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ABSTRACT 

 

Text summarization is a Natural Language Processing (NLP) task that condenses 

textual content while preserving essential information. With the exponential growth 

in digital news content, efficient summarization techniques have become imperative. 

Transformers have revolutionized tasks in natural language processing, including text 

summarization, due to their self-attention mechanism and adeptness at capturing long-

range dependencies. However, these transformers are not task-specific optimized, are 

sensitive to hyperparameter configuration, and are associated with significant training 

and inference costs, which pose a challenge. Therefore, the main objective of this 

study was to develop an improved transformer-based model optimized for text 

summarization of news articles to solve the stated limitations. A true experiment was 

adopted for the research design, specifically, the pretest-posttest control group design. 

Four transformers, Generative Pretrained Transformers (GPT), Text-to-Text Transfer 

Transformer (T5), Bidirectional and Auto-Regressive Transformer (BART), and Pre-

training with Extracted Gap-sentences for Abstractive Summarization (PEGASUS), 

were subjected to a comparative stud on the CNN/DailyMail dataset. The T5 was 

identified as the baseline model due to its text-to-text framework and the encoder-

decoder architecture. Subsequently, the T5 was improved through adaptive model 

quantization to reduce training and inference costs, hyperparameter optimization using 

manual tuning and gradient descent optimization to optimize its performance, and 

output layer modification by incorporating temperature and top-k sampling parameters 

to improve the quality of the generated summary. The improved T5 model was trained 

on the CNN/DailyMail dataset and evaluated on the XSUM and CNN/DailyMail 

datasets using ROUGE and BLEU metrics. The improved T5 model outperformed the 

baseline T5 across the Recall-Oriented Understudy for Gisting Evaluation (ROUGE) 

and Bilingual Evaluation Understudy (BLEU) evaluation metrics on both benchmark 

datasets. The improved T5 model cumulatively outperformed the baseline T5 on 

CNN/DailyMail by 3.05% on ROUGE metrics and 4.2% on the BLEU score, and on 

the XSUM dataset by 7.27% in ROUGE metrics and 6.53% in BLEU score. The 

findings demonstrated that the improved T5 model outperformed the baseline across 

two evaluation metrics on both datasets, indicating improved summarization and 

generalization capabilities. This study has underscored the training and inference 

efficiency gains from quantization, the pivotal role of hyperparameter optimization in 

model convergence and generalization, and the effectiveness of output layer 

modification in improving text summarization using transformers. The improved T5 

model can be deployed in real-world settings or applied in other domains beyond text 

summarization and utilized for multi-document summarization.   
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CHAPTER ONE 

 INTRODUCTION 

1.1 Background of the Study  

Text summarization is one of the subdomains of Natural Language Processing (NLP) 

that involves condensing the content of a given text while retaining its essential 

information [1]. In this era of information overload, text summarization plays a pivotal 

role in helping users comprehend the key points of extensive documents, saving time 

and improving information retrieval efficiency [2]. The exponential growth of digital 

content, especially news articles, calls for efficient methods to sift through and extract 

valuable insights. Text summarization addresses this need for quick information 

retrieval, aiding readers, researchers, and professionals often overwhelmed with large 

volumes of textual data [2], [3]. Therefore, through the condensation of information, 

summarization facilitates easier comprehension, decision-making, and information 

extraction from diverse sources. 

 

The ever-increasing volume of daily news content poses a significant big-data 

challenge for individual readers and news information consumers [4]. As the pace of 

news reporting accelerates and the number of sources multiplies, it has become 

increasingly difficult for people to stay informed and digest the key details from 

lengthy news articles[5]. This information overload problem is particularly acute for 

news consumers, who may lack the time or attention span to read entire reports yet 

still require a comprehensive understanding of current events and trends[6], [7]. 

Reading and synthesizing important information from a large corpus of news articles 

is demanding and time-consuming. Therefore, developing robust text summarization 

systems for news content has become a pressing necessity, enabling the extraction of 

the most salient points concisely and informally.  

 

There are two primary types of text summarization: extractive and abstractive 

summarization[8]. Extractive summarization involves identifying and selecting 

crucial sentences or phrases directly from the source text[9], [10]. This method relies 

on algorithms to pinpoint the most significant segments and assemble them effectively 

to create a summary. Extractive summarization is advantageous in preserving the 

original wording and coherence of the source but may face challenges when dealing 

with redundancy or the need to rephrase information for conciseness. 
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Abstractive summarization alternatively takes a more dynamic approach by generating 

entirely new sentences to convey the key information in a condensed form. This 

method involves a higher level of natural language understanding, as the system must 

interpret and rephrase content to capture the essence of the original content while 

maintaining conciseness[11]. Abstractive summarization offers greater flexibility and 

creativity but poses challenges in maintaining coherence and fidelity to the source 

material[12]. Both approaches have their merits and drawbacks, and the choice 

between them often hinges on the specific requirements of the task and the desired 

balance between preserving original language and generating new content. 

 

In addition to extractive and abstractive methods, the field of text summarization has 

also explored hybrid techniques that combine the two. Hybrid models aim to leverage 

the strengths of both approaches, first identifying salient sentences or phrases through 

extractive means and then feeding this content into an abstractive summarization 

component to generate a final summary[13]. This hybrid design allows the model to 

retain the factual correctness of extractive summarization while also introducing 

abstractive summarization's fluency and abstraction capabilities [14]. Hybrid 

summarization has shown promising results, often outperforming pure extractive or 

abstractive approaches, particularly when a balance between conciseness and semantic 

coherence is required.  

 

The field of text summarization has undergone remarkable milestones and 

transformation over the past decades, transitioning from rule-based, heuristic-driven 

approaches to increasingly sophisticated machine learning and deep learning-based 

techniques[15], [16]. Early methods relied heavily on manually crafted linguistic rules 

and pattern-matching algorithms to extract salient sentences or phrases from input 

documents[17]. The introduction of statistical models, such as Latent Semantic 

Analysis (LSA) and Bayesian models, represented a significant advancement, 

allowing summarization systems to learn from data and capture the relationships 

within the text[18], [19]. 

 

 The breakthrough in deep learning, exemplified by the emergence of neural networks, 

marked a pivotal moment, enabling the development of end-to-end summarization 

models to learn contextual representations and generate coherent, abstractive 
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summaries[20]. More recently, the rise of transformer architectures, with their 

powerful self-attention mechanisms, has further propelled the field, leading to state-

of-the-art summarization models that can capture long-range dependencies and 

produce highly informative, fluent summaries[21]. This study, therefore, builds upon 

these milestones to contribute further to the field by leveraging the capabilities of the 

Transformer architecture.  

 

Transformers, first presented by Vaswani et al. in their influential paper "Attention is 

All You Need," have revolutionized sequence-to-sequence tasks [22]. This neural 

network architecture is centered around an attention mechanism, which allows the 

model to assign dynamic importance to different parts of the input sequence during its 

processing [23]. Key elements of a Transformer include its encoder-decoder structure, 

multi-head and self-attention mechanisms, and position-wise feed-forward networks. 

Transformers have demonstrated exceptional effectiveness in a variety of natural 

language processing (NLP) tasks, achieving leading performance in machine 

translation, sentiment analysis, and text generation [24]. As a class of neural networks, 

Transformers have transformed the field of NLP by consistently surpassing previous 

performance benchmarks across numerous language tasks since their introduction. 

 

The core of the transformer architecture is the self-attention mechanism [22], [25]. 

This mechanism ensures the transformer assigns different attention weights to 

different sections of the input sequences according to their relevance to the current 

position. Three vectors, Key (K), Query (Q), and Value (V), which are the linear 

projections of the input embeddings, are used to represent each token [26]. Next, a 

weighted sum of the value vectors is calculated using the attention weights acquired 

from the softmax operation. As observed in [27], the attention score between the 

vectors is computed using a dot product to calculate the relevance between 

corresponding tokens and then transformed into probabilistic distributions by a 

softmax activation function.  

 

The transformer architecture also includes an encoder-decoder architecture that 

processes both input and output sequences in parallel [28]. The encoder part processes 

the input sequence by capturing its contextual information. On the other hand, the 

decoder part generates the output sequence by focusing on the encoded representation 
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from the encoder as well as the previously generated tokens. The encoder-decoder 

components enable the model to effectively handle long-range dependencies by 

projecting the input into various subspaces and calculating the attention weights for 

each subspace [29]. The multi-head attention mechanism, another crucial element of 

transformers, allows the model to focus on different parts of the input sequence 

simultaneously. Therefore, transformer architecture has made significant 

advancements in numerous natural language processing tasks and has paved the way 

for text summarization techniques that can produce more contextually aware and 

human-like summaries. 

 

1.2 Problem Statement  

Transformers have become a game-changer in Natural Language Processing, 

particularly in tasks such as text summarization [28]. The strength of these 

transformers is their ability to capture long-range dependencies and to model context. 

Despite their capabilities, transformers still face challenges that limit their 

applicability in text summarization and the quality of the generated summary.  

 

One limitation is the significant computational cost during training and inference[30]. 

According to [31], this has remained to be a challenge due to the numerous matrix 

multiplications and attention operations, which are computationally intensive. 

Secondly, transformers are not task-specific optimized. Generalizing the pre-trained 

transformers to adapt to new tasks is at the expense of reducing the quality and 

coherence of the generated summaries [32].  The generated summaries may 

misrepresent the content of the original text, including incorrect information or 

missing key details. Thirdly, transformers are highly sensitive to hyperparameter 

configurations, which leads to suboptimal model performance on the default pre-

training hyperparameters [33],[34]. Achieving optimal model performance is 

challenged by this sensitivity, which consequentially results in the generation of 

suboptimal summaries. Therefore, there is a need for an improved transformer-based 

model for text summarization of news articles, which is devoid of the above 

limitations.  

 



5 

 

1.3 Research Objectives  

1.3.1 General Objective  

The general objective of this study was to develop an improved transformer-based 

model for text summarization of news articles. 

 

1.3.2 Specific Objectives 

i. To determine features that can improve the performance of a suitable 

transformer-based model for text summarization of news articles.  

ii. To develop an improved variant of the identified model for text summarization 

of news articles.  

iii. To evaluate the improved model on benchmark text summarization datasets.  

 

1.4 Research Questions  

i. What features can improve the performance of a suitable transformer-based 

model for text summarization of news articles? 

ii. How to develop an improved model for text summarization of news articles? 

iii. How to evaluate the improved model on benchmark text summarization 

datasets? 

 

1.5 Significance of the Study  

The significance of this study lies in its ability to address the critical need for advanced 

text summarization techniques in the context of news articles. The successful 

development of an improved transformer-based model for summarizing news articles 

benefits a wide range of stakeholders, beneficiaries, and consumers of this work.  

Foremost, news consumers, whether individual readers, content aggregators, or media 

monitoring services, will significantly appreciate the capacity to quickly digest the key 

details from lengthy news reports through concise, informative summaries. This will 

enable more efficient and adequate consumption of the ever-growing daily news 

content. Beyond the media industry, businesses, policymakers, and researchers who 

rely on staying informed about current events and trends will also find immense value 

in access to high-quality, transformer-based text summarization capabilities. 

 

This study is also significant in the context of transformers in natural language 

processing, given that the application of transformers in news article summarization 
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remains an active area of research, with existing models still exhibiting room for 

improvement. Therefore, the development of an improved transformer-based model 

contributes valuable insights to the broader transformer literature through the various 

improvements that the researcher explored. The improvements could broadly apply 

beyond the news domain and inform the development of more powerful and versatile 

transformer-based models for various natural language processing applications.  

  

1.6 Scope of the Study 

The domain of this study lies within Natural Language Processing, one of the main 

application areas of Artificial Intelligence. In natural language processing, various 

subtasks exist; however, this study has only focused on text summarization through 

transformer models. In the context of text summarization, this study only concentrated 

on news article summarization, specifically in the English language, of all areas and 

languages in which text summarization can be applied.  

 

The specific scope of this study was confined to systematically investigating the 

impact of quantization, modifying the output layer, and hyperparameter optimization 

techniques on the T5 transformer for the specific task of text summarization in the 

context of news articles. The research, therefore, only focused on assessing how these 

techniques improve the model performance while reducing the training and inference 

cost of the T5 model on a text summarization task.  

 

1.7 Limitations of the Study  

The study solely relied on secondary data sources, specifically the CNN/DailyMail 

and XSUM datasets, instead of collecting primary data. While these datasets are 

widely adopted for summarization tasks, they may not fully represent the specific 

characteristics or context of the target application domain. The use of secondary data 

restricts the ability to tailor the data collection process to address specific research 

questions or to explore emerging trends and unique cases that primary data collection 

might have revealed. This reliance on pre-existing datasets may have limited the 

study's ability to address certain subtleties and variations inherent in more customized 

or contemporary datasets, potentially affecting the applicability of the study's findings 

to more specific contexts. 
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1.8 Contributions of the Thesis  

The contributions made by this thesis are highlighted below: 

1. An improved transformer-based model for text summarization achieved 

through the following: 

a. A novel hyperparameter optimization technique that leveraged both 

manual tuning and gradient descent optimization.  

b. An adaptive quantization approach that introduced dynamism into the 

model quantization process.  

c. Modification of the output layer by incorporating token selection and 

sequence generation parameters.  

 

2. The study's findings conform to the Computational Learning Theory (CLT), 

which further extends this theory along the principles and concepts of the VC 

dimension of model complexity, bias-variance tradeoff, and Probably 

Approximately Correct (PAC) learning.  

 

1.9 Organization of the Thesis  

There are five chapters in this thesis, which are organized in the following order: 

 

Chapter one describes the background of the study, the problem statement, the 

research objectives and research questions, the study's significance, the scope of the 

study, the limitations of the study, and the contributions made by this thesis. 

 

Chapter two presents the scholarly literature that was reviewed in this study. The 

literature synthesizes the existing transformer models for text summarization, 

techniques for developing these models, and the evaluation metrics used in text 

summarization.  

 

Chapter three outlines a detailed research methodology followed to achieve the 

objectives of this study. The Research design, research process, data acquisition and 

preprocessing, ethical considerations, and experimental materials are covered in this 

chapter.  
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Chapter four describes the results obtained from this study and the implication of the 

findings to transformers for text summarization in the discussion section.  

 

Chapter five presents the conclusion of the findings of this study, the proposed 

recommendations from the findings, and future research directions that could be 

adopted for future work.  
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CHAPTER TWO 

 LITERATURE REVIEW 

2.1 Introduction 

This chapter presents the scholarly literature reviewed to lay a foundation for this 

research. The chapter begins with a detailed description of the general transformer 

architecture and then presents four state-of-the-art models based on the transformer 

architecture. A scholarly critique in the form of research gaps is included for each 

model covered in this section. This is then followed by a section covering the literature 

on various approaches and techniques used in the design and development of 

transformers. The researcher proceeds to review the literature on various evaluation 

metrics for text summarization. A summary of the chapter is then provided at the end.   

 

2.2 The Transformer Architecture 

Transformers have emerged as a robust neural network architecture in natural 

language processing, which adopts a self-attention mechanism to process all the input 

text concurrently. The attention mechanism makes these transformers more efficient 

and capable of various Natural Language Processing tasks[29]. The development of 

Transformers was backed by the need to address the issue of sequence transduction 

by replacing the sequential nature of recurrent neural networks (RNNs) and the 

convolutional operations in convolutional neural networks (CNNs), offering improved 

parallelization and capturing long-range dependencies more effectively[36], [37]. The 

transformer was introduced in the "Attention is All You Need" seminal paper authored 

by researchers at Google Brain[22]. This paper was presented at the Neural 

Information Processing Systems (NeurIPS) conference in 2017. The general 

architecture of the transformer is illustrated in figure 2.1.  
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Figure 2.1: The Transformer Architecture (Source: [22]) 

 

The Transformer's architecture, illustrated in Figure 2.1, is based on a sequence-to-

sequence framework comprising six encoders and six decoders. Each encoder 

iteratively processes input sequences while the decoder generates output sequences. 

The encoder on the left side of the architecture maps input sequences to the decoder 

in a sequence-to-sequence manner[38]. Encoding layers process input iteratively, each 

building on the contextual information generated by the preceding layer. The decoder, 

positioned on the right side, utilizes the combined contextual data from the encoders 

to generate output sequences[39]. The input into the transformer receives a sequence 

of tokens, which could be words or sub-word units. Each token is converted into a 

vector through learned embeddings to capture the semantic information needed for 

subsequent processing.  

 

The self-attention mechanism in the transformer is tasked with attending to the 

pertinent information throughout the encoding and decoding phases. This self-

attention mechanism in a transformer operates on a series of input vectors, typically 

word embeddings that represent different words in a particular sentence or the tokens 
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in a sequence[26]. Each word or token can attend to all other words or tokens in the 

sequence, including itself, using the self-attention mechanism to assess its significance 

or relevance to the different words or tokens. The three weight matrices learned by 

transformers for each attention unit are the Query, Key, and Value weights: WQ, WK, 

and Wv, respectively[40]. The softmax activation function is used to express how 

attention is calculated for the tokens using a matrix computation that represents 

attention as: 

   

Attention⁡(𝑄, 𝐾, 𝑉) = softmax⁡ (
𝑄𝐾T

√𝑑𝑘
)𝑉 

Equation 2.1: Attention Mechanism (Source:[40]) 

Here, 

  Q, K, and V are the matrices 

Softmax normalizes the value of a to a 0 to 1 scale  

   dk is the square root of the dimension of the key vectors 

 

The transformer architecture also contains a multi-head attention mechanism to allow 

for the parallel processing of attention heads in different representation subspaces. 

Each attention head in the multi-head attention mechanism learns a different input data 

representation. Each attention head can, therefore, concentrate on capturing distinct 

data components, such as grammatical structure, positional information, or semantic 

meaning, by projecting the various parts of the input sequence into distinct 

subspaces[41]. This representation diversity allows the model to extract a more 

comprehensive understanding of the input data. The Multi-head attention mechanism 

can be formally defined as follows: 

 

 MhA = Concat𝑖∈[ #heads ]⁡ (Attention⁡(𝑋𝑊𝑖
𝑄 , 𝑋𝑊𝑖

𝐾 , 𝑋𝑊𝑖
𝑉))𝑊𝑂 

Equation 2.2: Multihead Attention (Source: [41]) 
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Here;  

Matrix X is the summation of the token embeddings 

Matrices Wi
Q, Wi

K, and Wi
V are projection matrices of each head i 

Wo is a summated projection matrix of the multi-head attention unit 

 

Following the multi-head attention layer, each token's representation is passed through 

a position-wise feed-forward neural network. The FNN consists of two linear 

transformations separated by a non-linear activation function, such as the Rectified 

Linear Unit (ReLU)[42]. The FNN aims to introduce non-linearity and increase the 

model's capacity to capture the complex patterns in the data. This network enables the 

model to learn complex representations of the input tokens by applying ReLU 

activations between linear transformations, which facilitates higher-level abstraction 

and better generalization to unseen data[42]. The equation of the FNN is as follows:  

 

FNN⁡(𝑥) = max(0, 𝑥𝑊1 + 𝑏1)𝑊2 + 𝑏2 

Equation 2.3: Feed-forward Neural Network (Source: [42]) 

 

Whereby,  

  X represents the input token representation  

W1 and W2 denote the learnable weight matrices 

  b1 and b2 are the bias parameters. 

 

Positional encoding is yet another crucial component of the Transformer architecture, 

which is designed to provide the model with information about the positions of tokens 

in the input sequence. Since the transformer architecture does not inherently account 

for the sequential order of tokens, positional encoding is added to the input 

embeddings to provide positional information into the model's representations[43]. 

Positional encoding is typically achieved using sinusoidal functions of different 

frequencies for each position in the sequence[44]. The positional encodings can be 

represented as;  

𝑃(𝑘, 2𝑖)⁡= sin⁡ (
𝑘

𝑛2𝑖/𝑑
)

𝑃(𝑘, 2𝑖 + 1)⁡= cos⁡ (
𝑘

𝑛2𝑖/𝑑
)

 

Equation 2.4: Positional Encoding (Source: [43]) 
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Here, 

  K is the position of an object in the input sequence 

  d is the dimension of the output space 

  p is the position function for mapping k in the input sequence 

  n is a user-defined scalar 

  i is for mapping column indices to both sine and cosine functions  

 

After computing the positional encodings for each position and dimension, they are 

added element-wise to the corresponding token embeddings. This addition ensures 

that the model's representations for each token in the sequence include the token's 

semantic content and positional information, enabling it to distinguish between tokens 

based on their positions in the sequence[45]. The Transformer architecture can capture 

sequential relationships between tokens by incorporating positional encoding, which 

is essential for language modelling and sequence generation tasks. 

 

The transformer architecture also contains residual connections, also known as skip 

connections, which are a fundamental building block of transformer models. They 

work by adding the input of a sublayer directly to its output, creating a connection that 

allows the information to flow through the network more effectively[46]. This residual 

connection helps mitigate the vanishing gradient problem in deep neural networks, 

allowing the model to learn higher-level representations without degrading 

performance[47]. Layer normalization is another component of the transformer 

architecture. It normalizes the inputs to a sublayer by their mean and standard 

deviation computed across the feature dimension[48]. The layer normalization helps 

maintain a stable distribution of activations throughout the network, preventing 

internal covariate shifts and facilitating faster and more stable convergence during 

training[48]. 

 

The final layer in the transformer architecture is the output layer, which generates the 

model's predicted output sequence from the hidden representations produced by the 

decoder stack[49]. This output layer is a simple linear transformation that projects the 

decoder's hidden states into the entire vocabulary space. The resulting logit values are 

then passed through a softmax function, which converts them into a valid probability 



14 

 

distribution over the entire vocabulary[49]. During training, this output layer is 

optimized to maximize the likelihood of the ground-truth output sequences.  

 

2.3 Existing Transformers for Text Summarization 

This section reviews commonly used transformers in the literature, all based on the 

transformer architecture discussed above. The transformer architecture, with its 

attention mechanisms and parallel processing capabilities, has become the foundation 

for various models in text summarization. These models leverage the transformer’s 

ability to capture long-range dependencies and contextual information, leading to 

significant improvements in text summarization. In this section, the researcher 

synthesizes the most prevalent transformer-based models to understand their 

functionality, strengths, and applications in the domain of text summarization and their 

critique.  

 

2.3.1 Bidirectional and Auto-Regressive Transformers (BART) 

BART has emerged as a groundbreaking technique for natural language processing 

(NLP). BART, which Google researchers first presented, uses unsupervised pre-

training and the transformer architecture to learn contextualized word 

representations[50]. BART adopts a bidirectional approach that considers both the left 

and right direction to capture each word's context. This bidirectional approach allows 

this model to capture deeper semantic and syntactic information from the input 

text[50]. This model was pre-trained using unsupervised learning on a large unlabeled 

corpus. During pre-training, BART predicts hidden words within sentences and 

comprehends how sentences relate[50]. The process's ability to capture detailed 

contextual information enhances its performance on subsequent NLP tasks.  

 

This model can be fine-tuned for a smaller task after initial pre-training by adding 

task-specific layers that are now trained on labelled data. Fine-tuning adapts BART to 

the specific task by optimizing the model's parameters using task-specific 

objectives[51]. The strengths of this model lie in the ability to capture contextualized 

word representations effectively, leading to a great understanding of sentence-level 

semantics. Despite its noticeable strengths, BART is computationally expensive in 

pre-training due to its large-scale architecture, and this architecture's size hinders its 

deployment in resource-constrained devices.  
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Various studies have been conducted using this architecture to generate text 

summaries. Studies such as [52]utilized this model in a Google Collaboratory platform 

powered by powerful GPUs and has access to TensorFlow and PyTorch. The dataset 

used in this study was from the German Wikipedia, which was readily accessible and 

had 100,000 Wikipedia articles and the corresponding reference summary. The 

transformers library was used to train the model using the Pytorch framework. A batch 

size of 64 was used, and the most extensive token length for the input and output was 

set at 1024 and AdamW optimizer, along with a specified learning rate of 10-4 and a 

weight decay of 10-2. Fine-tuning was conducted for 10 epochs using the AdamW 

optimizer while maintaining the same learning rate and weight decay value. The 

model’s performance was evaluated, and commendable results were achieved on 

ROUGE metrics.  

 

BART, while a promising approach to text summarization, has, however, faced 

criticism within the literature. Studies such as [53] have pointed out its limitations in 

generating coherent and contextually accurate summaries, especially when dealing 

with longer texts or complex language structures. Additionally, research by [54]claims 

that BART struggles with preserving the original context and tone of the input text in 

its summaries, potentially resulting in misleading or inaccurate representations. While 

BART has demonstrated promise in text summarization, these critiques underscore 

the importance of continuous enhancement and evaluation to improve its effectiveness 

and reliability in text summarization tasks. 

 

2.3.2 Text-to-Text Transfer Transformer (T5) 

In recent years, the Text-to-Text Transfer Transformer (T5) has emerged as a 

trademark model for several natural language processing tasks, including text 

summarization[55]. T5 is based on the transformer architecture, which Vaswani et al. 

[22] first suggested. T5 has a stack of self-attention mechanisms and feed-forward 

layers, allowing it to gather contextual information effectively. T5 introduces a "text-

to-text" framework whereby tasks, including text summarization, are framed as text 

generation problems. The strength of this model lies in leveraging its large-scale pre-

training to capture contextual information effectively, leading to coherent and 

informative summaries.  
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The T5 model comes in several variants that differ primarily in size and capacity to 

suit various computational resources and performance requirements. These variants 

include T5-Small, T5-Base, T5-Large, T5-3B, and T5-11B, which respectively 

contain approximately 60 million, 220 million, 770 million, 3 billion, and 11 billion 

parameters. The T5-Small and T5-Base models are designed for tasks that require 

faster inference and less memory, making them suitable for real-time applications or 

environments with limited hardware resources. The larger models, such as T5-3B and 

T5-11B, are designed to deliver superior performance on complex language tasks due 

to their higher capacity to capture complex patterns in data. However, they demand 

significant computational power and memory, making them ideal for research and 

high-stakes production scenarios where performance outweighs computational cost. 

Each variant follows the same underlying architecture but scales up in size and depth, 

allowing users to choose the appropriate model based on their specific needs and 

resource availability. 

 

T5 employs a pre-training phase to learn general language representations from a vast 

amount of unlabeled data. It utilizes a masked language-modelling approach 

analogous to BART, where a random subset of tokens is masked, and the model is 

tasked with predicting the masked tokens[55]. This pre-training enables T5 to capture 

rich contextual information and efficiently generalize tasks such as text 

summarization. After pre-training, T5 is fine-tuned on specific summarization datasets 

to adapt its knowledge to the summarization task[56]. Fine-tuning involves training 

the model on labelled data, where input-output pairs of document summaries are 

provided. T5 uses a sequence-to-sequence framework with encoder-decoder layers, 

where the input text is tokenized for the decoder to create the desired summary[57].  

 

The T5 transformer has been used in various studies. For instance, this study 

[58]summarized text using the T5 transformer on a drugs review dataset annotated by 

the UCI (University of California, Irvine). Human summaries were manually created 

for 10 of the most relevant reviews of 500 specific drugs from the entire dataset. 

Following that, the T5 model was improved to provide an abstractive summary, with 

the dataset being divided into 80% for training, 10% for testing, and 10% for 

validation. ROUGE-1, ROUGE-2, and ROUGE-L received scores of 31.62, 22.58, 

and 26.53 to assess the model's efficiency. 
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However, the researcher contests that a different set of hyperparameter configurations 

would have yielded better results since the authors used a conservative learning rate 

of 0.0005 and a weight decay value of 0.001 while excluding the layer normalization 

weights. The author of the work [58] also recommended that future researchers use a 

task-specific dataset that is more robust to enhance the model's performance. Despite 

recording competitive scores, the model was still challenged in its computational cost, 

specifically during training and inference. The huge parameter counts in this model 

translated into a quadratically growing training and inference cost, which resulted in 

scalability issues and high computational requirements in its training and deployment.   

 

2.3.3 PEGASUS 

PEGASUS (Pre-training with Extracted gap sentences for Abstractive 

Summarization) is a transformer-based model that has emerged as a powerful tool for 

text summarization in natural language processing[59]. The core PEGASUS 

architecture follows the standard encoder-decoder structure common to many 

transformer models, leveraging the power of self-attention to capture long-range 

dependencies in the input text[60]. Several variants of PEGASUS have been 

developed, scaling the model size and depth to achieve increased performance. The 

base PEGASUS model consists of 12 transformer layers and approximately 223 

million trainable parameters. Larger variants, such as PEGASUS-Large, expand the 

model depth to 16 layers and increase the parameter count to 568 million[59]. 

 

In PEGASUS, pre-training is conducted through two self-supervised objective 

functions: Masked Language Modeling (MLM) and Gap Sentence Generation 

(GSG)[56]. As a pre-training objective in transformer-based models, MLM involves 

randomly masking tokens within input sequences and training the model to predict the 

masked tokens based on the surrounding context[61]. Conversely, as a pre-training 

objective, GSG replaces the entire encoder input sentences with a second mask token 

and inputs them into the decoder. Like a standard auto-regressive transformer decoder, 

the decoder employs a causal mask to conceal future words [62]. This objective 

enables PEGASUS to learn how to generate abstractive summaries by inferring 

missing information and encouraging a deeper understanding of text coherence and 

relevance within the summarization context.  
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Numerous studies have utilized this model for text summarization; for instance, this 

study [63] used a 12-layer baseline Pegasus model with approximately 223M trainable 

and non-trainable parameters. The study used varying batch sizes for 100 iterations, 

with a gradual learning rate of 0.0002 and a model checkpoint decided by the optimal 

validation performance. However, the researcher critiques this hyperparameter 

combination, and as evident in their published results, the model converged in the 

local minima instead of the global minima. This is undesirable since the model ends 

up stuck in suboptimal solutions, as seen in its unusually high model loss of 3.24%.  

 

Even though Pegasus represents a significant advancement in abstractive 

summarization techniques, studies such as [30] have pointed out scalability and 

computational cost challenges. Pegasus relies on large-scale pre-training and fine-

tuning procedures that call for substantial computational resources and infrastructure, 

which may pose barriers to widespread adoption, especially for researchers and 

practitioners with limited computational resources. In addition, Pegasus struggles with 

handling out-of-domain or ambiguous inputs, as noted in this study [64], potentially 

leading to suboptimal summarization performance, particularly in longer documents 

or complex texts. 

 

2.3.4 Generative Pre-Trained Transformer (GPT) 

Generative Pre-Trained Transformer (GPT) represents a pioneering approach in 

natural language processing (NLP), characterized by its transformer-based 

architecture and sequence generation capabilities. Developed by OpenAI, GPT models 

are renowned for generating coherent and contextually relevant text based on input 

prompts. The architecture of GPT models consists of multiple layers of transformer 

blocks, each comprising self-attention mechanisms and feed-forward neural 

networks[65]. Notably, GPT employs a decoder-only architecture, meaning it 

generates text autoregressively, token by token, based on previously generated tokens 

without access to future context. 

 

GPT models are pre-trained on large-scale corpora to learn contextualized 

representations of language. During pre-training, GPT models typically employ 

unsupervised learning objectives such as language modelling and masked language 

modelling (MLM). These objectives involve predicting the next token in a sequence 
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given previous context or reconstructing masked tokens within a sentence, 

encouraging the model to learn meaningful language representations[61]. In MLM, a 

portion of tokens within the input sequence are masked randomly, and the model's 

goal is to predict these masked tokens using the surrounding context. This pretraining 

objective encourages the model to capture bidirectional dependencies and contextual 

information from both preceding and subsequent tokens by training the model to fill 

in the masked tokens[56]. This enables GPT models to robustly understand language 

semantics and syntactic structures, enhancing their performance in various natural 

language processing tasks, including text generation and summarization.  

 

Numerous studies have leveraged GPT models for text summarization tasks and 

recorded competitive results across various domains and datasets. For instance, a 

researcher in [66] employed a GPT-based approach to summarize news articles in the 

Chinese language. The researcher fine-tuned the pre-trained GPT model on a task-

specific dataset using supervised and semi-supervised learning techniques. 

Additionally, a study by [67] explored reinforcement learning and multi-task learning 

techniques to further enhance the performance of GPT-based summarization systems. 

The findings from these studies suggest that GPT models exhibit promising 

performance in generating concise and informative summaries, albeit with certain 

limitations regarding factual accuracy and coherence, particularly in longer texts. 

 

Although studies that have used this model show that it can perform well in 

summarization, it is still limited because of its pretraining objective, which is not text 

summarization. The unidirectional nature of GPT models restricts their ability to fully 

grasp bidirectional context and dependencies within a text. This limitation becomes 

particularly pronounced in tasks that require language understanding or modelling 

long-range dependencies, such as text summarization or document 

comprehension[65]. Due to their autoregressive nature, decoder-only GPT models 

generate text token by token, leading to a tendency for repetition and a lack of global 

coherence in the generated sequences.  Additionally, the reliance on token-level 

predictions during training hinders the model's comprehension of higher-level 

structures and semantic relationships within the text[24]. These challenges highlight 

the need for further exploration and refinement of decoder-only architectures to 
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overcome their intrinsic limitations and enhance their effectiveness across a broader 

spectrum of NLP tasks. 

 

2.4 Existing Techniques for Developing Transformer-based Models  

In the natural language processing (NLP) domain, transformer-based models' 

emergence has revolutionized the language understanding and generation landscape. 

Therefore, this section synthesizes various techniques and approaches for designing, 

developing, and refining these transformer-based models. The researcher reviewed 

techniques such as pre-training strategies, model fine-tuning, and hyperparameter 

optimization, among others, to provide a comprehensive overview of the 

methodologies and best practices employed in developing transformer models.  

 

2.4.1 Pre-Trained Transformers for Text Summarization  

Pre-training is important in developing transformer models, generally for large-scale 

language models. It involves training the model on a massive corpus of unlabeled text 

data, allowing it to learn general language representations and patterns. The pre-

training phase aims to capture the underlying statistical properties of the language, 

such as syntax, semantics, and contextual information[68]. These pre-trained models 

can be fine-tuned on specific downstream tasks, significantly improving performance 

and reducing the need for large amounts of labelled data. 

 

Two popular pre-training objectives for transformers are masked language modelling 

(MLM) and next sentence prediction (NSP)[69]. In the Masked Language Modelling 

pre-training objective, a certain percentage of tokens in the input sequence are 

randomly masked. The model is then tasked with predicting the masked tokens based 

on the surrounding context[61]. MLM objective encourages the transformer to learn 

meaningful representations of words and phrases within the context of the entire input 

sequence by training the model to predict missing tokens. Studies have demonstrated 

the effectiveness of the Masked Language Model (MLM) pre-training objective in the 

context of the BERT (Bidirectional Encoder Representations from Transformers) 

model. This objective helps the model capture the syntactic and semantic relationships 

between words and generates coherent and contextually appropriate outputs during 

fine-tuning for a downstream task[61]. Figure 2.2 shows how the two pretraining 

objectives, MLM and NSP, are achieved in transformer-based models.  
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Figure 2.2: MLM and NSP Pre-training Objectives (Source: [69]) 

 

The Next Sentence Prediction pre-training objective focuses on the relationship 

between pairs of sentences. During pre-training, as observed in this study [69], the 

model is presented with pairs of sentences and is tasked with predicting whether the 

second sentence follows the first one in the original text. This objective encourages 

the model to understand the discourse structure and coherence between sentences, 

facilitating its ability to generate cohesive and contextually relevant text[70]. NSP is 

particularly useful in tasks that involve understanding and generating multi-sentence 

texts, such as text summarization and question answering. Mathematically, it can be 

represented using the following loss function equation for NSP:  

 

NSPloss = −∑  

𝑁

𝑖=1

(𝑦𝑖log⁡ 𝑃(𝑦𝑖) + (1 − 𝑦𝑖)log⁡(1 − 𝑃(𝑦𝑖))) 

Equation 2.5: Next Sentence Prediction Loss (Source:[70]) 

 

Here, 

𝑁 is the total number of sentence pairs. 

𝑦𝑖 Represents the true label (1 for true, 0 for false), indicating whether 

the second sentence follows the first one. 

𝑃(𝑦𝑖) Is the predicted probability of the next sentence being true.  
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Several technical considerations are crucial for successful pre-training of Transformer 

models. For instance, the choice of pre-training objectives significantly impacts the 

model's learned representations. A study by [71] demonstrated the effectiveness of the 

above pretraining objectives in capturing contextual word relationships and 

understanding sentence-level coherence. However, recent research by [72] submits 

that these objectives might not be sufficient for tasks requiring reasoning or factual 

grounding. This highlights the limitations of relying solely on context-based 

prediction for pre-training and emphasizes the need for incorporating objectives that 

encourage logical reasoning, factual grounding, and diverse text generation 

capabilities into the pre-training process.  The quality and size of the pre-training data 

also play a vital role, and as noted in [72], large, high-quality datasets lead to more 

robust and generalizable representations.  

 

While pre-training has its benefits in NLP, it is not without limitations. One significant 

challenge arises from potential biases and factual inaccuracies inherent in large 

unlabeled text corpora used for pre-training. The study in [71] highlighted how pre-

trained models can inherit and amplify societal biases in the training data, leading to 

factually incorrect outputs. Therefore, careful selection of pre-training data and 

potentially incorporating debiasing techniques to mitigate the transfer of biases to 

downstream tasks is necessary.  

 

Another critique associated with pretraining lies in ensuring the meaningfulness and 

coherence of the learned representations. This challenge stems from the inherent 

limitations of unsupervised learning objectives commonly used in pre-training[72]. 

For instance, Masked Language Modeling (MLM), a prevalent pre-training objective, 

predicts masked words based on context. However, this objective can lead the model 

to prioritize statistically frequent co-occurrences over capturing deeper semantic 

relationships. 

 

2.4.2 Transfer Learning  

Transfer learning is a technique that leverages knowledge gained from one task or 

domain to improve performance on a related but different task or domain. In the 

context of transformers, transfer learning involves using the weights of a pre-trained 

model as a starting point for training on a new task or domain[55].  Transfer learning 
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is instrumental when dealing with limited labelled data for a specific task or domain, 

as it allows the model to leverage the knowledge acquired from large-scale pre-

training on diverse data sources. Figure 2.3 is a diagrammatic representation of the 

transfer learning process in transformers.  

 

Figure 2.3: Transfer Learning in NLP (Source: [73]) 

 

The pre-trained model's weights can be used differently for transfer learning. Feature 

extraction is one of the techniques in which the pre-trained model is used as a feature 

extractor, and only the final layers are trained on the new task or domain. Feature 

extraction is a widely explored approach in the context of NLP and pre-trained models.  

This study has [73] revealed that the intermediate representations learned by these 

models during pretraining can effectively be used as a starting point for downstream 

tasks. The study has also highlighted that the lower layers of pre-trained transformer 

models capture more general, task-agnostic features, while the higher layers learn 

more task-specific representations. 

 

For instance, this study [74] demonstrated that freezing the lower layers of the pre-

trained model and treating them as a fixed feature extractor while fine-tuning only the 

final layers on the target task can be particularly effective when the target task is 

closely related to the pretraining objective or when the available labelled data for the 

target task is limited. This study also demonstrated that feature extraction can 

significantly reduce the computational requirements and training time compared to 

fine-tuning the entire model, making it a practical solution for resource-constrained 

environments.  
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Fine-tuning is the second approach, whereby the entire pre-trained model is fine-tuned 

on the new task or domain, with all layers updated during training. This is best 

described as adapting a pre-trained transformer model to a specific downstream task 

or domain[52]. It involves initializing the model with pre-trained weights and training 

it on a labelled dataset relevant to the target task. During fine-tuning, the pre-trained 

model's weights are updated using a smaller learning rate compared to the pre-training 

phase.  

 

This approach allows the model to retain the general language knowledge acquired 

during pre-training while adapting to the new task-specific data. Fine-tuning can 

significantly improve performance on various NLP tasks, such as text classification, 

named entity recognition, question answering, and summarization. The learning 

function in the process of fine-tuning can be represented as; 

 

𝜃fine-tuned = 𝜃argmin(ℒtask (𝜃)) 

Equation 2.6: Learning Function (Source: [73]) 

 

Here: 

𝜃fine-tuned  represents the fine-tuned parameters of the transformer 

model. 

ℒtask (𝜃) denotes the task-specific loss function. 

𝜃 represents the parameters of the pre-trained transformer model. 

 

In this equation, the objective of fine-tuning is to minimize the task-specific loss 

function with respect to the model parameters. The model learns to adjust well to the 

characteristics of the target task by iteratively adjusting the parameters through 

gradient descent or other optimization techniques,  thereby improving its performance 

on that task[75]. Fine-tuning enables the model to leverage the knowledge acquired 

during pre-training while tailoring its representations to the characteristics of the 

downstream task, ultimately enhancing its effectiveness and adaptability. 

 

The third approach is Multi-Task Learning, whereby the pre-trained model is trained 

simultaneously on multiple tasks. In multitask learning, a pre-trained language model 
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is the foundation for learning representations across various tasks[76]. This is 

achieved by jointly optimizing the model's parameters on diverse tasks so that the 

model can capture common patterns beneficial for all tasks while also adapting to the 

specific requirements of each task[76]. One key advantage of multitask learning is its 

ability to facilitate transfer learning across tasks with varying degrees of data 

availability. This aspect has been highlighted in studies such as [77], which 

demonstrated that multitask learning can mitigate data sparsity's impact and improve 

low-resource tasks' performance by transferring knowledge from tasks with sufficient 

data.  

 

Numerous studies in the literature have demonstrated the effectiveness of multitask 

learning in NLP by applying this approach to various NLP tasks, including sentiment 

analysis, text classification, and named entity recognition, showing that jointly 

training a single model on multiple tasks improved performance compared to training 

separate models for each task. Multitask learning has also been used for various 

sequence tagging tasks such as part-of-speech tagging, chunking, and named entity 

recognition, establishing that multitask learning can perform well in low-resource 

tasks and enhance model generalization. 

 

While transfer learning shows promise in leveraging shared representations across 

tasks, its practical implementation introduces complexities in optimization and may 

lead to slower convergence or suboptimal solutions[30]. Optimizing multiple 

objectives simultaneously requires careful tuning of hyperparameters to ensure 

effective learning across all tasks. Task similarity and pretraining objective 

compatibility are crucial factors influencing the effectiveness of multitask learning 

and could potentially result in imbalanced learning dynamics and suboptimal 

performance[53]. Therefore, while transfer learning offers advantages in knowledge 

transfer, its implementation requires consideration of task compatibility, optimization 

strategies, and model architecture design. 

 

2.4.3 Retrieval Augmented Generation (RAG) 

Retrieval Augmented Generation (RAG) has become highly regarded in the field of 

natural language processing, especially for tasks that require extensive knowledge, 
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such as question answering and text summarization. RAG enhances the accuracy and 

informativeness of responses by integrating the language comprehension strengths of 

transformer models with the capability to retrieve and utilize pertinent factual 

information. 

 

In the RAG approach, a retriever component retrieves relevant documents or passages 

from a large knowledge base (e.g., Wikipedia) based on the input query or context. 

The retrieved information is then passed to a generator component, typically a pre-

trained transformer-based language model[78]. The generator processes the input and 

the retrieved data to generate the final output. Figure 2.4 illustrates the RAG 

architecture.  

 

 

Figure 2.4: RAG Architecture (Source: [78]) 

 

The field of Natural Language Processing has demonstrated the effectiveness of RAG 

models in various knowledge-intensive tasks. For instance, this study [79] applied the 

RAG architecture and showed significant improvements in performance on open-

domain question-answering tasks compared to models that rely solely on language 

modelling. In the above study, the authors explored the application of RAG models in 

the context of open-domain dialogue systems, showcasing their ability to provide 

more informative and relevant responses by leveraging external knowledge sources. 
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The authors also investigated the impact of different retrieval strategies and 

knowledge base representations on the performance of RAG models[79]. Their 

findings highlighted the importance of efficient and effective retrieval techniques and 

the quality and diversity of the knowledge base used for retrieval. 

 

RAG models have demonstrated promising results; however, they also face several 

challenges and limitations. One critique is the potential for hallucinations or factual 

inconsistencies, as the generated output may occasionally deviate from the retrieved 

information or introduce erroneous details[80]. This issue has been noted by 

researchers who emphasize the importance of addressing such discrepancies to 

enhance the reliability and trustworthiness of RAG-generated content. Additionally, 

the performance of RAG models relies heavily on the quality and coverage of the 

external knowledge base. Limited or biased knowledge bases may hinder the model's 

ability to retrieve relevant information accurately, particularly in specialized domains 

or languages[80]. Researchers have proposed various strategies to mitigate these 

challenges, including incorporating fact-checking mechanisms, refining the retrieval 

process with improved ranking and filtering techniques, and enhancing the knowledge 

base through data augmentation. 

 

2.4.4 Hyperparameter Optimization 

Hyperparameter optimization is an important process in developing and refining 

transformer models, as it significantly impacts their performance, convergence, and 

generalization capabilities[81]. Hyperparameters are model parameters that are 

predetermined rather than learned during the training process, and can significantly 

affect the performance and behaviour of the model. Examples of hyperparameters 

include learning rate, batch size, and the model's architecture. The goal of 

hyperparameter optimization is to find the optimal values for these hyperparameters 

that result in the highest performance of the model on a validation set. This process 

often involves systematically searching through the hyperparameter space, either 

exhaustively or using optimization techniques[33]. Selecting appropriate 

hyperparameter values is a non-trivial task, and various optimization techniques have 

been proposed and employed in the literature. 
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One common approach to hyperparameter optimization is manual tuning, where 

experienced researchers or practitioners adjust hyperparameters based on domain 

knowledge, intuition, and empirical observations[82]. While this method can be 

effective, it is time-consuming and relies heavily on human expertise, which may not 

always be available or optimal. Automated hyperparameter optimization techniques 

have been widely explored in the literature to address this issue. Grid and random 

search are popular methods that evaluate the model's performance across a predefined 

grid of hyperparameter combinations or randomly sampled combinations, 

respectively[82]. These techniques are straightforward to implement and offer a high-

dimensional hyperparameter search space, especially for large transformer models. 

Grid search has been successfully employed in various transformer-based 

applications, such as natural language processing (NLP), computer vision, and speech 

recognition. In the NLP domain, grid search has optimized hyperparameters for 

transformer models in tasks like machine translation, language modelling, and text 

summarization.  

 

Other optimization techniques, such as Bayesian and gradient-based optimization, 

have also gained traction in the literature[83], [84]. Bayesian optimization uses 

probabilistic models to guide the search toward promising regions of the 

hyperparameter space, reducing the number of evaluations required. Gradient-based 

optimization treats differentiable hyperparameters as additional model parameters and 

optimizes them using gradient descent techniques. Gradient-based optimization for 

hyperparameter tuning in transformer models has showcased a high potential for 

efficient and scalable optimization[83]. These optimization methods have been 

successfully applied to transformer models, demonstrating their effectiveness in 

finding optimal or near-optimal hyperparameter configurations. For instance, 

[84]employed Bayesian optimization to tune the hyperparameters of a transformer-

based machine translation model, achieving competitive performance while reducing 

computational costs compared to random search. 

 

While these hyperparameter optimization techniques have shown promising results, 

they still have challenges and limitations. One critique is some optimization methods' 

computational complexity and resource requirements, particularly for the high-

dimensional, multi-modal, and non-convex hyperparameter spaces encountered in 
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large-scale transformer models[33]. Additionally, the performance of these 

approaches may vary based on the specific task, dataset, and model architecture, 

necessitating careful consideration and domain-specific tuning. Therefore, researchers 

need to explore combining multiple approaches to hyperparameter optimization or 

consider developing new techniques for approximations of the objective function to 

guide the search space for optimization.  

 

2.4.5 Model Quantization 

Transformers have transformed the Natural Language Processing domain, achieving 

remarkable performance in text summarization, machine translation, and question-

answering. However, their complex architecture often leads to high computational 

costs and memory demands, which hinders their deployment in resource-constrained 

environments[31]. Therefore, quantization techniques offer a promising solution to 

address the above limitation by reducing transformer models' memory footprint and 

computational requirements. Quantization reduces the precision of a transformer 

model's weights and activations, typically from 32-bit floating-point representation to 

lower-precision formats such as 16-bit or 8-bit integers[85].  

 

Several quantization techniques can be applied to transformers. For instance, the study 

in [85] demonstrates that quantizing model weights to lower precision formats, such 

as 8-bit integers (INT8), can significantly reduce memory footprint and potentially 

accelerate computations. This study showed minimal accuracy degradation for certain 

NLP tasks when using INT8 quantization. This approach led to a 4x reduction in 

memory footprint and inference speedup on optimized hardware, demonstrating its 

effectiveness in compressing the model while maintaining acceptable accuracy. Post-

training quantization (PTQ) is another approach that quantizes a pre-trained model 

after training. A study conducted in [86]showcased the effectiveness of PTQ for 

Transformers, whereby their results achieved significant memory reduction and 

speedups with minimal impact on accuracy. 

 

Another common quantization type is weight quantization, where only the model's 

weights are quantized while the activations remain in full precision. Weight 

quantization reduces the storage requirements of the model by compressing the 

parameters, thereby enabling faster inference and a lower memory footprint[87]. 
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However, this approach may lead to accuracy degradation, especially in tasks where 

fine-grained parameter values are crucial for performance. The study in [87] has 

established that weight quantization can often achieve significant model size and 

inference speed-ups with relatively modest accuracy degradation. This is because the 

transformer's self-attention mechanism is relatively robust to quantization errors in the 

weights as long as the general patterns of the attention weights are preserved. 

 

Activation quantization is another technique to reduce the numerical precision of 

activation values within a transformer model. These activation values represent the 

intermediate outputs calculated during the forward pass of the model[85]. Activation 

values result from applying linear transformations to the previous layer's outputs 

before feeding them into the next layer for further processing. According to this 

study[86], activation quantization has a more direct impact on the intermediate feature 

representations computed by the transformer layers. Thus, more careful calibration is 

required to avoid excessive information loss. 

 

Another technique is Quantization-Aware Training (QAT), which incorporates 

quantization during the training process. Studies have demonstrated that QAT can lead 

to better performance compared to PTQ, as the model learns from the outset with 

lower precision representations[88]. The study in [88] directly integrated quantization 

into the training process, exposing the model to the initial lower-precision 

representations of weights and activations. This allowed the model to adapt and 

optimize its internal calculations for the lower precision format. Their findings show 

that this approach led to superior performance compared to PTQ, making it a 

promising technique for achieving significant efficiency gains for Transformers 

without compromising accuracy. 

 

Although quantization techniques have remarkably reduced transformer models' 

computational and memory footprint, the literature has highlighted several significant 

limitations and challenges. A key concern is the inherent trade-off between model 

efficiency and accuracy - aggressive quantization can lead to substantial degradation 

in the transformer's performance, particularly on demanding tasks that require rich 

feature representations[89]. Moreover, the effectiveness of quantization is highly 
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sensitive to the specific model architecture and the target task, making it difficult to 

develop universal techniques that generalize well[86].  

 

Existing quantization approaches also suffer instability and optimization challenges, 

often requiring careful hyperparameter tuning and model optimization techniques[89]. 

Therefore, cautious quantization strategies and methods need to be introduced to help 

mitigate these trade-offs and maintain high performance while achieving substantial 

efficiency gains. Additionally, given that the optimal quantization strategy may 

depend on the specific model, task, and deployment constraints, there is a need for 

techniques that can dynamically adjust the quantization parameters based on these 

factors. 

 

2.5 Evaluation Metrics in Text Summarization  

Evaluation metrics play a crucial role in assessing the performance and effectiveness 

of text summarization techniques, both in research and industry applications. These 

metrics provide quantitative measures to evaluate the quality of generated summaries 

and the effectiveness of different summarization approaches. Evaluation in text 

summarization can be broadly categorized into intrinsic and extrinsic evaluation[90]. 

Intrinsic evaluation focuses on assessing the quality of the summaries directly by 

examining their coherence, informativeness, and overall quality against the source 

text. This type of evaluation emphasizes the internal characteristics of the generated 

summaries and their ability to convey the key information in the original text[90]. In 

contrast, extrinsic evaluation evaluates how the summarization technique affects the 

performance of other measures, such as the readability and conciseness measure in the 

summary.  

 

Various evaluation metrics have been developed and utilized in the field to measure 

the effectiveness of text summarization techniques. Commonly used evaluation 

metrics include ROUGE (Recall-Oriented Understudy for Gisting Evaluation), BLEU 

(Bilingual Evaluation Understudy), METEOR (Metric for Evaluation of Translation 

with Explicit Ordering), and Human Evaluation. Each metric has strengths and 

limitations, and researchers often employ multiple metrics to evaluate text 

summarization comprehensively. The metrics discussed below enable researchers to 
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identify effective approaches, compare different methods, and advance the text 

summarization domain by providing an objective measure of summarization quality. 

 

2.5.1 BLEU Score 

The BLEU (Bilingual Evaluation Understudy) score is a widely used metric for 

evaluating the quality of machine-generated text, particularly in machine translation 

and text summarization[91]. Developed by Papineni et al., BLEU aims to measure the 

similarity between a generated text and one or more reference texts by comparing their 

n-gram overlap. BLEU effectively captures the lexical and semantic similarity of the 

generated text to the original content by focusing on the n-gram overlap between 

generated summaries and reference summaries[91]. 

 

The mathematical definition of this metric involves calculating the geometric mean of 

the precision scores for individual n-gram orders (usually up to 4-grams). Each 

precision score represents the ratio of the number of matched n-grams in the generated 

text to the total number of n-grams in the reference texts. BLEU also incorporates a 

brevity penalty to penalize shorter generated texts that may artificially inflate precision 

scores. The BLEU score can be mathematically expressed as follows: 

 

BLEU = BP × exp⁡ (∑  

𝑁

𝑛=1

 𝑤𝑛 ⋅ log⁡ 𝑝𝑛) 

Equation 2.7: BLEU Score (Source: [91]) 

 

Here, 

BP is the brevity penalty, which penalizes shorter generated texts. 

𝑁 is the maximum order of n-grams considered.  

𝑤𝑛 Is the weight assigned to the precision score for n-grams of order 𝑛.  

𝑝𝑛 Is the precision score for n-grams of order 𝑛. 

 

Generally, the widespread use of the BLEU score in text summarization literature 

reflects its effectiveness as a reliable and widely accepted evaluation metric[35]. Its 

ability to provide quantitative measures of summarization quality, ease of use, and 
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adaptability makes it one of the go-to evaluation metrics for researchers and 

practitioners aiming to develop and evaluate various text summarization techniques. 

  

2.5.2 ROUGE Metrics 

In text summarization, the ROUGE (Recall-Oriented Understudy for Gisting 

Evaluation) metrics have become the de facto standard for assessing the performance 

of summarization systems. These metrics were introduced by Chin-Yew Lin et al. and 

are based on measuring the overlap between the generated summary and one or more 

references (human-written) summaries[92]. 

 

This metric encompasses several variants, each designed to evaluate different aspects 

of summary quality. ROUGE-1 focuses on unigram overlap, measuring the similarity 

between the generated summary and the reference summary based on the occurrence 

of individual words. ROUGE-2 extends this evaluation to bigrams, considering pairs 

of consecutive words in the summaries. ROUGE-L evaluates the longest common 

subsequences between the summaries, which allows for a more flexible assessment of 

summary similarity, accounting for differences in word order[92]. The ROUGE metric 

can be defined as:  

 

𝑅ROUGE-N =
∑  𝑆∈{ Reference }  ∑  𝑁𝑛− gram ∈𝑆  Countmatch ⁡(𝑁𝑛− gram )

∑  𝑆∈{ Reference }  ∑  𝑁𝑛− gram ∈𝑆  Count⁡(𝑁𝑛− gram )
 

Equation 2.8: Rouge Metrics (Source: [92]) 

   Whereby 

{reference} denotes the reference summaries. 

Count (Nn-gram) represents the count of n-grams in the reference summary. 

Countmatch (Nn-gram) is the number of n-grams in the reference and generated 

summary. 

 

The ROUGE metrics have gained widespread acceptance and are predominantly used 

in text summarization research, backed by the consulted literature. One of the primary 

reasons for the widespread adoption of ROUGE is its strong correlation with human 

judgments of summary quality. Numerous studies have demonstrated that ROUGE 

scores align well with human evaluations, making it a reliable automatic metric for 
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assessing the performance of summarization systems[90]. This correlation with 

human judgments lends credibility to using ROUGE as a substitute for manual 

evaluation, which is often time-consuming and expensive. Therefore, this metric's 

widespread adoption and endorsement in the text summarization research community 

attest to its reliability, practicality, and effectiveness as an automatic evaluation 

metric. 

 

2.5.3 METEOR 

METEOR (Metric for Evaluation of Translation with Explicit Ordering) is an 

evaluation metric for text summarization and machine translation. It combines 

precision, recall, and alignment-based measures to assess the overall fluency and 

quality of the generated summary. METEOR considers several linguistic and semantic 

elements, such as sentence stemming, synonymy matching, and exact word matching, 

to evaluate the summary quality [93]. Recall is given a higher weight than precision, 

and the measure is based on the harmonic mean of unigram precision and recall.  

 

The METEOR metric begins by aligning the candidate and reference translation 

strings. This alignment consists of mappings between unigrams, ensuring that each 

unigram in the candidate translation maps to either zero or one unigram in the 

reference [93]. The selected mappings aim to create an alignment with minimal 

crosses, meaning fewer intersections between the mappings. Once the alignment is 

done, the unigram precision and recall are calculated as follows;  

 

P/R =
m

wt
 

Equation 2.9: METEOR (Source: [93]) 

Whereby, 

m is the no. of unigrams in the generated and the reference sequence. 

Wt is the no. of unigrams in the generated sequence.  

 

In literature, METEOR has been shown to produce a good correlation with human 

judgment at the sentence or segment level; however, it has some limitations; for 

example, METEOR does not take into account the semantic similarity of words, and 

it does not capture clusters of words in the candidate that matches closely with clusters 
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of words in the reference[90]. Another limitation of METEOR is that this metric is 

based on the assumption that the reference summary is the gold standard against which 

the generated summary should be compared[93]. However, in some cases, the 

reference summary may not be the best, and the generated summary may be better. In 

such cases, METEOR may not accurately evaluate the quality of the generated 

summary. 

 

2.5.4 Human Evaluation 

Natural language processing research has employed human evaluation in addition to 

the automatic measures mentioned above to gauge the quality of text produced by 

machines. A typical human evaluation process involves assigning a quality rating to 

the created text by human judges. This evaluation type is an important complement to 

automated metrics, as it provides insights into some aspects of text quality that 

automated metrics may not capture[94]. However, researchers should be cautious 

when interpreting human evaluation results and consider the limitations and biases 

inherent in the human evaluation process.  

 

There are several limitations and challenges associated with human evaluation, which 

have been identified from the literature. One of the main criticisms of human 

evaluation is its subjectivity and inconsistency. Different human judges may have 

varying opinions and interpretations of text quality, leading to discrepancies in the 

ratings assigned to the same text[94]. Human judges may be influenced by factors 

such as personal preferences, cultural background, and linguistic fluency, which can 

introduce bias into the evaluation results. Additionally, the lack of standardized 

evaluation protocols and guidelines can further intensify these biases and 

inconsistencies, undermining the reliability and validity of human evaluation in text 

summarization[94]. As a result, human evaluation was not feasible or practical for this 

study; hence, the researcher settled for automatic metrics for evaluation.  

 

2.6 Summary  

The second chapter of this thesis has covered a comprehensive literature review on 

various aspects of text summarization using transformer-based models. Four models, 

GPT, T5, PEGASUS, and BART, which leverage the transformer architecture, were 

reviewed in line with the first objective. The aim of this objective covering the 
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transformer-based models for text summarization was to analyze, appreciate, and 

critique what has been presented in the literature. For the second specific research 

objective, the chapter presented approaches and techniques for designing, developing, 

and improving models based on the transformer architecture. Evaluation metrics such 

as the ROUGE Metrics, Human evaluation, and the BLEU and METEOR score, used 

in text summarization evaluation, were also covered with respect to the third specific 

objective of the research, which was evaluating the improved model. 
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CHAPTER THREE 

 METHODOLOGY 

3.1 Introduction  

This chapter describes the research methodology that guided this research. The chapter 

begins with defining the research design adopted for this study and then follows with 

the research process that was followed to accomplish the three specific objectives. The 

data acquisition process is also described, along with detailed data pre-processing 

steps performed on the dataset. The experimental materials utilized in conducting this 

study are also described in this chapter. Finally, the ethical considerations that guided 

this study are included at the end of this chapter.  

 

3.2 Research Design  

The researcher adopted a True Experimental research design. This research design is 

characterized by the ability to manipulate an independent variable, control extraneous 

variables, and randomly assign participants to different groups [95]. True 

Experimental research designs are considered the gold standard for establishing cause-

and-effect relationships. There exist various types of true experimental research 

designs, however, the researcher settled for the Pretest-Posttest Control Group Design 

for this study. 

 

The research design was justified by the fact that the researcher usually has complete 

control over the research process, allowing for the manipulation of one or more 

independent variables while observing the effects on dependent variables [96]. This 

level of control is achieved by carefully controlling for extraneous variables that could 

potentially influence the outcome, thereby reducing errors and increasing the 

confidence levels and the reliability of the findings.  

 

In this research design, the researcher randomly assigns participants to an 

experimental or control group [95], [96]. Therefore, the experimental group was 

subjected to the intervention or treatment being investigated, while the control group 

did not receive the treatment. Consequently, a pretest and posttest were carried out on 

both the improved model that had been developed (experimental group) and the 

baseline model (control group), with measurements taken before and after the 

intervention to assess the effectiveness of the improvements. In comparing the pretest 



38 

 

and the posttest performance of the two groups, this research design allowed for a 

rigorous assessment of the effectiveness of the improved model for text summarization 

of news articles. This research design, therefore, helped the researcher establish a 

causal relationship between the independent variables and the dependent variables in 

this study.  

 

3.3 Research Process  

A research process describes the steps the researcher undertook to achieve the research 

objectives and answer the research questions [95]. The general objective of this study 

was broken down into three specific objectives, which needed to be procedurally 

solved in chronological order to achieve the general objective. 

 

The study's first specific objective was to answer a research question on determining 

a suitable transformer-based model and performance-improving features in text 

summarization of news articles.  A comparative study was conducted as described in 

section 3.5 to answer this research question, whereby the four transformers for text 

summarization were subjected to the same set-up experiment. The output from the 

first specific objective was the best-performing model in text summarization alongside 

features that can improve its performance.  

 

The second specific objective was to improve on the best-performing model from the 

first objective. The improvements were fueled by the need to address the overarching 

transformer limitations, which were pointed out in the literature and included in the 

problem statement. Section 3.6 describes how the researcher developed the improved 

model, which was the deliverable of this specific objective.  

 

 This study's third specific objective was to evaluate the performance of the improved 

model on benchmark text summarization datasets. Model evaluation was conducted 

as described in section 3.7, whereby two datasets and two evaluation metrics were 

considered.  The illustration in Figure 3.1 shows the research process flow across the 

three specific research objectives.  
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Figure 3.1: The Research Process 

 

3.4 Data Acquisition 

Secondary data was used in this study, and it was obtained from the publicly available 

text summarization benchmark datasets. Previous studies such as [60], [97], [98], 

which are aligned with this research, have also used secondary data; hence, there was 

a need to stick to secondary data for comparability and replicability. The choice of 

secondary data was also justified by its accessibility and comprehensiveness, 

providing a broader scope of news article coverage than could be obtained through 

primary data collection. Additionally, the time and resource constraints made 

secondary data a more practical and efficient choice for this research. 

 

3.4.1 Dataset Description  

Two datasets were selected from the publicly available text summarization benchmark 

datasets in the Hugging Face Hub, which is a comprehensive platform for natural 

language processing research, as it offers a vast repository of pre-trained models and 

datasets that are readily accessible for various NLP tasks. The CNN/DailyMail dataset 

was selected as the training and validation set, while the XSUM dataset was used to 

evaluate how the proposed model would generalize on data it had not been trained on.  

 

The CNN/DailyMail dataset is a widely used benchmark dataset for text 

summarization tasks in natural language processing (NLP). The researcher considered 
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the 3.0.0 non-anonymized version of the CNN/DailyMail dataset, which is justified 

by the fact that it is specifically curated for abstractive summarization. This dataset is 

made up of a collection of news articles paired with human-generated summaries from 

two major news outlets: CNN and DailyMail. The dataset spans diverse topics such as 

politics, sports, entertainment, and technology, reflecting the breadth of news 

coverage typically encountered in journalistic contexts [3]. Each article-summary pair 

in the dataset is carefully curated to ensure high quality and relevance, making it 

suitable for adoption in text summarization research.  

 

The XSUM dataset is a prominent and widely utilized benchmark dataset for 

evaluating abstractive summarization models because of its large scale, topical 

diversity, and human-written summaries.  Created by harvesting online articles from 

the British Broadcasting Corporation (BBC), this dataset comprises over 227,000 

article-summary pairs in news articles[8]. Notably, the summaries in XSUM are 

professional multi-sentence summaries generated by skilled writers, ensuring high-

quality and accurate target texts for the summarization task. The articles cover various 

topics, including news, politics, weather, business, and more, providing a 

comprehensive evaluation framework for summarization models. The two datasets 

contain training, validation, and testing instances of news article pairs, as shown in the 

illustration of the dataset distribution in Table 3.1.  

 

Table 3.1: Dataset Distribution in the CNN/DailyMail and the XSUM Datasets. 

Dataset Split 
Distribution of Articles 

CNN/DailyMail XSUM 

Train Set 287,226 204,045 

Validation Set 13,368 11,354 

Test Set 11,490 11,332 

 

3.4.2 Data Pre-processing   

Data pre-processing was conducted on both datasets, CNN/DailyMail and XSUM, to 

transform the raw data into a suitable format for the models to process the sequences 

effectively, given that this is a necessary procedure in deep learning and natural 

language processing tasks, as observed in [99]. This study's first step in data pre-

processing involved tokenizing the input text sequences. Tokenization was conducted 
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to segment the text into smaller units referred to as tokens, which can be words, sub-

words, or characters[100]. The researcher used the T5Auto-tokenizer from the 

Hugging Face Transformers library, specifically designed for the T5 model. The 

tokenizer converted the input text into a sequence of token ids and attention masks. 

The token ids represented the numerical encoding of the tokens, while the attention 

mask indicated the tokens that should be attended to by the model’s encoder.  

 

 The second step in the pre-processing stage was performing sequence truncation and 

padding to accommodate the transformer's context length for both datasets. For input 

sequences longer than the maximum sequence of 512, the truncation step truncated 

them to fit the specified length. This process involved retaining only the initial 

segment of the sequence up to the maximum length and then pushing the remaining 

tokens to the next sequence.  On the other hand, for input sequences shorter than the 

maximum length, the researcher padded them with special tokens of 0s to ensure a 

consistent sequence length. The padding step involved appending the appropriate 

number of padding tokens to the end of the sequence, allowing the encoder to handle 

all sequences simultaneously in a batch. 

 

Following the pre-processing steps above, the third and final step was to split the 

dataset into three subsets: training, validation, and testing, on a ratio of 70%, 20%, and 

10%, respectively, which is a standard practice in machine learning and is essential 

for model training, validation, and testing, as per [34]. The training set was used to 

train the model, allowing it to learn the patterns and relationships necessary for text 

summarization. The validation set served as a checkpoint during training to enable the 

monitoring of the model's performance, while the test set evaluated the model's 

generalization performance on unseen data.  

 

3.5 A Comparative Study of Text Summarization Transformers 

For the first specific objective in this study, a comparative study was conducted to 

identify a suitable transformer-based model for text summarization of news articles, 

along with features that can improve performance. The suitability was defined by the 

model’s performance in the same set-up experiment on a text summarization task. The 

researcher was guided by the existing literature conducted on transformers for text 

summarization of news articles and selected four commonly used transformer-based 
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models for text summarization of news articles [4], [23], [98]. The four selected 

models were: Generative Pretrained Transformer (GPT), Text-to-Text Transfer 

Transformer (T5), Bi-directional Auto Regressive Transformer (BART), and Pre-

training with Extracted Gap sentence for Abstractive Summarization. (PEGASUS). 

The selection of these four models—GPT, T5, BART, and PEGASUS—was justified 

by their widespread recognition, their varied approaches to handling summarization, 

and their demonstrated effectiveness in the literature on text summarization tasks.  

 

 The comparative study was conducted under the same experimental setup, and a 

detailed description of the experiment is provided below. The experiment was 

simulated on a Python notebook in the Google Collaboratory environment that 

provided additional hardware accelerating GPUs and afforded access to CUDA 

version 12.2, the Transformers library version 4.35.2, and PyTorch version 2.2.1. Only 

the CNN/DailyMail dataset obtained from the Hugging Face Hub, whose composition 

in the train, validation, and test set distribution is as follows: the train split has 287,226 

instances, the validation split contains 13,368 instances, and the test split has 11,490 

instances, was used for the comparative study. The dataset was pre-processed 

according to the procedure described in section 3.4.2 to format the dataset 

appropriately for transformer models.  

 

The four models considered for this comparative study were then subjected to similar 

hyperparameters to ensure the fairness and comparability of the evaluation results. 

Therefore, a fixed number of 8 attention heads was used, and 2048 was the 

feedforward neural network dimension in each transformer block. A low learning rate 

of 1e-5 and a weight decay of 10-2 were adopted since this was a fine-tuning task for 

the pre-trained models. The AdamW optimizer maximized model performance while 

preventing the learned representations from being catastrophically forgotten. Each 

transformer model was trained for 10 epochs with a batch size of 12 to reduce the 

memory used during each training and validation iteration. The number of steps 

needed to accumulate gradients before performing an update pass was set at 16 to 

speed up the training process. The evaluation and model save strategy, which controls 

the number of saved model checkpoints, was determined by the predefined number of 

epochs.  
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In the comparative study, the pre-trained models, with their pre-trained weights, were 

sourced directly from the Hugging Face hub, and the training process was initiated by 

invoking the Trainer class, which incorporated the specified training arguments to 

establish the training loop. During this phase, the parameters of the pre-trained models 

were adjusted with a lower learning rate to prevent disrupting the learned 

representations acquired during the pretraining stage. This careful tuning ensured the 

models retained their pretraining knowledge while adapting to the new tasks. The 

training process entailed calculating the loss, backpropagating to compute the 

gradient, and then making parameter updates guided by the predefined gradient 

accumulation steps. This procedure was justified by the fact that, as this study [97] 

showed, the target task was comparable to the model’s pretraining task. The training 

process was optimized using the AdamW optimizer in the training phase, with the 

cross-entropy loss serving as the loss function.  

 

The researcher used ROUGE metrics to evaluate the model’s performance by 

quantifying the alignment between the generated text and the reference summary. 

ROUGE-1 measured the unigram overlaps, ROUGE-2 measured bigram overlap, and 

ROUGE-L determined the longest common subsequence, while ROUGE-Lsum 

focused on the longest common subsequence of words between the generated and 

reference summaries, according to [92]. The preference for ROUGE metrics was 

justified by their widespread acceptance and effectiveness in evaluating text 

summarization quality, as they provide a standardized and comprehensive measure of 

the overlap between generated summaries and reference texts. The evaluation results 

were compared to determine the model with the highest ROUGE scores, which the 

researcher would then proceed to improve on in the second objective of this study. 

The detailed results obtained from the objective one’s comparative study are presented 

and discussed in Chapter 4 of this thesis.  

 

3.6 Developing the Improved Model 

The second specific objective of this study was to improve on the model identified 

from the first specific objective. Guided by the evaluation results from the comparative 

study, the researcher settled for the T5 Model, given that it recorded the highest 

evaluation scores in comparison with other models. However, with the complaint 

statements raised in the problem statement of this study [30], [31], [32], [33], [34],  
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the T5 transformer still has limitations that need to be addressed. Therefore, it was 

imperative to improve on this model, aiming at addressing the reported limitations and 

consequentially improving its performance in text summarization of news articles. The 

improvements that the researcher integrated are described in detail in the following 

sections.  

 

3.6.1 Model Quantization 

The first reported limitation of the T5 model is that it involves a lot of attention 

operations and matrix multiplications, which translates into high computational 

demands during training and inferencing. Addressing this challenge prompted the 

researcher to perform model quantization, as illustrated in the following model 

quantization algorithm.  

 

Model Quantization Algorithm 

 

Require: Model with L layers, desired precision levels 

Ensure: Quantized model 

 

// Define model layers and desired precision levels 

model_layers = get_model_structure () 

high_precision = 32 // For activations in fully-connected layers 

low_precision = 16 // For weights in linear layers 

 

// Perform selective quantization on the model 

for layer_index from 1 to L, do: 

    layer = model_layers[layer_index] 

    if layer. type == "Fully-Connected": 

        layer. activations = quantize_to_precision (layer. activations, 

high_precision) 

    else if layer. type == "Linear": 

        layer. weights = quantize_to_precision (layer. weights, low_precision) 

    end if 

end for 

 

// If performance loss is significant, apply PQ fine-tuning 

performance_loss = evaluate_model_loss(model_layers) 

if performance_loss >= 2%: 

     model_layers = fine_tune_quantized_model(model_layers) 

end if 

return quantized_model 
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The model quantization process was geared towards reducing the training and 

inference cost of the T5 model. This was achieved by selectively quantizing the 

model's layers to lower precision levels, hence reducing the computational cost 

associated with full-precision operations. The quantization process was as follows: the 

first step was defining the model's layer structure and specifying the desired precision 

levels for different layer types. Specifically, 32-bit full precision was applied for 

activation matrices in the fully connected layers, which are highly sensitive to 

quantization, while a lower 16-bit precision format was applied to the weight matrices 

in linear layers, which are tolerant to quantization. 

 

The quantization approach described above forms a part of the contributions made 

from this research, whereby the researcher has introduced an adaptive technique in its 

operation to strike a balance between preserving model performance and the 

representative capacity of its weight and activations.  The basic operation of the 

algorithm was to quantize the activations and weights based on their respective layer 

types and their response to precision reduction. For fully-connected layers, the 

activations were quantized to the high-precision level of 32 bits, ensuring minimal loss 

of information during the computation of non-linear transformations. The weights 

were then quantized to the lower 16-bit precision levels in the linear layers to capitalize 

on the inherent flexibility in weight representations in these layers in neural networks.  

 

Quantization is often associated with a slight model performance drop [89]. Therefore, 

the researcher incorporated a post-quantization fine-tuning (PQFT) step to mitigate 

potential performance drops from the quantization process. After quantizing the 

model, the algorithm evaluated the performance loss by comparing the quantized 

model's outputs to the baseline model's outputs. If the performance loss exceeded a 

predefined threshold of 2%, the algorithm self-initiated a fine-tuning step, where the 

quantized model's weights were re-adjusted on a fixed low learning rate. The fine-

tuning step readjusted any performance drop introduced by the quantization process, 

ensuring that the quantized model's performance remained within an acceptable range 

compared to the baseline model. 
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3.6.2 Hyperparameter Optimization  

The second limitation of the T5 model, as highlighted in the problem statement, was 

hyperparameter sensitivity, which is evidenced in overfitting, unstable training, and 

convergence while using the default training hyperparameters [84]. Therefore, the 

researcher utilized hyperparameter optimization to optimize the performance of the 

T5 model in text summarization of news articles.  

 

Hyperparameter optimization was conducted using two approaches. The first 

approach, manual optimization, entailed careful testing of numerous combinations of 

hyperparameter settings and analyzing the model's performance for each combination 

to determine the tuple that produced the best results. Static hyperparameters such as 

the batch size, number of epochs, and gradient accumulation steps were tuned 

manually, guided by the available computational resources regarding GPU memory. 

Manual tuning was also done on some dynamic hyperparameters, such as the learning 

rate, weight decay, and dropout rate during the training process, where the model’s 

performance on the validation set was closely monitored for signs of overfitting and 

underfitting. The researcher also manually incrementally increased the weight decay 

and dropout rate values during training to introduce more regularization to curb 

overfitting. 

 

The second hyperparameter optimization approach used was automated tuning. The 

researcher used the RayTune and Optuna libraries to automatically find the best tuple 

of hyperparameters during the optimization process. These libraries provide automatic 

hyperparameter tuning techniques using various optimization techniques in neural 

networks and deep learning. The researcher opted for gradient descent, one of the 

gradient-based hyperparameter optimization techniques in neural networks [83], [84]. 

Gradient-based hyperparameter optimization involves tuning hyperparameters by 

leveraging gradient descent or a related optimization algorithm. The main advantage 

of gradient-based optimization is that it can handle continuous and high-dimensional 

hyperparameter spaces more effectively, which is often the case in neural network 

architectures such as the transformer [83]. Gradient descent can also adapt to the 

hyperparameter optimization landscape's complexity, allowing for more efficient 

exploration of non-convex optimization surfaces. In gradient descent optimization, the 

aim was to iteratively update the parameters in the direction that minimizes the loss 
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function, ultimately reaching a local minimum and convergence point where the loss 

function is minimized, and was formulated as follows; 

 

𝜃𝑗+1 = 𝜃𝑗 − 𝛼∇𝐽(𝜃𝑗) 

Equation 3.1: Gradient Descent (Source: [83]) 

      

 In this equation: 

𝜃𝑗  Represents the current estimate of the parameters. 

𝛼 (alpha) is the learning rate to control the parameter updates. 

∇𝐽(𝜃𝑗) denotes the gradient of the loss function 𝐽 wrt the parameters 𝜃𝑗 . 

𝜃𝑗+1 represents the updated estimate of the parameters after taking a step in 

the direction of the negative gradient. 

 

In this approach, the researcher began by initializing the hyperparameter search space 

Θ = {𝜃1, 𝜃2, … , 𝜃𝑛} with initial values Θ(0). The initialization for each hyperparameter 

was random within a predefined range to make room for the exploration of a wide 

range of the hyperparameter search space. The goal was to minimize the model loss 

ℒ(w, Θ), where W represents the model parameters and Θ denotes the 

hyperparameters. At each iteration 𝑡, the model loss ℒ (𝑡) was calculated and optimized 

by adjusting the hyperparameters iteratively based on the gradient of the objective 

function with respect to each hyperparameter, as observed in this study [82]. The 

update rule for each hyperparameter 𝜃𝑖 was defined as: 

 

𝜃𝑖
(𝑡+1)

= 𝜃𝑖
(𝑡)

− 𝜂 ⋅ ∇𝜃𝑖ℒ 

Equation 3.2: Hyperparameter Update Rule 

 

Where: 

 𝜂 is a fixed scalar controlling the step size of the update. 

𝜃𝑖  represents the hyperparameters 

𝑡 represents each iteration  

ℒ  is the model loss 
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This iterative process continued until convergence, whereby the changes in the loss 

function ℒ(w, Θ) and the updates to w and Θ were the lowest, ensuring that the model 

converged to a global minimum of the loss function. Hyperparameters that formed the 

search space for gradient-based optimization included the learning rate, weight decay, 

optimizer, dropout rate, activation function, and warm-up steps. The ranges were 

selected based on prior domain knowledge, literature review, and the default values to 

cover a reasonable scope without being overly broad or narrow. This approach 

efficiently explored the hyperparameter space while avoiding exploring unpromising 

regions, leading to faster convergence to the optimal solution. The flowchart in Figure 

3.2 illustrates the process of hyperparameter optimization.  

 

 

Figure 3.2: Hyperparameter Optimization 

 

The combination of manual tuning for certain hyperparameters and automated tuning 

via gradient descent for other hyperparameters helped the model explore the 

hyperparameter space exhaustively. Therefore, this hybrid-like optimization approach 

resulted in a more effective hyperparameter optimization process tailored to the 

specific task and the model architecture. A suite of the optimal hyperparameter 

settings that yielded optimal model performance is presented in Chapter 4 of the thesis.  
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3.6.3 Modifying the Model’s Output Layer  

The default output layer of the T5 transformer is pre-trained for several tasks; 

however, this output head is not adapted specifically for a task-specific requirement 

such as text summarization. This raised a concern about the model's task-specific 

optimization and generalizability on a downstream task. Therefore, the researcher 

modified the output head of the model to adapt it for a text summarization task as 

described below. 

 

The modification involved the integration of two parameters for text generation, 

namely, sequence generation and token selection. These parameters are crucial for 

generating summary tokens from the encoded input representation, which the default 

output head struggled to handle explicitly. The researcher integrated the Temperature 

parameter, which is a sequence generation parameter that modulates the 

conservativeness or randomness of the generated output sequences by controlling the 

softmax distribution over the model’s output vocabulary[101]. The temperature 

parameter 𝑇 was applied to the logits z = (𝑧1, 𝑧2, … , 𝑧𝑛), which were the raw scores 

output from the model's final layer before the application the activation function. The 

adjusted logits z′ were computed as follows; 

 

𝑧𝑖
′ =

𝑧𝑖
𝑇

 

Equation 3.3: The Temperature Parameter 

 

Whereby 𝑇 was the temperature value between 0 and 1, 𝑧𝑖 represented the logits and 

𝑧𝑖
′ the adjusted logits. The probability distribution flattened for a temperature value 

closer to 1, resulting in more random outputs, while the distribution became sharper 

for values closer to 0, leading to a more uniform distribution due to the decrease in 

entropy.  

 

The Softmax activation function was then applied to these adjusted logits to obtain the 

resultant probability distribution. This activation function is usually applied to the 

logits (raw scores) generated by the final fully connected layer, representing the 

model's predictions for the next token in the summary sequence[40]. The Softmax 

activation function with the temperature parameter T was defined as: 
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𝜎𝑇(𝐳)𝑖 =
𝑒𝑧𝑖/𝑇

∑  𝐾
𝑗=1   𝑒

𝑧𝑗/𝑇
 

Equation 3.4: Softmax Activation Function with Temperature 

Here, 

𝜎𝑇(𝐳)𝑖 is the probability for the 𝑖-th element of the input vector 𝐳, 

𝑇 is the temperature parameter, 

𝐾 is the number of elements in the input vector 𝐳. 

𝑒 is the exponential function. 

𝑒𝑧𝑖 Is the exponentiation of the i-th element of the input vector. 

∑  𝐾
𝑗=1  𝑒

𝑧𝑗  Is the sum of the exponentials of all elements in the input 

vector. 

 

The top-k sampling parameter was also considered, which is particularly important for 

ensuring that the generated text is coherent and contextually relevant. This parameter 

works by limiting the selection process to a subset of the most probable tokens, thereby 

enhancing the quality of the generated text. Instead of considering the entire 

vocabulary, this parameter selects the top 𝑘 tokens with the highest probabilities, 

effectively narrowing down the candidate tokens, which increases the likelihood of 

producing high-quality text. In this parameter, the first step was computing the logits 

( z = 𝑧1, 𝑧2, … , 𝑧𝑛 ) from the model's output layer and then applying the softmax 

activation function to convert these logits into probabilities (p = 𝑝1, 𝑝2, … , 𝑝𝑛), just 

as in the temperature parameter. The probabilities were then sorted in descending 

order to identify the top 𝑘 tokens, denoted as {𝑝(1), 𝑝(2), … , 𝑝(𝑘)} where 𝑝(1) ≥ 𝑝(2) ≥

⋯ ≥ 𝑝(𝑘). The selection was then restricted to these top 𝑘 tokens, and their 

probabilities were renormalized to ensure that they formed a valid probability 

distribution: 𝑝′(𝑧𝑖 ∣ 𝑧𝑖 ∈ {𝑧(1), 𝑧(2), … , 𝑧(𝑘)}). The renormalized distribution was then 

used to sample the next token, either deterministically by selecting the token with the 

highest probability or stochastically by sampling according to the renormalized 

probabilities. 
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The Softmax activation function, therefore, played two vital roles in the output layer.  

The first role was to normalize the attention weights and logits to ensure proper 

distribution of attention over the input sequences. The resulting values, the output 

probabilities, represented the model's confidence in predicting each token as the next 

token in the summary sequence. This normalization ensures that the sum of the 

probabilities across all tokens in the vocabulary equals 1, satisfying the properties of 

a valid probability distribution[48]. The second role was to help in token selection 

during the summary generation process. The modified output head of the model could 

convert the logits into interpretable probabilities by applying the Softmax activation 

function to the logits, which improved the selection of the next token in the output 

sequence of the generated summary. 

 

3.6.4 Model Training and Validation 

The improved model was trained as described in this section. The training and 

validation set of the CNN/DailyMail dataset was used during model training and 

validation. The training process was as follows: firstly, the input text sequences and 

their corresponding target summaries were tokenized using a tokenizer specifically 

designed for T5. These tokenized inputs were then fed into the model and passed 

through the model’s architecture, which is comprised of self-attention mechanisms 

and feed-forward neural networks.  

 

The model was trained on the CNN/DailyMail dataset in two phases. In the first phase, 

only the fully connected layers (FCLs) were updated as the base model remained 

frozen. Freezing the base model and updating the FCLs first ensured that the updated 

model parameters were task-specific to adapt the model to the downstream task easily. 

In the second phase, a comprehensive training approach was used, whereby all the 

layers in the model were updated, rendering the model to function as a randomly 

initialized encoder. Training the entire model helped it extensively learn the dataset 

and find a balance between task-specific optimization and model generalization. 

  

The model iteratively adjusted its internal parameters through backpropagation to 

minimize a predefined loss function, the cross-entropy loss, between the predicted and 

ground truth summaries. Mathematically, cross-entropy loss is defined as; 
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 Cross-entropy Loss = −∑  

𝑇

𝑡=1

log⁡ 𝑃(𝑦𝑡 ∣ 𝑥, 𝑦<𝑡) 

Equation 3.5: Cross-entropy Loss Function (Source: [102]) 

 

Here, 

𝑇 is the length of the target summary. 

𝑦𝑡 Is the token at time step 𝑡 in the target summary.  

𝑥 is the input sequence. 

𝑦<𝑡 are the tokens preceding time step 𝑡 in the target summary. 

𝑃(𝑦𝑡 ∣ 𝑥, 𝑦<𝑡) is the conditional probability assigned by the model to 

the token 𝑦𝑡 given the input sequence 𝑥 and the preceding tokens 𝑦<𝑡. 

 

Model optimization during training was guided by the AdamW optimizer, which 

efficiently updated the model parameters based on gradients computed from the loss 

function. The training process was iterated over multiple epochs until the model 

converged to a satisfactory level of performance, as determined by predefined 

evaluation metrics on a validation dataset. The following model training and 

validation algorithm describes the process of training and validating the model on the 

CNN/DailyMail dataset. 

  



53 

 

 

Additionally, model validation was carried out to evaluate the trained model's 

performance using an independent validation dataset. This is necessary to prevent the 

model from overfitting the training set and to ensure that it generalizes well to new 

data. The validation dataset, different from the training dataset used in model training, 

contained news articles and their conforming summaries. During model validation, 

checkpoints were implemented to save the model's weights at regular intervals during 

the training, allowing for the restoration of the best-performing model configuration 

in case of early stopping or unforeseen interruptions. The researcher also applied early 

stopping to prevent overfitting and ensure optimal model convergence. Early stopping 

mechanisms monitored validation loss, stopping the training when the loss ceased to 

decrease or displayed signs of divergence, thereby preventing the model from 

overfitting to the training data and enhancing better generalization.  

 

Model Training and Validation Algorithm 

Require: 

  Pre-processed dataset of text-summary pairs (D_train, D_eval) 

  Pre-trained M parameters θ_pretrained 

  Hyperparameters: Passed to Seq2Seq TrainingArgs 

   

Load pre-trained M with parameters θ_pretrained 

Fine-tune M on text summarization dataset D_train 

 

       for epoch = 1 to e do 

   Shuffle D_train at the start of each epoch 

          for each batch (X, Y) in D_train, do 

               Generate predictions Y' by inputting X into M 

               Calculate loss using Y and Y' (cross-entropy) 

               Update model parameters θ by backpropagation using AdamW 

           end for 

  Calculate and print average loss for epoch 

  Save model checkpoint if validation loss improves 

 end for 

 

 return final model parameters θ_finetuned 
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The training and validation loss was also monitored as indicators of the learning 

dynamics of the model during its training phase. The training loss, calculated as the 

average loss over each training batch, provided insights into the model's capacity to 

lessen errors and appropriately fit the training data. Concurrently, validation loss, 

computed on the validation dataset, offered a measure of the model's performance on 

unseen data. Tracking the validation loss helped the researcher detect overfitting and 

make informed decisions in the hyperparameter optimization process.  

 

3.7 Evaluating the Performance of the Improved Model 

The third specific objective of this study was to evaluate the performance of the 

developed model on benchmark text summarization datasets. Two datasets were used 

to perform model evaluation while enhancing the validity and reliability of the results. 

A test split from the CNN/DailyMail dataset, constituting 10% of the total dataset, was 

used as one of the testing datasets for the model. Additionally, the XSUM dataset was 

also used as a separate dataset of unseen data to test how generalizable the improved 

model was. 

 

 The model evaluation step provided an objective and a quantitative measure of the 

model's effectiveness in generating summaries on unseen data. Therefore, two 

evaluation metrics, ROUGE and BLEU scores, were considered to provide a more 

comprehensive evaluation of the generated summaries, with ROUGE capturing recall-

oriented aspects and BLEU focusing on precision, thereby providing a balanced 

assessment of summary quality [91], [92]. The performance of the improved model 

was then compared against the baseline model without any modifications to validate 

the effectiveness of the improvements. The following model evaluation algorithm 

illustrates the process of model evaluation. 
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Model Evaluation Algorithm 

 

Require: 

  Pre-processed evaluation dataset of text-summary pairs (D_eval) 

  Trained Model’s parameters θ_finetuned 

  Evaluation metrics: ROUGE Metrics, BLEU Score 

   

load fine-tuned M with parameters θ_finetuned 

initialize evaluation metrics accumulators 

   

  for each sample (X_eval, Y_eval) in D_eval do 

          generate summary Y'_eval using the model with input X_eval 

          compute (ROUGE, BLEU) comparing Y_eval and Y'_eval. 

          accumulate metric scores 

    end for 

 

calculate average evaluation metrics for the entire D_eval. 

return evaluation metrics (ROUGE Metrics, BLEU Score) 

 

End Algorithm  

 

In this algorithm, each text-summary pair (X_eval, Y_eval) from the pre-processed 

evaluation dataset (D_eval) was passed into the evaluation loop. For each sample, the 

algorithm generated a summary (Y'_eval) by feeding the corresponding input text 

(X_eval) into the model. This essentially simulated real-world usage where the model 

would encounter unseen text data and produce a summary. To gauge the quality of the 

generated summaries (Y'_eval), the pre-defined evaluation metrics, ROUGE and 

BLEU scores, were automatically computed. These metrics compared the generated 

summaries against the reference summaries (Y_eval) present within the dataset. 

Through this evaluation process, the researcher effectively compared how closely the 

generated summaries aligned with the reference summaries objectively and 

quantitively.  

 

3.8 Experimental Materials 

The experimental materials utilized in this research included a comprehensive array 

of software tools and frameworks essential for developing and evaluating the proposed 

model. Table 3.2 outlines the experimental materials used by the researcher in this 

study. 
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Table 3.2: Experimental Materials 

Experimental Material Description 

Desktop HP Intel® Core i7-6500U CPU @ 2.60 GHz 

CUDA Device NVIDIA® RTX A6000 GPU 

Programming Language Python Version 3.9.19 

Deep Learning Framework PyTorch Version 2.2.1 

NLP Libraries NLTK, spaCy 

Hugging Face Libraries Transformers Version 4.35.2 

Visualization Libraries Seaborn, Matplotlib 

Simulation Environment Google Colab 

 

The primary computing platform was an HP desktop with Intel® CoreTM i7-6500U 

CPU @ 2.60 GHz. It was supplemented by a CUDA (Compute Unified Device 

Architecture) device, specifically an NVIDIA® RTX A6000 GPU card. The 

programming language used in this study was Python version 3.9.19, whereby 

PyTorch version 2.2.1 was utilized as the deep learning framework to provide the 

requisite environment for neural network implementations. The Natural Language 

Processing (NLP) libraries for text processing used in this study were the NLTK 

(Natural Language Toolkit) and spaCy libraries. The Hugging Face Transformers 

library, version 4.35.2, was used to provide access to checkpoints of pre-trained 

transformers, their corresponding tokenizers, and the datasets. The Seaborn and 

Matplotlib libraries enabled the visualization of the results via graphs and plots. The 

experiment was simulated in Google Colab, which provided a convenient and scalable 

platform for model development, training, and evaluation. 

 

3.9 Ethical Considerations  

This study upheld ethical considerations throughout the research process, 

underscoring the researcher's commitment to ethical research practices. Prior to 

commencing the research, the researcher obtained necessary permits and approvals to 

ensure compliance with regulatory requirements. A permit was acquired from 

NACOSTI (National Commission for Science, Technology, and Innovation) shortly 

after receiving a research approval letter from the Board of Postgraduate Studies (BPS) 
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at the Murang’a University of Technology. Copies of the research approval letter from 

the BPS and the NACOSTI research permit are attached in Appendices 1 and 2, 

respectively.  

 

3.10 Summary 

This chapter describes the methodology that was followed by the researcher in this 

study. A true experiment was identified as the research design for this study. The 

chapter describes the entire research process in detail, starting with choosing the best-

performing transformer, data acquisition and its pre-processing, model training, 

validation, and evaluation. This chapter also described the experimental materials used 

in this study. The chapter concluded by mentioning the ethical considerations that 

were considered while conducting this study.  
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CHAPTER FOUR 

 RESULTS AND DISCUSSION 

4.1 Introduction  

The fourth chapter of this thesis presents the results of the study that the researcher 

conducted. The chapter chronologically describes the results, starting from the 

comparative study conducted in this study's first objective. This is followed by the 

evaluation results recorded after validating and testing the improved model developed 

in the study's second objective. Afterwards, a comparison is also presented to compare 

the improved T5 model’s performance against the baseline model to ascertain the 

effectiveness of the improvements. The results are then followed by a discussion 

section that synthesizes their implications of the performance of the model in text 

summarization of news articles.  

 

4.2 The Comparative Study of Transformers for Text Summarization 

In the first objective of this study, a comparative study of four state-of-the-art 

transformers for text summarization was conducted. This objective aimed to determine 

the best-performing transformer when these models are subjected to the same dataset, 

same hyperparameters, and same evaluation metrics. Table 4.1 illustrates the number 

of parameters and layers across variants of the covered transformer-based models, 

namely BART, T5, PEGASUS, and GPT, and their specific types of architecture.  

 

Table 4.1: Model Variations Across Parameters, Layers, and Architecture 

Transformer 
Parameters 

 

Layers 

 

Type of 

Architecture 

Base Large Base Large 

GPT 124M 762M 12 36 decoder-only  

T5 220M 770M 12 24 encoder-decoder 

PEGASUS 175M 568M 16 32 encoder-decoder 

BART 140M 406M 12 24 encoder-decoder 

 

Table 4.1 outlines the architectural specifications and parameter counts of four state-

of-the-art transformer models utilized in natural language processing tasks, 

specifically focusing on text summarization. The comparison is split between base and 
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large configurations for each model, which differ in the number of parameters and 

layers. Parameters refer to the model's complexity in terms of the weights and biases 

and the capacity to learn from data, with a higher number indicating a more complex 

model that can potentially capture complex patterns in the data [56]. On the other 

hand, the number of layers shows the depth of the model's neural network, with more 

layers typically allowing for more levels of abstraction in data processing. 

 

GPT is distinguished by its decoder-only architecture, primarily because of its design 

goal and usage focus, which operates in an autoregressive manner, making it unique 

among the listed models, which are all encoder-decoder architecture-based [65]. The 

base and large configuration for GPT show a substantial increase in parameters from 

124 million to 762 million and layers from 12 to 36, respectively. T5, PEGASUS, and 

BART all employ encoder-decoder architectures, which are particularly effective for 

tasks requiring an understanding of input data and generating corresponding outputs, 

such as text summarization. PEGASUS and BART, while varying in their parameter 

sizes and layer counts, emphasize the diversity in design and application focus within 

this domain, with PEGASUS aimed at summarization through pre-training on gap 

sentences and BART being a versatile model capable of both sequence generation and 

language comprehension tasks[50], [59]. The T5 model, with 220M and 770M 

parameters for the base and large variant, utilizes 12 and 24 layers, respectively, and 

employs an encoder-decoder architecture. 

 

4.2.1 Model’s Performance on Text Summarization 

The study compared the performance of four transformer models (gpt2-xl, T5-large, 

Bart-large-cnn, and Pegasus-cnn_dm) on text summarization using the 

CNN/DailyMail dataset from the Hugging Face hub. Model performance was 

evaluated quantitatively using ROUGE Metrics: ROUGE-1, ROUGE-2, ROUGE-L, 

and ROUGE-Lsum. Table 4.2 presents the reported ROUGE metric scores for each 

transformer model evaluated in the study. 
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Table 4.2: ROUGE Metrics for the Comparative Study 

Transformer Rouge-1 Rouge-2 Rouge-L Rouge-Lsum 

GPT 24.83 16.92 22.14 21.07 

BART 27.61 18.37 28.52 25.84 

T5 35.12 22.75 32.82 28.59 

PEGASUS 33.69 21.58 28.43 23.76 

 

The comparative study, as reflected in table 4.2, noticeably positioned the T5 model 

as the highest performing across all ROUGE metrics that are established benchmarks 

for evaluating the quality of text summarization. T5's leading ROUGE-1 score of 

35.12 indicated its superior ability to capture the source text's most important unigrams 

(single words). Its ROUGE-2 score of 22.75 demonstrated that it also excelled at 

identifying bigrams (word pairs), which are crucial for understanding the text's 

coherence and structure. Moreover, T5's ROUGE-L and ROUGE-Lsum scores, 32.82 

and 28.59, respectively, highlight its strength in capturing longer sequences and 

maintaining the structure of the original text, which is essential for producing 

summaries that are not only accurate but also fluent and readable.  

 

The features that ensured that T5 outperformed the other models are the encoder-

decoder architecture and pre-training objective effectively leverage contextual 

understanding and text interpretation better than the other models in generating 

coherent and concise summaries[55]. The T5 model outperforms the other models 

because it formulates all NLP problems as text-to-text tasks. This allows for a unified 

framework that can be effectively leveraged through transfer learning after pre-

training on a labelled dataset using supervised or unsupervised approaches [58]. 

 

4.2.2 Training and Validation Loss of the Models 

In this section, the researcher compared the training and validation loss of the four 

state-of-the-art transformer models, GPT, BART, T5, and PEGASUS, fine-tuned for 

10 epochs on the CNN/Daily Mail dataset. Uniform training hyperparameters were 

selected to enhance the comparability, with a learning rate set at 1e-5 and a weight 
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decay of 0.01. The training process was optimized for all models using the AdamW 

optimizer, renowned for its ability to handle sparse gradients and adaptive learning 

rates [81].  

 

This setup allowed the researcher to closely monitor and analyze the convergence 

patterns of each model based on their training and validation loss curves. The loss 

curves provided insights into the model’s learning efficiency and stability during 

training over the number of specified epochs. The training and validation loss curves 

for each model are presented along with an explanation of the model convergence 

based on the training and validation loss.   

 

 
Figure 4.1: Training and Validation Loss – PEGASUS 

 

The graph in Figure 4.1 illustrates the training and validation loss for the PEGASUS 

model across 10 epochs. Initially, the training loss started at a high value and 

demonstrated a steep decline, indicating that the model quickly learned from the 

training data. As the number of epochs progressed, the training loss continued to trend 

downwards, albeit at a slower rate, suggesting that the model had started to converge 

and was extracting the relevant patterns from the training data.  

 

 While starting slightly lower than the training loss, the validation loss also decreased 

rapidly, which indicates the model’s ability to generalize to unseen data. Notably, 
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there are points where the validation loss plateaued and increased slightly, which could 

point to the model beginning to overfit due to the variability in the validation data, 

which is undesired during model training.  

 

 

Figure 4.2: Training and Validation Loss - GPT 

 

The graph in Figure 4.2 depicts the training and validation loss for the GPT model 

over 10 epochs, demonstrating a less-than-ideal convergence pattern. While the 

training loss began at a high value and dropped sharply, indicative of the model rapidly 

learning from the training data, the subsequent fluctuations disclose a lack of stability 

in the learning process. 

 

 Although decreasing across the epochs, the validation loss does not mirror the 

expected smooth, gradual decline. Instead, it exhibits variability with certain points 

where the loss increases, a telltale sign of the model's struggle to generalize the 

validation data consistently. These irregularities in the loss curves raise concerns about 

the model's ability to improve reliably with additional data or epochs and point 

towards further tuning the model's parameters or the training process to achieve 

optimal performance. 
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Figure 4.3: Training and Validation Loss - BART 

 

The loss curves for the BART model exhibit a characteristic decline across the 10 

epochs, as depicted in Figure 4.3. The training loss started notably high but decreased 

sharply, indicating a rapid initial learning phase. It is commendable that the validation 

loss not only mirrored this sharp decrease but also sustained a consistent reduction, 

similarly close to that of the training loss, which emphasized the model's capacity in 

generalization. 

 

 However, the convergence of the training and validation loss suggested that while the 

model is learning and adapting, there might be a ceiling to the performance gain 

achievable with the current setup. The almost parallel nature of the curves toward the 

final epochs pointed to a potential underfitting scenario where the model may not have 

fully captured the patterns of the training dataset.  

 

Despite this, the fact that the validation loss remained consistently below the training 

loss is encouraging. It implied that additional fine-tuning, perhaps with a more 

aggressive learning rate or a longer training duration, could benefit the model's 

predictive performance.  
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Figure 4.4: Training and Validation Loss – T5 

 

The training and validation loss presented in Figure 4.4 for the T5 model in the 

provided figure portrayed a near-desirable learning and generalization trend across 10 

epochs. The training loss began at a high value and swiftly descended, suggesting that 

the model could rapidly adapt to the underlying patterns in the training dataset.  

 

As the epochs increased, both the training and validation loss continued to drop, with 

the validation loss closely following the training loss, a strong indicator of the model's 

ability to generalize well without overfitting. The curves proceeded to plateau towards 

the later epochs, which is typical behavior as the model starts to reach its convergence 

on the given data with the current hyperparameters.  

 

While the T5 model's loss curves are the most preferable among the four models 

considered, indicating effective learning and optimization, the curves still left room 

for improvement. Further refinement to ensure that the training and validation losses 

were minimized effectively could be achieved by optimizing the model’s 

hyperparameters, extending the training process with more epochs of data, and 

employing techniques such as early stopping to prevent potential overfitting.  
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4.3 The Improved Transformer-based Model 

Guided by the results of the comparative study presented above, the researcher 

selected the T5 transformer to make improvements on since it displayed a desirable 

convergence pattern out of the four considered models in terms of model loss and 

ROUGE Metrics scores. Therefore, the following section present the results of the 

improvements applied to the selected T5 model in chronological order, starting with 

the model’s training and inference cost after quantization, a suite of hyperparameters 

that optimized models’ performance, evaluation scores after modifying the output 

head of the model, and lastly, the architectural pipeline of the improved model.  

 

4.3.1 Model Quantization 

The existing quantization schemes were evaluated against the quantization technique 

devised by the researcher based on the Inference Cost and Training Cost in Floating-

Point Operations per Second (FLOPs). Inference cost represents the computational 

requirements needed by a model to perform inference (make predictions on the test 

set, while the Training Cost denotes the total computational needs required during the 

model's training phase[103]. The table also contains a model configuration column, 

which shows the model's architecture, specifically the attention mechanism and 

activation function used for each training run. In Table 4.3, experimental results of 

different quantization schemes applied to the baseline T5 transformer model are 

presented, showing their implications on the training and inference cost of the model. 

 

Table 4.3: Performance of Different Model Quantization Schemes 

Quantization 

Scheme 

Inference 

Cost 

Model Configuration 

Training 

Cost 
Attention 

Mechanism 

Activation 

Function 

T5 (Zero-Q) 29.45±0.42 S.dot-product ReLU 2.1×108 

T5 (Weight-Q) 26.74±1.6 Self-attention Sigmoid 1.8×108 

T5 (Activation-Q) 25.92±0.9 Self-attention ReLU 1.7× 108 

Proposed Approach 22.42±0.06 Multi-Head Softmax 1.5× 108 

 

Table 4.3 presents the experimental results of different quantization schemes applied 

to the baseline T5 model. The T5 model, with 32-bit full precision and without any 
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quantization labelled as 'T5 (Zero-Q)', served as the baseline without any form of 

quantization. The model configuration was as follows: scaled-dot product attention as 

the attention mechanism and ReLU as the activation function. The training and 

inference costs, standing at 2.1× 108 and 29.45±0.42 in floating point operations per 

second (FLOPs), respectively, were the highest for the baseline model without 

quantization.  

 

 The researcher also experimented with a lower bit floating-point precision level for 

weight quantization, denoted by ‘T5 (Weight-Q)’, which recorded a slight decrease in 

the inference and training cost compared to the baseline model. Additionally, the 

researcher also experimented with activation-quantization, labelled 'T5 (Activation-

Q)', and a notable reduction was observed in the inference and training cost, with 

scores of 25.92±0.9 and 1.7× 108, respectively, in comparison with the baseline and the 

weight quantization approach.  

 

Remarkably, the proposed quantization technique, a part of the contributions made by 

the researcher, employs adaptive quantization whereby quantization is dynamically 

applied to specific layers of the model as follows: Fully Connected Layers for 

activation quantization and Linear Layers for weight quantization achieved the lowest 

inference and training cost.  The model configuration for the experiment with the 

proposed approach was softmax as the activation function and multi-head attention as 

the attention mechanism. The multi-head attention enabled the model to 

simultaneously attend to different parts of the input sequence. At the same time, the 

softmax activation function normalized the attention scores, ensuring that the model 

assigned appropriate weights to each token for effective information processing and 

generation. The proposed technique recorded an inference cost of 22.42±0.06 and a 

training cost of 1.5× 108 in FLOPs, which is significantly and desirably lower in 

comparison with the baseline and the weight and activation quantization techniques. 

In the proposed approach, there was a FLOP decrease of 7.03±0.42 and 0.6×108 in the 

inference and training costs, respectively. This decrease demonstrated that the 

proposed approach managed to reduce the training and inference costs of the T5 model 

to lower levels desirable in neural network models. 

 



67 

 

4.3.2 Hyperparameter Optimization  

Hyperparameter optimization is crucial in developing neural networks where the 

parameters that govern the training process are adjusted to enhance the model's 

performance. Unlike model parameters learned from the data, hyperparameters are set 

before the commencement of training and can significantly influence the model's 

performance [82].  

 

As described in Chapter 3, the hyperparameter optimization process involved a 

combination of both manual and automatic tuning to establish the most effective 

hyperparameter set that minimized the predefined loss function while maximizing 

model performance. Table 4.4 presents a suite of hyperparameters that delivered 

optimal model performance in the improved T5 model.  

 

Table 4.4: A Suite of Optimal Hyperparameters 

Hyperparameter Configurations during Model Training 

Hyperparameter Value 

Optimizer AdamW 

Loss function Cross entropy 

Learning rate 1e-5 

Weight decay 10-2 

Learning rate scheduler CosineAnnealingLR 

Dropout rate 0.1 

gradient_accumulation_steps 4 

num_train_epochs 20 

warmup_steps 500 

per_device_train_batch_size 8 

per_device_eval_batch_size 16 

evaluation_strategy epochs 

 

The table above outlines the optimized hyperparameters selected for model training, 

each chosen with a specific rationale and justification. The optimizer, Adaptive 

Moment Estimation with Weight Decay) AdamW was selected for its efficiency in 

updating model weights and handling weight decay, a technique that reduces 

overfitting in neural networks. As recommended in these studies [81] and [102], the 
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cross-entropy loss function works well for sequence generation tasks in guiding the 

model by quantifying the difference between predicted probabilities and the actual 

labels.  

 

A low initial learning rate of 1e-5 was set, which was conservative enough to prevent 

getting stuck in the local minima phenomena. In contrast, a weight decay value of 10^-

2 was set as a regularization technique during training. The Cosine Annealing learning 

rate scheduler was selected to adjust the learning rate dynamically, emulating a cosine 

cycle, potentially leading to better model convergence over the training epochs. 

 

Furthermore, a dropout rate of 0.1 was used to prevent co-adaptation of neurons by 

randomly omitting a subset of neurons during the training iterations. Gradient 

accumulation steps were also set to enable larger effective batch sizes and smoother 

gradients with reduced memory requirements. The model was trained over 20 epochs, 

providing ample opportunity to refine the weights without underfitting.  

 

The warmup steps were set at 500 to provide a gradual ramp-up period for the learning 

rate, and it helped the model avoid abrupt changes in the parameter updates, which 

can cause the optimization process to diverge or get stuck in an unfavorable region of 

the loss trajectory. Batch sizes were set to 8 for training and 16 for evaluation, striking 

a balance between computational resource constraints and the effectiveness of batch 

normalization. The evaluation strategy of epochs ensured the model's performance 

was periodically assessed by facilitating a checkpoint-based approach to model 

validation.  

 

4.3.3 Modifying the Model’s Output Layer 

In the context of neural networks for Natural Language Processing, the Output Layer 

is crucial in transforming the model’s hidden representations into meaningful 

predictions[49]. However, the default architecture of the Text-to-Text Transfer 

Transformer includes an output layer that is pre-trained for various tasks such as 

machine translation, classification, summarization, and question-answering [55].   

 

Therefore, to optimize or adapt the output head for a text summarization task, the 

researcher modified the output layer of the model as described in Chapter 3. The 
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modified output layer incorporated sequence generation and token selection 

parameters, contributing to the improved model's summary generation process. The 

temperature and top-k sampling parameters, used as the sequence generation and 

token selection parameters, allowed the model to generate the most probable 

sequences of tokens while focusing only on the relevant tokens during prediction.  

 

The researcher compared the evaluation scores generated by the default output head 

with those generated by the modified output layer to demonstrate the improved 

model's performance on a text summarization task. Therefore, Table 4.5 presents the 

ROUGE Metric scores before and after the modifications, showing a numerical 

increase demonstrating improved performance.  

 

Table 4.5: Comparing the Default and the Modified Output Layer 

Model 
CNN/DailyMail XSUM 

R-1 R-2 R-L     R-1 R-2 R-L 

 T5 (Default) 22.83 15.92 21.14     20.81 15.25 24.68 

T5 (Modified) 25.37 17.62 23.86     23.30 17.43 26.45 

 

The table presents the ROUGE scores obtained by the T5-Default output layer as the 

baseline and the T5-Modified output layer as the improved model on the 

CNN/DailyMail and XSUM datasets. On the CNN/DailyMail dataset, the T5-

modified model outperforms the T5-Default model across all ROUGE metrics. 

Specifically, the T5-Modified model achieved ROUGE-1, ROUGE-2, and ROUGE-

L scores of 25.37, 17.62, and 23.86, respectively, compared to 22.83, 15.92, and 21.14 

for the default output layer.  

 

Similarly, on the XSUM dataset, the T5 model with the modified output layer 

demonstrates improved performance with ROUGE-1, ROUGE-2, and ROUGE-L 

scores of 23.30, 17.43, and 26.45, respectively, while the default output layer records 

20.81, 15.25, and 24.68 on these evaluation metrics. The higher ROUGE scores across 

both datasets indicate that the modified output layer of the T5 model generates 

summaries that better align with the reference summaries, showcasing its improved 

text summarization capabilities compared to the default T5’s output layer. 
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The improved performance is attributed to modifying the output layer, whereby the 

researcher applied a bi-phase fine-tuning approach to adapt the model to the task at 

hand. In the first phase of this approach, only the fully connected layers (FCL) were 

updated while the base model remained frozen. This phase ensured that the initial 

learning was task-specific so that the model could adapt to the specific requirements 

of the downstream task, which was text summarization[34]. In the second phase, a 

comprehensive training approach was adopted, whereby all layers of the base model 

were updated, treating the base model as a randomly initialized encoder. The bi-phase 

approach balanced task-specific optimization and generalization, ultimately 

improving model performance on text summarization.  

 

4.3.4 The Architecture of the Improved Model 

In this section, the researcher describes the architecture of the improved model, which 

clearly illustrates the improvements this study has proposed and integrated them into 

the baseline model.  The algorithmic pipeline of the model starts with defining the 

requisite inputs and the desired output. Step 1 conducts data preprocessing: tokenizing, 

truncating, and padding the input sequences. Step 2 shows the proposed model 

quantization approach, one of the researcher's contributions, where the model layers 

are quantized to the desired precision levels. 

 

 In Step 3, hyperparameters are optimized by leveraging both manual and automatic 

tuning, which was the second improvement proposed in this study. Following this, 

Step 4 initiates the training and validation process on the preprocessed data using the 

optimized hyperparameters. Then, Step 5 modifies the output layer of the model to 

incorporate sequence generation and token selection parameters, which forms another 

contribution made by the researcher.  Finally, Step 6 evaluates the model on the test 

set. The final outputs from the models are finetuned model parameters, metrics scores, 

a quantized model, and the generated summaries. The algorithmic pipeline of the 

improved model is attached in the appendices. 

 

To complement the model’s algorithmic pipeline, the researcher additionally presents 

the diagrammatic architecture of the improved model, showing the entire process 

starting from the loading of the dataset and the data preprocessing steps, namely, 

tokenization, padding, and truncation. The architecture also shows the splitting of the 
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preprocessed dataset into three distinct splits for training, validation, and testing and 

where exactly they were fed into the proposed model. Three improvements, namely, 

model quantization, hyperparameter optimization, and modifying the output layer, are 

also illustrated in the architecture. The final step in the architecture is the model 

evaluation module, which computes the evaluation scores of the generated summaries. 

Figure 4.5 illustrates the model’s architecture.  

 

 
Figure 4.5: The Architecture of the Improved T5 Model 

 

4.4 Evaluation Results of the Improved Model  

Following the improvements implemented in the section above, the improved model 

was subjected to evaluation to ascertain the performance improvement. Therefore, this 

section presents detailed evaluation results, the datasets used in the evaluation, the 

comparison benchmarks, and the specific evaluation metrics used. The evaluation of 
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the proposed model was conducted as illustrated in the algorithm included in Chapter 

3 under model evaluation in Section 3.7  

 

Two datasets were used to perform the evaluation: the CNN/DailyMail, also used for 

model training, and the XSUM dataset, a completely unseen dataset, to evaluate how 

the model generalizes on unseen data. Two evaluation metrics were utilized: the 

ROUGE Metrics and the BLEU score; with the ROUGE having three different metrics 

in ROUGE-1, ROUGE-2, and ROUGE-L, while the BLEU score evaluated the model 

across zero and few-shot evaluation.  

 

4.4.1 Model Performance on ROUGE Metrics  

Table 4.6 shows the evaluation results on two text summarization benchmark datasets 

using the ROUGE evaluation metrics.  

 

Table 4.6: Evaluation Results on ROUGE Metrics. 

Model 
CNN/DailyMail XSUM 

R-1 R-2 R-L       R-1 R-2 R-L 

T5 (Baseline) 33.62 21.45 31.76       33.17 21.45 29.32 

T5 (Improved) 36.44 23.24 34.06       35.61 24.12 31.48 

 

Table 4.6 presents the evaluation results of the baseline model and improved model 

on the CNN/DailyMail and XSUM benchmark datasets using ROUGE Metrics. On 

the CNN/DailyMail dataset, the improved model outperforms the T5 (Baseline) across 

all ROUGE metrics by 3.05% cumulatively. The improved model achieves ROUGE-

1, ROUGE-2, and ROUGE-L scores of 36.44, 23.24, and 34.06, respectively, while 

the baseline model records a score of 33.44, 21.45, and 31.76, respectively.  

 

A similar trend is observed on the XSUM dataset, where the improved model 

outperforms the baseline model by a cumulative 7.27% in ROUGE metrics. The 

improved model achieved a ROUGE-1, ROUGE-2, and ROUGE-L scores of 35.61, 

24.12, and 31.48, respectively, whereas the baseline trails behind with scores of 33.17, 

21.45, and 29.32 for the same metrics. The improved model's consistently higher 
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ROUGE scores across benchmark datasets indicate its ability to generate summaries 

that match the reference summaries more accurately than the baseline model.  

 

4.4.2 Model Performance on BLEU Score   

The second evaluation metric used was the BLEU score, and the table in 4.7 shows 

the recorded results of the final model across two datasets, the XSUM and 

CNN/DailyMail, for Zero-shot and Few-Shot evaluation. The zero-shot approach 

facilitated model evaluation in generating summaries without training samples and 

relying on prior knowledge. It provided a suitable way to test the model’s 

generalization ability on unseen data, which it was not explicitly trained on[104].  

 

On the other hand, the few-shot approach involved training the model with a small 

sample that is typically smaller than the requisite size for supervised learning[104]. 

The researcher used this approach to test the model’s performance on new tasks with 

a few training examples to determine the model’s generalization ability to tasks with 

minimal training data. Table 4.7 presents the BLEU scores of the baseline model 

against the improved model on two different datasets across zero-shot and few-shot 

learning evaluations. 

 

Table 4.7: Evaluation Results on BLEU Score 

 

The table presents a comparison of the BLEU scores achieved by the baseline model 

and the improved model on the Zero-Shot and Few-Shot Text Summarization tasks 

across the CNN/DailyMail and XSUM datasets. For the CNN/DailyMail dataset, the 

proposed model outperforms the baseline model in both Zero-Shot and Few-Shot 

evaluation cumulatively by 4.2%, with BLEU scores of 27.14 and 32.56, respectively, 

compared to 23.64 and 29.86 for the baseline. On the XSUM dataset, the improved 

Model 

 

BLEU SCORE 

CNN/DailyMail XSUM 

Zero-

Shot 

Few- 

Shot 

Zero-

Shot 

Few-

Shot 

T5 (Baseline) 23.64 29.86 15.30 17.43 

T5 (Improved) 27.14 32.56 18.14 22.12 
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model also demonstrates superior performance with a cumulative difference of 6.53%, 

attaining BLEU scores of 18.14 for Zero-Shot and 22.12 for Few-Shot summarization, 

while the baseline model scored 15.30 and 17.43, respectively. The higher BLEU 

scores across both datasets indicated that the improved model performed better in 

zero-shot and few-shot settings, in comparison with the baseline model. 

 

4.4.3 Training and Validation Loss of the Model 

The improved model was also evaluated based on its training and validation loss after 

fine-tuning it on the train set of the CNN/DailyMail dataset for 20 epochs. The loss 

curves for training and validation runs were recorded and presented in figure 4.6. The 

training and validation loss curves in Figure 4.6 demonstrate a highly desirable 

convergence pattern, indicating successful hyperparameter optimization and effective 

model training and learning.  

 

Figure 4.6: Training and Validation Loss – Improved T5 Model 

 

The loss curves in figure 4.6 show that optimizing the model’s hyperparameters has 

resulted in minimal training and validation losses, ultimately leading to a well-

performing model. The training loss curve exhibits a remarkably rapid and consistent 

decrease from the initial epochs, signifying that the model effectively learns from the 

training data and minimizes the training loss. This steep decline can be attributed to 
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the choice of the AdamW optimizer, a learning rate with a scheduler, and weight decay 

as regularization techniques, which facilitated efficient convergence. The optimization 

also prevented the model from getting stuck in suboptimal solutions (Local Minima) 

during the trajectory of the loss curve. 

 

The validation loss curve closely follows the training loss pattern, maintaining a 

relatively small gap between the two. This highly desirable characteristic suggests that 

the model generalizes well to unseen data and does not suffer from significant 

overfitting. The researcher effectively employed dropout, weight decay, and early 

stopping techniques to mitigate overfitting and ensure that the model's performance 

on the validation set remained consistent with its training performance.  

 

While both loss curves exhibited minor fluctuations, particularly around epochs 7.5 

and 12.5, these can be viewed as natural occurrences in the training process and did 

not significantly hinder the overall convergence of the improved model. The 

researcher attributes these fluctuations to outliers and potential noise in the data. 

However, the model's ability to recover and continue its descent toward lower loss 

values demonstrates its robustness and the effectiveness of the utilized hyperparameter 

optimization strategies. 

 

4.4.4 Comparing the Improved Model with the Existing Models 

In this section, the researcher compares the evaluation results of the improved model 

and the existing models in the literature. The key performance metrics, including the 

ROUGE and zero-shot BLEU scores, guided the comparison. The scope of the 

comparison was confined to text summarization models evaluated on evaluation 

metrics similar to those of the improved model. Benchmarking the improved model 

against existing models assisted this study in demonstrating the superior performance 

of the improved model across several evaluation metrics. Table 4.8 compares the 

evaluation results on two benchmark datasets.  
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Table 4.8: Comparing the Improved Model with Existing Models 

Model 

  CNN/DailyMail        XSUM  

R-1 R-2 R-L 
BLEU 

Score 
R-1 R-2 R-L 

BLEU 

Score 

Lead-3 

Sentences 
28.37 19.62 23.56 23.86 26.30 17.43 26.45 16.30 

Radf et 

al.,2022 
24.83 16.92 22.14 22.56 29.81 15.25 24.68 15.81 

Senich et 

al.,2023 
34.12 20.15 34.41 18.13 33.17 22.45 28.75 16.47 

Kitaev et 

al.,2024 
27.61 18.37 26.52 21.82 25.68 17.97 23.55 15.68 

Zhang et 

al.,2023 
33.69 21.58 28.43 19.86 35.79 22.82 27.48 16.19 

Lapata et 

al.,2022 
31.62 20.75 32.82 24.13 31.47 21.45 25.12 13.47 

Improved 

Model 
36.44 23.24 34.06 27.14 35.61 24.12 31.48 18.14 

 

Based on the table comparing the improved model with existing models, it is evident 

that it has outperformed the other models across various evaluation metrics. For the 

CNN/DailyMail dataset, the proposed model achieves the highest R-1, R-2, and zero-

shot BLEU Scores compared to the existing models in the literature. Similarly, on the 

XSUM dataset, the improved model outperforms the existing models in the literature 

evaluated on the same dataset and evaluation metrics in R-2, R-L, and zero-shot BLEU 

Score. Notably, the improved model's slightly lower performance in R-L for 

CNN/DailyMail and R-1 for XSUM is likely due to its optimization for overall 

performance across multiple datasets and metrics rather than specializing in these 

specific areas. However, the difference is relatively small and it is worth noting that 

despite these specific instances, the improved model showed strong performance 

across several metrics on both datasets, suggesting that the model has achieved a good 

balance in overall summarization performance.  
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4.5 Discussion 

This section synthesizes the results obtained from this study. The discussion flows 

sequentially, guided by the results of the objectives of this study, starting with a 

discussion about the results from the comparative analysis conducted in objective one. 

This is followed by a discussion of the improvements that the researcher integrated 

into the model and then, finally, an interpretation of the final evaluation results of the 

improved model.  

 

4.5.1 The Comparative Study of Transformers 

The results of the first objective of this study, which was conducting a comparative 

analysis of four state-of-the-art transformers for text summarization, have the 

following interpretations that can be drawn from them. First of all, the findings 

presented in the figures showing the training and validation loss curves and the 

convergence patterns for the four models offer significant implications to researchers 

and practitioners. For instance, the fluctuation observed in BART’s, PEGASUS's, and 

GPT’s loss curves demonstrated the challenges transformer-based models might face 

when adapting pre-trained checkpoints to a downstream task. This finding has 

underscored the need to consider regularization techniques to prevent overfitting when 

adapting a pre-trained model to a smaller task-specific dataset[32]. 

 

From the findings, the researcher has also established that the T5 model distinguishes 

itself in text summarization primarily because of the unique text-to-text framework. 

This framework formulates every NLP task as a text-to-text problem, simplifying this 

model's pre-training and fine-tuning procedures.  Additionally, this framework 

converts input text into a target text, creating a more versatile pre-training objective 

and allowing the model to generalize on various text tasks, including 

summarization[55]. The researcher has also confirmed that T5 is pre-trained on a large 

corpus with a Masked Language Modelling (MLM) objective. This enables it to easily 

understand the context and semantics of languages in natural language understanding 

and generation.  

 

Moreover, the results have also shown that the T5 transformer's technical advantages 

are derived from its encoder-decoder architecture, which has a unique bidirectional 

encoder and a sequential decoder. The encoder in this architecture converts the input 
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sequences into a fixed-length vector representation, which the decoder subsequently 

decodes to produce output sequences [39]. Its encoder's bidirectional nature and the 

decoder's sequential focus allow T5 to focus on relevant text parts when creating 

summaries. This led to the observed high ROUGE Metric scores, which specify the 

superior capacity of the model in generating high-quality summaries.  The researcher, 

therefore, attributes the high performance of the T5 in comparison with the other three 

transformers to its text-to-text formulation framework and the encoder-decoder 

architecture, making it the most suitable choice for the text summarization task. 

 

4.5.2 The Improved Transformer-based Model 

This section presents an interpretation of the conclusions drawn from the model 

improvements and how they contributed to improved performance in the proposed 

model. The results presented by the researcher show that the improved model has 

achieved significant performance improvement compared to the baseline model. 

Therefore, the section starts with a discussion on the results of model quantization, 

then proceeds to discuss the significance of hyperparameter optimization on the 

performance of the proposed model, and then ends with a discussion on the 

implications of modifying the output layer of the model on its text summarization 

capabilities.  

 

4.5.2.1 Model Quantization 

Based on the experimental results presented on model quantization, the researcher 

made several key observations and conclusions regarding the proposed quantization 

approach's impact on the proposed model's training and inference costs. This study's 

findings demonstrate that quantization is an effective compression technique in large 

language models, given that there was a FLOPs decrease of 7.03±0.42 and 0.6×108 in 

the inference and training costs, respectively. 

 

The baseline T5 model, without quantization, served as a reference point with a 

relatively high training and inference cost, indicating the computational demands of 

the uncompressed model during training and inference[31]. However, with a reduction 

in the precision levels, as seen in the lower bit weight and activation quantization 

schemes, there was a decrease in the training and inference cost.  This reduction in 

computational requirements during inference can be attributed to the compressed 
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model parameters, which enabled more efficient and quicker matrix multiplications 

and attention operations in the model encoder-decoder architecture.  

 

The proposed approach recorded the lowest inference cost of 22.42±0.06 in FLOPs 

among the evaluated approaches in this study.  This decrease shows that the proposed 

quantization approach, which selectively applies quantization to performance-critical 

layers while preserving the precision levels in quantization-sensitive layers, can 

effectively reduce computational requirements, as demonstrated in the recorded 

results. The researcher also noted that the proposed model's training cost of 1.5× 108 

in FLOPs was the lowest among the quantization approaches. This finding specifies 

that the proposed model excelled in reducing the inference cost efficiency and 

presented an optimized training process by reducing the computational cost during the 

model's training phase. 

 

The findings have emphasized the importance of the quantization technique in 

optimizing Large Language Models to reduce their training and inference 

computational costs. However, the researcher points out that it is also important to 

note that while quantization can yield significant efficiency gains in terms of reducing 

computational costs, it may also introduce trade-offs in terms of model precision and 

performance, depending on the specific task and architecture[87], [88]. Therefore, the 

researcher contends that evaluating the quantization scheme and its impact on the 

target application is crucial when establishing the optimal balance between the 

effectiveness of the quantization scheme and the model’s predictive performance. 

 

4.5.2.2 Impact of Hyperparameter Optimization on Model Performance 

The established suite of hyperparameters demonstrated that hyperparameter 

optimization contributed to the improved performance, as observed in the findings. 

This attests that this is an important step towards improved performance, convergence, 

and generalization in neural networks, particularly transformers. The final training and 

validation loss curves illustrated that the model portrayed the desired training and 

validation loss, which indicates smooth convergence and effective learning.  

 

The researcher drew the following conclusions from the findings presented in the table 

showing the optimal hyperparameter suite. The choice of the AdamW optimizer was 



80 

 

driven by its effectiveness in handling sparse gradients and its ability to independently 

adapt the learning rates for each parameter [33]. Through the model’s loss curves, the 

researcher ascertained that this optimizer proved advantageous for a huge-parameter 

model with a high-dimensional parameter space, as it helped mitigate the potential 

issue of radically different gradients across the parameter space.   

 

The weight decay factor acted as a regularization technique that played a crucial role, 

as it enhanced generalization by applying L2 regularization directly to the weight 

tensors, avoiding the prospect of the prevention of the desired gradient descent[105]. 

The dropout rate of 0.1 also served as a regularization technique by randomly dropping 

neurons as the training progressed. This prevented overfitting by introducing sufficient 

noise to prevent the model from overlearning the training data. The introduction of 

this sufficient noise prevented the specific neurons from participating in forward and 

backward passes, which reduced the co-adaptation of neurons and helped the model 

generalize better to unseen data. The researcher appreciates these regularization 

techniques as essential for avoiding overfitting, particularly in transformers with many 

parameters, as they encouraged the model to learn more robust and generalizable 

representations[105]. Evaluating the model on an unseen test set demonstrated that 

this regularization was crucial in achieving a commendable model generalization 

performance.  

 

The researcher has also demonstrated that the cross-entropy loss function, although a 

de facto standard for classification tasks, as it directly measures the performance of 

the model by quantifying the dissimilarity between the predicted probability 

distributions and the true label distributions, worked well for a sequence-to-sequence 

task[102]. This confirmed that this loss function can provide a smooth and convex 

optimization surface for several Natural Language Processing tasks, including text 

summarization. The loss function allowed for efficient convergence and gradient-

based optimization, which the researcher believes led to the model's smooth 

convergence and better performance.  

 

The findings have also demonstrated that the Cosine Annealing learning rate scheduler 

proved beneficial due to its ability to gradually reduce the learning rate throughout the 

training process based on a cosine curve. This approach has been empirically shown 
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to improve convergence and generalization performance compared to the traditional 

step-based or exponential decay schedulers[106].  This study has also attested that a 

warmup phase, such as the 500 warmup steps used in this study, facilitated a gradual 

increase in the learning rate during training.  The loss curves have shown that this 

warmup phase reduced the chances of the model getting stuck in sub-optimal solutions 

while enabling the optimizer to adapt to the loss steps more effectively[106]. The 

researcher contests that this hyperparameter combination contributed to the desired 

model convergence, as observed in the training and validation loss.  

 

 The batch sizes, 8 for the per-device train batch size and 16 for the per-device 

validation batch size across 20 training epochs, were selected to optimize GPU 

memory utilization while enabling efficient parallelization provided by the PyTorch 

framework. The researcher used this specific batch size and number of epochs; 

therefore, this study has shed light on the importance of the requisite batch size and 

number of epochs when working with neural networks. The findings have established 

that there is a need to find the right balance in the number of epochs and batch sizes 

for training and evaluation of your model, given that batch sizes that are too small or 

too large can impact the quality of the gradient estimates, and consequently, the 

convergence pattern of a given model.  

 

4.5.2.3 Modifying the Model’s Output Layer 

The T5 model's notable performance gains with the modified output layer emphasize 

how crucial it is to modify the model architecture to fit the characteristic requirements 

of the particular downstream task. While pre-trained language models such as the T5 

have achieved remarkable success in various natural language processing tasks, their 

default architectures may not be optimally suited for every downstream task [105]. 

Therefore, the findings of this study have underscored the importance of fine-tuning 

and adapting the model to enhance its performance on specialized tasks such as text 

summarization. 

 

The results presented in Table 4.5 demonstrated the effectiveness of modifying the 

output layer of the T5 model in improving its performance on the text summarization 

task. The researcher has attested that incorporating temperature and top-k sampling 

parameters in the modified output layer was crucial in guiding the summary generation 
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process, as evidenced by the higher ROUGE scores across the CNN/DailyMail and 

XSUM datasets. These parameters enabled the model to focus on the most relevant 

tokens during prediction, generating more coherent and informative summaries. The 

before-and-after samples of the generated summaries further illustrate the qualitative 

improvements, showcasing the proposed model's ability to capture the essence of the 

input text while maintaining conciseness and coherence in the generated summary.  

 

The researcher also attributes the improved performance to the two-step fine-tuning 

approach employed during the training of the modified output layer. In first adapting 

the Fully Connected Layers to the text summarization task and then fine-tuning the 

entire model, the model balanced task-specific optimization and generalization[32]. 

This approach allowed the model to effectively learn the specific requirements of the 

text summarization task while leveraging the knowledge and representations learned 

from the pre-training phase. 

 

4.5.3 The Evaluation Results of the Improved Model 

The evaluation results have demonstrated the effectiveness of the model’s 

improvements in improving its text summarization performance across different 

datasets and evaluation metrics. The results show that the improved T5 model 

consistently outperformed the baseline T5 model on the ROUGE metrics across the 

CNN/DailyMail and XSUM datasets. The improved model achieved higher ROUGE-

1, ROUGE-2, and ROUGE-L scores, indicating its ability to generate summaries that 

accurately capture the key information from the input text and better align with the 

reference summaries. The researcher credits the improved performance to the 

improvements integrated into the baseline model, which allowed the model to better 

adapt to the specific requirements of the text summarization task. 

 

This study has additionally demonstrated the improved model's superior performance 

in both zero-shot and few-shot evaluation, as evidenced by the evaluation results on 

the BLEU score metric. The researcher has demonstrated that the improved model can 

effectively generalize to unseen data and tasks with limited training examples, 

achieving higher BLEU scores compared to the baseline model on the CNN/DailyMail 

and XSUM datasets. This finding is particularly significant as it showcases the model's 

ability to leverage its pre-trained knowledge and rapidly adapt to new domains or 
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tasks, even with minimal training data. The improved generalization capabilities of 

the improved model can be attributed to the fine-tuning approach and the incorporation 

of token selection and sequence generation parameters, which enabled the model to 

generate more relevant and coherent summaries. 

 

The inferences from the training loss and validation loss curves further validate the 

proposed model's effectiveness and the researcher's optimization strategies. The 

findings displayed a rapid and consistent decline in training loss and a close alignment 

between the training and validation loss curves, indicating successful hyperparameter 

optimization and effective model training. The insignificant difference between the 

training and validation losses demonstrates that the model generalizes well to new data 

without severe overfitting. The researcher's thoughtful use of hyperparameters such as 

dropout rate, weight decay, and early stopping played a crucial role in mitigating 

overfitting and ensuring the model's effectiveness. Even though minor fluctuations in 

the loss curves were observed, this study has demonstrated that the model's ability to 

recover and continue its descent towards lower loss values underscored the success of 

the model optimization strategies, which the researcher used in this study.  

 

4.6 Summary  

This chapter has covered the findings inferred from this study and discusses the 

interpretations made from those findings. The chapter began with a presentation of the 

comparative study that highlighted the architectural features and the performance of 

four transformer models, GPT, BART, T5, and PEGASUS, on text summarization 

tasks. The comparative study identified T5 as the most suitable transformer for text 

summarization. Therefore, the researcher selected this model as the baseline and 

implemented the described improvements onto its’ baseline architecture. The 

improved T5 model was evaluated on the specified evaluation metrics, and the 

evaluation results were presented.  Since the researcher employed a Pretest-Posttest 

Control Group research design, the evaluation results of the improved T5 model were 

compared to those of the baseline T5 model and presented in this chapter. A detailed 

discussion section was provided for each of the results presented in this chapter, 

guided by the study's specific objectives.   
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CHAPTER FIVE 

 CONCLUSION, RECOMMENDATIONS AND FUTURE WORK 

5.1 Conclusion  

This study's main objective was to develop an improved transformer-based model for 

text summarization of news articles. Therefore, the entire research was grounded on 

an in-depth exploration of text summarization literature, its foundational concepts and 

principles, and the practical implementation of the improvement strategies. 

 

Three specific research objectives guided this study. The first specific objective was 

to determine a suitable transformer-based model among the four selected models from 

the literature, namely BART, GPT, T5, and PEGASUS, and how to improve its 

performance. These four transformers have recorded state-of-the-art performances in 

numerous NLP tasks and have been backed by literature to be high-performance 

models. For that reason, the researcher was justified to conduct a comparative study 

of the performance of these four models on a text summarization task. The results of 

the comparative study identified T5 as a suitable model in comparison with others 

because of its text-to-text formulation framework.  

 

The second specific objective of this study was to develop an improved version of the 

model that had been identified in the first objective. Therefore, the researcher 

improved the baseline T5 model through three approaches. Firstly, the training and 

inference costs of the model were reduced through an adaptive quantization technique, 

whereby quantization was only applied to specific layers of the model; fully connected 

layers for activation quantization and linear layers for weight quantization, based on 

their tolerance and sensitivity to quantization. Hyperparameter optimization was also 

conducted using a combination of manual and automatic tuning techniques to optimize 

the model while preventing overfitting and stabilizing the training process. The 

researcher also modified the output head of the baseline model to adapt it to text 

summarization, given that the default output layer was pre-trained for several tasks 

but not yet optimized for a specific task, text summarization in this case.  

 

This study’s third specific objective was to evaluate the performance of the improved 

model on benchmark text summarization datasets. The CNN/DailyMail and the 

XSUM datasets were used for model evaluation. Two metrics, the BLEU score and 
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ROUGE metrics, were utilized to assess the model's performance using the test splits 

of the two datasets. The XSUM dataset, which the model was not trained on, was 

considered primarily to ascertain the generalizability of the improved model on unseen 

data and to ensure model validity and reliability. The evaluation results demonstrated 

that implementing these improvements improved the T5 model's performance on a 

text summarization task in comparison with the performance of the baseline model.  

 

The findings of this study have demonstrated the effectiveness of the proposed 

improvements to the transformer-based model for text summarization. The T5 model 

outperformed the state-of-the-art transformers in a comparative study, owing to its 

encoder-decoder architecture and text-to-text framework. The quantization technique 

reduced computational costs while maintaining performance, as evidenced by the 

lowest recorded training and inference costs. Hyperparameter optimization for 

hyperparameters, such as the dropout rate, weight decay, loss function, and learning 

rate scheduling, contributed to improved convergence and generalization. Modifying 

the output layer with temperature and top-k sampling parameters improved the model's 

ability to generate coherent and concise summaries.  

 

The evaluation results showed consistent outperformance of the improved T5 model 

over the baseline T5 across ROUGE and BLEU metrics on two different datasets, 

indicating its effectiveness in capturing key information and aligning with reference 

summaries. The model's superior performance in zero-shot and few-shot settings 

additionally demonstrated its generalization capabilities, leveraging pre-trained 

knowledge to rapidly adapt to new domains or tasks with limited training data. The 

analysis of training and validation loss curves further validated the effectiveness of 

the optimization strategies in mitigating overfitting and ensuring the model's optimal 

performance.  

 

5.2 Recommendations 

Based on the research findings, the researcher proposes several recommendations for 

policy and practice. These recommendations offer valuable guidance for stakeholders, 

and policymakers and practitioners should consider them to progress text 

summarization research in particular and the Natural Language Processing domain. 
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5.2.1 Real-World Deployment 

Conducting real-world deployment is imperative to practically utilize the effectiveness 

of the improved text summarization model. The researcher recommends the 

implementation of the model in real-world settings such as newsrooms or content 

aggregation platforms and soliciting feedback from end-users and domain experts. 

Through this deployment, valuable insights can be gained into various aspects, 

including the model's performance in a real-world setting and its practical usability.  

 

5.2.2 Generalizing the Improved Model to Other Domains 

The researcher recommends the application of the improved model to other domains 

beyond text summarization. Collaborating with domain experts and stakeholders is 

recommended to facilitate fine-tuning the model parameters for other closely related 

tasks. The generalizability of the model will be utilized by applying the model across 

different domains and datasets, hence underscoring its applicability to a broader range 

of natural language processing tasks. 

 

5.2.3 Multi-Document Summarization Utilization 

The researcher also recommends the utilization of the capabilities of the model to 

handle multi-document summarization. This recommendation can apply the improved 

model to process multiple input documents simultaneously, enabling the model to 

generate comprehensive summaries that encapsulate information from various 

sources. This extended utilization would significantly broaden the model's 

applicability, making it more useful in real-world settings where users often need to 

consume and synthesize information from numerous news reports on a given topic. 

 

5.3 Future Work 

This study has laid the groundwork for further research in text summarization. While 

the researcher has achieved the objectives within the study's scope, exciting 

opportunities exist for future exploration. In this section, the researcher highlights 

potential avenues for extending this work, which were not within the delimitations of 

this study. These future works can, therefore, be adopted to progress text 

summarization research while building upon the findings of this study.  
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5.3.1 Inclusion of Additional Model Optimization Techniques 

In addition to quantization and hyperparameter optimization, further research into 

alternative model optimization techniques presents an opportunity to identify 

synergies that can further refine the performance of transformers in text 

summarization. This exploration could include various methods for model 

compression, such as knowledge distillation and pruning, aiming at reducing the 

model size and computational overhead while preserving model performance. 

Additional approaches could include exploring ensemble methods, which can involve 

the combination of different transformer models with varied hyperparameters or 

architectures. This approach could yield more robust and accurate summarization 

outputs by leveraging the complementary strengths of individual transformer-based 

models. 

 

5.3.2 Fine-Tuning for Multilingual Summarization 

To broaden the applicability of the developed text summarization model across diverse 

linguistic contexts, the researcher endorses fine-tuning it for multilingual 

summarization tasks as a future research direction. This could involve training the 

model on multilingual datasets and adapting its architecture to handle different 

languages effectively. The model can simultaneously learn to summarize in multiple 

languages by incorporating cross-lingual transfer learning techniques while leveraging 

shared representations across linguistic contexts. Furthermore, exploring zero-shot 

and few-shot learning approaches would also enable the model to generate summaries 

in languages for which it has not been explicitly fine-tuned, thus enhancing its 

versatility in multiple languages.  

 

5.3.3 Introduction of Interactive Summarization Approaches 

An exciting research direction in advancing text summarization could involve 

introducing interactive approaches that allow users to engage with the summarization 

process. The model can interact with users in real-time through reinforcement learning 

techniques, receiving feedback on generated summaries and adjusting its behaviour to 

produce more informative and contextually relevant outputs. Moreover, exploring 

active learning strategies would enable the model to strategically query users for input, 

iteratively refining the summarization process and optimizing summary quality. 

Additionally, designing explainable summarization interfaces that provide users with 
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insights into the summarization process, such as highlighting meaningful sentences or 

phrases in the source text and explaining the model's reasoning behind summary 

generation decisions, would enhance transparency and user trust in the summarization 

system. 
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Appendix 1: Data Pre-processing Algorithm 

Data Pre-processing Algorithm 

 

Require: Raw dataset 

Ensure: Pre-processed dataset 

 

Step 1. Tokenization: 

   for all input sequences in dataset, do 

      token_ids, attention_mask = AutoTokenizer.tokenize(input_sequence) 

      input_tensors. append ((token_ids, attention_mask)) 

   end for 

 

Step 2. Truncation and Padding: 

   max_input_length = 512 

   for all (token_ids, attention_mask) in input_tensors do 

      if len(token_ids) > max_input_length then 

         token_ids = token_ids[:max_input_length] 

         attention_mask = attention_mask[:max_input_length] 

      Else 

         padding_length = max_input_length - len(token_ids) 

         token_ids = token_ids + [PAD_TOKEN] * padding_length 

         attention_mask = attention_mask + [0] * padding_length 

      end if 

   end for 

 

Step 3. Dataset Splitting: 

   train_data, eval_data, test_data = split_data (input_tensors, ratios= [0.7, 0.2, 

0.1]) 

 

return train_data, eval_data, test_data 
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 Appendix 2: The Comparative Study’s Algorithm 

Algorithm for the Comparative Study of Transformers 

 

Input: D = {(𝑥₁, 𝑦₁), (𝑥₂, 𝑦₂), ..., (𝑥ₙ, 𝑦ₙ)} // A corpus of text-summary pairs 

Output: R = {𝑅₁, 𝑅₂, ..., 𝑅ₖ} // ROUGE Metric scores  

 

Step 1: Load the Dataset 

         (X) ← Access(D) // Access the text corpus from the dataset 

         (X) ← Split (Xtr, Xval, Xte) // Split the dataset into train, eval, and test sets 

 

Step 2: Pre-process the Dataset 

       for (𝑥, 𝑦) ∈ 𝒟 do: 

         (𝑥̃, 𝑦̃) ← Tokenize (𝑥, 𝑦, 𝒯) //Tokenize using auto-tokenizer T 

         (𝑥̂, 𝑦̂) ← Encode (𝑥̃, 𝑦̃) // Convert tokens into input IDs 

         (𝑥̂, 𝑦̂) ← (𝑥̂, 𝑦̂, 𝑙ₘₐₓ) //Truncate/Pad sequences  

         (𝑥̂, 𝑦̂) ← 𝑎ₓ, 𝑎ᵧ)// Create attention masks 

       end for 

 

Step 3: Load the Pre-trained Model from Hugging Face 

            𝓂←modelvariant ({𝑔𝑝𝑡2-𝑥𝑙, 𝑇5-𝑙𝑎𝑟𝑔𝑒, 𝑏𝑎𝑟𝑡-𝑙𝑎𝑟𝑔𝑒, 𝑃𝑒𝑔𝑎𝑠𝑢𝑠 𝑐𝑛𝑛_𝑑𝑚}) 

            𝓂 ← LoadModel (𝓂, 𝜃₀) // Load model with pre-trained weights 𝜃 

 

Step 4: Define the Training Arguments 

       Set: 

             Optimizer to AdamW 

             Initialize learning rate 𝛼₀ and scheduler 

             Gradient accumulation steps 

             Batch size for training and evaluation 

             Warmup steps, weight decay, and num_train_epochs 

             Checkpointing and logging configurations 

             Evaluation strategy to epochs  

 

Step 5: Train and validation step 

       for (x, y) ∈ [1, 𝓃ₑ] in num_train_epochs do: 

                 𝛼 ←lr. Step () // Apply learning rate scheduler step  

                 Perform a forward pass of the model 

                 Compute cross-entropy loss 

                 Perform a backward pass 

 

if gradient accumulation ≠ 0 and steps = = 0: 

                 n. step () // Update model weights 

                 n. zero_grad () // Clear gradients 
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         end if 

             if evaluation strategy = steps, EvaluateEverySteps () // Validate on (Xval) 

             if improved validation loss, save checkpoint 

          end if 

     end for 

 

Step 6: Evaluate the Models using ROUGE Metrics 

                𝓂̂ ← LoadCheckpoints 

         for 𝑥 ∈ 𝒳te do: // Evaluate on the test set 

                𝑦̂ ← 𝓂̂. generate(𝑥) // Generate the summary 

                𝑅 ← ROUGE (𝑦̂, 𝑦) // Compare the generated vs the reference summary  

         end for 

                Calculate and return the average ROUGE scores across the test set 

 

End Algorithm 
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Appendix 3: The Improved Model’s Algorithm 

Improved Model’s Algorithm 

 

Input: Dataset D, Pre-trained model M with parameters (θ_pretrained), 

Hyperparameters H, Quantization Scheme Q, Evaluation metrics S.  

Output: θ_finetuned parameters, quantized_model, Evaluation Results, Generated 

Summary. 

 

Step 1: Data Preprocessing 

 

for input_sequence in D:  

         token_ids, attention_mask = AutoTokenizer.tokenize(input_sequence) 

input_tensors.               

         append ((token_ids, attention_mask))  

end for 

         max_length = 512  

for (token_ids, attention_mask) in input_tensors:  

         token_ids = token_ids[:max_length]  

         attention_mask = attention_mask[:max_length] 

         padding_length = max_length - len(token_ids) 

         token_ids += [PAD_TOKEN] * padding_length  

         attention_mask += [0] * padding_length  

end for 

        train_data, eval_data, test_data = split_data (input_tensors, ratios= [0.7, 0.2, 

0.1]) 

return train_data, eval_data, test_data 

 

Step 2: Model Quantization  

 

model_layers = get_model_structure ()     

high_precision, low_precision = 32, 16 

 

for layer in model_layers: 

    if layer. type == "Fully-Connected": 

        layer. activations = quantize_to_precision (layer. activations, high_precision) 

    elseif layer. type == "Linear": 

        layer. weights = quantize_to_precision (layer. weights, low_precision) 

 

end for 

 

 

Quantization is done 

selectively, based on 

the type of layer 

Truncation and 

Padding 
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Step 3: Hyperparameter Optimization 

 

# Define hyperparameter search space 

search_space = {“learning_rate", "weight_decay" "batch_size" "dropout_rate" 

"optimizer" "gradient_accumulation_steps" "warmup_steps"} 

 

# Perform manual tuning 

manual_tune (model, train_data, eval_data) 

 

# Perform automatic hyperparameter optimization 

best_config = tune. Run ( 

    tune. with_parameters (train_model, data=train_data, eval_data=eval_data), 

    metric="val_loss", search_alg = tune. gradient_search, 

gradient_descentOpt(space=search_space), num_samples=10, mode= “min”) 

print (f “Best hyperparameters: {best_config.get_flat_config ()}") 

 

Step 4: Training and Validation  

 

Train M on D_train using H 

for (x, y) ∈ [1, 𝓃ₑ] in num_train_epochs do: 

    Shuffle D_train 

       for batch (X, Y) in D_train Y’ on _M_(train_data) 

            Update θ using loss (Y, Y') 

       end for 

         Validate M on (X_eval) using Epochs () 

          Save best checkpoint 

  end for 

 

Step 5: Modifying the Output Layer 

 

Define ModifiedOutputLayer: 

 

    Initialize model, vocab_size, temp, top_k           

    self. model = model, self. lm_head [Linear (model. config. d_model, 

vocab_size)] 

    function generate_summary (encoder_outputs, attention_mask): 

    summary_ids = [] 

    outputs = self. model. decoder (inputs, encoder_outputs, attention_mask) 

    logits = self. lm_head (outputs [logits = Softmax(logits)]) 

 

 

 

Finding the best fit via 

both Manual and 

Automatic Tuning  
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   while not done do: 

       token = sample (logits, temp, top_k) 

       summary_ids. append(token) 

end while 

return summary_ids 

 

Step 6: Model Evaluation 

 

for 𝑥 ∈ 𝒳test do: // Evaluate on the test set 

    X'_test = test M on (X’_test) 

    Update S using _E_ (X_test, X'_test) 

end for 

 

return θ_finetuned, metrics_scores, quantized_model, generated_summary 

 

End Algorithm 
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Appendix 4: Approval of Research Proposal and Supervisors 
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Appendix 5: NACOSTI Research License 
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