

Technology (HKUST) and Peking University in 2020. PALM is designed for text generation tasks, including text 

summarization, language modeling, and dialogue generation. It is based on the Transformer architecture, which allows 

it to model long-range dependencies in text efficiently What sets PALM apart is its use of an autoencoding framework, 

where the model is trained to reconstruct the input text from a corrupted version of itself. PALM can be used for text 

summarization by leveraging its ability to generate coherent and informative summaries. During training, PALM learns 

to reconstruct input text from a corrupted version of itself, capturing the key information and context. This learned 

ability allows PALM to generate concise summaries by selecting the most relevant information from the input text.[14] 

 

L. Excellent RoBERTa 
Excellent Roberta is a variant of the RoBERTa model, which stands for Robustly optimized BERT approach. 

RoBERTa, introduced by Facebook AI in 2019, builds upon the BERT model by optimizing key hyperparameters, 

training it on more data, and for longer durations. This leads to improved performance on various NLP tasks, including 

text summarization, by better capturing nuanced language patterns. RoBERTa's enhancements enable it to achieve 

state-of-the-art results on benchmarks like GLUE and SQuAD, demonstrating its effectiveness in understanding and 

generating human language.[15] 

 

IV. CONCLUSION 
 

The rapid expansion of the Internet has led to an overwhelming volume of available information, posing challenges for 

human summarization. Consequently, there is a pressing need for automated summarization tools to address the 

information overload. This paper focuses on extractive methods for summarizing single and multiple documents, 

highlighting widely-used techniques such as topic representation, frequency-driven approaches, graph-based 

algorithms, and machine learning methods. While it is not possible to comprehensively cover all diverse algorithms and 

approaches in this paper, it aims to offer valuable insights into recent trends and advancements in automatic 

summarization, presenting a snapshot of the state-of-the-art in this field of research. 
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