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ABSTRACT

Large language models have revolutionized the field of natural language processing
(NLP) by enabling machines to understand, generate, and manipulate human language
at an unprecedented level. These models, such as the popular GPT (Generative
Pre-trained Transformer) architecture, have transformed natural language processing by
enabling machines to comprehend, generate, and manipulate human language
effectively. This project focuses on developing a language generation model for the
Thai language using the GPT (Generative Pre-trained Transformer) baseline. By
leveraging the power of the transformer NLP model, we aim to create language
generation capabilities specifically for Thai text. The project involves dataset
preparation, defining loss functions, optimizing hyperparameters, determining training

epochs and batch size, and integrating the model with UX/UL.
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INTRODUCTION

Background

Large language models have a significant impact on the world and hold promising
potential for the future. Currently, large language models have gained significant
attention and popularity due to their impressive capabilities in generating coherent and
contextually relevant text. They have demonstrated the ability to generate realistic
paragraphs, answer questions, and even engage in conversation that mimics human-like

responses.

Large language models have had a significant impact across various domains and
applications. Some notable impacts of large language models are Natural Language
Processing (NLP), content generation, language translation, dialogue systems,
Automation, and AI technology. These led to revolutionized natural language
understanding, communication, and automation. They have facilitated language
accessibility, driven research, innovation, and democratized Al. These facilitated

outcomes are then utilized in business and society, daily life.

The Large language models had merged into our daily life. For example, Virtual
Assistants and Chatbots like Siri, Alexa, and Google Assistant, making them more
conversational and capable of understanding complex queries. Chatbots deployed in
customer service and support roles use these models to provide prompt and accurate
responses to user inquiries. There are also Language Translations that improve machine
translation services, enabling real-time translation of text and speech between
languages. This has facilitated multilingual communication, breaking down language
barriers and promoting global connectivity. The model also aids in content creation,
helping writers generate articles, blog posts, and social media updates. They can also
assist in content curation by summarizing lengthy documents or providing relevant
information based on user preferences. The model also enhances search engines' ability
to understand queries and retrieve relevant results or so called Information Retrieval.
This improves the accuracy and efficiency of information retrieval, making it easier to

find the desired information from vast amounts of data.



Motivation

Recently, chatGPT, developed by OpenAl, has been gaining attention recently due to its
powerful impact on education, social, productivity, human-computer interactions and
various jobs. This chatbot has the potential to create human-like language content such
as emails, poems, songs, and short stories, etc. It also does some related language tasks

like giving topics for presentations, correcting grammar, or answering questions.

While significant advancements have been made in natural language processing for the
English language, there is still much to explore when it comes to Thai language

processing.

By creating a robust Thai language model, we can unlock a wealth of possibilities for
various natural language processing applications tailored specifically to the Thai
language. These applications can include machine translation, text summarization,
sentiment analysis, question answering systems, and more. Such advancements would
greatly benefit Thai speakers, enabling the development of Thai-language applications,

online content, and digital tools that cater to their unique needs.

The large language model in Thai can support language learning and education
initiatives. It can provide language learners with access to comprehensive language
resources, interactive tools for language practice, and intelligent tutoring systems. It
aids in improving Thai language proficiency, promoting literacy, and facilitating the
learning process for both native speakers and non-native learners, which helps bridge
the language gap between Thai and other languages. It enables collaboration,
knowledge sharing, and cultural exchange between Thai speakers and other language

communities.

In the future, large language models will likely continue to evolve, becoming more
sophisticated, accurate, and capable of understanding and generating human-like
language. They will play a vital role in shaping daily life by transforming
communication, information retrieval, Content Filtering and Fact-Checking,
personalizing services, education, and various other aspects of our lives. If those

abilities are available in the Thai language as well, it will enhance technology and



intelligent resources in Thailand and support Thai businesses and industries more

efficiently.

Project Introduction

Nokkaew Generative Pre-trained Transformer (NokkaewGPT) is a language generation
model that is built upon OpenAl's GPT-2 baseline. It inherits the architecture and
principles of GPT-2, which is a state-of-the-art language model known for its

impressive performance in various natural language processing tasks.

A large language model refers to a powerful and highly parameterized machine learning
model that has been trained on a vast amount of text data to understand and generate
human-like language. These models are typically based on deep learning architectures,
such as the Transformer model, and are designed to capture the complex patterns,

relationships, and structures present in natural language.

Unlike the original GPT-2, NokkaewGPT stands out as a language generation model
primarily trained on Thai texts. By training on a large corpus of Thai text data,
NokkaewGPT would acquire a deep understanding of the language's unique
characteristics, grammar, and semantic structures. This targeted training approach
enhances the model's ability to generate high-quality summaries specifically tailored to
the Thai language, making it a valuable tool for Thai language processing and natural

language understanding tasks.

Report Coverage

The report begins with the literature review section. This section provides a
comprehensive overview of the theoretical frameworks and related tools that are
relevant to the NokkaewGPT project. It serves three primary goals: identification of
theoretical frameworks, exploration of tool stacks and algorithms, and drawing

conclusions based on the review.

Following the literature review, the system architecture section provides an in-depth

analysis of the system architecture of NokkaewGPT. This includes a detailed



explanation of the underlying components that make up the model, such as the
transformer architecture, decoder block, self-attention mechanism, and feed-forward
neural network. Each component is described in terms of its purpose, functionality, and

how it contributes to the overall language generation process.

The implementation methodology section delves into the practical aspects of
developing NokkaewGPT. It covers various stages of the implementation process,
including data preprocessing, training, and fine-tuning. Details on how the model is
adapted and trained specifically for the Thai language are discussed, along with any

modifications or enhancements made to improve its performance and accuracy.

The project evaluation section of the report focuses on measuring the performance and
assessing the effectiveness of the NokkaewGPT model. It encompasses various
evaluation metrics and techniques used to evaluate the model's performance on different

datasets, including the training set, validation set, and test set.

In the project discussion section, a critical analysis of the findings and outcomes is
presented. This includes an examination of the limitations and challenges encountered
during the development and evaluation of NokkaewGPT. Potential avenues for further
research and improvement are explored, and any ethical considerations or implications
of the model's application are discussed. This section aims to foster a deeper
understanding of the project's significance and its implications for the field of Thai

language processing and natural language understanding.

Objectives

The main objectives of this project can be categorized into four key areas: data
collection, tokenization and encoding, model training, and language generation. These
four areas represent the core components that need to be addressed in order to develop a

robust and effective Thai language model.

Firstly, a significant focus is placed on collecting a sufficient amount of Thai text
corpus to train a neural network. The corpus acts as the foundation for the language

model and plays a crucial role in its effectiveness. Representative Thai text sources,



which are mostly news and informative articles, are gathered to ensure a comprehensive

training dataset.

Secondly, an important objective is to successfully tokenize Thai languages and encode
them in a manner compatible with machine learning methodologies. This involves
developing effective techniques and algorithms to convert the raw Thai text into
tokenized sequences that capture the linguistic nuances and structure of the language.
Accurate tokenization is essential for facilitating effective language modeling and

ensuring the model's ability to understand and generate meaningful Thai language.

The third objective focuses on utilizing the encoded tokens to train and save a language
model checkpoint with the GPT-2 architecture. The training process involves
optimizing the model's parameters, adjusting hyperparameters, and leveraging

large-scale computational resources to achieve optimal performance.

Lastly, an important objective is to utilize the saved language model checkpoint to
generate content. The model's ability to generate text that aligns with the original corpus
while demonstrating creativity and coherence is a key measure of its success. The
generation process involves leveraging the learned patterns and knowledge within the
model to produce high-quality Thai language output that adheres to the semantic and

syntactic characteristics of the training data.

By achieving these objectives, the project aims to contribute to the advancement of Thai
language processing and natural language understanding, enabling the generation of

coherent and contextually relevant content in the Thai language domain.

Additionally, as an optional component, we have developed a webpage that allows users
to interact with our data model. The webpage provides a convenient platform where
users can input text prompts or queries in the Thai language and receive generated

responses from the model



Project scope

The scope of the NokkaewGPT project involves training a language generation model
specifically for the Thai language by collecting a corpus of Thai text data. This corpus
will be used to train the model, which will acquire a deep understanding of Thai
language characteristics, grammar, and semantic structures. The project includes tasks
such as corpus collection, potential use of web scraping or APIs, supervised training,
utilization of the GPT-2 architecture, and customization through fine-tuning for specific

tasks.



Table of operations

The table of operations describes the timeline and process of this project for the

Computer Innovation Engineering Capstone Design course.

Research

Preprocess

Tokenize

Create model

Corpus collecting

Model Optimization

Model Training

Parameter tuning

Debug

UX/UI design

Frontend development

Frontend Backend

Integration

Table 1 Table of Operation



LITERATURE REVIEW

This section reviews related model theories and related tools used in the project are all
given a brief overview in this chapter. There were three key goals for the investigation.
First and foremost, it sought to identify the many theoretical frameworks under
consideration in the project. Second, it intended to establish the tool stacks and
algorithms used for creating and implementing various system components. Lastly is

the review's conclusion.

1. Model Background

This project focuses on text generation, which is an instance of machine learning. As a
result, the goal of this part is to provide an overview of fundamental topics such as

massive language models, natural language processing (NLP), and transformers.

Large Language Model

A large language model is a type of artificial intelligence model that focuses on
understanding and creating human language. To learn the patterns, structures, and
meanings of language, these models are trained on huge volumes of text data. They
frequently rely on deep learning architectures that enable them to comprehend and
generate text with great accuracy and fluency. Large language models are characterized
by their extensive size, encompassing a large number of parameters and training data.
Because of their small size, they can capture and encode a large range of linguistic
knowledge, enabling them to perform a variety of language-related activities including

text synthesis, translation, sentiment analysis, and question answering.

Natural Language Processing (NLP)

NLP encompasses a wide range of techniques and algorithms that enable computers to
understand, interpret, and generate human language. It is crucial in enabling machines
to analyze and comprehend textual material. Text categorization, information
extraction, sentiment analysis, and machine translation are all examples of NLP tasks.

By leveraging NLP techniques, computers can analyze and extract valuable insights



from large volumes of text, enabling the development of language-based applications

and systems.

Transformer NLP

Transformer NLP is a game-changing method that was introduced in 2017 and has
completely transformed the field of Natural Language Processing (NLP). It has
emerged as a cutting-edge approach for a variety of language processing problems.

has emerged as a state-of-the-art method for various language processing tasks. Unlike
traditional recurrent neural networks (RNNs) that process data sequentially,
transformers employ attention mechanisms to capture word relationships in a text. This
attention mechanism allows the model to focus on relevant parts of the input text,

leading to enhanced accuracy and coherence in tasks such as text generation.

2. Tool Stacks and Related Algorithms

This section focuses on the project's tool stacks and frameworks. The purpose is to
evaluate their importance and impact, especially in the context of data analytics and
system implementation. This section addresses the tools and frameworks used for
front-end and back-end development, highlighting their importance in achieving project

goals.

a. Front-End Development Tools and Framework
Front-end development tools and frameworks are software platforms that help
developers create user interfaces (Ul) and improve the user experience (UX) of
a website or application. These tools help developers to create responsive,

engaging, and visually appealing front-end experiences.

HTML/CSS

HTML/CSS as the foundation for designing a user interface which is both
intuitive and visually appealing. CSS is used for styling and layout, while
HTML provides structural elements. This combination provides an engaging

and responsive user experience.



Flask

For back-end development, Flask, a lightweight web framework built in Python,
is used. It enables seamless communication between the user interface and the
server, successfully handling requests and responses. Flask is an excellent
alternative for designing dynamic web apps due to its flexibility and ease of

usage.

Back-End Development Tools and Framework

Back-end development tools and frameworks are software resources or
platforms that assist developers in creating and managing the server-side
components of websites or applications. These tools offer the essential
functionality and infrastructure required for handling data processing and

system operations.

Python

Python, renowned for its versatility and robustness, assumes a pivotal role in the
implementation of diverse back-end functionalities. With its extensive library
ecosystem, Python empowers efficient data processing, manipulation, and
seamless integration with a wide range of tools and frameworks. Python
furnishes a robust foundation for constructing the core functionalities of the

system, ensuring its stability and reliability throughout its operation.

Pytorch

PyTorch, a popular deep learning framework, is utilized for advanced machine
learning tasks and data analytics. It allows the implementation of complex
neural networks and facilitates training processes. PyTorch's flexibility and
efficiency make it suitable for handling large-scale data and enabling

sophisticated data analysis and modeling.

Pythainlp
PyThaiNLP, a specialized Python library for Thai natural language processing,

enhances the system's language processing capabilities specifically for the Thai
language. It offers a comprehensive set of tools for tokenization, part-of-speech

tagging, named entity recognition, and more. By leveraging PyThaiNLP, the

10



system can effectively handle Thai language-specific tasks, improving overall

language processing accuracy and efficiency.

Data Collecting Tools

Data collecting tools refer to software or platforms that enable the collection,
extraction, and organization of data from a wide range of sources. These tools
are equipped with capabilities such as web scraping and data extraction, which
are particularly useful for the current project. This ensures an efficient and

effective data collecting process from diverse sources.

Scrapy

Scrapy is an open-source framework written in Python that facilitates web
crawling and scraping. It was created in Cambuslang and is freely available for
use. While its primary purpose is web scraping, Scrapy also supports website
crawling and data extraction through APIs. With its versatile functionality, it can
be applied to various tasks such as data mining, monitoring, and automated
testing. Zyte, a company specializing in web scraping development and services,

currently maintains Scrapy.

warcio

This library offers a standalone and efficient solution for handling the WARC
Format commonly utilized in web archives. It is compatible with both Python
2.7+ and Python 3.4+ . One of the main functionalities of the library is its
capability to iterate over a stream of WARC records, enabling the reading,
writing, and extraction of data from WARC files. Additionally, the library

includes support for reading ARC files but not writing.

Remote Server

A remote server or remote host is a centralized computer system located at a
different physical location from the user. It offers services, resources, and
functionalities over a network, such as the internet. Users can access and
manage the server remotely, performing tasks and accessing data without being
physically present. Remote servers are widely used for hosting websites,

running applications, storing data, and delivering computing services globally.

11



CMKL Apex Infrastructure

Apex is a high-performance computing platform and storage infrastructure
specifically designed to deliver exceptional performance and scalability for Al
work. It provides a huge memory GPU and high level infrastructure, enabling
faster training and inference in deep neural networks. Apex collaborates with

technology partners, including NVIDIA, Oddn, and TCC technology.

Slurm

Slurm is a fault-tolerant and highly scalable open-source cluster management
and job scheduling system primarily designed for Linux clusters, commonly
utilized in high-performance computing (HPC) environments. It operates

without the need for kernel modifications and is self-contained.

As a cluster workload manager, Slurm fulfills three main functions. Firstly, it
assigns users exclusive or non-exclusive access to resources (compute nodes)
for a specified period, enabling them to carry out their tasks. Secondly, it offers
a framework for initiating, executing, and monitoring work, typically parallel
jobs, on the allocated nodes. Lastly, it resolves resource conflicts by managing a
queue of pending work, ensuring fair allocation among users. Rather than
directly accessing individual systems, users interact with Slurm by executing
commands (such as srun, sinfo, scancel, scontrol, etc.) from the login node.
These commands establish communication with the slurm daemons on each
host, enabling the execution of tasks and management of workload across the

cluster.

12



SYSTEM ARCHITECTURE

System architecture refers to the conceptual structure and design of the model, the
webpage, and the overall project system. It outlines the key components, their
interactions, and the flow of data or information within the system for understanding
how the system functions and how its different parts collaborate to achieve the desired

functionality and performance of the system.

Project Architecture

The overall architecture of the system is a fundamental aspect of the Thai text
generation large language model project. It provides an overview of the system's

components, their interactions, and the overall structure of the system.

System overview

System's Back-end

Web's Front-End

User Interface

Data Proprocessing
Training Pipeline

Input Form

Output Display Model Checkpoint 3
) ’ “NokkaewGPT

ave_| Forward
Generate

Figure 2.1 Project Architecture Diagram

Transformer Model Architecture

The transformer model architecture focuses on the specific design and structure of the

Thai text generation large language model. It outlines the architecture of the underlying

13



Transformer model with GPT baseline, which forms the basis of the text generation

capabilities of the system.
There are two method components in the NokkaewGPT class, which are Forward and

Generate. The main building block of the NokkaewGPT model is the transformer model

made out of decoder-only blocks.

| Transformer

SNokkaewGPT Decoder Block

Decoder Block
Generate

=
Decoder Block

Feed Forward Neural
Network

Multi-head Masked Self-
Attention

Figure 2.2 Model Architecture Diagram

NokkaewGPT Methods

The forward method takes as input a tensor of integer indices representing the input
sequence and an optional tensor of target indices. Within this method, the input
sequence is first embedded using token embeddings and position embeddings. The
token embeddings capture the semantic meaning of each token, while the position
embeddings encode positional information. These embeddings are then combined,

resulting in an embedded input tensor.

The embedded tensor is then passed through a series of transformer blocks to capture

complex language patterns and dependencies. The output of the transformer blocks is

14



passed through a layer normalization operation, followed by a linear layer that produces

logits representing the predicted probabilities for each token in the vocabulary.

If target indices are provided, the method calculates the loss by comparing the predicted
logits with the target indices using the cross-entropy loss function. The loss is returned

along with the logits.

The generate method is used to generate new tokens given an initial context and a
maximum number of tokens to generate. It iteratively generates tokens by sampling
from the predicted probability distribution for the next token. The method crops the
input context to the last block size tokens, obtains the predictions using the forward
method, focuses on the last time step, applies softmax to obtain probabilities, and
samples from the distribution. The sampled indices are then appended to the running
sequence, and the process is repeated until the desired number of tokens is generated.
These methods enable the language model to perform forward pass inference to predict

tokens and generate new sequences.

Transformer and Decoder Block

The nokkaewGPT class is constructed using a transformer architecture with
decoder-only blocks. In the transformer architecture, the model consists of multiple
layers of self-attention and feed-forward neural networks, enabling it to capture

complex patterns and dependencies in the input sequence.

In the context of nokkaewGPT, the transformer blocks used are decoder-only blocks.
This means that the model focuses on generating output based on the input sequence
without any encoder functionality. Each decoder block contains two main components:

a multihead masked self-attention mechanism and a feed-forward neural network.

The multihead masked self-attention mechanism allows the model to attend to different
parts of the input sequence while taking into account the position of each token. It helps
the model capture dependencies between tokens and learn contextual representations.
The feed-forward neural network is responsible for transforming the contextual
representations obtained from the self-attention mechanism into a higher-level

representation.
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By utilizing decoder-only blocks, nokkaewGPT leverages the power of self-attention
and feed-forward neural networks to generate coherent and contextually relevant output
based on the input sequence. This architecture has proven effective in language
modeling tasks and enables the model to generate high-quality text in the Thai

language.

Transformer Script

The following section provides a detailed analysis of the sequence diagram depicting
the interaction between three key scripts in the implementation of the transformer
model: preprocess.py, train.py, and generate.py. Each script plays a vital role
in the overall workflow of the system, contributing to the preprocessing of data, training

of the model, and generation of output, respectively.

User runs preprocess.py
Preprocess reads CSV and
JSON from Data directory

Script splits content
into subwords

Subwords are stored to vocabulary
list in Data directory

Show result message to user

Figure 2.3 Preprocess Sequence Diagram
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preprocess.py is a key script in the system architecture that handles the crucial task
of data preprocessing for the transformer model. The script begins by reading the input
corpus, which contains the raw text data to be processed. It then applies tokenization,
breaking down the text into individual tokens or subwords. This step plays a
fundamental role in enabling the model to understand and generate coherent text.
Furthermore, preprocess.py saves the generated vocabulary, which consists of all
unique tokens in the corpus, to a file. This vocabulary file is essential for training and
generation, as it enables the model to map tokens to their corresponding numerical
representations. By efficiently handling corpus reading, tokenization, and vocabulary
generation, preprocess.py lays the groundwork for subsequent stages of the system,

ensuring effective training and generation of text.

Train loads model header

Train load checkpoint if reset is not
set to True

Training loop starts along

with logging

Save new checkpoint

Show result message to user

Figure 2.4 Train Sequence Diagram
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Upon executing train.py, the script prompts the user with an option to reset the
model. If the user chooses to reset the model, the training process starts from scratch.
Alternatively, if the user decides to continue training with the existing model, the script
proceeds accordingly. Additionally, train.py prompts the user to enter the number of
training steps desired for the training process. This allows the user to control the

duration of training and the number of iterations the model undergoes to optimize its

performance.

Generate loads model from
existing checkpoint

Prompt user for context

Encode the context

Generate more content
using the model

Decode the content

Write output to file
Show result message to user

Figure 2.5 Generate Sequence Diagram
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When executing generate. py, the script prompts the user to enter an input text or a
prompt. This input text is then encoded to a format compatible with the model's input
requirements. The encoded input is passed to the model, which performs the decoding
process to generate the corresponding output text. The generated text can be saved to an
output file for further analysis or utilization. By encapsulating the input encoding,
decoding, and output saving functionalities, generate. py streamlines the process of
generating text from the trained transformer model. It provides a user-friendly interface
for interacting with the model and obtaining text outputs based on user input or

prompts.

Web Page Architecture

The web page architecture serves as an appealing visual element of the system,
emphasizing the design and structure of the user interface that facilitates user
interaction with the Thai text generation capabilities. It encompasses the arrangement,
navigation, and features of the web pages that allow users to input text, receive

generated outputs, and customize the text generation process.

Web Page

Input Form [Training Data
y

Data Model

Figure 2.6 Web Page Architecture Diagram
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1. The Web Page component represents the user interface for interacting with the
system.

2. The User Interface is responsible for presenting the web page to the user and
receiving their input.

3. The Input Form provides a means for the user to input data or queries that will
be used for training.

4. The Output Display shows the text generated by the system.

5. The Data Model component represents the underlying model that processes the
training data and generates the desired outputs.

6. The Training Data represents the dataset that is used to train the data model.

Overall, the web page acts as an interface for users to interact with the system,
providing input through the Input Form and receiving the model's generated outputs
through the Output Display. The data model utilizes the training data to learn patterns

and generate the desired outputs based on the user's input.

Web Page —‘

responds with HTML/CSS
User input submissions

Summary Request

Generate Summary

responds with HTML/CSS

Model Output Request : Summarize

Summary

responds with HTML/CSS

Figure 2.7 Web Page Sequence Diagram
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In this Web Page Connecting sequence diagram:

The User represents the user interacting with the web page.

The Web Server represents the Flask web server that handles the user's requests
and responses.

The Data Model represents the component responsible for generating summaries

based on the trained model.

Step of interactions:

N

The User sends a request for the web page to the Web Server.

The Web Server responds with HTML/CSS, rendering the web page in the
User's browser.

The User submits input through the web page.

The User's input is sent as a request to the Web Server.

The Web Server sends a summary request to the Data Model.

The Data Model generates the summary based on the trained model and
responds to the Web Server.

The Web Server uses HTML/CSS to update the web page with the generated
summary.

The User receives the generated summary and the updated web page from the

Web Server.
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IMPLEMENTATION METHODOLOGY

The development of NokkaewGPT can be categorized into six phases, which are Data
Collecting, Data Preprocessing, Text Tokenization, Transformation Model

Development, Training the Model, and Evaluation.

All of these phases are independent from each other, but if the model were to be trained
from scratch, the user would be required to execute them in this exact order. In the

repository, there are script files that are responsible for these steps.

In the following section, each step would be broken down into detail on the

implementation methods and processes.

Data Collecting

The dataset or corpus is one of the crucial roles in training the model, similar to how the
quality of a book affects the learning and studying experience. Since the model is
specifically designed for the Thai language, it is essential that the training data is in
Thai. In this project, the focus is on utilizing Thai articles sourced from Thai news

websites as the primary data for training the Thai Language Model.

Scrapy

The articles were scrapped by using a web scraping method which is the process of
harvesting data by fetching or extracting data from the website underlining the html
code. There are many libraries used with python such as BeautifulSoup, Scrapy,
Selenium, Requests, Urllib3, Lxml, MechanicalSoup, etc. For this project, the library

used is Scrapy.

Scrapy is employed to enable the model to access specific web pages for scraping by
utilizing their respective URLs. XPath is then utilized to navigate through the
HTML/CSS structure and extract the pertinent information. The web sources targeted
for scraping in this project are ThaiRath and ThaiPBS. It is important to acknowledge

that some extracted content may comprise solely of images or videos without
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accompanying articles, necessitating the implementation of filtering mechanisms to
exclude such instances. The extracted data is organized into JSON files, with each entry

containing an ID, title, highlight, content, and, in the case of ThaiPBS, a website URL.

ThaiRath extracted data example:

“Inaduidaainud”, "highlight": "dnAwlnodudna “Baanud” n1s

wavdiufin “Aaanud” athuuvnssuividauuiuny “Tadniln inud” Alnisuavduasensnaae 1l

RIanI1suiudiuinudanie wua 10 a5e", "content": "uarludiuwaslsundlng laduinfnn
WWngamdsdennuds 5 A% ldudl. Badnud asil 1 1 1 ifiasanuan aansn ausgawsnnlng s
W 1 wBseu nTudae dsuanuduien? . Badnud asedi 7 1 2005 fidiasgeduasn wasuidlngld
1 Wisngdn Anfindaamds 3 aus.Aadmnud asei s 1 )9 Allavnidy laniulnglenn 1
Wisgeumay nuaasdaiondog waz 2 wkaaumaiuad nueasnfivenad uaziinuasa Widladwned .

annug AN NfavAnd Teaaudeingla 3 wsugdu s lnamvndgy, weavge

A, Waaviafveiaa uwar 2 MBHQUNaILaNdIN WIS lnafang uazddninasass . iaanud asen

ARNERT]

0 1 2017 Adiavasana W Tuaualnalaun 3 wmdagnad nurenadiasian 2 g Weav
WRagy, 5 msagin naae W3LQy, WIS waznglngadvas 1 uian) as 2 s
Maday gl wazngvadsy infvnneg LIRSy 10 WRLQWNL Uar 6 LWaagy

q.

NDILANAIINNISLULITU 5 1WIUUNE iluldd n1sg alsune Ina (an.) 69
Avlvidiayaitingulaskaum Tn AhawmuAWITulaed Elite Sports Development Department
Waafuinianinudatin ‘ LA 10 ASITiIMIIATANSLS AN Inaidngaugeafe
avida 5 A% uax J WRUENaY 10 IRHQUNU Ua uAIEILAARINNE ASVT]
Tiaviuasiugy ausgal: ULIN WA T-17 1 elinisdetuiy 30 wiain 99
watgnadazl 108 Usendlgnein Nnnng 6 j {uaudn nnn. azaniniwagn

gald. . .Wd1aur},

ThaiPBS extracted data example:

0, "title": "lsmind14 wa.a.ddsvun dvuduns ddasnarluuaului,
"highlight": "S1UAAMUWLUANT LHELWSUSeMARINAUIENEENUAS UsIsINEa . 8. dAsTun duduns
duddansznsnanTuuaudul - duwa. a. nseine uAnG 1Wusa9iysnIanIsgidn wWa.a.a.
pavnsal Jauausa 1Huwu.na. ", "content™: "JUN 10 N.8.2565 HUTAATIHAINUILAB LWEILWS

1sznaddinuiansguuas  Tuiannissusianis auninszususialavnisldsandildsanssvidian 590

sradasiiuniiaifny evil navigaini1snadiw Inanasnwun naswvininida nasviwaind Witiiina

AILETUN 1 e.A.1  {SUAUDINGEUSNS I TavNIS WA . 8. U5EanT WEFITIU TaVUIENSTTNUATE1ULND
WANTYSANAT WILIITNIULANUISTUUIEWA 2158MAa1AN 2565", "1ink":

" ontent/319300"},

To optimize time and utilize additional data sources, the project incorporates existing
datasets from open sources. Specifically, the ThaiSum dataset, available in CSV format,
and the ThaiBBC dataset, provided in JSON format, are used. These datasets contribute

valuable textual content in the Thai language, aiding in training and enhancing the
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language model. By integrating these datasets, the project benefits from expanded

training data, improving the performance of the model.

Common Crawl
The project also explores the utilization of the Common Crawl dataset, which serves as
a comprehensive open data source containing information from various websites. The
Common Crawl dataset is stored on Amazon S3 as part of the Amazon Web Services’
Open Data Sponsorships program. The files can be downloaded for free using HTTP(S)
or S3. It includes a Thai language webpage 0.4 percent of all languages. Common
Crawl provides many types of format and metadata to download including:

e WARC files which store the raw crawl data

e WAT files which store computed metadata for the data stored in the WARC

e WET files which store extracted plaintext from the data stored in the WARC

The library used to extract data from common crawl is WARCIO: WARC (and ARC)
Streaming Library. This library allows us to read and write data from WARC files.

WET format is the desired type since only the content of the website is needed.

Upon downloading the WET files from the Common Crawl dataset, users will also
obtain the WET.paths file. The file is available to download on the Common crawl
The 8,000

website (https://commoncrawl.org/the-data/get-started/). file contains

cc-index.paths in total.

= wet-3.paths X

CommonCrawl| > data_test > = wet-3.paths

crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.
crawl-data/CC-MAIN-2023-14/segments/1679296943471.

24/wet/CC-MAIN-20230320083513-20230320113513-00000.
24/wet/CC-MAIN-20230320083513-20230320113513-00001.
24/wet/CC-MAIN-20230320083513-20230320113513-00002.
24/wet/CC-MAIN-20230320083513-20230320113513-00003.
24/wet/CC-MAIN-20230320083513-20230320113513-00004.
24/wet/CC-MAIN-20230320083513-20230320113513-00005.
24/wet/CC-MAIN-20230320083513-20230320113513-00006.
24/wet/CC-MAIN-20230320083513-20230320113513-00007 .
24/wet/CC-MAIN-20230320083513-20230320113513-00008.
24/wet/CC-MAIN-20230320083513-20230320113513-00009.

Figure 3.1 The WET.paths file

Then load or request cc-index.paths file through the Warcio library tool from
WET.paths by using HTTP, adding “https://data.commoncrawl.org/” in front of the

cc-index.paths. The one cc-index.path contains many website metadata and website

data. These data are called records.
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= CC-MAIN-20230320083513-20230320113513-00000.warc.wet X

CommonCrawl| > data_test = CC-MAIN-20230320083513-20230320113513-00000.warc.wet
1 WARC/1.0
WARC-Type: warcinfo
WARC-Date: 2023-04-02T15:32:42Z
WARC-Filename: CC-MAIN-20230320083513-20230320113513-00000.warc.wet.gz
WARC-Record-ID: <urn:uuid:6a6967cd-e72b-4bfd-9f29-d2ecd4fcoedc>
Content-Type: application/warc-fields

Content-Length: 376

Software-Info: ia-web-—commons.1.1.10-SNAPSHOT-20230311082248

Extracted-Date: Sun, 02 Apr 2023 15:32:42 GMT

robots: checked via crawler—-commons 1.4-SNAPSHOT (https://github.com/crawler—commons/crawler—commons)
isPart0f: CC-MAIN-2023-14

operator: Common Crawl Admin (info@commoncrawl.org)

description: Wide crawl of the web for March/April 2023

publisher: Common Crawl

Figure 3.2 the cc-index.paths metadata

If we have a WARC paths file instead of WET paths file, we can replace ‘/warc/' to
'fwet/ and warc.gz' to 'warc.wet.gz' and we will get the WET format. With the WARCIO
library, iterate over a stream of records using “Archivelterator”. For each record, we can
get header and content steam. The header contains metadata and the content stream is
the plaintext data. To filter only Thai language, we select the record that
'"WARC-Identified-Content-Language' is 'tha' and 'Content-Type' is 'text/plain'. Then

save the plain text into a json file.

record.rec_headers.headers

[('WARC-Type', 'conversion'),
('WARC-Target-URI', 'http://002397.cn/related report/detail.php?id=866619'),
('WARC-Date', '2020-05-25T05:11:44Z'),

('WARC-Record-ID', '<urn:uuid:3020cc7c-fd30-4f3d-bbd7-8513f33cd83a>"),
('"WARC-Refers-To', '<urn:uuid:1@bcla42-8c88-4369-a04e-7b77cald6e79>"'),
('WARC-Block-Digest', 'shal:QBZTGL7G53UVVTAZ5VOKXL3C7LRZ2FUR'),
('WARC-Identified-Content-Language', 'zho'),

('Content-Type', 'text/plain'),

('Content-Length', '9300')]

Figure 3.3 A record header
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print(record.rec_headers.get_header('WARC-Target-URI'))
a = record.content_stream().read()

print(a)

print(a.decode('utf-8') [:1000])

http://010yingkelawyer.com/ca 2018-09-25/408.html
b'\xe5\x8c\x97\xe4\xba\xac\xe5\x88\x91\xe4\xba\x8b\xe5\xbe\x8b\xe5\xb8\x88 \xe5\xbd\xad\xe5\x9d\xa4\xe5\xbe\x8H
JERABRM ZHRMEHPIERRIEEREARER / REVERRE, MIHIEM
JERHBRRHRITESAHA

JEREERERHPEM

13911269079

Bl

RImEN

RImER

NIE=:4

RISHERE

SR

Z5FIE

BRILE

BREH

FERIEZ

mEFE

ZHRA

EilINzE

RE

TELE=

BRREAMN

BMENUER: B > SRR

JERABRN ZHRIMEHPIEREEEREARER / REVERRE, MIHIRA
AAHATE): 2018-09-25 15:10:16 HIBEREL:

E—R: ERAERIT ZRdEEfRERNER RINRRRE
T—R: ERABRT ZHEHTERE, PERFRR —HRHERHARES
B | RAEN | EEER | ST | SRR | ANKREK | EERES | BRERN

Figure 3.4 An example of a record URL and content stream

The 20 cc-index.paths requests were pulled to extract data which received about 1,700
websites data. The process requires time to extract data. However, more than half of the
websites are illegal websites, so it must be clean, which takes a lot of time to scan all
the content of each website and create the clean function to save time. After filtering out

the unuseful web page, there are about 250 contents left to use.

data example:

midv: 19,
"url": "ht
"content": "gnsunddiadnvnunuuidiugdu lasvindasas v lddsendnw - 108 aigwwisay
\n108 2IEWNIFIL\ nunavsINaIEn d3199181d 1nviaTan\nHome \ n2i12\ nanEwn1598\ ndiafin-uudAn
\ngnsindtdarnuiuugudu lasvinAasas Au@1lddsva1gw\n24/09/2 dminO01 aIFWNWI52E
\ngansunatdanuuuuigugu lasvindasas idua1 Tdasvargw\nluiuiits 6l gasunadiaiuanu un

wanlinuiiauag lavinAau wanvualu Ifiadiuvan Jadiudiudiu sdafiasaauuylidavigeiiy

asae’ls Aadnnsatingnsit lidasuvinanaasie laaafitiian 151 ldggnsiazidnisvinnuiasdn\n

Innfu\ nwinunadiaainuxaundnuntdaiiaie /- dTwa’la 500 nsu/- w@3avluld 500 sy (M3a

nndn lanuaay) /- wsidawlsie 500 ASN/- wzidandy 500 A3N/- WaENduudIl 100 SN (laan
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Waaua lvinaasldua) \n i1 waadrldiuunaavilainaayauin 1000 Aadans/ -
Snuavtiannusy 1 Win (lduwsalidled) /- dnsiude 2 U - nda w32
 dauTdiv\ ndunaulunisii\nl e lafilsuasanlFlldsaindanldazann
uiu b lagunaiidiaulazau\n2 1a
usidausandnilvdzats iuluadoiwiin 4 du udlwmiwanduindamia liWivadgadn antiufidie
savlugisauiusis aluTusewniaiudludvitudfisldnznsiie n3 niuliisn
saufuwanuneliiinuvan TeaEuannnisininiiuialdaslllunssnaalannn 2 dou
awsndvuauldasll Burlivandondaunin dawsnunsnnalindas insey
Uil 3 viwit @enWinsfiuaniu (M lgwsnduudie Eunisiiuaiuvan wazldWiiunsduauanly)
\n4 dlawdnunsmangnanlaiuds Wisninldldaslinlvinagn ausomdaclwininiandedoun (60
Fuinfalseindlaadedouaduiundaluaualild 1 dauan) \n5 audainsiduiimaalaasll da
I [CRlt Flaavll auliuzdaanlutiiuny
aatly avludusdafnulazay gavinaldly

semuleilae\nfun kubkhao\nl3aulseN1ne

\nuaanndunau gastamuinvsadnduia wiaitn nuinasas

¢ ldnsaubinnn\nidaviiu
\n8 Usrlemiainiad fivaruanliines
ulAn wilvngunsay asasuanulANfiag\nl
\nvintnaasudiflnanay uilvuuuiiy

ndan llvaudunsauasas

R Y

Data Preprocessing

This is the first step of the model development. After the corpus has been collected, the
raw text data has to be processed in a way that it can be fed to the model during the
training phase. Data preprocessing ensures that the data is formatted correctly despite
the original source. During this step, the unwanted data is also removed to prevent

unnecessary interference with the training phase.

Unwanted data mostly includes the article sponsorship, contact detail, unrecognized
ASCII characters, HTML tags, and unrelated advertisement. This information is usually
found at the beginning and the end of the article, but is also occasionally found in
between the content bodies. It is not uncommon for an article to consist entirely of

unwanted data, in which case the entire article would be dropped from the training data.

The collected corpus for the Thai language model occasionally contains Arabic words,
although their presence does not impact the encoding and decoding processes.

However, the representation of Arabic words within the corpus can appear confusing
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and may give the impression that the format is broken, as exemplified by the format
{"2466 :"u=i}. It is important to note that in this case, "u=i" serves as the key, and 2466

remains the associated value, following the conventional dictionary structure.

However, the inclusion of Arabic words in the training data can introduce unnecessary
complexity and potentially lead to misinterpretations within the Thai language model.
Given that the model is specifically designed to handle Thai text and generate output in
the Thai language, the presence of Arabic letters can confuse the interpretation process.
While the meaning of the Arabic words might be contextually related, they often hold

no significance to the reader who expects Thai text as the output.

Therefore, removing Arabic letters from the Thai language model helps maintain its
focus on the structure and linguistic patterns specific to the Thai language. By doing so,
the model can better process and generate accurate Thai text, avoiding unnecessary
complexities and potential confusion caused by the inclusion of unrelated Arabic letters.
This ensures that the model remains aligned with its intended purpose and enhances its

performance in Thai language processing tasks.

For this language model, the corpus used are stored as JSON and CSV files. To make it
more convenient for the script to tokenize the text, the key label of the JSON has to be
updated. The content of the articles has to be labeled as “content” or “body”. The
summary section has to be labeled as “summary” or “highlight”. A similar approach has

to be taken for the CSV file, but the changes are made to the header instead.

Text Tokenization

Special Token

In Thai language, sentence boundaries are not marked with a stopping sign such as a

period. Instead, Thai sentences are typically separated by spaces. To accommodate this
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linguistic feature in the text corpus, any occurrence of a space is replaced with the '<s>'
token. This adjustment allows for proper segmentation and identification of sentence
boundaries within the Thai language model. By replacing spaces with the '<s>' token,
the model can effectively process and generate Thai text, maintaining the appropriate

sentence structure and coherence.

In the gathered text corpus, a specific token '<n>' is utilized to indicate the conclusion
of each article, providing a crucial signal to the model during the text generation
process. This token effectively guides the model in identifying the appropriate juncture
at which to conclude the generated text. By incorporating the '<n>' token at the end of
every article in the corpus, the model acquires the necessary information to recognize
the boundaries of individual articles, preventing text generation from exceeding these
limits. Consequently, this meticulous approach ensures that the generated output
adheres to the structural integrity of each article, resulting in heightened coherence and

overall text quality.

Moreover, the inclusion of the '<n>' token at the end of each article maintains a strong
association between the generated output and the original text input provided to the
model. By employing this token as a clear marker for article conclusion, the model can
generate text that remains closely connected and contextually consistent with the initial
input. This strategic employment of the '<n>' token strengthens the correlation between
the generated output and the input text, facilitating the production of text that is more
meaningful and relevant. As a result, the generated text maintains a heightened level of

coherence and fidelity to the content present in the provided text.

Word tokenizing

[I%I’ ILVll, Iﬂsl, P’l]

Figure 3.5.1 newmm Engine
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Figure 3.5.2 attacut Engine

Upon evaluating the PyThaiNLP library, an exploration was conducted to compare the
performance of its two main engines, namely "newmm" and "attacut." As illustrated in
Figure 3.1, the "newmm" engine, which serves as the default word tokenization engine,
employs a dictionary-based maximal word segmentation technique, constrained by Thai
Character Cluster (TCC) boundaries. However, as observed in the evaluation, the
"newmm" engine occasionally introduces errors, as depicted by the segmentation of the

word "$ine$" into subwords "5," "in," "85," and "-".

To address the limitations of the "newmm" engine, Figure 3.2 showcases the "attacut"
engine, which utilizes a machine learning approach for Thai word segmentation. This
engine leverages predictive models to analyze Thai text patterns and dependencies,
resulting in more accurate word boundary predictions. Despite the increased processing
time associated with the "attacut" engine, it consistently delivers higher-quality output.

ng

Notably, as demonstrated by the handling of the word "5ina3," the "attacut" engine
successfully preserves the integrity of the word without introducing undesired subword

segmentation.

Considering the observed benefits of the "attacut" engine, it was chosen as the preferred
option for word tokenization within the PyThaiNLP library. By utilizing machine
learning techniques, "attacut" offers enhanced accuracy and ensures that words are
correctly segmented, contributing to improved performance and reliability in Thai

language processing tasks.

Occasionally, even when utilizing the "attacut" engine for tokenization, a single letter
may be mistakenly separated from its corresponding word. Therefore, following the
tokenization process performed by the library, an additional verification step becomes
necessary to identify any instances where a single letter has been erroneously split from

its original word.
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Subsequently, the output of the library's tokenizer is scrutinized to detect single letter
words. In such cases, efforts are made to recombine the single letter with the word that
precedes it. However, this recombination process is not performed blindly. The
combined word undergoes a spell-checking procedure to determine if it forms a valid
word with correct spelling. If the spell-checking process confirms the legitimacy of the
combined word, it is maintained as a single entity. However, if the combination does
not result in a recognized word with accurate spelling, the original word remains split,

retaining the single letter as a separate entity.

Subword tokenizing

Figure 3.6.1 TCC engine from PyThaiNLP v3.1.1
o o
i S PRI PR YA iRk N

Figure 3.6.2 TCC engine from PyThaiNLP v4.0.1

Figure 3.6.3 ETCC engine

Figure 4.1 (TCC engine from PyThaiNLP v3.1.1), Figure 4.2 (TCC engine from
PyThaiNLP v4.0.1), and Figure 4.3 (ETCC engine) illustrate the subword tokenization

process in Thai language processing.

Figure 4.1 showcases the TCC engine, which employs a rule-based approach to
segment Thai text into meaningful subword units, such as syllables. This engine
operates independently based on internal rules and does not rely on an external

dictionary.

Figure 4.2 represents an updated version of the TCC engine from PyThaiNLP v4.0.1,

offering improved functionality and performance compared to Figure 4.1.
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Figure 4.3 introduces the ETCC engine, a refined version of the TCC engine developed
by Wannaphong Phatthiyaphaibun. The ETCC engine utilizes a dictionary of Enhanced
Thai Character Clusters (ETCC) sourced from the etcc.txt file in the PyThaiNLP

corpus. This engine provides enhanced subword segmentation capabilities for Thai text.

While the TCC engine from PyThaiNLP v4.0.1 and the ETCC engine were initially
expected to outperform the TCC engine, experimental findings revealed that the TCC
engine from PyThaiNLP v3.1.1 consistently delivered complete and accurate subword
segmentation. Conversely, the ETCC engine occasionally combined subwords
incorrectly and failed to split numbers into individual digits as intended. Consequently,

the TCC engine from PyThaiNLP v3.1.1 was chosen for preprocessing the corpus.

During the training process, enhancements were made to the TCC engine. Numbers
were initially split into individual digits using the TCC engine. However, an additional
modification was implemented to retain the original numbers as single entities, ensuring
each number became a unique token. However, excessive tokenization of numbers
resulted in overfitting during the model training phase. As a result, the decision was

made to exclude numbers from the subword preprocessing stage.

In conclusion, the TCC engine with its accurate subword tokenization demonstrates
faster processing compared to whole word tokenization. Subword tokenization has been
proven to be more effective for the Thai language, which exhibits tonal characteristics
and complex suffixes and prefixes. This approach addresses the challenges encountered

with whole word tokenization, particularly in terms of incorrect word tokenization.

Thai language possesses a complex linguistic structure, with words often consisting of
multiple components, including root words, prefixes, and suffixes. Whole word
tokenization approaches may struggle to accurately segment such words due to the
intricacy of these linguistic components. However, subword tokenization allows for a
more granular analysis, breaking down words into smaller units that capture the

meaningful subcomponents more effectively.

By employing subword tokenization, the TCC engine successfully overcomes the

limitations of whole word tokenization, producing more accurate and reliable results.
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This approach acknowledges the intricacies of the Thai language, accurately identifying
and separating prefixes, suffixes, and other subword elements. Subword tokenization
enhances the overall quality of language processing tasks by minimizing incorrect word

tokenization occurrences.

In summary, subword tokenization utilizing the TCC engine offers improved efficiency
and accuracy in Thai language processing. By recognizing the significance of complex
suffixes and prefixes in Thai, subword tokenization techniques effectively address the
challenges associated with whole word tokenization, resulting in more reliable and

precise tokenization outcomes.

Character tokenizing

Character-level tokenization involves splitting each word into individual character
strings. This approach results in a smaller vocabulary size compared to other

tokenization methods, where words are treated as single units.

However, character-level tokenization also has its limitations. The smaller vocabulary
size can lead to increased ambiguity, as multiple words may share similar character

sequences.

Furthermore, the increased number of tokens required for character-level encoding may
result in higher computational and memory requirements compared to word-level or

subword-level tokenization.

In conclusion, character-level tokenization offers benefits such as flexibility and
capturing detailed linguistic information. However, it comes with trade-offs, including a

smaller vocabulary size and potentially increased computational resources required.
Transformation Model Development

As mentioned in the introduction of the report, NokkaewGPT is influenced by the
OpenAl GPT architecture. A Decoder-Only or Transformer-Decoder Block
arrangement is used instead of a typical Encoder-Decoder Block for simplicity and

autoregressive generation. A Decoder-Only model could avoid potential noise from the
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encoder block, allowing the decoder to focus the output generation based only on the

given context.

NokkaewGPT's transformation model comprises multiple decoder block layers. Each
layer of the decoder block incorporates a feed forward neural network and a

self-attention layer, both of which play essential roles in the model's functioning.

“NokkaewGPT

= Masked Self Attention

alokkaewG PT
Attention Score

Layer Normalization

= Feed Forward

Linear

Layer Normalization

Output Tensor

Figure 3.7 NokkaewGPT Architecture
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The feed forward neural network within each decoder block layer is responsible for
applying non-linear transformations to the input data. It consists of multiple fully
connected layers with activation functions, enabling the model to learn complex
patterns and capture intricate relationships between different elements of the input
sequence. The feed forward network promotes feature extraction and helps the model

generate rich representations of the data.

On the other hand, the self-attention mechanism within each decoder block layer allows
the model to attend to different parts of the input sequence simultaneously. It computes
attention weights for each element in the sequence based on its relationships with other
elements. By attending to relevant information and capturing dependencies between
different elements, self-attention enables the model to capture global and long-range
dependencies in the data. This mechanism is particularly effective in capturing

contextual information and generating coherent and contextually relevant outputs.

The mentioned attention weights are computed by the following formula:
AttentionWeights = softmax((Q @ K T) * (C*-0.5))
Where:
e ' represents the query tensor.
® '@ denotes matrix multiplication.

e 'K’ represents the key tensor.

"AT" represents the transpose operation.

e 'C’ denotes the dimensionality of the key vectors.

‘softmax’ denotes the softmax function applied along the last dimension.

In summary, the feed forward neural network and self-attention layers in
NokkaewGPT's decoder block work in tandem to process the input sequence, extract
meaningful features, capture dependencies, and generate high-quality outputs. Together,
these components empower the model to understand the input data, make informed

predictions, and produce coherent and contextually appropriate outputs.

Contrary to the Encoder-Decoder model, the self-attention layer used in this model is a
masked self-attention. A normal self-attention layer will mask both the existing tokens

and future tokens as well. Meaning for self-attention, the entire context including the
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output would be taken into consideration. But masked self-attention prevents the said
behavior. With masked self-attention, only the token that came before the one that is

currently under the generation would affect the output.

For NokkaewGPT, the self-attention layer possesses another essential feature known as
multi-head self-attention. Multi-head self attention is an expansion to the self-attention
concept by using multiple sets of query, key, and value vectors, known as attention
heads. Each attention head captures different aspects of the input sequence and learns
different attention patterns. The outputs of multiple attention heads are then
concatenated and linearly transformed to obtain the final representation. Multi-head
self-attention allows the model to attend to different parts of the input sequence

simultaneously and learn more diverse and complex relationships.

In addition to the feed-forward network and self-attention mechanism, the decoder
block of the Transformer model also incorporates layer normalization and dropout.
These additional components play important roles in enhancing the model's

performance and training stability.

Layer normalization is applied before and after both the self-attention and feed-forward
network. It helps in normalizing the values along the feature dimension, which enables
more stable training and faster convergence. By normalizing the inputs, layer
normalization reduces the impact of variations in input distribution, making the model

more robust to changes in scale and distribution of the data.

Dropout is a regularization technique commonly used in neural networks, including
Transformers. It randomly sets a fraction of the input elements to zero during training,
forcing the model to rely on the remaining information. Dropout helps in preventing
overfitting by reducing the reliance of the model on specific features or correlations in
the training data. It encourages the model to learn more robust and generalized

representations by discouraging complex co-adaptations among neurons.

By incorporating layer normalization and dropout within the decoder block, the
Transformer model becomes more effective in capturing complex dependencies in the

input sequence while promoting stable training and better generalization. These
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techniques contribute to the overall performance and reliability of the model in various

natural language processing tasks.

During the model training, the input sequence is first passed through the multi-head
self-attention mechanism. This mechanism allows the model to attend to different parts
of the input sequence simultaneously, capturing relevant information and dependencies.
Layer normalization is applied to the self-attention output, which helps in stabilizing the

training process and promotes effective information flow.

Next, the self-attention output is added to the original input sequence using residual
connections. This step facilitates the flow of information and helps preserve important

features from the original input.

The resulting sequence is then passed through a feed-forward network. This network
applies a non-linear transformation to the input, enabling the model to learn complex
patterns and representations. Layer normalization is applied to the output of the

feed-forward network, promoting stability and effective information processing.

Finally, dropout is applied to both the self-attention output and the output of the
feed-forward network. Dropout randomly drops out a fraction of the input elements
during training, preventing overfitting and encouraging the model to rely on more

generalized features.

Overall, the decoder block combines the components of multi-head self-attention, layer
normalization, dropout, and feed-forward network to process the input sequence,
capture relevant information, learn complex patterns, and generate meaningful
representations. This comprehensive approach enables the decoder block to effectively
decode the encoded information from the encoder and generate accurate and coherent

outputs.

Training the Model

The process of training a machine learning model aims to acquire knowledge about

patterns, relationships, and representations that enable it to accomplish a particular task.
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In the context of NLP and the GPT model, the training procedure typically consists of
the following steps: dataset splitting, loss function definition, optimizer hyperparameter

setting, and determination of training epochs and batch size.

Splitting the Dataset

The dataset is divided into two sets: the training set and the validation set. This split
allows us to evaluate the model's performance during training. The training set takes
80% of the corpus. The remaining 20% is split into a 10% validation set and 10% test

set, which are used during the evaluation process.

Splitting Batches

Average char per line: 1586

Figure 3.8.1 Average Characters per Line (Article)

Average token per line: 864

Figure 3.8.2 Average Tokens per Line (Article)

Figure 5.1 provides an insight into the average number of characters per line in an
article, revealing a value of 1506. However, it is important to note that when the text is
encoded, the average number of tokens per line is found to be 864 tokens (as shown in

Figure 5.2).

Considering this information, it is advisable to select a batch size between 512 and
1024, taking advantage of power-of-2 values. This choice aligns with practical benefits
offered by modern GPUs and other hardware architectures. Power-of-2 batch sizes
contribute to improved computational efficiency by leveraging memory alignment and
optimization techniques. Furthermore, using a power-of-2 batch size simplifies certain
operations during distributed training, facilitating more efficient memory access

patterns.

The text data is divided into two batches: the x batch, which represents the input, and

the y batch, which contains the expected subsequent tokens.
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During the batch splitting process, if a text sequence exceeds the block size, it is
truncated to fit within the specified size. The rightmost portion of the text is retained to

preserve the end token, while the initial part of the text is removed.

Conversely, if a sequence is shorter than the block size, it is padded with
end-of-sentence tokens (eos_token). This ensures that the text sequence aligns with the
block size. Padding involves appending additional eos tokens at the end of the
sequence, with the number of tokens determined by the difference between the

sequence length and the block size.

In the rare occurrence that a text sequence perfectly matches the block size, no
modifications are necessary, and the sequence is directly incorporated into the batch,

ensuring it is suitable for both x and y components.

Defining the Loss Function

The choice of a loss function depends on the specific NLP task. For example, in
classification tasks, the cross-entropy loss is commonly used. The loss function
quantifies the discrepancy between the predicted output of the model and the actual

ground truth labels.

Setting Optimizer Hyperparameters

Optimizers control how the model's parameters are updated during training.
Hyperparameters such as the learning rate and weight decay determine the optimizer's
behavior and impact the training process. These values are set based on empirical

experimentation and optimization.

Training Loop

Throughout the training procedure, there is an iterative loop in which input data is
passed through the model, computing loss, and updating the model's parameters to
minimize the loss and enhance performance. The ultimate objective is to train a model

that can proficiently execute the desired NLP task.
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Iterating over the Training Dataset

The training dataset is processed in batches, where each batch consists of a
subset of the training data. This approach allows for efficient memory utilization

and computational performance during training.

Generating Predictions

Each batch of input data is passed through the GPT baseline model, which
generates predictions based on the learned parameters. The model's output
depends on the specific NLP task; for example, it could be a probability

distribution over different classes in a classification task.

Computing the Loss

The predicted output is compared to the ground truth labels from the batch, and
the loss function is applied to measure the dissimilarity between them. The loss

quantifies how well the model is currently performing on the training data.

Performing Backpropagation

Backpropagation is a process that calculates the gradients of the loss with
respect to the model's parameters. It involves propagating the error backward
through the model's layers, computing the partial derivatives of the loss function

with respect to each parameter.

Updating the Model's Parameters

The optimizer uses the computed gradients to update the model's parameters,
adjusting them in a way that reduces the loss. This update step is crucial for
improving the model's performance during training. The learning rate, specified

earlier, determines the size of the parameter updates.

Hyperparameter Tuning

Hyperparameters significantly impact the model's performance and generalization
capabilities. Experimenting with different hyperparameter settings and utilizing
optimization techniques can enhance model performance. The steps involved in

hyperparameter tuning are as follows:
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Experimenting with Hyperparameter Settings

Hyperparameters such as the learning rate, batch size, number of layers, and
attention headcount can be adjusted to find the optimal configuration. Different
values or combinations of these hyperparameters are tested during the

experimentation phase.

These are the hyperparameters of the model:

batch_size: The batch size determines the number of training examples
used in each iteration. It can be chosen based on the available
computational resources and memory constraints. A smaller batch size
may result in faster training but less stable convergence, while a larger

batch size can provide more stable updates but slower training.

block_size: The block size is the maximum length of input sequences
that the model can handle. It is typically set to the maximum length
found in the training data to ensure that all sequences can be
accommodated. An appropriate block size assists in balancing
computational efficiency and capturing long-range dependencies in the

text.

n_embd: the parameter refers to the embedding dimension, which
represents the size of the embedding vectors for words in the input
sequence. It can be selected based on the complexity and richness of the
language being modeled. A larger n_embd can capture more intricate

patterns but may require more computational resources.

n_head: parameter represents the number of attention heads in the
model. More attention heads can enable the model to attend to different
parts of the input sequence simultaneously, capturing different types of
dependencies and improving performance. Increasing the number of

attention heads causes the increasing of the computational complexity.

n_layer: The parameter is the number of layers in the transformer model.
The more layers can capture more complex relationships and

representations but require more computational resources. The choice of
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the number of layers can be based on the trade-off between model

complexity and available resources.

dropout: Dropout is a regularization technique that randomly drops out
units during training to prevent overfitting. The dropout rate determines
the probability of units being dropped out. A dropout rate of 0.1 means

that each unit has a 10% chance of being dropped out during training.

As a reference to GPT-3 Small, the parameters inputted to the nokkaewGPT
model are intentionally reduced compared to the original GPT-Small
configuration. This modification was implemented during experimentation to
create a scaled-down version of the model. By adjusting the hyperparameters,
such as the number of layers, hidden size, and attention heads, the nokkaewGPT

model achieves a more lightweight architecture.
The decision to create a scaled-down version of the model was driven by
practical considerations, including limitations in computational resources and

the need for faster inference times.

Utilizing Optimization Techniques

Optimization techniques can be employed to further improve model
performance. Learning rate schedules, such as gradually reducing the learning
rate over time, can aid in convergence and prevent overshooting. Early stopping,
which halts training if the validation performance plateaus or deteriorates,
prevents overfitting. Regularization techniques like dropout or weight decay can

also be employed to prevent overfitting and enhance generalization.
By systematically exploring different hyperparameter settings and employing

optimization techniques, the model's performance can be optimized for the specific

task, leading to better accuracy, robustness, and generalization capabilities.
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Selecting the Best-performing Model

Based on the evaluation metrics, the best-performing model is chosen. The selection
criterion depends on the specific task and objectives. For example, the model with the

lowest validation loss or highest accuracy might be selected.

Data Postprocessing

Data post-processing plays a pivotal role in enhancing the quality and usability of raw
text data for subsequent analysis. To illustrate this, we consider the specific example of
the provided text, which underwent a sequence of post-processing steps. In the initial
stage, all spaces between subwords were eliminated, resulting in a concatenated string
of characters. This step is particularly important in the context of Thai language

processing, where spaces are used to separate subwords.

Subsequently, the "<s>" tags, which conventionally denote sentence boundaries or
separators, were replaced with spaces. This adjustment ensures the continuity and
coherence of the post-processed text. Notably, the "<s>" tags serve as indicators of the
end of a sentence in many Thai language cases. By restoring these tags to spaces, the

original structure and intended meaning of the text are preserved.

ddnsa ifudami@eviavuw@oalrd v <s> 1i  avauduiiesnuniiuianaas

Figure 3.9.2 Initial State of Text

fanenrt T viuudimonyvag | oot fufeasan

Figure 3.9.3 Post Processed Text
To further illustrate this transformation, Figure 3.9.1 presents the initial state of the text,
where subwords were separated by spaces, resulting in the representation "a 3 9 91 iag
<s> 14" @ 9 ¢ w" Figure 3.9.2 demonstrates the post-processed form of the text, where
the removal of spaces between subwords results in the cohesive representation "a4
917iag 1iloadu" This alteration showcases the significance of removing spaces between
subwords to combine them into complete words, ultimately yielding a more refined and

coherent text.
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The text data is transformed into a refined and human-readable format. This
post-processed text can now be effectively understood and analyzed by human readers,
facilitating various applications such as information retrieval and other tasks that rely

on accurate and understandable text data.

Webpage Implementation

This part provides a comprehensive explanation of a web application developed in
Python using the Flask framework. The purpose of the application is to serve as a
front-end for a data model used to train data. Users can input text, and the application
generates a summary of the inputted text using the data model. The report includes a
detailed overview of the code, route definitions, form submission handling, HTML

templates, and styling.

Front-End Development

Front-end development refers to the creation and implementation of the user interface
(UI) and user experience (UX) of a website or application, as well as establishing the
connection with the data model on the server side. This process involves coding in
HTML, CSS, and Flask to design and develop the visual elements and interactive

features that users directly interact with.

Web Page Connecting with Data Model for Training Data

Frequently used to create online applications, Flask is a Python framework. In this
paper, we will look at a specific Flask application as represented by the Python code
provided. This application acts as a web page and accepts form submissions. The
structure, aesthetics, and interactivity of the web application are all created using
HTML, CSS, and JavaScript, so it is imperative to have a working knowledge of these

languages in order to properly comprehend the code.

Flask, a Python framework frequently used for building web applications, serves as the
foundation of this project. The provided Python code represents a Flask application that
acts as a web page and accepts form submissions. The web page's structure, aesthetics,

and interactivity are achieved using HTML, CSS, and JavaScript. Therefore, a solid
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understanding of these languages is essential to comprehend and work with the code

effectively.

Specifies two routes for a web application. The first route, "/", is the primary route that
displays the website's home page. When a user accesses this route, a function named
index() is invoked, which displays the "main_page.html" template, and determines how

the web page displays.

The second route, also "/," was created to process form input. It only accepts POST
queries. Whenever a form is submitted, the ‘summarize()’ method is called. This
function's code retrieves the text information that was entered into the form. It then
creates a summary by adding the extracted text to a predefined phrase. The summary is
printed to the console for debugging purposes. The "result.html" template is displayed
by the function as the final stage.

In conclusion, creating a front-end web page that communicates with a data model for
training data requires the use of JavaScript, HTML, CSS, and Flask. While HTML,
CSS, and JavaScript contribute to the web page's visual design and interactivity, the

Flask application creates routes for the home page and form processing.

Web Page Design

Web page design serves as the visual representation of the project. The provided images
below are the appearance and layout of our web pages, including the Home page, Input

generate text section, and Display text generate result section.
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A Nokkaew Gpt Home Generate

Language Model

NokKaew Large Language Model (NokKaewLLM) Is A
Language Generation Model Trained Using Machine Learning
Techniques. It Provides Interactive Text Responses To The

Prompt. The Model Focuses On Thai Languages.

Figure 3.10.1 Home page

The home page design for a web application that provides text summarization
functionality. The purpose of this page is to serve as the initial interface where users can

input text for generation.

A Nokkaew Gpt Home Generate

Nokkaew Generate Text

Quickly Generate You Text

Enter Text..

Figure 3.10.2 Input Generate Text

This section allows users to input the text they want to generate. It typically includes a

text input field where users can enter their desired input.
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A Nokkaew Gpt Home Generate

Quickly Generate You Text

atlnaungssyes Wawneinsse uazafaineinfii nd amuundh Thiviusssuen i nmFoudsmevansad ndnifinaaquus
duiFandudaiae il suileindeduil 2acwysamuiiunanu wssAufidaanwmesmgaluanugna lusasnsdinu fufia

a s o o

e IiSguuniam ng funsidr ennsanna Tealddn udsrannfisasassdnianafinualasuuda

Figure 3.10.3 Display Text Generated Result

The figure represents the display of the text generation result on a web page. It
showcases the output generated by the language model based on the user's input.

Overall, the design of the web page aims to create an intuitive and user-friendly
experience. It employs a visually appealing layout, clear instructions, and
well-formatted presentation to enhance usability. The choice of colors, fonts, and visual
elements should align with the application's branding and provide a cohesive and

professional appearance.
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SYSTEM EVALUATION

The system evaluation section aims to assess the performance and effectiveness of the
developed system. It encompasses various evaluation metrics and methodologies to
thoroughly examine the system's functionality, reliability, and accuracy. One of the key
aspects of the evaluation process is code coverage analysis, which provides insights into

the extent to which the system's codebase has been exercised by the test cases.

To test the code coverage, unit testing was performed using the unittest library, which
offers tools and assertions to define test cases and validate expected behavior. The tests
covered various scenarios and edge cases, ensuring the reliability and correctness of the
code. The test results provided confidence in the functionality of the implemented

components.

Moreover, this section will go through the evaluation of the model, which involves
assessing its performance and effectiveness in generating coherent and contextually
appropriate text. Several key aspects were considered during the system evaluation such
as, language quality, contextual understanding, coherence and consistency, vocabulary

and expression, error analysis or limitations in the generated text.

Code Coverage

Model and Prerequisites

This section of tests focus on validating the functionality and behavior of the language
model and its prerequisites, including the tokenization, self-attention head, multi-head

attention, feed forward, transformer decoder block, and the overall Nokkaew language

model.
Test Name Description Expected Behavior Result
test_device selection | Verify device *device” should be set to | Passed

with_cuda_available selection with CUDA | “cuda’.

available.
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test_device selection | Verify device ‘device” should be set to | Passed
with_cuda unavailable [ selection with CUDA | “cpu’.
unavailable.
test head Verify if the Tensor Head shape should be Passed
shape of Head after equal to (batch_size,
the forward method sequence_length,
matched input_dim).
(batch_size,
sequence_length,
input_dim).
test multi_head Verify if the shape of | Heads shape should be | Passed
all the heads in equal to (batch_size,
“self.heads’ matched | sequence length,
(batch_size, input_dim).
sequence length,
input_dim).
test feed forward Verify if the output of | Output of the tensor Passed
the tensor array from | array matched
the forward method (batch_size,
matched (batch_size, | sequence length,
sequence_length, input_dim).
input_dim).
test_decoder block Verify if the output of | Output of the tensor Passed

the tensor array from

the forward method

array matched

(batch_size,
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matched (batch_size,

sequence_length,

the logits tensor array
from the forward
method matched
(batch_size,

sequence length +

max_new_tokens).

array matched
(batch_size,
sequence_length +

max_new_tokens).

sequence_length, input_dim).
input_dim).
test model logits Verify if the output of | Output of the tensor Passed
the logits tensor array | array matched
from the forward (batch_size,
method matched sequence_length,
(batch_size, input_dim).
sequence_length,
input_dim).
test model generate Verify if the output of | Output of the tensor Passed

Table 4.1 Table of Model and Prerequisites Unit Tests

Preprocessing

This section covers the unit tests of the tokenization, encoding, and decoding processes.

Moreover, it also contains the test cases of the preprocess. py contents.

Test Name

Description

Expected Behavior

Result

test_encode

Verify if the encoding
function successfully

returns the correct

‘<s>" should be set to 0.

3" should be set to 1.

Passed
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index.

test_decode Verify if the decoding | "0" should return "<s>'. | Passed
function successfully | '1° should return V.
returns the correct
word.
test vocab_match Verify if the indices Vocabulary match: Keys | Passed
and vocabularies of and values are
both the consistent.
‘idx_to_word.json’
and
‘word to_idx.json’
are perfectly matched
test data_split Verify if data is The data tensor is split Passed

splitted into training,
validation, and testing

dataset.

into train, val, and test

data.

The size of the train data
is approximately 80% of

the original data.

The size of the val data
is approximately 10% of

the original data.

The size of the test data
is approximately 10% of

the original data.
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The train, val, and test

data are not overlapping.

idx_to_word.json’
file exists after saving
the index-to-word

dictionary.

'idx_to_word.json’
should exist after saving
the index-to-word

dictionary.

test_preprocessing Verify if The file Passed
*./data/subword_token | *./data/subword tokeniz
ize.txt" exists after e.txt” should exist after
preprocessing. preprocessing.

test word to idx Verify if the The file Passed
‘word to idx.json’ ‘word to_idx.json’
file exists after saving | should exist after saving
the word-to-index the word-to-index
dictionary. dictionary.

test idx to word Verify if the The file Passed

Training

Table 4.2 Table of Preprocessing Unit Tests

The training section tests the creation of the model and optimizer, checks if the model

can be reset, verifies the proper saving and loading of checkpoints, and ensures the

creation of a training log file. It also covers the content of train.py.
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Test Name Description Expected Behavior Result
test model created Verify if the model is | Model should exist. Passed
created before loading
the checkpoint or the
training loop.
test optimizer created | Verify if the optimizer | The optimizer should Passed
is created before the exist.
training loop.
test model reset Verify if all the weight | All parameters’ weight | Passed
of the model’s of the model are equal to
parameters are set to | zero.
Zero.
test save checkpoint Verify if a checkpoint | *./model/nokkaew mode | Passed
is created after the l.pth" should exist after
model is saved. saving.
test_load checkpoint Verify if the model All parameters’ weight | Passed
weight is not zero of the newly created
after the model is model are not equal to
loaded. zero after the loading.
test_training_log Verify if the log file is | *./log/log_file.txt’ Passed

created after the

training loops.

should exist after

executing train.py .

Table 4.3 Table of Training Unit Tests
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Generating

This section of tests focuses on validating the functionality and behavior of the
generating process and generate.py in the Nokkaew language model. The tests
verify if the input is properly encoded as a tensor and if the output is generated and
saved to an output file. Aspects such as encoding and decoding, which were tested in

the preprocess section, are not retested here.

Test Name Description Expected Behavior Result
test_encoded input Verify if the input ‘is_tensor(encoded t)° Passed
encoding function should return True.

returns a tensor.

test_output Verify if the output *.Joutput/output_from m | Passed
file is created and the | odel.txt' is created and
content matches the its content matches

decoded output. ‘decode(raw_output).

Table 4.4 Table of Generating Unit Tests

Model Evaluation

This section of evaluation primarily examines the performance of the Nokkaew
language model based on the key criterion of loss. Loss serves as a measure of the
model's ability to minimize the discrepancy between its predicted outputs and the target

outputs during training.

Loss serves as a measure that quantifies the disparity between the model's predicted
outputs and the expected target outputs. It acts as a valuable feedback signal during the
model's training process, facilitating the adjustment of its parameters to enhance
performance. By evaluating the extent to which the model's predictions deviate from the

desired values, loss provides insights into the model's accuracy and alignment with the
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intended outputs. Lower loss values signify a stronger correspondence between the
model's predictions and the target outputs, reflecting its improved capability to make

more precise and reliable predictions.

The mentioned loss value is calculated by using:
Loss = cross_entropy(logits, targets)
Where:
e ‘logits" represents the predicted logits or log-probabilities from the model.

e ‘targets’ represents the target or true labels.

During the evaluation of the Nokkaew language model, we examine several types of
loss, including training loss, validation loss, and test loss. Training loss measures the
discrepancy between the model's predictions and the target outputs during the training
phase, guiding the optimization process to minimize this loss. Validation loss is
computed using a separate validation dataset and helps assess the generalization ability
of the model by evaluating its performance on unseen data. Test loss is calculated on a
completely independent test dataset, providing a final assessment of the model's
performance on new, unseen samples. By analyzing these different loss metrics, we gain
insights into how well the model is learning and generalizing, allowing us to make
informed decisions about model improvements and compare its performance across

different datasets and evaluation scenarios.

Hypothesis

The hypotheses reflect the expected outcomes of our project. Specifically, in the case of
this project, we have formulated three hypotheses pertaining to the Thai language
transformer model. These hypotheses are as follows:

1. Subword tokenization is the most effective approach for the Thai transformer
model due to the nature of the Thai language. Thai words are not explicitly
separated by spaces, making it challenging to tokenize them using a word-level
approach. Subword tokenization splits words into smaller subword units,
allowing the model to capture more fine-grained linguistic patterns and handle
out-of-vocabulary words effectively. This approach helps the Thai transformer
model overcome the lack of explicit word boundaries in Thai, leading to

improved performance in tasks such as language understanding and generation.
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2. The performance is expected to scale in direct proportion to the size of the
network, which means that the larger network yields better performance and
result. The reasoning behind this is that a larger network generally has more
parameters or nodes, allowing it to learn and represent a greater variety of
patterns and relationships in the data. This increased capacity enables the
network to capture more nuanced and intricate features, resulting in improved
performance. Additionally, a larger network can better handle complex tasks by
providing more computational resources for processing and analyzing the data.

3. The lower loss value indicates a higher quality model. This is due to the fact that
a lower loss value indicates that the model's predictions are closer to the actual
or expected values in the training data. Loss is a measure of the model's
deviation from the correct predictions. So, a lower loss value suggests that the
model is making more accurate predictions and has a better understanding of the

underlying patterns in the data, indicating a higher quality model.

ati ampl
As for the generation example, the output of every model is generated from the same
input context, which are:
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Character Level Tokenization

Character level tokenization refers to a text processing technique where individual
characters of a given input text are treated as tokens. Instead of breaking the text into
words or subword units, each character becomes a distinct token in the tokenization

process.

For character level tokenization, three sets of experiments on the hyperparameters were

conducted. The table below represents the hyparameters in each experiment.

Hyperparameters Set 1 Set 2 Set 3
batch_size 16 16 16
block size 256 512 1024
n_embd 64 384 512
n_head 4 6 8
n_layer 4 6 8
dropout 0.1 0.1 0.1

Table 4.5.1 Character Level Tokenization Hyperparameters

1. Set 1 Result

The parameter of set 1 are:

16
256
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The result of the training is as follow:

Metrics Values

Total Steps 2670

Training Loss 2.7935121059417725
Validation Loss 2.1700968742370605
Testing Loss 2.629016399383545
Vocabulary Size 92

Number of Model Parameters 0.227548 M

Table 4.5.2 Character Level Set 1 Result

The graph below illustrates the trend of the training and validation loss.
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Figure 4.1.1 Character Level Set 1 Training and Validation Losses

Below is the generated output from the model checkpoint.
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2. Set 2 Result

The parameter of set 2 are:
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n_head: 6
n_layer: 6

dropout: 0.1

The result of the training is as follow:

Metrics

Values

Total Steps

3380

Training Loss

1.6534841060638428

Validation Loss

1.052622675895691

Testing Loss 1.388286828994751
Vocabulary Size 92
Number of Model Parameters 10.907996 M

Table 4.5.3 Character Level Set 2 Result

The graph below illustrates the trend of the training and validation loss.
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Figure 4.1.2 Character Level Set 2 Training and Validation Losses

Below is the generated output from the model checkpoint.
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3. Set 3 Result

Set 3 is trained while implementing these parameters:

batch_size: 16
block size: 1024
n_embd: 512
n_head: 8

n_layer: 8

dropout: 0.1

Using these parameters, the result of the training is as follow:

Metrics Values

Total Steps 5,000

Training Loss 1.0449573993682861
Validation Loss 0.7012149691581726
Testing Loss 1.2141237258911133
Vocabulary Size 92
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Number of Model Parameters 25.826396 M

Table 4.5.4 Character Level Set 3 Result

Below is the graph illustrating the trend of the training and validation loss.
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Figure 4.1.3 Character Level Set 3 Training and Validation Losses

Below is the generated output from the model checkpoint.
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Subword Level Tokenization

Subword-level tokenization refers to a text processing technique where the input text is
divided into subword units, such as morphemes or character sequences, which are then
treated as tokens. This approach provides a compromise between character-level and
word-level tokenization by capturing both the flexibility of character-level modeling

and the higher-level semantic information associated with word units.

For subword level tokenization, three sets of experiments on the hyperparameters were

conducted. The table below represents the hyparameters in each experiment.

Hyperparameters Set 1 Set 2 Set 3
batch_size 16 16 16
block size 256 512 1024
n_embd 64 384 512
n_head 4 6 8
n_layer 4 6 8
dropout 0.1 0.1 0.1

Table 4.6.1 Subword Level Tokenization Hyperparameters
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1. Set 1 Result

The parameter of set 1 are:

_embd: 64

n_head: 4

n_layer: 4
dropout: 0.1

The result of the training is as follow:

Metrics Values

Total Steps 10,000

Training Loss 3.0345704555511475
Validation Loss 2.6739821434020996
Testing Loss 2.943267822265625
Vocabulary Size 15824

Number of Model Parameters 2.248784 M

Table 4.6.2 Subword Level Set 1 Result

The graph below illustrates the trend of the training and validation loss.
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Figure 4.2.1 Subword Level Set 2 Training and Validation Losses

Below is the generated output from the model checkpoint.
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2. Set 2 Result

The parameter of set 2 are:

batch_size: 32
block _size: 256
n_embd: 384

n_head: 6

n_layer: 6

dropout: 0.1

The result of the training is as follow:

Metrics Values

Total Steps 2,000

Training Loss 2.408632278442383
Validation Loss 2.3537089824676514
Testing Loss 2.352318048477173
Vocabulary Size 8491

Number of Model Parameters 17.221614 M

Table 4.6.3 Subword Level Set 2 Result
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The graph below illustrates the trend of the training and validation loss.

Training and Validation Losses
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Figure 4.2.2 Subword Level Set 2 Training and Validation Losses

Below is the generated output from the model checkpoint.
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3. Set 3 Result

Set 3 is trained while implementing these parameters:
batch_size: 32

block size: 512

n_embd: 512

n_head: 8

n_layer: 8

dronout e.l

Using these parameters, the result of the training is as follow:

Metrics Values
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Total Steps 1,400

Training Loss 2.228276252746582
Validation Loss 2.250452995300293
Testing Loss 2.3864221572875977
Vocabulary Size 15824

Number of Model Parameters 41.689552 M

Table 4.6.4 Subword Level Set 3 Result

Below is the graph illustrating the trend of the training and validation loss.

Training and Validation Losses
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Figure 4.2.3 Subword Level Set 3 Training and Validation Losses

Below is the generated output from the model checkpoint.
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Word Level Tokenization

Word-level tokenization refers to the process of breaking down a given input text into
individual words, where each word becomes a distinct token. This approach treats

words as the fundamental units of meaning and representation in the text.

For word level tokenization, three sets of experiments on the hyperparameters were

conducted. The table below represents the hyparameters in each experiment.

Hyperparameters Set 1 Set 2 Set 3
batch_size 16 32 32
block size 128 128 256
n_embd 64 384 256
n_head 4 6 4
n_layer 4 6 4
dropout 0.1 0.1 0.1

Table 4.7.1 Word Level Tokenization Hyperparameters
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1. Set 1 Result

The parameter of set 1 are:

64
head: 4

n_layer: 4

dropout: 0.1

The result of the training is as follow:

Metrics

Values

Total Steps

30,000

Training Loss

3.8209621906280518

Validation Loss

3.6448521614074707

Testing Loss

3.7845571041107178

Vocabulary Size

263509

Number of Model Parameters

34.200149 M

Table 4.7.2 Word Level Set 1 Result

The graph below illustrates the trend of the training and validation loss.
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Figure 4.3.1 Word Level Set 1 Training and Validation Losses

Below is the generated output from the model checkpoint.
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2. Set 2 Result

The parameter of set 1 are:

head: 4

n_layer: 4

dropout: 0.1

The result of the training is as follow:

Metrics Values
Total Steps 10,000
Training Loss 3.497826099395752

Validation Loss

3.054384708404541

Testing Loss

3.612239122390747

Vocabulary Size

263714

Number of Model Parameters

138.507298 M

Table 4.7.3 Word Level Set 2 Result

The graph below illustrates the trend of the training and validation loss.
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Figure 4.3.2 Word Level Set 2 Training and Validation Losses

Below is the generated output from the model checkpoint.

1. Content 1

uRsuniuaguanaafulugariunseds EXIM% Afinadu luwaiavinsieng
AN ELURIAIR gaNsuMYinAaIguadLnasNaaatdaLAYAUSaULAZANNLE U

M lng Weanadmnaantnsdnviiwemury Mdluununnnnin ean'ly 1&an

Aatuauulug laildsuann wdug Aaunvnsianunatuddus aasda

uq aadupunfinnalaanusaunsouay Tuszasn  westmwinal&auliann
Win Taeinagindatdned uduns lamunndsuny wianduasinninuag
aaulaazwndaududugaving sinddTusdunidssinausasas- naidias

289NN WalsuAzIuASILTA GRdAIINMILAILEY  AsTldAILRUA Asu

' % '
=3 o -1 o

finsdndasinuAiuiag wivnegs LiAvunyinuennau §9'luanszeun

TW3una

2. Content 2

w1 wadu 1 Udansznsian1sdunasautazautGatNeIn WA UTALLEY

mANudangIsEnIvlsEng dnssuaanauludvdszanddlaadunisunanndy

95



3. Content 3

wiEtausuafiuduinaudeiuffondlilavinaunssanuas waddvindu il

d9  fdusuawnsarrfeiaaluacdanvinlvmilasunidaunndudsd niv'lnadu

Tutauil

4. Content 4

AMandenisnanissadnade wetlasannlifisiuaialunninauadnase gn

alsnunladlusaaranndng

5. Content 5

Waawdvaulnaitia nuaaszialaadeg 9 lunaradumaifiidiznaua’auaungd

dullsuisgnvidn (dassunacdaslvduasaunid

6. Content 6

ANUAANNYAR NAUIadULTaTuaiatdsuyd waviuanuaTaaldinafuuauye
Tustduvudviauaziiluangls aulauAuandy WARIWITIAMIULNY UUETA

Uszanau Hunissudssmnudis warnswadsizadanuiiluag

7. Content 7

1FINTAILNISLRELIULEen EI’]G\V'JEIilmg“H'I'JU'I‘VdIILﬁx\‘lﬁﬂ’]iﬁ’ﬂﬂﬁﬂ%ﬂuﬂ'ﬁmﬂﬂi

dnunuae uazfinsianislaudulviudisa dullunausssu

8. Content &

P o

wsaufiauzIsendaananansudnevan wizlandas udud ladBanw

o [

nduuds wazAIauWusaduILbne [nindugedu

9. Content 9

e vuaadnesiin Weawwauialug duluvinuasinagriisa  duiruaAiansn

udaadu atsasfinalnidatauazvauiae Lisredulil

96



10. Content 10
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3. Set 3 Result

The parameter of set 1 are:

batch_size: 32
block _size: 128
n_embd: 384

n_head: 6

n_layer: 6

dropout: 0.1

The result of the training is as follow:

Metrics Values

Total Steps 5,000

Training Loss 3.5470008850097656
Validation Loss 3.1554172039031982
Testing Loss 3.557831287384033
Vocabulary Size 263714

Number of Model Parameters 213.485858 M

Table 4.7.4 Word Level Set 3 Result

The graph below illustrates the trend of the training and validation loss.
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Figure 4.3.3 Word Level Set 3 Training and Validation Losses

Below is the generated output from the model checkpoint.
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Experiment Conclusion
After comparing the result between the nine sets of models, it is concludable that the

initial hypotheses are partially correct.

1. Subword tokenization is the most effective approach for the Thai transformer model
due to the nature of the Thai language.
After human verification, it is clear that character level tokenization has the
worst performance, which is especially observable at the smallest network size.
In terms of grammar, the subword level and word level tokenization are

commensurate. Since word level tokenization treats each word as a single token,
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the correctness of vocabulary in word level tokenization is superior.
Nevertheless, the subword level tokenization can drastically reduce the
vocabulary size down to less than half of the word level tokenization. With the
smaller amount of vocabulary, the model is able to capture the coherence of
each token more efficiently. Therefore, whether to select the subword or word
level tokenization would depend on the purpose of developing the model, since
the performance of these two tokenization is comparable in quality.

2. The performance is expected to scale in direct proportion to the size of the network,

which means that the larger network yields better performance and result.
According to the experiment, the larger networks would be superior to the
smaller networks. The larger model can efficiently capture the relationship
between the individual tokens, which in turn would result in the generation of a
more contextual text. But it is noteworthy that the size of the model is not the
only factor that affects the overall performance of the model. The training loop
number and the method of tokenization are other factors directly influencing the
model performance. Despite the size of the model, without enough training loop,
the model would not be able to establish the coherence of the tokens. And
comparing models of the same size with different methods of tokenization, it is
perceptible that the end results differ in quality, mostly visible at the smallest
hyperparameters.

3. The lower loss value indicates a higher quality model.
With the same hyperparameters and tokenization methods, the lower loss does
not directly indicates that the model is higher in quality. It only implies that the
model is able to capture more coherence between each token in the model.
While the ability to capture the relationship of the tokens would result in a
higher quality model, this is not always the case. Models with relatively low loss
could also face the overfitting issue, in which case the model would generate a
corpus accurate output but could not generate any new meaningful ones. To
prevent this from happening, it is important to calculate the loss value of the

validation dataset to monitor if the model is overfitting the corpus.

Additionally, it is recommended that the performance of the model should not

be evaluated solely on the loss value alone. Other criteria, such as perplexity and
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human evaluation, should be used to assist in the model evaluation, for a better

and more precise quality analysis.
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LOCAL ENVIRONMENT SETUP

To get started with using the project and exploring its functionalities, it is essential to
set up a local development environment. This section provides a step-by-step guide to
help interested users quickly set up the necessary dependencies and configuration. By
following these instructions, you can create an environment where you can run the

project, experiment with different components, and make modifications as needed.

The project is hosted on GitHub at https://github.com/cuberetry/nokkaecwGPT. You can

find the latest version of the codebase, documentation, and additional resources on the

repository.

In this section, we will cover the installation of required software, the setup of the
project repository, and any additional steps necessary to ensure a smooth development
experience. Whether you are a developer looking to contribute to the project or an end
user interested in running the application locally, this guide will help you get up and

running efficiently.

Cloning the Repository

To get started, you'll need to clone the project repository from GitHub. Follow these

steps to clone the repository to your local machine:
1. Open your preferred command-line interface or Git client.
2. Navigate to the directory where you want to store the project.

3. Execute one of the following commands to clone the repository:

Using HTTPS:

$ git clone https://github.com/cuberetry/nokkaewGPT.git

Using SSH:

$ git clone git@github.com:cuberetry/nokkaewGPT.git
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This will create a local copy of the repository on your machine. Once the cloning
process is complete, you will have the project files and code available locally, allowing

you to proceed with the setup.

Check for Prerequisites

After cloning the repository, make sure you have the following prerequisites installed

on your system:

Python

NokkaewGPT requires Python to be installed on your machine. It is recommended to
use Python version 3.10.8 or later. If you don't have Python installed or need to update
to the recommended version, you can download it from the official Python website:

https://www.python.org/downloads/

Pip
Pip is the package installer for Python, and it is usually installed along with Python. To
check if Pip is installed, open a command-line interface and run the following

command:

If Pip is installed, it will display the version number. If not, you can install Pip by

following  the instructions provided on the official Pip website:

https://pip.pypa.io/en/stable/installing/

Creating a Conda Environment

To ensure a clean and isolated environment for running NokkaewGPT, it is
recommended to set up a Conda environment. Conda allows you to manage packages
and dependencies separately from your system's Python installation. Follow the steps

below to create a Conda environment for NokkaewGPT:

1. Open a command-line interface and navigate to the root directory of the cloned

repository.
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2. Create a new Conda environment using the provided environment.yml file. Run the

following command:

$ conda env create -f environment.yml

This command will create a new environment named nokkaewGPT with all the required
dependencies specified in the environment.yml file. The environment creation process

may take a few minutes to complete.

3. Activate the newly created Conda environment. Run the following command:

$ conda activate nokkaewGPT

This will activate the nokkaewGPT environment and allow you to run the

NokkaewGPT model within this isolated environment.

With the Conda environment set up and activated, you are ready to proceed with the
next steps to preprocess the corpus, train the model, and generate output. Ensure that
you activate the nokkaewGPT environment whenever you work on this project to

ensure compatibility with the installed dependencies.

Generating an Output

To generate text using the NokkaewGPT, a series of steps need to be followed. This
setup process involves three key stages: preprocessing, training, and output generation.

First, the corpus needs to be preprocessed using the provided script. This step prepares
the data for training by applying necessary transformations and encoding techniques.
The preprocessing command can be executed in the terminal or command prompt using

the following command:

$ python preprocess.py

Once the corpus is preprocessed, the training process can be initiated. The training

script allows the model to learn from the data and optimize its performance. Before
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training begins, the script prompts the user to decide whether to reset the model or

continue training with the existing one. To start training, execute the command:

$ python train.py

Before the training begins, the training script will prompt you with a question regarding
whether you wish to reset the model. If you want to start the training from scratch and
reset the model, simply enter "yes" at the prompt. On the other hand, if you want to
continue training with the existing model and retain the learned parameters, you can

enter anything else as your response.

Once you have handled the model reset prompt, the script will proceed to ask you for
the number of training steps you wish to execute. This parameter determines the
duration of the training process and controls the number of iterations the model will go
through to optimize its performance. To specify the desired number of training steps,

simply enter the corresponding value and press Enter to proceed with the training.

It is essential to configure the number of training steps appropriately based on your
specific requirements and available computational resources. This adjustment allows
you to strike a balance between the training time and the model's learning capacity,

enabling you to achieve the desired results effectively.

Once the model is trained, you can generate output using the trained language model.

By running the command:

$ python generate.py

and providing an input prompt, the script will generate text based on the learned
patterns and save the output to a file named output_from_model.txt in the
./output directory.

Training Result Log

During the training of the language model, various logs are generated to track important

information and monitor the performance of the model. These logs are stored in a
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dedicated directory, and each log file is named with a timestamp indicating when the

script was executed.

The log files capture essential details such as the training settings, hyperparameters, and
training progress. They serve as a valuable resource for analyzing the training process
and evaluating the model's performance. By reviewing the log files, you can gain
insights into the training loss, validation loss, and other metrics that indicate the model's

convergence and quality.

In this section, we present an example output from a log file to demonstrate the
information recorded during the training process. We will discuss the format of the log
file and interpret the key components such as the timestamp, model reset status,
hyperparameters, training steps, and training/validation loss values. This information
will help you gain a better understanding of the training progress and assist in assessing

the performance of the trained language model.

The log files generated by the train.py script are stored in the directory
./log/yyyy-mm-dd-hh:mm:ss.txt, where yyyy-mm-dd-hh:mm:ss represents
the timestamp of when the script was executed. These log files provide valuable
information about the training process and allow for detailed analysis of the model's

performance.

Here is an example of the generated log file:

Ran at 2023-05-17-13:31:19

Hyperparameters:
batch_size: 16
block size: 32

n_embd: 64

n_head: 4
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n_layer: 4
dropout: 0.1

vocab size: 2146

Training steps: 100

The step below is saved!0/100

0/100
Step ©: Training Loss: 3.3713910579681396, Validation Loss:
3.6702888011932373

100/100
Step 100: Training Loss: 3.3713910579681396, Validation Loss:

3.6702888011932373

Test Loss: 1.0674601793289185

In this example, the log file begins with the timestamp indicating when the script was
executed. It is followed by information about whether the model was reset or not. Next,
the hyperparameters used for the training are listed, providing insight into the

configuration of the model.

The log also includes the number of training steps that were executed. This is followed
by the training progress, displaying the current step out of the total number of steps. For
each step, the training loss and validation loss values are recorded, reflecting the

model's performance at that particular point in the training process.
Every time the training is conducted, the model would validate the final checkpoint by

evaluating the loss value using the test dataset. The result would be recorded at the end

of the created log file.
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Analyzing the log files allows you to monitor the training progress, evaluate the loss
values, and make informed decisions about the model's training and performance. It
provides valuable insights for further optimization and fine-tuning of the language

model.

Interpreting the log files is an essential part of analyzing and understanding the training
process of the language model. The training loss and validation loss values recorded in
the log files provide valuable insights into the model's performance and its ability to

learn from the data.

The training loss represents the average loss computed during each training step. A
lower training loss indicates that the model is successfully learning from the training
data and making progress towards minimizing the error. On the other hand, a higher
training loss suggests that the model might be struggling to capture the patterns in the

data or encountering difficulties in convergence.

The validation loss, on the other hand, measures the model's performance on a separate
validation dataset that is not used for training. It serves as an indicator of how well the
model generalizes to unseen data. Monitoring the validation loss helps in identifying
overfitting or underfitting. Overfitting occurs when the model performs well on the
training data but fails to generalize to new data. Underfitting, on the other hand,

happens when the model is too simplistic to capture the underlying patterns in the data.

By examining the training and validation loss values over different training steps, you
can gain insights into the model's convergence, stability, and generalization capabilities.
Analyzing the trends and patterns in the loss values helps in determining the optimal

training duration and identifying potential issues or areas for improvement.

It is important to note that the interpretation of the log files should be done in
conjunction with domain knowledge and specific project requirements. Different tasks
and datasets may have unique characteristics and performance metrics that need to be
considered. Therefore, it is recommended to perform thorough analysis and
experimentation to fine-tune the model and optimize its performance based on your

specific needs.
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PROJECT DISCUSSION

This chapter is the section where we discuss our issues, solutions, and discoveries

during our project processing.

Runtime Error

This section is a discussion about the runtime error that we encounter during the
training process in APEX. The error shown below as an imager Figure 7.1 indicates that

“Runtime Error: Expected all tensors to be on the same device”.

skorndan@prism-1: ~/nk — ssh -p 22 skorndan@apex-login.cmkl.ac.th

| NVIDIA-SMI 530.30.02 Driver Version: 530.30.02 CUDA Versio

I T 1 e e e e
GPU Name Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC |
Temp Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M.

n |
54W / 4oowW| Default
Disabled |

Type Process name GPU Memory |
[VEET[)

$ python3 train.py

(Do you want to reset the model? [Enter 'yes' for resetl]: yes
Resetting...
[Enter training step: 100
Traceback (most recent call last):
File "train.py", line 64, in <module>
val_logits, val_loss = NokkaewGPT(val_xb, val_yb)
File "/home/skorndan/.local/lib/python3.8/site-packages/torch/nn/modules/module.py", line 1501, in _call_impl
return forward_call(xargs, *kkwargs)
File "/home/skorndan/nk/model/model.py", line 162, in forward
tok_emb = self.token_embedding_table(idx) # (B,T,C)
File "/home/skorndan/.local/lib/python3.8/site-packages/torch/nn/modules/module.py", line 1501, in _call_impl
return forward_call(xargs, xxkwargs)
File "/home/skorndan/.local/lib/python3.8/site-packages/torch/nn/modules/sparse.py", line 162, in forward
return F.embedding(
File "/home/skorndan/.local/lib/python3.8/site-packages/torch/nn/functional.py", line 2210, in embedding
return torch.embedding(weight, input, padding_idx, scale_grad_by_freq, sparse)
RuntimeError: Expected all tensors to be on the same device, but found at least two devices, cuda:® and cpu! (when checking argume
nt for argument index in method wrapper_CUDA__index_select)

Figure 5.1 Runtime Error: Expected all tensors to be on the same device

During the training process, an error occurred when the model attempted to train while
the tensors were not on the same device. Specifically, the model was assigned to the
GPU (cuda) as indicated in Figure 7.1 by the line of code "m =
NokkaewGPT.to(model.device)". However, when evaluating the loss, the tensors
val_xb and val yb were not on the same device as the model. To resolve this issue, it

was necessary to ensure that these tensors were moved to the same device, which in this
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case is the GPU. By adding ".to(model.device)" to the code, the tensors were properly

assigned to the GPU device, enabling successful evaluation of the loss.

Out of Memory Error

This section is a discussion about the out of memory error that we encounter during the
training process. The error shown below as an imager Figure 7.2 indicates that

“torch.cuda.OutOfMemoryError: CUDA out of memory.”.

torch.cuda.OutOfMemoryError: CUDA out of memory. Tried to
allocate 128.00 MiB (GPU ©; 4.75 GiB total capacity; 3.71 GiB
already allocated; 114.00 MiB free; 3.84 GiB reserved in total

by PyTorch) If reserved memory is >> allocated memory try

setting max_split_size mb to avoid fragmentation. See
documentation for Memory Management and

PYTORCH_CUDA_ALLOC_CONF

Figure 5.2 Out of Memory Error

During the training process, if the error "torch.cuda.outofmemoryerror: CUDA out of
memory" occurs, it indicates that the GPU's available memory is insufficient for the
operation. This error message provides details about the total GPU capacity, already
allocated memory, and available free memory. This error involves various factors such
as batch size, model complexity, memory optimization techniques, and hardware

resources.

To resolve this issue, several solutions can be employed. Firstly, reducing the batch size
decreases the memory requirements per training iteration. Another approach involves
simplifying the model by reducing the number of layers, hidden units, or attention
heads, thereby reducing memory demand. Alternatively, utilizing a GPU with a larger
memory capacity or employing distributed training across multiple GPUs can provide
additional memory resources. Additionally, PyTorch's memory management features,

such as memory caching and releasing, can be utilized for efficient memory allocation.
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Weird Number Text Generation

This section is a discussion about the weird number text generation that we encounter
when generating the output. The error shown below as an imager Figure 7.3 indicates
the number mixing with thai word.

type your content:

NnasdliamwmaunsmeTadeaiis wuiagusaunulasuasaanaamuadiuinlunaunaioiu Wiud 2.yaavs onanlszana
16.00 u. was¥u@ 22 5.a. A wIn Yud (23 5.A.2564) wEANaNY AgVUUY WanuLiMSIINMTANTIMERT JaTuiiE
M9 MEAaUUITNE a1 anedilidTadenan Wuiaaviindauriadinedn 9 wurasih fdnwaniludimarviauusealsaiae
gy dufiwgruinduinnaan wiu Tauaas wiagaTily nsiinuiuiaafianusineauiamonacuas uaaslvitiuiniansasviauuse
NNa awiag Assgviauudsrasdnudasndviansadonalaannainaiasng q ﬂoﬁmwumnaﬁaarjwﬂmLau'-nm”mnﬂiuﬂm
"amen" NnadliaTa Aauthiulabildanen asnntagdidulsuan "amen" asidnwaizasiadautir Tuduussennie
2a0tan uuunduasessanuiiAauoge uarandoadluduussanmaantmiifluwsonulvivividadofanmu wansroannawiiiiu
lundll JdTadonann Ahidasdaadanimiruluduussnna wagbifiuaouusaiole swvsuraduiwgiuiniy "anaudion” T
auflulife asnnanisuadauimadasiinasuads wazsnazdonariuamianannmsszviauudsuasuns Taafaaaiazviau
ua9n aindnauindetan uaauasrifianusislussdundewiniu uanand anaulsznamoeiaasi avlaasagianugenniiu
Tan s¥nie 350-2,000 Alawns agiistduanugzeanimMadaaraimnaman Jaadseananan andaadludunssanadisseu

Anu golsznal 80-120 Alawas doiiu asiazainsauasiuiagiszananisntalunainatsiusiaalaifu Wulillsaauin

Content tokenize:

NansAIMmMwmwauwms M iaafiae wudaagidsadauvnlasuddna aaIuad wivg
aluaaunadfu WwHuA a.unemms dronmidsgmman 16 .00 u. wagyud

22 s5.a. HWAerun Yud (23 §.MA.2564 ) wWmadaand @A uuri HIawnwiud o uud

MsTamsannmans saanduidoemnnmaaf wismad aa11N nnaddidladen

< o a P

a2 dWuTeagAwdauradoh 9 vuvaeih ddnwazdudnrasviavusdanlom

diod W addududwsunfluyeagaas wiu Twuaas wiwgnlle msid i wiuia

giAaNuUdNIMUAAMITAIURY WRAIWWiuNAMsFEvauugyannaeilgal ied A

sagviavuwgvzav i nrllud avidnddamnsadowmaldamamwearsme 9 dddamn
nupAsoathidTarmuaniagldsgian "mran" mnaddidla mAdaudefula

Nl r1an W avanndaagdidluisgian

Mmir1an" awddnwarmsia 8audenn

WwduussmmazasTantlluuwrrduasvaraanNu imH AU ogy uasaw & a d uduy

ssmmmaganMiuuwsoNnuWviulbadodanrmu wamonnmmwnuiulueddialad

Jnai Abidmsw@eadaniduluduussmma uwsbifugonuuiaiala dwnd
vdadudwsruinduy "moawsu" WiasduWld WavanamawinuwmAauAaln
AN BPINAIUAIST U N AW FI A A WU M I WA U AMTE W auudouad ul 9 1 an5 Laaa

ftvauugoalIdm e ndundolan Wuaausodfanuainolusedunido whiu u

g
o
n

anmnil moawisudszwniolaase awlaasagidanugdoannwuian s uina 350
-2,000 filTawns agAssduaNnugommnann N msidaaasadwinmann Tagaisein

NeI e A v a dlwduussmamanssduanugelsyu<hs

Generate:

aF aF 0847 af 0847 af 1799 72151 i 72815 8787 af 0847 0847 af af 1629000 'lnau 0847 af 0847 1214571 Af A
Af ddlo aF 0847 af af 0847 qui¥ 80301 NV XF A 1300600 aF 0847 3893 AT R bEEnbe N 0847 1300600 A
145060 167559 53101 80301 80301 5035755 1799 58217 bddo WAy 112044 ufy 8746 ad uny Mia af 1799 A aF A
58217 af 0847 58217 397581 ans 30 af af &5 a7 AA 1300600 aF 0847 80301 aF 1214571 'lnal 1300600 AF &
uzd af 0847 5035755 8746 80301 6108 5035755 1799 aF 145060 aF 145060 A1 646928 72815 22755000 4333
0949520668 5371 aF 0847 Af af 0847 AF 0847 XF 145185000 a¢ AF AF 0847 58217 Af 0847 1300600 Af af af
1799 1300600 158 P 1799 af 137 wut K ufy wadwwe BI ad 1799 0847 5809 uu ad 255319 il b&&wwe 80301 af
58217 af 255319 5035755 af AF 1300600 aF 1799 1300600 aF 1300600 AF 0847 1214571 aF &F WAY 22755000 YW
AF aF 0847 361090 uutl 150050 YW 1300600 aF AF 0847 XF 44750 af AF 1799 XF 0847 AF 0847 Af 58217 0847 aF
AF 0847 1300600 WV aF 0847 1300600 0847 F af 0847 0847 fidl af 1799 0910503 a¢ 0847 1799 1799 0847 0847 fl
aF 0847 0847 1300600 N3l 14140 0847 0847 X¢ 0847 aF 0847 af 0847 aF 0847 af 145060 0847 1300600 1300600
0847 2807 RF 0847 @1 AF 1300600 8854072 0847 0847 2807 37350000 9073 A 0847 XF 0847 AF 0847 2807 1300600
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U 1300600 aF 0847 i 1799 A {1l af 0847 0847 2807 0847 af 0847 ad 1799 uny af af il 361090 1799 1300600

0910503 i1l af 0847 0847 2807 ¢ 0847 &3U af 0847 0847 fill uny af 9839 ad af 0847 fi 37350000 0847 1300600
0847 ¢ 0847 0847 1300600 0847 iUl 0847 af 0847 0847 0847 ddlv 1799 ddle 1300600 1799 0847 fill ad 0847 ¢
fll ¢ 0847 fiil 0847 1300600 645 af 1799 0847 AF 0847 0847 A 0847 2807 0910503 fiil Aaf 0847 1300600 1799 A
0847 ¢ 1300600 af 0847 A 1300600 aF N¢ 0847 145185000 \ 14350 0847 0847 2807 umy af i 8746 ad 2807
0910503 af 19746 0847 fill 158 a6 WAY N6 0847 aF aF 2807 58217 aF 0847 af 0847 N6 0847 1300600 AF 9839 A
fil a6 0847 0847 0847 1698 1799 1300600 aF N¢ 0847 0847 0847 Af 0847 0847 0847 58217 ad 0847 flil ¢ 0847
2807 ¢ NF 0847 0847 0847 ddllo 37350000 N¢ 0847 145185000 0847 0847 0847 1799 0847 aF Nf Uny a¢ 0847 flil
aF 1300600 ums 1799 N 9839 0847 A 0847 1300600 0847 af 1799 aF 0847 1300600 a¢ 0847 0847 1300600
2130000 a¢ uAy 1799 1300600 N¢ 9839 0847 1799 1300600 37350000 1799 0847 ad af fill aF 0910503 58217 &
0910503 1799 1300600 0847 0847 0847 1300600 37350000 N¢ 0847 9946 N 0847 2807 0847 aF NF 1300600 aF 0847
AF 0847 0847 58217 af 1799 Af af 0847 0847 & 6108 il 397581 ad flu ad fil ad 0847 ¢ 0847 af 1300600 A
0847 fill af af 0847 2339 af 0847 1799 0847 fill 1300600 af 0847 1300600 af 0847 1300600 A dill

& af 0847 0847 58217 5035755 1799 0847 2807 0847 0847 1300600 unt af 1300600 af 1300600 37350000 A
0910503 0847 2807 58217 af AA 0910503 ¢ 1 1799 0847 0847 udmef 145185000 145185000 1799 ad 1799 1799 0847
87270 0847 1300600 ad i 1799 fl aF 0910503 9839 5035755 1300600 9073 AF 1799 WAY NF 0847 0847 1300600 51
AT 0847 0847 0847 2339 1300600 0847 1300600 0847 AF 9839 0847 58217 1799 152479 umy 1799 1300600 1799 X
0847 1300600 af i

& af 2807 aF 0847 2807 0847 fi 72815 af 9839 UAY N¢ 0847 0847 1300600 0847 il 361090 (nokkaewGPT)

Figure 5.3 Weird Number Text Generation

From figure 7.3 above, our text generation model encountered an issue where numbers
and words were being mixed together in the generated text. This problem was identified
to be associated with the tokenization process, particularly the handling of numbers.
The model was treating numerical values from the input article, like prices, years, and
phone numbers, as vocabulary items and incorporating them into the training process.
As a result, the output text contained a combination of Thai characters and numbers. To
resolve this, we refined the tokenization rules and configurations to treat numbers

separately and ensure they are not included in the generated text.
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PROJECT CONCLUSION

In conclusion, the NokkaewGPT model, built on the GPT-2 architecture tailored for the
Thai language, has demonstrated impressive capabilities in natural language generation
tasks. Leveraging the power of the GPT-2 architecture, which has been widely
successful in various language models, NokkaewGPT extends its effectiveness to the

Thai language domain.

The preprocessing stage plays a crucial role in shaping the performance of
NokkaewGPT, as it employs various tokenization techniques such as character,
subword, and word level tokenization. These tokenization approaches have a direct
impact on the model's understanding of the Thai language and its ability to generate

coherent and appropriate text.

Character-level tokenization treats individual characters as distinct tokens, allowing the
model to capture fine-grained details and relationships between characters.
Subword-level tokenization, on the other hand, breaks the text into smaller meaningful
units, enabling the model to handle more complex words and expressions. Lastly,
word-level tokenization treats complete words as tokens, emphasizing semantic

understanding at a higher level.

By experimenting with these tokenization levels, NokkaewGPT explores the trade-offs
between granularity and generalization in the generated outputs. Each approach has its
strengths and limitations, impacting factors such as fluency, vocabulary coverage, and
contextual coherence. Thus, the choice of tokenization level significantly influences the

model's overall performance and the quality of generated text in the Thai language.

As such, understanding the tokenization strategy in accordance with the specific task
requirements and linguistic characteristics of Thai is crucial for achieving the desired
results with NokkaewGPT. Further research and experimentation in tokenization
techniques can lead to enhancements in the model's capabilities and its ability to
generate text that aligns more closely with human-like linguistic patterns in the Thai

language context.
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The training process further optimizes the model parameters through an iterative
optimization algorithm. As the model progresses through the training iterations, it
learns to better capture the statistical patterns and semantic structures present in the
Thai language data. This optimization leads to a gradual decrease in the loss values

observed during the training, validation, and testing phases.

The lower loss values obtained signify that the model becomes more adept at
understanding the intricacies of Thai language and generating high-quality text outputs.
The model's ability to minimize the loss function reflects its proficiency in capturing the
underlying patterns and dependencies in the training data, which in turn enables it to

generate meaningful and contextually relevant text.

These lower loss values, combined with the evaluation metrics and qualitative analysis
of the generated text, demonstrate the model's effectiveness and its potential as a
valuable asset for various applications that require natural language generation in the
Thai language context. The ability to produce coherent, fluent, and contextually
appropriate text outputs in Thai opens up possibilities for applications such as chatbots,
content generation, language assistance, and more. The NokkaewGPT model
contributes to advancing the field of Thai language processing and provides a powerful
tool for generating high-quality text in the Thai language, enhancing communication

and information processing in the Thai-speaking community.

However, it is important to acknowledge that further evaluation and fine-tuning are
required to enhance the model's performance and address potential limitations specific
to the Thai language. Continued research and development in this area will contribute to
the advancement of Thai natural language processing techniques and their practical

applications.

In summary, the NokkaewGPT model stands as a testament to the remarkable progress
in Thai language generation enabled by advanced deep learning techniques. Through
meticulous training, evaluation, and experimentation, the model has demonstrated its
proficiency in generating coherent and contextually relevant text in Thai. By leveraging
the power of language modeling and fine-tuning strategies, NokkaewGPT opens up new

possibilities for natural language generation in the Thai language context. With further
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research and refinement, this model has the potential to revolutionize Thai language
processing and contribute to a wide range of applications, from chatbots and content
generation to language assistance and creative writing support. The journey towards
more fluent and culturally appropriate Thai language generation continues, and the
advancements made by NokkaewGPT serve as a foundation for future innovations in

Thai natural language processing.

The NokkaewGPT model and its associated codebase are openly available and hosted

on GitHub at https://github.com/cuberetry/nokkaewGPT. Researchers, developers, and

enthusiasts interested in exploring the model, replicating the experiments, or building
upon this work are encouraged to visit the repository. The GitHub platform provides an
ideal space for further discussions, collaborations, and inquiries related to the
NokkaewGPT project. Feel free to engage with the community, submit issues,
contribute improvements, or share your experiences and findings to foster ongoing

advancements in Thai language generation and natural language processing.
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