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Executive Summary

This large language model research project aims to explore the fundamentals of
preprocessing data and algorithms that will be applied and the impact of this Text
Summarization on artificial intelligence (Al). So, the project is divided into different steps,
using NLP, a model like Pegasus. The research also used the roadmap of Al, also called
generative Al, such as present trends, challenges, and future ways. The project will be a
comprehensive report and presentation summarizing the implementation of chatbots on Al

and our society.

Faculty of CS IT, The Superior University Lahore, Pakistan vii



LLM Text Summarization

Table of Contents

Contents
(O =T o) SRS 12
T [N Tot AT ] o PP RRURTOR 12
IO R = 7 Yo 1 |01 Vo USSR 13
1.2 Motivations and ChalleNgesS ..o s 13
1.3 GOals aNd ODJECIVES.....cueiieiicieciie ettt sre e nnes 13
1.4 Literature RevieW/EXISting SOIULIONS .........ccoiiiiiiiiiiiiiieece e, 14
T C - 1o I N -1 Y [ USSR 14
1.6 PropoSed SOIULION .......ciiiiiiiiiiiciec e 14
O A o (o T B o = o USSR 15
1.8 Roles & RespoNnSibIHIty MatriX.........cocviiiiiiiiieieicieicse e 15
I T €. T | 1 O o U SRRSO 16
1.10 EMPAtNY MAP ..o 17
(O T o) OSSR 18
Software Requirement SPeCITICALIONS...........cciiiiiiiiicieiee e 18
T i oo [0Tox 1 o] o TSSO RR TP PRORPRPRIN 19
2.1 1 PUIPOSE .ottt b bbbt b e n e 19
2.1.2  DoCUMENt CONVENTIONS .....ccviiviiiiiiiiiieiieieiie ettt st 19
2.1.3  Intended Audience and Reading SUQQESTIONS ..........ccccveieierienierienineseseeeeee e, 19
N O (o [N ot Yoo oL OSSPSR 19
2.2 OVErall DESCIIPIION ...veiuieiitiite sttt bbb 20
2.2.2  ProducCt PErSPECIIVE ....c..ciuieiicie ettt sttt nte e e e 20
2.2.3  ProduCt FUNCLIONS ...c..eiuieiiieiiieie sttt sttt nee e 20
2.2.4  User Classes and CharaCteriStiCS ........c.ovurereriieiiiieiieieeierie et 20
2.2.5  Operating ENVIFONMENT ........oooiiiiiiiiiee e 21
2.2.6  Design and Implementation ConStraints...........cccccveveiievieciiesieie e 21
2.2.7  USEr DOCUMENTATION ..ottt nee e sae e nreeee e 21
2.2.8  Assumptions and DEPENUENCIES ........c.ccvveiueeiieiieeiieeie e rie e sre e, 21
2.3 External Interface REQUITEMENTS.......ccviiiiiieiieiie e 22
2.3.2  USEE INTEITACES ....oiieiiie et re e 22
2.3.3  Hardware INtErfaCeS. .......ociiuiiiiiiiiieiee e 22
2.3.4  SOftWAre INtEITaCES .....cve e 22
2.4 SYSIEM FRAIUIES. ... vii ittt ettt e e sba e e e bb e e se e e e ntaeeanees 22
2.5  Other Nonfunctional REQUIFEMENTS .........coviiiiiiiiiiiisiseee e 23
2.5.2  Performance REQUIFEMENTS.........c.coiiiiiieii ettt are e 23
2.5.3  Reliability REQUIFEMENTS ......oouiiiiiiiiiiieee e 23
2.5.4  Maintainability/Supportability REQUIrEMENTS .........cccovveiiieiieie e 23
2.6 Other REQUITEIMENTS. .....ccuiiiiitiitiiteitieie ettt bbbt 24
(@1 0T o] (=T g SRR PUPPPSRS 25
USE CASE ANAIYSIS. ...ttt bbb bbbttt bbbttt 25
N B U L O 1T B T To | -1 S SOT R USSPP PR 26
3.2, USE CaSe DESCIIPIIONS. ....cuvieiteitiitisieeiee ettt bbb bbbt 27
(@1 0T o] (=] TSP OO PUPUPTSRS 29
SYSTEIM DIBSIGN ...ttt bbbttt bbbtk h et e et e b bbbt re s ne e 29
4.1, ArChIteCtUre DIAQIAM ....cuiiiieiiie ittt ettt et e e et e e re e saeaabeesree s 30
4.2, DOMAIN IMOEL.......c.oiiieecc et nre s 31
4.3.  Sequence / Collaboration DIagram .........cccceeviueiiieiiiiiiee e 32

Faculty of CS IT, The Superior University Lahore, Pakistan 8



LLM Text Summarization

4.4, OPEration CONTIACTS .....ccuvcuiiieiieeieiee e eie st e e e e e e ae e sbe et e sseesreenesneesseeneeaneennes 33
4.5, ACHVILY DIAGIAM ....oiiiiiiiiiieieite bbbt 35
4.6.  State TranSition DIAGIAM .......ccviieiieieeie e sreeaeseenres 36
4.7.  COMPONENE DIAGIAM ....cuiiiiiiiieiteiie et 37
4.8.  Deployment DIAQram .........cccueiiiiieiieiieie ettt reer e sre e naenre s 38
4.9, Data FIOW QIAGIAM ....uiiiiiiiciieieeie sttt e b neenreas 39
(O =0 OSSR 40
IMPIEMENTALION ...t b bttt 40
5.1. Important Flow Control/PSEUdO COUES........ccceeiveiieiieiieiiesie e 41
5.2.  Components, Libraries, Web Services and StubS ............ccocvevvnieniininninneee e, 46
5.3.  Deployment ENVIFONMENT .........ccoiiiiiiie ettt 46
5.4, TO0OIS aNd TECANTGQUES. .....cviititiitiitieieeie ettt 46
5.5. Best Practices / Coding Standards.............ccocveveiieiiiie i 47
5.6, VErsion CONTIOL......ccviiiiieiie et nre e 47
(O T o) G OSSR 48
Testing and EVAIUALION ........coiiiiiiiee et 48
6.1, USE CaSE TESHING ....cciiiieiieitieie ettt sttt te e raesbe e esreesteeneesreenreens 49
6.2.  Equivalence partitioning .........ccocooiiiiieieieese e 49
6.3.  Boundary value analySiS............ccceiieiiiieiieie ettt 49
6.4,  Datad FlOW TESTING ....cveeieieeee e 50
TR T 1011 (=1 1] [ OSSPSR 50
6.6.  INtEGIrAtiON tESTING.....eieeteeiteiteste sttt 50
6.7.  Performance teSHING......cccoviiieie e 51
6.8, SIIESS TESTING ...veitieiieiieieit ettt bbbt bt 51
(O T o) OSSR 52
Summary, Conclusion and Future ENhanCemMents ...........ccccverviieiienenie s 52
7.1, PrOJECE SUMMAIY ....oiiiiiiie ettt sttt te et aesbe e esreesteennesreeareens 53
7.2.  Achievements and IMProVEMENTS ........ccoueiiiiiereresireseeee e 53
7.3, CrItICAI REVIBW......eiiiiiiiieiece ettt bbb 53
T4, LESSONS LEAIML. ...ttt ettt 54
7.5.  Future Enhancements/Recommendations ...........ccocvvvveiieinieiene e 54
AADPEINTICES ...ttt bbbt bbb bt bRt R et b e bbbttt 55
APPENAIX Aottt e et e et et e te e be et e aaeente et e ereenreenteareenres 56
Reference and BibHOGrapny ........cooooiiiiiiiii e 58
Lo =2 S UPRPSPRRR 62

Faculty of CS IT, The Superior University Lahore, Pakistan 9



LLM Text Summarization

List of Figures

Lo U e F=T 0 o - | PSS 16
FIgure 2 empatny MAP .......ooiiiiiiee et bbb 17
Figure 3 Use Case DIAQIaM ........ccuiiiiiieiieie e sie et e et eete e e ste e e sreesteaneesneesneeneennes 26
Figure 4 ArchiteCture DIAGIAM .......cc.oouiiiiiiiiieieiee et bbbt 30
Figure 5 DOMain MOGEL..........ccviiiiieiie e 31
Figure 6 Sequence / Collaboration DIagram ..........cccoererererininieeeeeesre e 32
Figure 7 Operation CONTIACTS.......ceiviiierieeie ettt reeste e esneesreenreenes 33
Figure 8 ACHIVILY DIAQIAM .....cueiiiiiieieiite ettt 35
Figure 9 State TranSition DIAGraM.........cccveiueiieiiee e se e esre e ans 36
Figure 10 ComMPONENE DIAGIAM ......oviiiiiiiiiiiiiieieei ettt 37
Figure 11 Deployement DIagraM.........c.coveieieeieeie e ese s seesie et sreesreasee e e sreeneeenes 38
Figure 12 Data FIOW DIAQIAM .....c.coiuiiiiiiiiieiiieieeeee ettt 39

Faculty of CS IT, The Superior University Lahore, Pakistan 10



LLM Text Summarization

List of Tables

Table 1 Role & ReSpoNSIDIHItY IMAIIX.......c.ccveiiiiiiierecie e 15
Table 2 MOUEIS ACCUIACY ....c.ueeiieiieieie ettt 50

Faculty of CS IT, The Superior University Lahore, Pakistan 11



LLM Text Summarization

Chapter 1

Introduction

Faculty of CS IT, The Superior University Lahore, Pakistan 12



LLM Text Summarization

Chapter 1: Introduction

The introduction explores a large language model in the domain of text summarization using
a deep learning algorithm called RNN, and its types like Lstm, GRU, and BRU. LLM has been
remarkable in NLP tasks, and their application that we can used that could lead to significant
automatic text summarization techniques to ease and our time. This report presents all the
steps we took in practice experiments to find the best model then we apply in LLM text

summarization to help us get good results.

1.1 Background

The fundamental method of this model relies on different rules, and their ability to learn
human language is limited. With various kind of models like gpt3, gpt4, and Bert, there is a
significant background towards a data-driven approach, the power of machine learning, and
deep understanding that generates summaries that the data is relevant and accurate. This
project builds upon this foundation to explore the potential of LLMs in text summarization

and contribute to advancing specific fields

1.2 Motivations and Challenges

The motivation behind this project stems from the increasing need for efficient and accurate
text summarization techniques used in our project, particularly in handling the ever-growing
large amount or volumes of textual data available online. By leveraging LLMs, this research
seeks to address the limitations of traditional summarization methods and improve the
quality and effectiveness of text summaries of paragraph. However, integrating LLMs into
text summarization poses several challenges, including the need for extensive training data

on specific fields because the chatbots didn’t train on fields.

1.3 Goals and Objectives

This project aims to appraise the performance of the PEGASUS model in the circumstances
of text summarization using the Samsum dataset. Also, the goal is well and good objective in
a specific field. The objectives include Preprocessing the Samsum is dataset for training and

evaluation. To fine tune the PEGASUS on the Samsum data for text summarization.
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1.4 Literature Review/Existing Solutions

Text summarization is a field with a rich impact history of research, encompassing various
methodologies to distill information from texts and paragraphs. Traditional methods, like
extractive summarization, have limitations in coherence and relevance. There is an existing
solution for the chatbot, but we taught in one and many domain that will help to solve other
problems. Modern approaches, especially those leveraging models and transformers, offer

better abstractive summarization techniques in a transformer-based model

1.5 Gap Analysis

Coherence and Consistency: While transformer models have improved the coherence
of generated summaries, there is still a gap in ensuring that summaries are consistently
coherent, especially with complex language structures.

Biases and Fairness: Addressing biases in generated summaries remains challenging,
requires further research to development more effective bias detection and mitigation
techniques.

Data Efficiency: Training large transformer models like PEGASUS requires vast amounts
of data and not less amount, highlighting the need for more data-efficient approaches
to text summarization.

Evaluation Metrics: Current evaluation metrics like ROUGE may not fully capture the
quality of generated summaries of paragraph, indicating a need for more nuanced and
comprehensive evaluation methods.

Real-time Summarization: Many existing models are computationally and intensive,
hindering real-time summarization applications and other. Future research could focus

on developing lightweight models for faster summarization.

1.6 Proposed Solution

The proposed solution of our project is that in some companies and other domains,
factories help them to understand easily rather than reading many paragraphs, like a
student can quickly clear his concept using a large language model of text summarization.
That’s why, in this era, Generative Al benefits us. You need to take advantage of this latest

technology.
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1.7 Project Plan

Month 1-2:

e Background Research Study the fundamentals of Al, using ML, DL, and NLP. Explore

history, development, and critical concepts of large language models.
Month 3-4:

e Algorithm Understanding: Dive deep into the algorithms used in machine learning,
focusing on neural networks, attention mechanisms, and transformer architectures.
Study the working principles of large language models.

Month 5-6:

e Fine Tune our model and transfer learning, including current trends, challenges, and
future directions. Investigate the applications of large language models in various
fields, such as healthcare, finance, and education, or any other specific domain you
need to

Month 7-8:

e Deployed on Streamlit or cloud according to background money and Analysis.
Synthesize the knowledge gained from the research into a comprehensive
understanding of large language models. Analyze the impact of large language

models on artificial intelligence and their potential for future advancements.

1.8 Roles & Responsibility Matrix

Table 1 Role & Responsibility Matrix

Task/Stakeholders Duration Responsible Team Member(s)
Project Planning February All
Text Preprocessing March Ahmad
Model Selection April Ahmad Raza
Fine Tuning August Ali Hassan
Testing and Validation October Shaheer Nouman
Deployment November Ahmad Raza

Faculty of CS IT, The Superior University Lahore, Pakistan 15
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1.9 Gantt Chart

GANTT CHART
“ MONTH 2 MONTH 4 MONTH & MONTHE MONTH 10 MONTH 12

DEFINE PROJECT SCOPE
ANDOBIECTVES

ALLOCATE RESOURCES |
AND ASSIGN ROLES

DATA COLLECTION AND
TION

FEEDBACK MECHANISM
IMPLEMENTATION —

PROJECT CLOSURE [

Figure 1gantt chat
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1.10 Empathy Map

What does he think and feel?

He thinks about ways to improve his blog's
reach and engagement, constantly seeking
new ideas and strategies

What does he hear? What does he see?

He hears a mix of feedback He sees hisblogas a
from his audience, including platform for creativity and
praise for his content and expression, visualizing
constructive criticism engaging content ideas and
the potential impact on his
audience

What does he say and do?

‘I'm always looking for ways to improve my
content and engage with my audience more

effectively,”
Pain Gain
. Difficulty in generating new and original blog content. . Satisfaction from publishing high-quality,
» Time-consuming process of writing and editing blog posts. engaging blog posts.
s Concerns about the quality and engagement of their blog s Increased traffic and engagement on their blog.
content. . Time saved by using automated content

generation tools.

Figure 2 empathy map
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Chapter 2

Software Requirement
Specifications
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Chapter 2: Software Requirement Specifications

Introduction

2.1.1 Purpose

The purpose is to take extensive text data as input that can auto-generate abstractive
summaries. This scope covers entire text summarization, including preprocessing given data
in that domain after fine-tuning our Pegasus model and giving summaries. It also integrates
other components of the system. Like user interface, storage, as well as an external

operation that is required

2.1.2 Document Conventions

This project follows the steps of the document to justify consistency in present needs. The
heading and subheading are in bold text and have a caliber of 12pt and a spacing of 1.5. At
the same time, the statement is simple text. Other priority levels with bullets is standard

requirements. Key terms or concepts may be highlighted using italicized text for emphasis

2.1.3 Intended Audience and Reading Suggestions

The project is intended for various audiences involved in the system's development,
management, and documentation. Developers will use this document to understand the
requirements and implement them during the software development process. Project
managers will gain insights into the scope according to the market and its requirements,
objectives, and constraints of the project, enabling them to plan and manage resources

effectively.

2.1.4 Product Scope

One of the extraordinary scopes of this product that saves time is the powerful ability to
effectively summarize large amounts of text into conversational text and less effort for our
users who do not need to read an amount of data to understand all the processes that have
been given to him according to his task or other. The primary key of this system to create a
robust and best environment text summarization using the model’s name Pegasus that will

be to our dataset names called same sum to optimize to get excellent performance and
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evaluate using its metrics like such as rough just like we used in machine learning algorithm

are TP, TN, FN, and FP.

2.2 Overall Description

2.2.2 Product Perspective

The project outlines the functional context of the overall description and distinguishes the
software system. This tells the system summary. Its human computer interacts with the user
and the technology and dependencies. Additionally, all descriptions used the system
features, like user characteristics and hardware requirement limitations. The set stage for

in-depth requirements and Ul specification

2.2.3 Product Functions

A software application that is used to generate short text using long text. Its user-friendly Ul
allows them to input or give data and get output. The system does not need any other
outside system or database for its work, like cores that like access to the internet for
additional updates or any need for other resources. Its LLM text summarization is the part,
or you say that system of eco of natural language processing and technologies to

advancement of ai text driven processing

2.2.4 User Classes and Characteristics

The system used various user classes and characteristics, each with different and unique
roles. Also have requirements. Researchers well-known in machine learning, deep learning,
and natural language processing depend on the system to use algorithms, datasets, and
their metrics to create research and do practical. The developer depends on implementing
and editing codes to maintain their environment system; they also need in-depth knowledge
of architecture, code language, and integration. Managers overview and oversee the entire
development system and planning deployment and how to manage the project. Depending
on the results, the tester validates the functional and non-functional users who seek a user-
friendly interface Ul. Each user class contributes uniquely to all these systems, and in the

end, they highlight the essential key points that approach to meet their specific needs
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2.2.5 Operating Environment

The environment is designed like every user with operating systems like Windows, Linux,
and MacBook can operate to use this. It requires a minimum of 16GB of RAM and a multi-
core processor for optimal performance. The system relies on the Python programming
language and libraries such as TensorFlow and PyTorch for machine learning, deep learning,
and natural language processing tasks. An internet connection is required if you are using

the Google Colab engine, but in our project, we used

2.2.6 Design and Implementation Constraints

Firstly, the computational resources available may limit the system's performance, including
processing power and memory. We need to train many parameters, including called weights
and other models, such as chatbot trained on billions of parameters. The complexity of the
algorithms used, particularly for text summarization and natural language processing, may
affect the system's ability to generate accurate summaries. Integration with external
systems or services for data retrieval, processing, or storage introduces constraints related
to compatibility and security. Compliance with relevant regulations and standards, such as

those related to data privacy and security, is also a constrain

2.2.7 User Documentation

The design of the system application is easy to use and interacts with entities through
various functionalities. Complete their task using all functional requirements from the task
they are given to their university and college. It is intuitive and has varying levels of
technical expertise. User can input data, and the system provides output as the data

according to their functional requirements that need to be fulfil

2.2.8 Assumptions and Dependencies

To support its operations effectively, the LLM text summarization system operates under
certain assumptions and dependencies that assume access to adequate computational
resources, including the CPU's processing power, GPU, and cores or memory. Additionally,
the system relies on the availability of high-quality training data, like we train a model to our

Samsum dataset, to train and optimize its algorithms for text summarization. A stable
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internet connection is also assumed for accessing online resources, updates, and additional
datasets that several epochs run to, depending on batch size, if needed, to calculate loss

and accuracy. The main problem is that the vanishing gradient problem does not occur.

2.3 External Interface Requirements

2.3.2 User Interfaces

LLM provides two offers: variety, preference and need. The web interface allows access to
the viewpoint and initiative platform through standard web browsers like Chrome, Edge,
and Firefox. It is as simple as a layout with an area of input that provides data according to
processing to summarize. On the other hand, you can interact with a screen of the desired

results to copy and paste. A client called the command line interface will be shown

2.3.3 Hardware Interfaces

Hardware interfaces are compatible and run computers, and laptops. However, hardware
components require a high level of 16gb RAM, generation, and i7 12t" generation CPU and
10gb GPU to train our model and fine-tune or transfer learning to get our desired result and
accuracy. However, it is also optimized for more giant screens for a better user experience.
Overall, with its smooth operation, users easily interact across a wide range. For offline user

can use this text summarization to get his summary with 4gb ram and i5 6 generation CPU

2.3.4 Software Interfaces

The LLM Text summarization software components are the best for functionality and good
performance. Its capability is designed for various operating systems, including Windows,
Linux, and MacBook, for executing memory and process by process. Software used the nltk
library of natural language, providing for tokenization and parsing data to data its processes

to analyze it

2.4 System Features

The LLM offers features to facilitate our user text data. Its central core lies in giving

informative summaries using the Pegasus model, a powerful specific domain-trained model

Faculty of CS IT, The Superior University Lahore, Pakistan 22



LLM Text Summarization

for abstract summarization. Users can interact with it and get their desired results as output,
allowing them to view, download, or copy according to their needs. More features will be

added in the future as the development will come

2.5 Other Nonfunctional Requirements

2.5.2 Performance Requirements

The LLM text summarization system is designed so that its performance should not consume
higher usage of your central processing unit and memory resources because if it happens,
your system will slow. A large language model app will work well in your high score
operating system. To maintain this, we should evaluate the ROUGH-1 score. These
performances are essential to secure the system and meet user expectations and regulatory

standards.

2.5.3 Reliability Requirements

The reliability requirement of the LLM text summarization system focuses on the
consistency of CRUD operation in software engineering, like dependable operation. A
system called peer-to-peer connection should be available occasionally. So, there is minimal
downtime to ensure that users can access it when needed. Data integrity should measure
that data loss or corruption is in place to prevent. On the other hand, regular backups are

implemented so the user should not lose their data. They can save them.

2.5.4 Maintainability/Supportability Requirements

The maintenance of an extensive language model system focuses on the fact that it can be
easily maintained and supported 24/7, called 24-hour and seven-day active online user
supportability. Version control system GitHub that manages code changes and future
updates to facilitate the performance of our chatbot. The system should have sign-in or
monitoring capabilities to track their app communication performance, which can detect

issues with our application, so we get timely feedback on maintenance.
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2.6 Other Requirements

The portability of our LLM text summarization system aim is that the system can easily be
deployed and used across various platforms and environments. The platform should be
system-dependent, running on other platforms efficiently without any lag or slow like on
Windows, Linux, and MacBook. It should widely support the project's compatibility. Easy to

install and good handy portability
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Chapter 3

Use Case Analysis

Faculty of CS IT, The Superior University Lahore, Pakistan 25



LLM Text Summarization

Chapter 3: System Analysis

Use case analysis is the critical aspect of this project development that helps us understand
our system functionality from the user feedback. This chapter focuses on using a Case
diagram and how we create it to visualize the human-computer interaction between the
system and the user. A use case description will give you a concept of how the users interact
with our software to achieve their goals, providing details and mapping how each case will
be used and implemented. It explores the relationship between interactions and
dependencies. Prioritization of use cases will be based on their importance and impact on
the system's functionality. Finally, a summary of the use case model will be provided to give

an overview of the system's behavior and functionality.

3.1. Use Case Diagram
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Ask Questions

Get Response &
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Figure 3 Use Case Diagram
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3.2. Use Case Descriptions
Use Case: Input Dialogue

® Actors: User

e Description: The user inputs a dialogue text into the Streamlit Ul, which will be
processed by the system to generate a summary.

e Preconditions: Streamlit Ul is accessible, and the user has a dialogue to summarize.

e Postconditions: The dialogue is accepted and stored temporarily for processing.

Use Case: Display Summary

® Actors: User
e Description: The system generates a summary based on the provided dialogue and
displays it in the Streamlit Ul for the user.

o Preconditions: The dialogue has been processed, and a summary has been
generated by the system.

e Postconditions: The user views the generated summary.

Use Case: Configure Training Parameters

® Actors: Data Scientist

e Description: The data scientist configures the model training parameters in Google
Colab, setting values such as batch size, learning rate, and number of epochs.

o Preconditions: The Pegasus model and tokenizer are accessible in Google Colab.

o Postconditions: The model is set up with the configured parameters and is ready for

training.

Use Case: Load and Preprocess Data

® Actors: System

e Description: The system loads the dataset in Google Colab and preprocesses it,
including tokenizing dialogues and preparing inputs for training.

e Preconditions: The dataset is available and accessible in Colab.

e Postconditions: The data is tokenized and prepared for model training.
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Use Case: Train Model

e Actors: System

o Description: The system trains the Pegasus model on the preprocessed dataset in
Google Colab, adjusting the model weights based on input and target outputs.

o Preconditions: The model is configured with training parameters, and preprocessed
data is available.

e Postconditions: The model has been trained on the dataset and is ready to be saved.

Use Case: Save Model and Tokenizer

® Actors: System

e Description: The system saves the trained model and tokenizer in a directory to be
accessed later for predictions in the Streamlit app.

e Preconditions: The model has been trained successfully.

e Postconditions: The model and tokenizer files are saved in a directory accessible to

the inference engine.

Use Case: Load Saved Model

® Actors: System

e Description: The system (Streamlit app) loads the saved model and tokenizer from
the directory for inference.

e Preconditions: The trained model and tokenizer files are saved and accessible.

e Postconditions: The model and tokenizer are loaded into memory, ready for

generating summaries.

Use Case: Generate Summary

® Actors: System

e Description: The system uses the loaded model and tokenizer to generate a
summary from the user-provided dialogue input.

e Preconditions: The model and tokenizer are successfully loaded, and the user has
provided input dialogue.

e Postconditions: A summary is generated based on the dialogue and is ready to be

displayed
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Chapter 4
System Design
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Chapter 4: System Design

The system design phase is a critical step in the software development lifecycle, where the
high-level system architecture and components are designed to meet the specified
requirements. This chapter has provided a detailed overview of the system design, covering
various aspects such as architectural design, database design, user interface design,
component design, deployment design, security design, integration design, and design

patterns.

4.1. Architecture Diagram
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Figure 4 Architecture Diagram
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4.2.

Domain Model
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4.3. Sequence / Collaboration Diagram
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4.4. Operation contracts

Tokenization Embedding

LLM’s
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Transfer

learning
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Figure 7 Operation Contracts

Accept Dialogue Input

e Operation: acceptDialoguelnput()

e Preconditions: Streamlit Ul is running, and the user provides a dialogue input.

e Postconditions: The input dialogue is accepted and stored for processing.
Load Model & Tokenizer

e Operation: loadModelAndTokenizer()

e Preconditions: Model and tokenizer files are saved in the specified directory, and the

directory is accessible.

e Postconditions: The model and tokenizer are loaded into memory for inference.

Exceptions:

If files are missing or inaccessible, the system raises an error and logs it.
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e Check if Model Loaded

e Operation: checkModellLoaded()

e Preconditions: loadModelAndTokenizer() has been called.

e Postconditions:

o Success: Proceeds to generate a summary.
o Failure: Displays an error message indicating that the model couldn’t be
loaded.

Generate Summary

e Operation: generateSummary(dialogue)

e Preconditions: Model and tokenizer are successfully loaded, and dialogue input is

available.
e Postconditions: A summary is generated based on the input dialogue.
e Exceptions: If the generation process fails (e.g., due to model errors), an error
message is displayed.

Display Summary

e Operation: displaySummary(summaryText)

e Preconditions: A summary has been successfully generated by generateSummary().

e Postconditions: The generated summary is displayed to the user in the Streamlit Ul.
Display Error Message

e Operation: displayErrorMessage(message)

e Preconditions: An error has occurred during model loading or summary generation.

e Postconditions: An error message is shown to the user in the Streamlit Ul, informing

them of the failure.
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4.5. Activity Diagram
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4.6. State Transition Diagram
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4.7. Component Diagram
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4.8. Deployment Diagram
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4.9. Data Flow diagram
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Chapter 5

Implementation
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Chapter 5: Implementation

This process of implementation we used on Google Colab Engine that gives us T4 GPU and
RAM scores to process fast as soon or as much as possible includes developing the core
functionality of the system, such as integrating the PEGASUS model for abstractive
summarization and implementing the necessary preprocessing steps for text analysis.
Additionally, the implementation includes creating a user-friendly interface for users to

interact with the system.

5.1. Important Flow Control/Pseudo codes

BEGIN Text Preprocessing
LOAD IMDB Dataset

// Convert reviews to lowercase
FOR each review IN dataset:

review = review.lower()

// Remove HTML tags
FOR each review IN dataset:

review = remove_html_tags(review)

// Remove URLs from the reviews
FOR each review IN dataset:

review = remove_url(review)

// Remove punctuation from the reviews
FOR each review IN dataset:

review = remove_punctuation(review)

// Replace chat words with full forms

FOR each review IN dataset:
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review = chat_conversation(review)

// Correct misspelled words
FOR each review IN dataset:

review = correct_text(review)

// Remove stopwords from the reviews
FOR each review IN dataset:

review = remove_stopwords(review)

// Remove emojis from the reviews
FOR each review IN dataset:

review = remove_emojis(review)

// Tokenize the reviews
FOR each review IN dataset:

words = tokenize_words(review)

// Apply stemming
FOR each review IN dataset:

review = stem_words(review)
// Apply lemmatization
FOR each review IN dataset:
review = lemmatize_words(review)
END Text Preprocessing
BEGIN Model Setup and Summarization

// Load the dataset

dataset = load_dataset("cnn_dailymail", "3.0.0")
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// Load pre-trained models and tokenizers
models = {
"gpt2-medium": load_model("gpt2-medium"),
"t5-base": load_model("t5-base"),
"bart-large-cnn": load_model("facebook/bart-large-cnn"),

"pegasus-cnn_dailymail": load_model("google/pegasus-cnn_dailymail")

// Summarize the input text using each model
FOR each model IN models:
summary = model.summarize(dataset['train'][1]['article'][:2000])

store summary in summaries dictionary

END Model Setup and Summarization

BEGIN Model Evaluation
// Load ROUGE metric

rouge_metric = load("rouge")

// For each model, compute the ROUGE scores
FOR each model IN summaries:
rouge_metric.add(prediction=summaries[model],
reference=dataset['train'][1]['highlights'])
score = rouge_metric.compute()

store score in results
// Display ROUGE scores in a DataFrame

create_dataframe_from_results(results)

END Model Evaluation
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BEGIN Model Training
// Initialize the model and tokenizer
model_ckpt = "google/pegasus-cnn_dailymail"
tokenizer = load_tokenizer(model_ckpt)

model = load_model(model_ckpt)

// Prepare dataset for training
dataset_samsum = load_dataset("samsum"

prepared_dataset = prepare_dataset_for_training(dataset_samsum)

// Configure training parameters

training_args = configure_training_args()

// Initialize Trainer
trainer = Trainer(model=model, args=training_args, data_collator=seq2seq_data_collator,

train_dataset=prepared_dataset["train"], eval_dataset=prepared_dataset["validation"])

// Start training

trainer.train()

END Model Training

BEGIN Model Evaluation on Test Dataset
// Split dataset into smaller batches
batch_size =16

article_batches, target_batches = split_dataset_into_batches(dataset['test'], batch_size)

// For each batch, generate summary using model
FOR each batch IN article_batches:
summaries = model.generate(input_ids=inputs, attention_mask=attention_mask)

store decoded_summaries in results
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// Compute ROUGE scores
score = calculate_rouge_score(results)

print_rouge_scores(score)

END Model Evaluation on Test Dataset

BEGIN Save Model and Tokenizer
// Save the trained model and tokenizer to a directory
save_model(model, "saved_model_directory")
save_tokenizer(tokenizer, "saved_model_directory")

END Save Model and Tokenizer

BEGIN Prediction
// Load saved model and tokenizer
model = load_model("saved_model_directory")

tokenizer = load_tokenizer("saved_model_directory")

// Take user input via Streamlit

user_input = get_user_input("Type your Dialogue here:")

IF user presses "Submit":
// Tokenize user input

inputs = tokenizer.encode("summarize: " + user_input)

// Generate summary using the model BEGIN Streamlit Interface

SET title to "LLM Text Summarization"

// Input text area for user

DISPLAY text_area("Type your Dialogue here:")

// When button is clicked
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IF "Submit" button pressed:
SHOW spinner("Generating response...")
GENERATE response using model
DISPLAY the response

END Streamlit Interface summary = model.generate(inputs)

// Decode and display the summary
display_summary(summary)

END Prediction

5.2. Components, Libraries, Web Services and stubs

Implementing the LLM text summarization system will rely on various components and
libraries like NumPy, pandas, matplotlib, seaborn, sklearn, and TensorFlow. This project is
based on libraries such as transformers that can access models and tokenization, also known

as natural language processing. And for the web, we used streamlit

5.3. Deployment Environment

In the deployment of our project, we used a Python library called Streamlit as a deployment
environment, a prevalent framework for making machine learning, deep learning, and other
web applications easy to use web applications rather than creating a completed front end
using different programming languages like HTML, CSS, and JavaScript. Streamlit is a

dynamic rendering for components based on input updates

5.4. Tools and Techniques

This project leverages various platform tools and techniques for better or successful
development and deployment. Python will be used as a programming language with the
help of its libraries, such as natural language processing, transformers, sci-kit learn,
TensorFlow, and Streamlit, and it will be used for building web applications and friendly user
interfaces. On the other hand, the git command and GitHub platform facilitate the version

control system.
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5.5. Best Practices / Coding Standards

Implementing significant language text summarization will be the best practice; you can use
Google Colab. On the other hand, you can use the Kaggle platform for best practices and
coding standards for their models to work to and contribute to your coding competitions for
the best efficiency, maintainability, and scalability. Following the Python environment will
guide you in ensuring a consistent code style for your model design that promotes your

code.

5.6. Version Control

We used version control for our project text summarization, which will be managed by the
system using git commands, a widely used version control system distributed. Git gives a
robust platform for changing our codes and collaborating with our team members who
participate in our project and can manage different versions of it. The repository on this
platform, such as GitHub, can be accessed using the link provided, which offers features like
tracking, some request, pull and push, or other tools. This will enable the developers to
work occasionally and update track changes. Git branching, such as git-flow, manages the
development and manageability of the extensive language model text summarization

system to its lifecycle.
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Chapter 6: Testing and Evaluation.

This chapter of testing and evaluation methods are used in our development of text
summarization project. Various testing is applied to ensure that the performance we need is
fulfilled and good for user inputs as friendly.by covering many testing approaches. Like case
testing and boundary analysis, this chapter gives a comprehensive evaluation of robustness.

Additionally, we used extreme usage conditions.

6.1. Use Case Testing

Use case testing that define system functions correctly based predefined user ideas.Each
use case,such as giving prompt or get a summary, is esure to testing the system behavior as
we expected.The test cases are gives directly from user needs,simulation and modeling in
real-world interaction with streamlit app.This testing validates both typical and alternative

workflows to confirmed that our product is user friendly and error free

6.2. Equivalence partitioning

This is using to divided our data into different things called categories that should create
similar output data.For the summarization LLM,our model getting different types of prompt
(e.g., short, medium, and long summary) are used as prompt input to confirm that all
prompt variations is accurate and easily readable.By testing these inputs from each
categories that helps to identify any error and issues without need to exhausting every need

input

6.3. Boundary value analysis

Boundary value analysis focuses on testing the system at the edge limits of equivalence
classes. This is especially relevant for input size limitations, such as character or word count
in dialogue input. Testing boundary values, such as the minimum and maximum allowable
input lengths, ensures that the system can handle inputs at the edges of acceptable ranges
without errors or crashes. This technique helps prevent unexpected behavior when users

provide inputs at or near the defined limits
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6.4. Data flow testing

Data flow testing checks the system's handling of data as it moves through various
operations, including loading, processing, and displaying text summaries. For this project,
data flow testing ensures that dialogue input is correctly tokenized, summarized by the
model, and displayed accurately. This testing type verifies that each stage of data

processing, from input to output, functions smoothly and without data corruption or loss.

6.5. Unit testing

Unit testing involves testing individual components of the system to verify their correct
functionality in isolation. Key functions, such as loading the model, tokenizing text, and
generating summaries, are tested independently to ensure they work as expected. Unit
tests confirm that each component performs its task accurately, providing a stable

foundation for integrating components into the overall system

Table 2 Models Accuracy

Models Rougel Rouge2 Rouge3 Rougelsum
gpt2-medium-380M | 0.212389 0.018018 0.159292 0.194690
t5-base-223M 0.392157 0.140000 0.254902 0.313725
bart-large-cnn-400M | 0.475248 0.222222 0.316832 0.396040
pegasus-cnn-568M 0.476832 0.232020 0.347228 0.407832

6.6. Integration testing

Integration testing examines the interaction between multiple components, such as the
Streamlit Ul, inference engine, and saved model. This testing ensures that all parts of the
system, when combined, work together seamlessly. For instance, integration tests verify
that input dialogue flows from the Ul to the inference engine, resulting in accurate summary
generation. Integration testing validates the complete workflow from user input to output

display
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6.7. Performance testing

Performance testing evaluates the system’s efficiency in processing and generating
summaries for various input sizes. This testing focuses on response time, memory usage,
and overall resource consumption during operation. The goal is to verify that the system
maintains acceptable performance levels and can generate summaries quickly and
accurately under normal usage conditions. Performance testing identifies any bottlenecks

that may affect user experience.

6.8. Stress Testing

Stress testing involves pushing the system to its limits with exceptionally large inputs or
rapid sequences of requests. This type of testing assesses the system’s robustness and
stability under high-load conditions. For the text summarization system, stress testing
simulates a large number of concurrent requests to evaluate the model’s ability to handle
peak loads without failure. Stress testing helps to identify potential weaknesses that could

impact reliability in high-demand situations.
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Chapter 7: Summary, Conclusion & Future

Enhancements

7.1. Project Summary

This project aimed to develop a robust text summarization system that leverages machine
learning to generate concise summaries from dialogue inputs. The project combined Google
Colab for model training, Streamlit for the user interface, and VS Code for local deployment,
resulting in a comprehensive framework for summarization. Key features include efficient
dialogue processing, model inference using a pre-trained Pegasus model, and a user-friendly
interface where summaries are generated and displayed in real-time. By addressing user
requirements for accurate and readable summaries, this project offers a practical
application in areas such as customer service, content summarization, and educational

tools.

7.2. Achievements and Improvements

The project successfully achieved several milestones, including the integration of the
Pegasus model for high-quality text summarization, a stable data flow pipeline, and a
streamlined interface for user interaction. Performance improvements were made in terms
of response time and memory usage by optimizing the model loading and inference
processes. Additionally, the system was tested for various input lengths and complexity
levels, ensuring accurate and readable outputs across a wide range of use cases. Each
component was fine-tuned and validated, resulting in a robust and reliable text

summarization system.

7.3. Critical Review

Despite its achievements, the project faced some challenges. Training a large model like
Pegasus required significant computational resources, which sometimes limited the depth
of experimentation with model parameters. Additionally, managing different processing
environments (Colab for training and VS Code for deployment) introduced occasional

compatibility issues. Another challenge was optimizing the model for faster real-time
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inference, especially for longer dialogues. While solutions were implemented to mitigate
these issues, they highlight areas for potential improvement in future iterations of the

project.

7.4. Lessons Learnt

Throughout this project, valuable lessons were learned in areas of machine learning model
integration, data preprocessing, and system optimization. A key takeaway was the
importance of efficient resource management during training and inference, especially
when working with large models. The project also underscored the significance of testing for
real-world conditions, as well as the need for modular design to facilitate testing and
maintenance. Finally, the project reinforced the value of thorough planning in multi-
environment workflows, helping to ensure smooth transitions between model training,

deployment, and user interaction.

7.5. Future Enhancements/Recommendations

To enhance the project’s functionality and efficiency, several future improvements are
recommended. First, using a more advanced deployment platform with GPU support would
enable faster real-time inference for larger models. Incorporating a model fine-tuning
interface in Streamlit could allow for ongoing model refinement based on user feedback,
improving accuracy. Additional support for multi-language summarization would also
broaden the system’s applicability. Finally, implementing further optimization techniques,
such as model pruning or quantization, could reduce memory usage and increase response

time, making the system more suitable for real-time applications
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Appendix A:

A.l. Ul

LLM Text Summarization

Type your Dialogue here:

Ali subah jaldi utha aur school ke liye tayar hua. Usne apna bag uthaya aur walidain se dua le kar
ghar se nikal gaya. Raaste mein uska dost Ahmed mila, jo uske saath school chala gaya. School mein
dono ne mil kar naye sabaq seekhe aur maze ki baatein ki. Sham ko ghar wapas aa kar Ali ne apne
homework par kaam kiya aur phir khelne chala gaya.

Ali subah jaldi utha aur school ke liye tayar hua. <n> Raaste mein uska dost Ahmed mila, jo uske saath
school chala gaya.

LLM Text Summarization

Type your Dialogue here:

A laptop computer or notebook computer, also known as a laptop or notebook, is a small, portable
personal computer (PC). Laptops typically have a clamshell form factor with a flat-panel screen on

the inside of the upper lid and an alphanumeric keyboard and pointing device on the inside of the

lower lid 111721 Most of the comnuter's internal hardware is fitted inside the lower lid enclosure

A laptop computer or notebook computer, also known as a laptop or notebook, is a small, portable
personal computer (PC) <n> The word laptop refers to the fact that the computer can be practically placed
onthe user's lap . <n> As of 2024, in American English, the terms laptop and notebook are used
interchangeably .
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