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Abstract

Optimized Large Language Model for Hate Speech Detection

Uchechukwu Emmanuel Obinwanne

Recent developments in Artificial Intelligence (Al), particularly Large Language
Models (LLMs), have provided powerful tools for Natural Language Processing (NLP)
tasks like sentiment analysis. However, their fine-tuning and deployment present chal-
lenges, specifically in terms of computational efficiency and high training costs. To
address these challenges, this work applies optimization techniques such as Quan-
tized Low-Rank Adaptation (QLoRA) for parameter-efficient fine-tuning, followed by
Generalized Post-Training Quantization (GPTQ) on the Llama 3.1 LLM. To evaluate
these optimizations, we apply the model to a practical task: hate speech detection,
using a curated dataset comprising of X (formerly Twitter) posts. Overall, the opti-
mized model achieved a 67% reduction in size along with significant improvements in
classification accuracy and inference speed compared to the base model.

Keywords: Large Language Models, Parameter Efficient Fine-Tuning, Low-Rank
Adaptation Quantized Low-Rank Adaptation (QLoRA), Generalized Post-Training
Quantization (GPTQ).
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Chapter 1

Introduction

1.1 Problem Overview and Motivation

The importance of social media moderation cannot be overstated. While social media
offers individuals the opportunity to express themselves freely, this freedom and right
are often misused, providing a platform to incite hate against individuals and commu-
nities. Harmful manifestations of this misuse include cyberbullying, racism, sexism,
and radicalization. These pervasive issues have been shown to have detrimental psy-
chological and even physical effects on individuals, including anxiety, depression, and
even suicide [14, 48, , 178]. There have also been instances where hate crime sus-
pects have a history of hateful social media posts [131, ,207]. These online posts
often show patterns of hostility and intolerance towards specific groups, leading to
real acts of violence. According to the U.S. Government Accountability Office (GAO),
“Extremist attacks ... illustrate how exposure to hate speech online may have con-
tributed to the attackers’ biases against people based on race, national origin, and

sexual orientation.” [155].



The number of social media users and the online presence of the average individ-
ual have grown exponentially in the past two decades. This growth comes with the
increased challenge of content moderation due to the volume of multimodal (text,
video, audio etc.) content being posted and the evolving nature of language. With
each generation ushering in new slang, abbreviations, subtleties, and deliberate ob-
fuscation of profanity, it has become increasingly challenging to keep up with this
evolution. Furthermore, the inconsistencies in defining what constitutes hate speech
add another layer of complexity to this problem.

While social media platforms have different guardrails in place to prevent the
propagation of hate speech, these typically require a significant amount of manpower
to review reports of hate speech [131] and consequently take a mental toll on the
reviewers [5]. This process can be expedited using automated hate speech detec-
tion approaches. However, these approaches are not foolproof. Traditional machine
learning moderation systems, which typically include algorithms like Support Vector
Machines (SVM), decision trees, logistic regression, or basic neural networks, rely on
handcrafted features and supervised learning from labelled datasets. These systems
often struggle to detect hateful language, especially when it is intentionally obfus-
cated or uses slang for which they have not been trained. Additionally, there is also
the fact that offensive language often overlaps with hate speech, which can lead to
misclassification. This complexity necessitates nuanced classification approaches to
distinguish between hate speech and other forms of offensive language effectively.

LLMs offer advanced capabilities that can aid in this nuanced task. Even so, the

base versions of these models often perform poorly in domain-specific tasks, including



hate speech detection and classification. Nevertheless, their performance can be sig-
nificantly improved with domain-adaptive pre-training, where the model’s language
representations are further adjusted to understand the nuances of a new domain. This
has yielded impressive results as seen in the following literature [10,63,85, 111,115 118].

Fine-tuning is another method used to enhance the performance of an LLM, and
it is one of the key areas this thesis addresses. With fine-tuning, the LLM is tailored
to specific objectives, such as classification, by training it on labelled datasets. This
enables the LLM to adapt and learn patterns pertinent to the task, such as distinguish-
ing between hate speech and offensive or neutral language. Unlike domain-adaptive
pre-training, which enhances the LLM’s general language understanding within a de-
fined domain, fine-tuning sharpens its performance on precise tasks by adjusting its
parameters to optimize for accuracy.

Overall, this thesis examines how targeted fine-tuning can enhance the detection
capabilities of LLMs while also addressing concerns associated with their use, such
as computational limitations, through the application of optimization techniques. By
contributing to the development of efficient models, this work supports real-world
applications in content moderation and the ongoing exploration of refined methods

for nuanced language processing in online contexts.

1.2 Research Objectives and Thesis Contributions

Our literature review has found that many previous studies on hate speech detec-
tion have focused on using traditional machine learning algorithms, such as Naive
Bayes (NB), Support Vector Machines (SVM), and Logistic Regression (LR), among

others. More recent work has been found to utilize deep learning methods, such as



Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN). With
the rapid adoption of transformer models, more research has shifted to encoder-only
models, such as BERT (Bidirectional Encoder Representations from Transformers),
which is widely used for classification tasks, including hate speech detection.
However, relatively less attention has been given to benchmarking the perfor-
mance of decoder-only transformer models, especially Meta’s Llama 3, on this task.
Furthermore, existing studies rarely explore the joint benefit of parameter-efficient
fine-tuning and quantization for the llama models. The silver lining is that this thesis
aims to address these research gaps. Specifically, the objectives and contributions of

this work are:

e To fine-tune Meta’s pre-trained Llama 3.1 model on a custom hate speech
dataset consisting of X social media posts, using Quantized Low-Rank Adapta-
tion (QLoRA). This serves to demonstrate the potential of Parameter-Efficient

Fine-Tuning (PEFT) as an LLM fine-tuning technique.

e To optimize the fine-tuned LLM using Post-Training Quantization (PTQ), re-
ducing its memory footprint and improving inference speed while retaining ac-
curacy. This will help showcase the feasibility of deploying a similar model in

real-world situations and environments with limited resources.

e To evaluate the optimized model’s capability of distinguishing hate speech from

offensive and neutral language.

1.3 Thesis Outline

The rest of the thesis is organized as follows:



Chapter 2 — Background: This chapter focuses on the foundational concepts
of machine learning and their relationship to sentiment analysis and hate speech
detection. The chapter will also introduce transformer models and LLMs and feature
a literature review of related work.

Chapter 3 — Optimization of Large Language Models for Text-Based Ap-
plications: This chapter further explores the transformer architecture and LLMs,
discussing optimization strategies such as fine-tuning and quantization. The chapter
concludes with an overview of the proposed architecture based on Llama 3.1.
Chapter 4 — Model Implementation for Hate Speech Classification: This
chapter outlines the methodology employed in fine-tuning and optimizing Llama 3.1,
from data acquisition to quantization and model evaluation.

Chapter 5 — Results and Discussion: We analyze the results of the study, com-
paring the model performance before and after fine-tuning and quantization. We
evaluate metrics such as accuracy and F1 scores for assessment.

Chapter 6 — Conclusion: The final chapter summarizes the key contributions of
the thesis, discusses the limitations of the proposed approach, and proposes future

research directions.



Chapter 2

Background

Sentiment analysis, a prominent application of Artificial Intelligence (Al) within the
field of Natural Language Processing (NLP), has transformed the way emotions are
interpreted and understood from textual data. Sentiment analysis is an NLP task
used to classify the sentiments and opinions expressed within a body of text regard-
ing a topic as positive, negative, or neutral. The popularity of sentiment analysis has
increased [203] with the rise of social media platforms, accompanied by the growing
volume of data generated from online reviews and discussions. This surge in data
provides a unique opportunity for organizations, businesses, and researchers to gain
insight into consumer behaviour, public opinion, and market trends. There have also
been significant advancements in deep learning models, such as transformer mod-
els, which have improved the accuracy of sentiment analysis. These advancements
have made sentiment analysis a vital tool for informed decision-making and effective
planning.

While sentiment analysis has been shown to have multifaceted applications in

finance [110,203], business [30, 186], healthcare [143] and governance and politics



[79,230], its utility extends beyond general sentiment classification to addressing spe-
cific societal challenges such as hate speech detection. Hate speech, a subset of of-
fensive language characterized by its discriminatory nature, poses significant risks to
social harmony and individual well-being. Al-driven solutions, particularly those that
leverage sentiment analysis techniques, are crucial for identifying and mitigating such
content on online platforms.

The need for precise hate speech detection is evident in our current era of widespread
digital communication, where misinformation and harmful discourse spread like wild-
fires. Building on the methodologies and advancements in sentiment analysis, hate
speech detection incorporates additional layers of complexity, such as distinguishing
between hate speech, offensive language, and neutral content. This distinction is
essential for promoting online safety while preserving freedom of expression.

The integration of Large Language Models (LLMs) has further advanced hate
speech detection by enabling nuanced understanding and classification of text. Unlike
traditional machine learning models, LLMs such as BERT, GPT, and their fine-tuned
variants excel at capturing contextual and semantic subtleties, making them well-
suited for this task. This thesis will leverage such models to develop a robust hate
speech detection system capable of fine-grained classification, addressing the gaps in
current methodologies and enhancing the efficacy of automated moderation systems.
However, to fully contextualize the integration of LLMs, it is worthwhile to review
their foundations in Artificial Intelligence (AI) and Machine Learning (ML).

AT has become a buzzword in recent times, impacting various aspects of our daily
lives. As with sentiment analysis, Al has played a crucial role in healthcare [51,71,81],

education [11,170], and engineering [152]. Rooted in disciplines such as philosophy,



mathematics, and neuroscience, Al refers to the creation of machines capable of per-
forming tasks that require human-like cognitive functions—including reasoning, learn-
ing, and decision-making [134,179,242]. Under the AT umbrella lie various subfields,
including NLP, computer vision, ML, and Deep Learning (DL). ML, in particular,
serves as the backbone of Al advancements, offering algorithms that can learn from
data and improve over time. Its subset, DL, has further pushed the boundaries by
introducing neural networks capable of processing large datasets with remarkable
efficiency. Among the most significant outcomes of these advancements are LLMs,
which build upon ML and DL principles to achieve unprecedented performance in
tasks requiring language understanding and generation.

The following sections provide a high-level overview of ML, its principles and

applications in sentiment analysis, and its role in the development of LLMs.

2.1 Overview of Machine Learning

Figure 2.1 shows the relationship of LLMs to DL, ML, and AI, all of which will be
discussed in this section.

Machine learning can be defined as the process of teaching a machine or program
using a set of algorithms and statistical models, thereby enabling it to perform tasks
such as making predictions and decisions based on the data it was trained on. In
other words, it is the act of training a machine to recognize and extract patterns from
past data. Afterwards, the machine is able to apply what has been learned to solve
problems in new contexts [70, 196].

(Machine) learning can be divided into three main types [179]:

1. Unsupervised learning



Intelligent Machines
Broadly defined £

Artificial Intelligence

Pattern Recognition
Learning general patterns from
data

Neural Networks
Learning general patterns in
unstructured data (i.e. images,
text, audio, etc.)

Large Language Models
" Learning to understand natural
language (i.e. text)

Figure 2.1: Domains in Al [199]

2. Supervised learning

3. Reinforcement learning

2.1.1 Unsupervised Learning

Unsupervised learning uses unlabeled data to train a model without explicit supervi-
sion. These algorithms infer structure or patterns in the data, often identifying hidden
relationships [76,216]. Common unsupervised learning techniques include clustering
and dimensionality reduction [95].

Applications include anomaly detection in network traffic [193,202], user clustering
for targeted advertising [69, 119], and natural language processing for topic modeling

and document clustering [105, 114, 214].
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Figure 2.3: Unsupervised Learning Process [215]

2.1.2 Supervised Learning

Supervised learning relies on labeled training data to learn relationships between

inputs and outputs [70].
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Two common types are:

e Regression: Predicts continuous values (e.g., house prices, temperatures). Al-
gorithms include linear regression, polynomial regression, decision trees, and

neural networks.

e Classification: Assigns categories (e.g., spam detection). Algorithms include

logistic regression, SVMs, decision trees, and random forests.

Table 2.1: Key Differences between Regression and Classification

Regression

Classification

The dependent variable is contin-

uous

The dependent variable is cate-

gorical

Predicts a quantity (continuous

Predicts a class label (categorical

value) value)

Evaluation: MSE, RMSE, R? Evaluation: Fl-score, accuracy,
sensitivity

No class boundaries Decision ~ boundary  between

classes
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Applications include cancer detection [204], predicting academic performance [95],

and water quality assessment [9].

2.1.3 Reinforcement Learning

In reinforcement learning, models learn through trial and error by receiving rewards
or penalties based on their actions [211]. For example, in a chess game, winning yields
rewards while losing yields penalties. Over time, models optimize their actions [179,

|. A key application is robotics control [198].

2.1.4 Semi-Supervised Learning

Semi-supervised learning combines labeled and unlabeled data, leveraging small la-
beled datasets to make sense of larger unlabeled ones. It shares many applications

with supervised learning [70].

2.2 Applications of Machine Learning in Sentiment Analysis

As seen above, classification aims to develop predictive models that can accurately
assign class labels to new, unseen data points. This task is highly applicable to
sentiment analysis, which involves categorizing opinions from textual data. In fact,
sentiment analysis can be seen as a classification problem. The following section
provides an overview of the levels, tasks, and techniques of sentiment analysis, with

an emphasis on machine learning approaches.
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2.2.1 Levels of Sentiment Analysis
Sentiments can be investigated on three main levels: document level, sentence level,
and aspect level [29,35,64, 181,210].

Document-level
sentiment analysis

Sentence-level
sentiment analysis

Aspect-level
sentiment analysis

=

Figure 2.5: Levels of Sentiment Analysis [37]

Document-Level: At this level, the overall sentiment expressed by a single entity
in a document is classified, thereby providing a high-level overview of the document.

Sentence-Level: This level involves the evaluation of each sentence within a
body of text. This entails two tasks: first, each sentence has to be analyzed for an
expressed opinion. If one is detected, then the emotional polarity is examined to
determine the conveyed sentiment. This level serves to distinguish between objective
and subjective sentences, where objective sentences express factual information and
subjective sentences entail personal views and opinions [29,35].

Aspect-Level: This involves analyzing specific features of a sentence and deter-

mining the sentiment expressed through those features [227]. Consider the following
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statement: “My phone’s speaker is awful. However, the display’s great.” In this ex-
ample, there are two aspects — the quality of the phone’s speaker and the display.
The goal of aspect-based sentiment analysis here is to isolate each aspect and predict

their sentiment.

Sentiment Analysis Approaches

Sentiment Analysis |

v \ v v

Lexicon Based [ Machine Learning |
Approach l Approach

‘Hybrid Approach ‘ Other Approach

¥ k4 ( =
Transfer Learning
Dictionary Based} { Corpus Based J - Al
, Decision Tree pproach
[ Approach Approach Classifier
Support Vector
Statistical Cinear H| el Aspect Based
Approach { Classifiers ]— Approach
—b[NeuraI Networks
emantic
Rule Based
Approach 5
ER ) Multinominal J
Probablistic Maximum
Classifiers Entropy

Reccurant Neural
Network

Convolutional
Neural Network

LSTM and Bi-LSTMJ

Transformers
Network

Naive Bayes
Bayesian
Network

Figure 2.6: Overview of Sentiment Analysis Approaches [215]

Figure 2.6 provides a comprehensive overview of the various approaches for sen-
timent analysis, categorizing them into four main groups: Lexicon-Based Approach,

Machine Learning Approach, Hybrid Approach, and Other Approaches.

i. Lexicon-Based Approach: This technique involves the use of a lexicon, which
consists of predefined words assigned a sentiment score based on their polarity. Po-
larity indicates the sentiment “conveyed by a particular text, phrase or word” [3]. For

example, a score ranging from [+1, -1], where 41 is very positive, 0 — neutral, and
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-1 — very negative. The text to be analyzed is broken down into tokens, where each
token represents a single word, and a sentiment score is assigned to each token from
the lexicon. Afterwards, the sentiment scores of each token (or word) are aggregated
to give the overall sentiment of the text [35, 106,218].

“The most commonly used lexical method for sentiment analysis of English data
is Valence Aware Dictionary for Sentiment Reasoning (VADER)” [17,91]. While this
method is easy to implement since it does not require any complex training data,
it fails to capture the context of a word. Additionally, a word can have different
meanings depending on the domain in which it is used [139]. These issues can lead
to incorrect sentiment classification and analysis. Lexicon-based approaches can be
corpus-based or dictionary-based.

The corpus-based approach involves using a predefined set of sentiment words
and expanding it by analyzing a large corpus of text to find patterns in how words
are used together or in syntax [218]. For example, words joined by “and” usually
share the same sentiment. In contrast, words joined by “but” are often opposites
[35]. Additionally, modifiers like “very” and “slightly” also affect the sentiment of a
word. The corpus-based approach can be divided into two categories: statistical and
semantic approaches.

The dictionary-based approach, on the other hand, involves the use and stor-
age of a list of words according to their polarity and sentiment. The idea behind
this method is that words are manually collected and expanded using their synonyms
and antonyms, which are assumed to have the same and opposite polarities, respec-
tively. The dictionary approach can be further divided into statistical and semantic

approaches.
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The statistical approach follows the idea that if a word with an unknown sen-
timent frequently appears with words whose sentiments are known in similar con-
texts, then the unknown word is likely to express the same sentiment as the known
words [35]. This method does not directly consider the meaning of the words but
focuses on their linguistic patterns.

Unlike the statistical approach, which is based on the patterns of occurrence,
the semantic approach focuses on the relationships between words based on their
semantic properties. In this method, words that are semantically close, such as syn-

onyms, are assigned similar values.

ii. Machine Learning Approach: The machine learning approach to sentiment
analysis involves the use of machine learning algorithms to sort textual data by polar-
ity. These algorithms learn to recognize patterns in the training data and can classify
texts into categories such as positive, negative, neutral, happy, sad, and others. This
is a powerful approach to sentiment classification as the algorithms can learn domain-
specific patterns from the training data. However, this often requires large amounts
of data to achieve.

The different types of machine learning discussed earlier are equally relevant and
applicable to this approach. [194] uses a supervised learning approach to classify Ara-
bic tweets by their sentiment polarity (positive, negative, and neutral). [121] uses

unsupervised learning to develop a framework for word embeddings using prior sen-

timent knowledge. [177] uses auto-encoders to address high-dimensionality in textual
data. Lastly, [93] develops a novel semi-supervised learning model for emotion recog-
nition.

As previously discussed in the machine learning section of this thesis, this approach
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is also divided into unsupervised, supervised, and reinforcement learning approaches.
However, to remain aligned with the scope of this thesis, only the supervised approach
will be discussed in further detail.

Supervised learning relies on labelled training data. In this case, the training
data is labelled with the sentiments expressed by the texts. The supervised learning
approach can be performed using linear, decision tree, probabilistic or rule-based
classifiers [185,218,231].

Probabilistic classifiers predict the probability distribution of all possible classes
rather than directly assigning class labels using their input features [35]. Common
probabilistic classifiers are Naive Bayes and Maximum Entropy classifiers used by
both [215] and [74] respectively.

Decision trees in text classification work by recursively splitting data into smaller
subsets based on specific criteria applied to the features (for instance, the presence
of certain words) until the text can be classified. They involve a series of yes/no
questions to classify data and can be combined to make up a Random Forest (RF) to
avoid overfitting [215]. [28] uses the C5.0 and CART (Classification and Regression
Trees) decision tree algorithms for analyzing the Initial Public Offerings (IPOs) of a
company.

Lastly, rule-based classifiers use IF-THEN rules to predict the classes of new
records. In text classification, a rule can be: IF the word “sad” is found in a text,
THEN classify the text as “negative.” This approach is similar to decision trees;
however, rule-based classifiers are less prone to overfitting but have poor scalability.

Linear classifiers employ straight-line or hyperplane boundaries to categorize text

into distinct categories. A straight line is used for binary classification; otherwise —
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a hyperplane [35]. Linear classifiers used for sentiment analysis and classification are
Support Vector Machines (SVM) [11] and Artificial Neural Networks (ANN) [12].

SVM aims to find the optimal hyperplane that maximizes the margin between
classes, reducing classification errors. SVM is particularly effective in text classifi-
cation tasks, which is demonstrated in various studies. For example, [169] showed
that SVM outperformed other methods, such as Naive Bayes, in analyzing movie
reviews. [ 1] combines SVM and RF, enhancing classification performance.

Neural networks “are the backbone of deep learning algorithms” [53]. As previ-
ously mentioned, deep learning is a subset of machine learning that rose to prominence
due to the work of Hinton et al. [29] in 2006. It has since become a popular topic in
the data-driven industry due to its efficacy, efficiency, and scalability in solving re-
gression and classification problems typically tackled by machine learning algorithms.
However, despite its advantages, deep learning suffers in terms of training speed due
to the sheer number of training parameters and layers [187].

Inspired by the brain, neural networks aim to emulate the workings of the network
of brain cells (neurons). The “workings” of brain cells here refer to how neurons in
the brain process data. Neural networks, often used interchangeably with Artificial
Neural Networks (ANNs), consist of an input layer, hidden layers, and an output
layer, with each node/neuron containing n weights [179)].

Deep Neural Networks (ANNs with multiple layers), Convolutional Neural Net-
works (CNNs), and Recurrent Neural Networks (RNNs) are the most used ANNs in
sentiment analysis [35]. RNNs, such as the Long Short-Term Memory (LSTM) and
Bidirectional LSTM (Bi-LSTM), are also popular. [I19] uses a Bi-LSTM to better
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capture important sentiment information in the text and reduce the reliance on man-

ually created sentiment dictionaries or lexicons. [107] uses CNNs for sentence-level
classification. Lastly, [125] uses traditional RNNs for improved text classification
performance.

iii. Hybrid Approach: The hybrid approach in sentiment analysis combines the
lexicon-based and machine-learning approaches discussed above. It leverages the
ability of machine learning to adapt to complex patterns and the reliability of lexicon-
based techniques in identifying sentiments using predefined sentiment lexicons. In
other words, the lexicon-based technique assigns polarity to individual words, while
machine learning algorithms handle context and learn from the data. Studies from
[11,80] demonstrated that hybrid models using machine learning algorithms, such as
SVM and RF, outperformed individual models in terms of accuracy, highlighting the

effectiveness of this method.

iv. Other Approaches: There are other approaches able to handle the complexi-
ties of language, one of which is Aspect-Based Sentiment Analysis (ABSA). ABSA is
an approach to sentiment analysis that focuses on identifying the sentiment expressed
about specific aspects or features of a target, such as products or services, within a
text. This method goes beyond overall sentiment classification by breaking down the
text into distinct aspects and evaluating the sentiment polarity (positive, negative,
or neutral) associated with each one.

It is executed in two stages. First, the aspects of the sentence are identified
and extracted. For example, the words, “service” and “bed” could be extracted

from a hotel review. Next, the sentiments associated with the identified aspect are
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determined. In a review like, “The beds in the hotel were sturdy, however, the
customer service was horrendous,” “beds” is linked to a positive sentiment, whereas
“service” is associated with a negative sentiment. RNNs such as LSTM, Bi-LSTM,
and transformer-based models like BERT and GPT are often used to handle the
complexities of aspect extraction and sentiment classification [218]. After identifying
and classifying sentiments for each aspect, an aggregation step is performed to assess
the overall sentiment of the text. [209] uses ABSA to measure the sentiments of hotel
reviews.

Another approach is transfer learning. This technique enables a model trained
in one domain to apply its knowledge to a different yet related domain. With this
approach, the model leverages the similarity between the data and tasks shared by
both domains. Consequently, this significantly reduces training time, as the model is
not trained from scratch but rather fine-tuned on the new data. [137] trained a CNN
model on a source domain dataset, and its learned features were transferred to a target
domain with limited or no labelled data. Similarly, [27] applied transfer learning to
evaluate sentiment in the Polish language by training a model on one dataset and
validating it on another, showcasing its versatility across different languages and
domains.

Given its versatility and efficiency, the transfer learning approach is used exten-

sively in this thesis to fine-tune pre-trained models for hate speech detection.
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2.3 Role of Sentiment Analysis and Large Language Models in Hate

Speech Detection

Sentiment analysis is crucial in detecting hate speech and offensive language, as it
aids in capturing the polarity of a statement, which helps identify harmful or abusive
communication. Hate speech naturally expresses negative sentiments such as hostility,
anger, or contempt, making sentiment analysis a valuable tool in understanding and
classifying the emotional content of such language [190].

Building on this, several studies [39,62,81,197] have adopted a multi-step frame-
work, where a sentiment classifier first identifies negative sentiment before a hate
speech classifier examines the content for harmful language.

Hate speech detection can be addressed using the Aspect-Based Sentiment Anal-
ysis (ABSA) approach [151,232], which involves a fine-grained level of sentiment
analysis that focuses on sentiments towards specific aspects or targets (in this case,
individuals, religions, ethnicities, etc.) within texts. Sentiment analysis on its own
might not be sufficient to detect hate speech comprehensively; however, it provides
contextual information that can be integrated into complex models, such as LLMs,
through techniques like transfer learning. With transfer learning, we can fine-tune
a pre-trained LLM on datasets annotated for hate speech and offensive language
detection.

LLMs have been trained on massive amounts of data and have demonstrated
their complex reasoning [223], in-context learning, and decision-making [110] skills
with human-level performance. As a result, these models are able to perform a wide

range of NLP tasks [229], including summarization, sentiment analysis, classification,
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and sentence translation [116]. With the incorporation of sentiment data in the fine-
tuning (training) process of LLMs, they can become more proficient at identifying
even subtler forms of hate speech that might be hidden under the guise of sarcasm
or euphemisms.

Moreover, transfer learning helps integrate ABSA into pre-trained LLMs, allowing
it to distinguish between general sentiment and targeted negative sentiment towards
specific groups. This integration ensures a more nuanced understanding of the con-
tent, improving the accuracy of hate speech detection systems. Therefore, the com-
bination of sentiment analysis and the advanced capabilities of LLMs represents a
significant advancement in addressing the challenges associated with identifying and

mitigating hate speech.

2.4 Challenges of Hate Speech Detection

Hate speech detection is inherently challenging because of the lack of a concrete and
universally accepted definition of what constitutes hate speech [3]. Furthermore,
the different interpretations of hate speech often overlap with offensive, abusive, and
toxic language, which can be highly subjective, making it difficult for humans and
machines to distinguish [162]. While there is a growing need for automated hate
speech detection tools at a large scale among governments and companies, the quality
of the data required for training these tools also suffers due to the subjective nature
of hate speech.

A survey by [162] compared the various definitions of hate speech found in ex-
isting literature. In this survey, Schmidt and Wiegand [190] defined hate speech as

the “act of offending, insulting or threatening a person or a group of similar people
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on the basis of religion, race, caste, sexual orientation, gender or belongingness to
a specific stereotyped community.” Waseem and Hovy [220] adopt a close definition
— “Use of a sexist or racial slur, attack a minority, promotes hate speech or violent
crime, blatantly misrepresents truth or seeks to distort views on a minority with
unfounded claims, shows support of problematic hashtags (e.g., #Banlslam, #whori-
ental, #whitegenocide), defends xenophobia or sexism, or contains a screen name
that is offensive.” Warner and Hirschberg [219] adopt Nockleby’s definition [151] of
hate speech as “any communication that disparages a person or a group on the basis
of some characteristic such as race, ethnicity, gender, sexual orientation, nationality,
religion, or other characteristic.” Lastly, Davidson et al. [56] define hate speech as
“language that is used to express hatred towards a targeted group or is intended to
be derogatory, to humiliate, or to insult the members of the group.”

Schmidt and Wiegand’s definition lays emphasis on offences, threats, and insults
to others’ religion, race, and gender, but does not concretely state what constitutes
an insult or offence, as this varies depending on personal, cultural, and even soci-
etal beliefs. It also fails to mention other forms of prejudice, such as those based on
nationality and ethnicity. Waseem and Hovy’s definition is more specific but adds
ambiguity to the definition of hate speech. For instance, the statements “blatantly
misrepresents truth” or “problematic hashtags” are subjective and may not neces-
sarily encompass hate speech (like #MAGA), making this definition harder to apply
uniformly. Furthermore, the phrase “attack a minority” is context-dependent and
varies from country to country. While people of colour are seen as minorities in the
United States, they are not minorities in African or Asian countries. If individuals

considered as “minorities” make a hateful statement toward other (non)minorities,
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are they exempt from being perpetrators of hate speech?

Nockleby’s definition is more general and focuses on disparagement based on a
person’s or group’s characteristics, like race or ethnicity. Even so, it does not explain
what constitutes “disparagement.” Lastly, Davidson et al. add another layer to the
definition of hate speech by introducing “intent” to humiliate a group. However,
determining intent is a subjective process that heavily depends on the context.

While the definitions above explain what constitutes hate speech, hate speech can
sometimes overlap with offensive language, adding to the difficulty of distinguishing
them. Even though hate speech and offensive language can manifest similarly, they
are not always the same. Consider the following statement: “You're too emotional
to do this.” This statement could be perceived as a personal attack or interpreted as
sexist if directed at a woman, given the stereotype that women are more emotional
than men [37]. Despite its offensive or potentially sexist nature, such a statement is
typically not categorized as hate speech, as it does not incite hatred against women
as a group. However, the statement: “black people are always late” can be classified
as hate speech as it makes use of a harmful stereotype to degrade an entire ethnic
group. Depending on the annotator, this could also be classified as offensive or even
hateful.

Interestingly, the interpretation of potentially offensive or hateful statements can
shift significantly depending on context. For instance, consider the statement about
Black people being “always late.” What if the statement was made by a Black person
to another Black person — is this still considered offensive or hate speech? Similarly,
the use of the N-word presents another complex example. When used among Black

individuals, it may serve as a term of camaraderie or endearment. In contrast, a
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non-Black person may use this term ignorantly to show the same endearment or even
as a joke, yet the impact and reception can differ drastically. At the other end of the
spectrum, it could be used hatefully with the intent to harm. This underscores the
significance of intent and context in classifying hate speech and offensive language.
For the purpose of this thesis, we adopt the United Nations’ explanation of hate
speech. Hate speech is “any kind of communication in speech, writing or behaviour,
that attacks or uses pejorative or discriminatory language with reference to a person
or a group on the basis of who they are, in other words, based on their religion,
ethnicity, nationality, race, colour, descent, gender or other identity factor” [145].
While the UN’s definition of hate speech may not address nuances such as tone and
intent, it is comprehensive and globally inclusive, emphasizing human dignity without
anchoring itself in jurisdiction-specific legal language. Notably, it avoids potentially
limiting terms like “minority,” instead focusing on identity-based targeting. Lastly, it
recognizes that hate speech extends beyond verbal expression to include written and

behavioural forms of communication.

2.5 Related Work

Several sentiment analysis approaches have been employed in hate speech detection,
especially machine learning and transfer learning approaches. This is due to their abil-
ity to capture subtleties in language. They are also more robust to misclassifications
due to word ambiguity faced by word-based approaches [161]. NLP methods, such as
Bag-of-Words (BoW), Term Frequency-Inverse Document (TF-IDF), N-grams, and
Part-of-Speech (POS) tagging, have difficulties when words are masked (intention-

ally or unintentionally) with incorrect spellings [161]. BoW, in particular, leads to
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many false positives (for hate speech) due to the presence of offensive language [50].
Therefore, reliance on these techniques can lead to the limitation of free speech due
to word ambiguity.

Machine learning approaches have yielded mixed results in hate speech detection
tasks. [213] found little to no difference in the classification performance of LSTM
and SVM on hate speech detection datasets with both methods yielding accuracies of
approximately 60%. [50] adopts different algorithms (NB, LR, DT, etc.) to create a
multiclass classifier that differentiates hate speech from offensive language and neutral
language. However, 40% of texts labelled as hate speech are misclassified, highlighting
the challenge of achieving high precision.

Other research has focused on semi-supervised and unsupervised methods. For in-
stance, [225] uses Latent Dirichlet Allocation (LDA) [123], a semi-supervised learning
approach, to identify hate speech in tweets with their best-performing model hav-
ing an F1 score of 71%. In a different approach, [01] proposes Growing Hierarchical
Self-Organizing Maps (SOMs), an unsupervised approach, to detect cyberbullying
in social networks. On a YouTube dataset, the model achieves an accuracy and F1
score of 0.69 and 0.74, respectively. However, the same model performed worse on a
Twitter dataset, achieving an F1 score of 0.4.

Another study [99] addresses hate speech using clustering to categorize tweets
into hate speech, offensive content, and clean speech. To achieve this, they apply a
weighted pattern-matching technique and a priority-based dictionary tagging system
to classify tweets. This results in an impressive average accuracy of 97% on their
test data. [221] extracts unigrams and patterns from a training set and employs

them for training a machine learning model which performs multi-class classification
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(hate, offensive, neither) with an accuracy of 78.4%. Lastly, [171] takes a unique
angle, shifting the focus of hate speech detection from the content of posts to the
users, noting the distinct social media activity patterns of hateful users. The study
uses gradient-boosted trees to differentiate hateful users from normal ones, with an
accuracy of 84% and 79% for suspended and active users.

While these machine-learning approaches have their issues, they are still widely
used, mainly because they are much less resource-intensive to implement than trans-

former models [122]. More examples are displayed in Table 2.2 below.
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Deep learning techniques have been instrumental in advancing hate speech de-
tection by using large-scale data and sophisticated models. These models have out-
performed classical machine learning techniques in several studies [12,24, 65, 101].
As a result, several works have employed deep learning algorithms such as LSTM,
Bi-LSTM, CNN, and RNN [16,68,80, 136, 136, 112,153,161, 189, 195] in hate speech
detection, some of which are seen in Table 2.2. However, the advent of transformer-
based models has revolutionized the landscape.

Transformer-based models, such as BERT [59], GPT [165], Llama [208], and
RoBERTa [127], have set new benchmarks in various NLP tasks. They can process
sentences with attention to all words in the context, enabling a deeper understand-
ing of the language. However, they yield unsatisfactory results in domain-specific use
cases, as they have been trained on large amounts of data from multiple domains |1 15].
To enhance their performance in specialized tasks, domain-adaptive pre-training has
been demonstrated to be a viable option.

Despite the novelty of LLMs, several studies have been conducted on their ap-
plication in sentiment analysis. [19] introduces LlamBERT, a model that combines
LLMs with transformer encoders such as Bidirectional Encoder Representations from
Transformers (BERT) and RoBERTa. LlamBERT was proven to be a cost-effective
Natural Language Processing (NLP) solution without significantly compromising ac-
curacy. Using an efficient labelling strategy and fine-tuning process, the study shows
the potential of LlamBERT as an alternative to training domain-specific models. [230]
leverages the use of instruction-tuned LLMs to enhance financial sentiment analysis.
The proposed model surpasses general-purpose LLMs and supervised learning mod-

els with minimal task-specific data. [240] investigates the performance of LLMs on
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13 sentiment analysis tasks, including aspect-based sentiment analysis and sentiment
classification. The study also introduces a novel and more comprehensive benchmark
called SENTIEVAL, which improves the assessment and evaluation of LLMs used for
sentiment analysis.

[115] proposes BioBERT, a BERT model pre-trained on biomedical corpora.
The study found that BioBERT showed improvements across the board in F1 scores
for biomedical named entity recognition, relation extraction, and question answering
compared to the base model (BERT). Following the same pretraining approach, [35]
pre-trained RoBERTa on biomedical papers, newspapers, computer science papers,
and Amazon reviews. Their results also showed significant improvements in compar-
ison to the base model. These same improvements have also been observed when
applied to hate speech detection. For example, [10] introduces HateBERT, a BERT
model trained on data from banned Reddit communities that contain text with hate
speech and offensive language. In a similar vein, [I 18] builds and evaluates COVID-
HateBERT, a language model retrained on hateful tweets related to COVID-19, with
the intention of detecting hate speech specific to the COVID-19 pandemic and in-
creasing generalization across different hate speech datasets.

Further on the subject of LLMs applied to hate speech detection, [192] compares
the performance of logistic regression with two language models — BERT (1-layer
and 2-layer) and GPT-3, using a Twitter (X) hate speech detection dataset. Despite
the dataset imbalance, the logistic regression model achieved an 80% accuracy but
struggled to classify hate speech. The two BERT models showed comparable perfor-
mance between each other. Still, they achieved superior performance compared to

the logistic regression model through fine-tuning and optimization techniques, such
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as hyperparameter tuning and dropout rate experimentation, reaching an accuracy
of 86%.

[82] presents approaches to classifying hate speech and offensive content with
three tasks: binary classification of harmful English tweets, fine-grained classifica-
tion of English tweets into hate, offensive, or profane categories, and identification
of harmful content in Marathi. Various LLMs were fine-tuned for the binary and
multi-class classification tasks, including BERT, BERTweet, Twitter-RoBERTa, and
LaBSE (Language-agnostic BERT Sentence Embedding) [72]. Twitter-RoBERTa had
significant gains in F1 scores for the English classification tasks, with the integration
of additional hate speech datasets marginally improving performance.

A summary of the literature focused on fine-tuning LLMs for hate speech detection

is presented in Table 2.3.

F1 = F1 Score, P = Precision, R = Recall, A = Accuracy
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According to a survey of 436 papers by [100], BERT has been found to be the most
popular deep learning and transformer model in hate speech detection, with different
articles concluding that BERT demonstrated the best performance [15,65, 150] even
in multilingual tasks [13,33,163,217].

Aside from BERT, most other hate-speech-related research using transformer
models and LLMs has focused on GPT (or its chatbot — ChatGPT) [19,20,43,47, 78,

,222] and Llama 2 [112, 148,160, 172,237, 238].

As of the time of writing this thesis, very few works have fine-tuned a Llama model
for hate speech classification [90, 144,148 158], and to our knowledge, no articles fine-
tuning Llama 3 (Meta’s latest LLM) for hate speech detection have been published.
However, we intend to fill these gaps with this study.

The next chapter will provide a deep dive into the architecture of transformer
models and LLMs, with a focus on the Llama models and the various techniques used

for training and quantizing them.
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Optimization of Large Language Models for

Text-Based Applications

3.1 Overview of Large Language Models

LLMs have been defined by their capabilities to process and generate text through

extensive training on vast datasets using the Transformer architecture. Since the de-

velopment of early foundational models, such as BERT and GPT, and their demon-

strated effectiveness, there has been a significant increase in LLM releases, as shown

in Figure 3.1.
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Figure 3.1: LLM Releases Since 2019 [110].
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The Transformer architecture [212], introduced in 2017, revolutionized NLP with
the use of the attention mechanism [25, ,212], which enabled models to compre-
hend the context of words in relation to others across a sentence. This enables LLMs
to learn complex grammatical structures and semantic relationships, resulting in su-
perior text generation performance.

However, this superior performance comes at the cost of slow training, inference,
and high running cost, leading to the introduction of Parameter-Efficient Fine-Tuning
methods (PEFT) [87, 116, 120], pruning [130,228], and quantization [205,2206], which
have enabled LLMs to be fine-tuned and utilized on fewer resources, making the
process more computationally efficient.

Additionally, Retrieval-Augmented Generation (RAG) [77, 183] has also emerged
as a solution to LLM limitations in memory and real-time information retrieval. With
the use of external knowledge bases, RAG enables LLMs to access and respond with

up-to-date, contextually relevant information.

3.2 The Transformer Architecture

The transformer architecture is the fundamental building block of all large language
models. A transformer model has two key components: an encoder and a decoder.
The encoder processes the input to a transformer model by mapping it to a sequence of
vectors. The vectors are then passed on to the decoder, which produces the output [1,

|. In reality, the encoder and decoder components are stacks of multiple encoders
and decoders, respectively.

A high-level visualization of how a transformer works is displayed in Figure 3.2.
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Figure 3.2: High-level Overview of a Transformer Process [11].

3.2.1 The Encoder Side

This section explores the processes of a single encoder in a transformer model. The
encoder is a key component of a transformer model that helps understand the meaning
of each word in a sentence by examining its relationship to the others. Each encoder
block consists of two main components: self-attention and a feed-forward network.

Processes in the Encoder Side

Let’s imagine our textual input as a question asked to the model, a text in a
foreign language for the model to translate, etc. Firstly, each input word or token
in a sentence becomes a list of numerical vectors called embeddings, capturing the
meaning and relationships between tokens. Then, positional encodings are added to
the token embeddings. These encodings contain information about the order of the

words in a sentence.

1. Self-Attention Mechanism
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These enriched vectors go into a self-attention mechanism, which allows the
model to focus on the most relevant words for understanding a particular token.
For example, in the sentence “The animal didn’t cross the street because it
was too tired,” the model uses self-attention to figure out that “it” refers to
“animal.” The self-attention mechanism is essentially a process in transformer
models which helps the model understand the meaning of a word by looking
at all the other words in the sentence. In other words, each token in the input

sequence attends to all other tokens. This is illustrated in Figure 3.3.

Layer:| 5 ¥ | Attention:| Input - Input v

The_ The
animal_ animal_
didn_ didn_
t_ t_
Cross_ Cross_

the_ the
street_ street_
because_ because_
it_ it_
was_ was_
too_ too_
tire tire
d d

Figure 3.3: Attention Mechanism [1]

2. Query, Key, and Value Vectors
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To determine the relationship between one token and others in the input se-
quence as discussed above, the model creates query, key, and value vectors for

each token. [14,73].

e Query vector: Represents a token “searching” for relevant information.

We can think of a query as asking, “What am I looking for?”

e Key vector: Encodes information that is related to the query, in this
case, representing the features of all the tokens in the input sentence. The
key vector is the same as asking, “What do I have that might match your

needs?”

e Value vector: Contains the information contributing to the final output.
It is used to update the understanding of the token based on attention
scores. We can think of the value vector as asking, “What useful informa-

tion do I carry?”

In a nutshell, the model compares queries and keys to decide which words are
important and uses the values of those words to update the understanding of

the current token. We can intuitively understand this using an analogy.

Career Fair Analogy: A recruiter (the token) walks into a career fair with
a clear job description in mind and needs to know “who meets these qualifi-
cations?” (the query). Each candidate (token in the sentence) has a resume
describing their skills. This is the key. Each resume also includes specific expe-
riences and projects they’ve acquired. This is their value and defines their worth
to the recruiter. The recruiter reads all resumes, evaluates how relevant each

candidate is to the job description (computing an attention score between the
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query and key), and then forms an understanding of whom to hire by weight-
ing each candidate’s experience and projects (values) according to how well
their resume matched the recruiter’s needs. The recruiter doesn’t just pick one
candidate, instead, they form an aggregated view by giving more influence to

candidates with higher match scores, but still considering all.

. Attention Scores
These comparisons use dot products to measure the similarity in direction be-

tween two vectors (in this case, the query and key vectors). Suppose we have:
Query vector, q = [1, 2]

Key vector, k = [3, 4]

The dot product of the query and key is calculated by multiplying corresponding

elements and then adding them together:

q-k=(1x3)+(2x4)=3+8=11

A larger dot product means greater alignment or similarity between the query
and key vectors. In the attention mechanism, this similarity decides how much
attention the model should pay to the key when producing the output. The dot
product is divided by the square root of the dimensions of the key vector \/dj,

(where dj, = 64 [212]) and passed through a softmax activation function.

The softmax activation function is given by:

O'(Z)i = =K .
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e z: vector of raw attention scores (input vector)
e z;: i-th element of z

e K: number of elements in 2

The softmax emphasizes higher scores and suppresses smaller ones to focus
attention. A visual example of the softmax activation function calculations can

be seen in 3.4.

Output Softmax
layer activation function

1.3] 0.02)]

5.1 eZi 0.90
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S e
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1.1 0.02]

Figure 3.4: Softmax Activation Function [1(]

Probabilities

After normalization with softmax, the attention scores (now probabilities) are
used to compute a weighted average of the value vectors. Each value vector is
multiplied by its corresponding softmax probability, and these weighted vectors
are then summed together. The result is a new, context-aware representation
for each token, where information from the most relevant tokens is emphasized

more strongly.

An outline of the attention steps is outlined in 3.5.
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Figure 3.5: Attention Calculation [11]. dj = 64 is the key vector dimension.

4. Multi-Head Attention
In practice, self-attention is performed multiple times in parallel using different
learned projections and this is called multi-head attention. It enables the model
to capture different types of relationships (e.g., syntactic, semantic, affective)

simultaneously.

5. Feed-Forward Layer

After attention, the encoder adds the original input sentence back to the output
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(known as a residual connection), normalizes it, and passes it through a feed-
forward layer for refinement. This process is repeated across multiple layers.
The final output of the encoder now contains rich contextual information, ready

to be passed to the decoder for further tasks like translation or text generation.

3.2.2 The Decoder Side

The decoder in a transformer is responsible for generating the output sequence (e.g.,

in translation from English to French, word by word). The process on the decoder

side of the transformer model is similar to that of the encoder, with a few exceptions.

e Masked Self-Attention [, 73]

The decoder uses a special type of self-attention called “masked” self-attention
during training to generate one word at a time. In masked self-attention, each
token is influenced only by itself and the token(s) before it. In other words, a
mask is applied to prevent the model from attending to (or seeing) future tokens,
ensuring that predictions for the current position only depend on tokens up to

the current position.

For example, in the sentence “The book was on the table, and I picked it up,”
if the model is trying to predict the word “was,” the decoder can only attend to
“The” and “book.” This is called causal masking and is essential for maintaining

the correct order during text generation.

Encoder-Decoder Cross-Attention
Unlike the encoder, the decoder also includes another key step: cross-attention.
This mechanism allows the decoder to attend to or look back at the final en-

coder’s output to gather context from the input sentence. It works in the
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following way:

— The decoder generates the query vectors based on the outputs it has gen-

erated so far.

— The key and value vectors come from the encoder stack based on the input

sentence.

— The decoder compares its queries to the key vectors, and based on the
attention scores, retrieves the most relevant information from the value

vectors.

From the example in Figure 3.6, when translating “Je suis étudiant,” the de-
coder is auto-regressive (predicts future values based on past values) and gen-

erates one token at a time. The steps are as follows:

Decoding time step: 1 2 3 4@6 OUTPUT I am a student <end of sentence>

e =\

Vv ( Linear + Softmax )

ENCODERS DECODERS J

. J

EMBEDDING t + t . t t t ) _t .

WITH TIME I [T [T I I I
SIGNAL

EMBEDDINGS T [T [T [T Oy Crrry oo

INPUT ‘ suis  étudiant PREVIOUS am a student

OUTPUTS

Figure 3.6: Encoder-Decoder Cross-Attention [14]

Decoding time step 1: The encoder has processed the full input sentence: ”Je

suis étudiant” and produced a set of contextual embeddings which are stored
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as key and value vectors (Kepedee @and Venedec). These are used by the decoder
and passed through the linear and softmax layers to produce the first output —
«] »

Decoding time step 2: The decoder takes the previously generated token ”I”
as input, performs masked self-attention and cross-attention, and then applies
the linear and softmax layer to produce “am.”

Decoding time step 3: The input to the decoder is now “I am.” Masked
self-attention is applied, and cross-attention is done with the encoder outputs
(Kencdee and Vepedec). Passes through the linear and softmax layers, producing
g

Decoding time step 4: The same processes are applied to produce “student.”
Decoding time step 5: At this step, the model produces an <end of sentence>
token, signalling the end of text generation.

Decoding time step 6: Generation is finished as the <end of sentence>

token is produced.

Token Prediction: Turning Vectors into Words
Once the decoder has gathered all the contextual information above, the result
is a vector of numbers which represent meaning. This vector goes through two

layers:

— A linear layer, which is like a classifier, that maps the vector into the size

of the vocabulary that the model has learned to recognize and generate.

— A softmax layer, which turns those numbers into probabilities for each

possible word.
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The model then chooses the word with the highest probability as the next token

in the sequence. This step is repeated until a full sentence is generated.

This mechanism aligns the partially generated output with the input sequence,
allowing the model to incorporate information about the input while generating
each token. Just as in the encoder, the outputs of the cross-attention mechanism

are then passed through a feed-forward neural network for processing.

3.2.3 Variations of Transformer Architectures

There are several variations of the transformer architecture, which will be discussed

below.

e Causal Decoder Architecture
This is a decoder-only architecture, where the output tokens are predicted
and generated using the preceding tokens (utilizing a unidirectional attention
mask) [211,241]. The most notable LLMs using this architecture are the GPT
models [38, 156, 166]. Others are OPT (Open Pretrained Transformers) [239],
BLOOM (BigScience Large Open-science Open-access Multilingual Language
Model) [206], and the Llama models (Llama 2, Llama 3) [67,208] which we are

using in this study.

Figure 3.7 shows the architecture of a GPT model. At the bottom of the model,
each input token is converted into a vector using an embedding layer. Next, a
positional encoding is added to give each token an order in the sequence. The
combined vector is then passed into the first transformer block (N), where the
same processes described in 3.2.1 (The Encoder Side) & 3.2.2 (The Decoder

Side) are followed. There are x number of blocks depending on the model.
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Figure 3.7: Architecture of a Causal-Decoder Model [1]

The transformer blocks contain attention and feed-forward layers, with layer
normalization after each one. There is also the presence of residual connections
(shown in the diagram as @) [38], which are shortcuts in neural networks that
allow information to bypass one or more layers. These facilitate effective training
in the transformer model by retaining a copy of the original input and adding

it back to the output of a layer.

The Llama architecture shown in Figure 3.8 is quite similar in processes to a

conventional transformer decoder architecture, but differs with the use of [22]:
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— Root Mean Square Normalization (RMSNorm) [235] instead of LayerNorm
[23].

— Grouped query attention instead of multi-head attention, resulting in bet-
ter computational efficiency [10].

— SwiGLU activation [191].

— Rotary Positional Embeddings (RoPE) [200].

e Encoder-Decoder Architecture
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This architecture consists of encoder and decoder stacks to process input and

generate the output sequence respectively. Encoder-decoder models include

T5 [159], BART [117] and Flan-T5 [16, 113].

Prefix Decoder Architecture

Here, the input (i.e. the prefix tokens) is attended to in both the forward
and backward directions (using bidirectional attention). At the same time, the
output tokens are generated using unidirectional attention (as in the causal

decoder architecture), looking at previous tokens [211]. An example is GLM-

130B (General Language Model) [231].

Mixture-of-Experts (MoE) Architecture
Here, only a subset of the model’s weights is activated for each input, allowing

models to scale up their parameters while keeping computational costs low.

Grok-1 [2] and Gemini-1.5 [173] are LLMs using the MoE architecture.

Encoder-only Architecture

Encoder-only architectures process only the input sequences but do not generate
output sequences. They are focused on understanding the input instead of
generation and are mostly used for sentiment analysis and text classification.

Examples are BERT and RoBERTa [126, 150].
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3.3 Model Optimization: Fine-tuning and Quantization

The growing size and complexity of LLMs have presented high memory requirements,
computational costs, and latency during inference. Optimization addresses these chal-
lenges by making them more efficient and adaptable to different environments. Opti-
mization techniques include pre- and post-training quantization, parameter-efficient

fine-tuning, and pruning.

3.3.1 Fine-tuning

After pre-training, the model is more capable of tackling a wide variety of general
tasks like question-answering, summarization, and sentiment analysis. However, LLM
performance can be further improved by fine-tuning for specific tasks [211]. This
involves updating the weights of the pre-trained LLM, thereby optimizing it for the
required task.

One of the most direct approaches is full fine-tuning, where all the model’s weights
are updated. However, given the billions of parameters the latest LLMs have, this
process is computationally expensive and time-consuming. This has led to the de-
velopment of Parameter-Efficient Fine-Tuning (PEFT) techniques, which involve up-
dating fewer LLM parameters through fine-tuning [103]. Common PEFT techniques
include prompt tuning [116], prefix tuning [120], adapter tuning [92], and Low-Rank
Adaptation (LoRA) [91].

3.3.2 Low-Rank Adaptation (LoRA)

With LoRA, low-rank matrix approximations are used to reduce the number of train-

able parameters during fine-tuning [91,241].
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Figure 3.9: Conventional (Full) Fine-Tuning vs Parameter-Efficient Fine-
Tuning [103].

In full fine-tuning, the entire set of pre-trained weights of a model is updated
during training. Mathematically, this is done with a weight update matrix AW,
which is added to the original weight matrix W. This results in the new weight
matrix, W' = W + AW, where W' is the updated weight. While this technique
adapts the model fully to a new task, it involves updating millions or billions of
parameters.

With LoRA, instead of updating the entire pre-trained model, the original weight
matrix W is frozen, and the weight update AW is decomposed into the product of two
smaller matrices W4 and W, which are trained [91]. After training, these two smaller
matrices are added to the original weight matrix, giving W' =W + W, Wp [171].

Another important component of LoRA is the introduction of adapter mod-

ules [147] into specific layers (like attention layers) without modifying the original
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parameters. These adapters learn W4 and Wpg and implement the low-rank decom-
position to approximate AW. These adapters are trained during fine-tuning and
contain fewer trainable parameters, compared to full model fine-tuning. This results
in minimal memory usage and faster training times, although with potential trade-offs

in accuracy [170].

Quantized Low-Rank Adaptation (QLoRA). The PEFT technique used in this
thesis is QLORA. QLoRA is LoRA with an additional step: prior to adapter insertion
and fine-tuning, the original model weights are loaded in 4-bit NormalFloat precision
(NF4) [58] from full precision (FP32)/ half precision (FP16). The quantized weights
are then dequantized to FP16 during fine-tuning for efficient GPU computation. As
in LoRA, the model weights are then frozen and only the small low-rank adapter
matrices (W, and Wpg) are trained. With QLoRA, the 4-bit quantized weights are
dequantized /decompressed to FP16 precision for computations during fine-tuning al-
lowing for more efficient matrix operations on GPUs. Overall, QLoRA drastically

reduces the memory footprint while preserving model performance.

Other PEFT techniques include:

e Adapter tuning: In this method, trainable neural networks called adapters
are added to each transformer layer, compressing the feature vectors (numerical
representations of the important characteristics of data) into lower dimensions,
processing them (using nonlinear transformation) and decompressing them back
to their original dimensions [211]. Only these adapter layers are updated during
training, while the main model’s parameters stay frozen, reducing the compu-

tational overhead.
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e Prefix tuning: In place of adapters, small trainable continuous task-specific
vectors, known as prefixes, are added to the input of each transformer layer.
These prefixes are optimized during fine-tuning using the reparameterization
trick (using a smaller matrix that is transformed into the prefix parameter
matrix) [120,2241]. In a nutshell, prefix tuning fine-tunes the prefixes while

most of the parameters of the transformer remain unchanged.

e Prompt tuning: : Trainable prompt tokens (or vectors) are introduced into
the model’s input layers and act as task-specific instructions to augment the
input text. These prompt tokens are combined with the input text vectors and
processed by the language model [126,241]. With this method, only the prompt

tokens are updated during training.

3.3.3 Quantization

Quantization is a technique in neural network optimization that compresses model
parameters and activations from FP32/FP16 to lower-precision formats like INT8 or
INT4. This reduces memory use and speeds up inference.

Empirical evidence shows INTS8 quantization generally preserves performance,
while INT4 requires advanced techniques to minimize model degradation. Notably,
LLMs are less sensitive to quantization than smaller models, making them good can-

didates for aggressive compression [211].

Post-Training Quantization (PTQ). PTQ is an approach for compressing (pre-
)trained models without retraining, reducing the computational resources, model size,

and latency during model inference while maintaining accuracy. This makes PT(Q an
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invaluable technique for LLM deployment [124].
There are several libraries supporting PTQ. For our proposed model, we will use
the bitsandbytes [I] and GPTQ [6] libraries for PTQ. bitsandbytes supports NF4 and

LLM.int8() [57] quantization, while GPTQ implements the GPTQ algorithm [75].

3.4 Proposed Model Overview

There are several ways to apply model for classification. The first method is to directly

use the base model without fine-tuning as seen in Figure 3.10.

h
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Figure 3.10: Direct Classification with Base Model

Collection

Figure 3.11 shows an alternative approach using the model for classification tasks
after fine-tuning, but without the extra step of quantization as an optimization
method.

However, our proposed model will incorporate both fine-tuning and quantization

steps to build a faster, more efficient and compact model as outlined in Figure 3.12.

e Data Collection: The initial step involves collecting and combining the Mea-

suring Hate Speech dataset [71] and the Automated Hate Speech Detection and
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Figure 3.12: Proposed Model Overview

the Problem of Offensive Language dataset [55].

e Data Preprocessing: The dataset is cleaned and preprocessed, removing un-

necessary columns, rows, and text features (such as usernames, URLs, symbols,

etc.) that constitute noise. Afterwards, Exploratory Data Analysis (EDA) is

performed to obtain more information about the combined dataset.

e Dataset Split: The dataset is split into 6000 training, 900 validation, and 900

test samples, and the entries are formatted as prompts for the LLM. The test

data is stored for future use during inference.

e Fine-tuning: The Llama 3.1 model is fine-tuned on the training data using
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QLoRA and saved. Afterwards, the model can be used as is or further optimized

with quantization.

e Quantization: The model is quantized using the GPTQ library [6] and saved

for inference.

e Classification: After optimization, the model is used as a classifier for the
dataset and sorts the test set into hate speech, offensive language or neutral
classes. Afterwards, the output is evaluated based on the F1, precision, recall,

and accuracy scores.
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Chapter 4

Model Implementation for Hate Speech

Classification

4.1 Data Preparation

Due to varying interpretations of what constitutes hate speech, I sourced datasets

closely aligned to the United Nation’s definition, which describes hate speech as:

“Any kind of communication in speech, writing or behaviour, that attacks
or uses pejorative or discriminatory language with reference to a person or
a group on the basis of who they are, in other words, based on their reli-

gion, ethnicity, nationality, race, colour, descent, gender or other identity

factor” [1415].

The second criterion was for the datasets to include classes differentiating between
hate speech, offensive speech, and normal /neutral language. To ensure broader appli-
cability, datasets focusing on a specific region or cultural context were not considered,
as perceptions of hate speech can vary significantly across cultures and geographies.

Two datasets meeting these criteria were chosen and combined. The first dataset
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was obtained from the Automated Hate Speech Detection and the Problem of Offen-
sive Language study by Thomas Davidson et al [55].

The automated hate speech detection dataset was created using a hate speech
lexicon compiled by Hatebase, containing terms identified by internet users as hate
speech. Tweets (posts) containing these terms were collected from 33,458 users,
resulting in 85.4 million tweets. A random sample of 25,000 tweets was manually
labelled by CrowdFlower (CF) workers into three categories: hate speech, offensive
(but not hate speech), or neither. Coders were instructed to consider the context,
not just the presence of specific words.

Each tweet was reviewed by at least three people, achieving an intercoder agree-
ment (to what extent two or more people agree when they are labelling or categorizing
the same set of data) of 92%. The final labels were assigned based on a majority de-
cision, resulting in 24,802 labeled tweets.

The dataset is summarized in Table 4.1.
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Table 4.1: Description of the Automated Hate Speech Detection Dataset

Column Name | Description

count Number of CrowdFlower (CF) users who coded each
tweet (minimum is 3, sometimes more users coded a
tweet when judgments were determined to be unreliable

by CF).

hate_speech Number of CF users who judged the tweet to be hate

speech.

offensive language | Number of CF users who judged the tweet to be offen-

sive.

neither Number of CF users who judged the tweet to be neither

offensive nor non-offensive.

class Class label for majority of CF users. 0 - hate speech, 1

- offensive language, 2 — neither.

tweet The examined tweets.

The class and tweet columns are used for our combined dataset. The class
column contains 1,430, 19,190, and 4,163 tweets classified as hate speech, offensive
language, and neither respectively. A visual representation of the dataset can be

found in Figure 4.1.
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Figure 4.1: Percentage Distribution of Automated Hate Speech Detection Dataset

The second dataset, the measuring hate speech dataset, was sourced from the UC
Berkeley D-lab [51]. According to this paper [182], this dataset adopts the legal defi-
nition of hate speech in the US and uses this for classifying hate speech. The dataset
of 39,565 comments was annotated by 8,472 annotators from Amazon Mechanical
Turk (a crowdsourcing marketplace), with the annotators rating each comment on
10 different features (e.g., respect, violence, hate), and identifying targeted identity
groups (e.g., race, gender, religion). Statistical checks like the Rasch model [135]
identified unreliable annotators (e.g., those who were too random, too predictable,
or finished their assigned tasks too fast), and they were removed [182]. This process
ensured that the dataset was diverse, high-quality, and statistically validated.

Table 4.2 describes the key columns of the dataset.



Table 4.2: Description of the Measuring Hate Speech Dataset [51]

Column Name

Description

hate_speech_score

Continuous hate speech measure, where higher = more
hateful and lower = less hateful. > 0.5 is approximately
hate speech, < —1 is counter or supportive speech, and

—1 to +0.5 is neutral or ambiguous.

text

Lightly processed text of a social media post.

comment_id

Unique ID for each comment.

annotator_id

Unique ID for each annotator.

sentiment Ordinal label measuring the overall positive or negative
tone of a comment.

(dis)respect Ordinal label that captures whether a comment is re-
spectful or disrespectful towards an individual or group.

insult Ordinal label identifying whether a comment contains
direct personal attacks, name-calling, or derogatory lan-
guage.

humiliate Ordinal label that shows if a comment aims to shame,
embarrass, or degrade a person or group.

status Ordinal label measuring whether a comment suggests or
implies a group is lesser than others.

dehumanize Ordinal label measuring whether a comment compares

people to non-human entities.

Continued on next page

67



Table 4.2 — continued from previous page

Column Name

Description

violence Ordinal label measuring the level of violence of a com-
ment.
genocide Ordinal label that measures whether a comment advo-

cates for extermination of a group.

attack_defend

Ordinal label that indicates if a comment is an attack,

defense, or neutral in a conflict or debate.

68

However, our focus is on the hate speech column, containing 3 classes — 0, 1, and

2. Class 2 is assigned to the most hateful tweets/comments and 0 is neutral (but not

necessarily harmless/inoffensive).

The hate speech class from the automated hate speech detection dataset is aug-

mented with more tweets from the second dataset to make up for the underrepre-

sentation of the class. For this, we select the comments labelled as ‘2’ in the second

dataset containing hateful comments.

The final dataset is of the structure below:

Table 4.3: Structure of Final Combined Dataset

Column Name

Description

Sentiment

Contains 3 sentiment labels: hate, offensive & normal.

Text

Contains the tweets/comments.

After dropping duplicates, the final combined dataset contains 19,190 posts la-

belled as “offensive,” 16,342 labelled as “hate,” and 4,163 — “normal.”



69

Class Distribution of Sentiment Labels
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Figure 4.2: Class Distribution

4.2 Data Preprocessing

The first stage of data preprocessing was to convert the numerical class labels (0,
1, 2) into textual representations (hate, offensive, and normal), which allowed for a

more intuitive understanding of the dataset.

Text Cleaning

The text column contained extraneous elements that could introduce noise to the
model. To address this, a text-cleaning function was implemented using regular

expressions (RegEx). Consequently, the following were eliminated from the column:

1. HTML Entities: The placeholder &amp
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2. Mentions of Twitter handles (e.g., Qusername) to prevent user-specific bias.
3. Retweet indicators (RT).
4. URLs.

5. Numbers and certain HTML character codes (e.g., &#123;).

Handling Missing Data

An additional validation step was conducted to identify empty text entries. This
involved implementing a filtering operation to detect rows where the text column

contained an empty string.

4.3 Exploratory Data Analysis

To understand the linguistic characteristics and word usage trends of tweets in each
sentiment class, word clouds were generated. This created visual representations of
the most common words in each category. To augment the word clouds, bar plots
revealing the top 20 most frequently used words in each category were also plotted.
However, prior to creating these visualizations, punctuation and non-informative /stop
words such as articles (a, an, the), forms of the verb “to be” (were/was, is/are), and
conjunctions (and, but), etc. were filtered out using the Natural Language Toolkit

(NLTK) library [34]. The visualizations can be seen in the word clouds below.
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Common Words Used in Hate Speech

Word Cloud of Hate Tweets
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Figure 4.3: Word Cloud of Hate Tweets

From the word cloud in Figure 4.3, the most common words in hate tweets are explicit
slurs (“nigga,” “fuck,” and “bitch”). Words associated with violence and aggression
also appear frequently (“kill,” “hate,” “racist,” “slut”). Furthermore, the presence of

bRANA4

white,” “American,” “women,” and “gay”)

PR A4

identity-based terms (“jew,” “Muslim,
suggests that much of hate speech is targeted at specific groups. These words are not
inherently offensive but appear in hateful contexts emphasizing the need to consider
sentence structure and surrounding words, not just individual words.

Interestingly, “like” is the most common word in the bar graph in Figure 4.4.
This is due to “like” being treated as a stopword in the WordCloud library [111].
Furthermore, upon inspection of the dataset, this was mostly used as a filler word

and as a synonym of “as if.”



Top 20 Most Common Words in Tweets Labelled as "Hate"
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Figure 4.4: 20 Most Commonly Used Words in Hate Tweets

Common Words Used in Offensive Speech
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Top 20 Most Common Words in Tweets Labelled as "Offensive"
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Figure 4.6: 20 Most Commonly Used Words in Offensive Tweets

There is a lexical overlap between the word clouds of offensive tweets and hateful
tweets, including derogatory terms and explicit language. However, the intent is dif-
ferent. Hate speech tweets include more words related to identity-based attacks, for
instance, racial, religious, and gender-based slurs. In contrast, offensive tweets seem
to contain strong profanity but for the most part, lack clear targeted attacks against
certain groups. This further reinforces the fact that profanity does not necessarily
equal hate speech, as stated earlier in this thesis. Some words appear in both word
clouds (e.g., “bitch,” “nigga,” “fuck”), showing the importance of context in distin-
guishing hate speech from general offensive language. Lastly, words such as “love”
and “lol,” commonly associated with positive sentiments, appear frequently, showing

that offensive speech can contain casual or non-hateful elements.
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Common Words Used in Normal Speech

Word Cloud of Normal Tweets
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Figure 4.7: Word Cloud of Normal Tweets

Top 20 Most Common Words in Tweets Labelled as "Normal"
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Figure 4.8: 20 Most Commonly Used Words in Normal T'weets

Words such as “trash,” “bird,” “Yankee,” “ghetto,” “monkey,” and “jihad,” appear
prominently. This suggests that certain words, often associated with hate speech,

also appear frequently in non-hateful contexts. For instance, “monkey” and “ghetto”
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may be used in non-offensive ways, which can create challenges for automatic hate
speech detection models to distinguish.

While the graph of normal tweets does not contain any profanity as they are,
however, the words “monkey” and “coloured” were both used in several offensive
contexts. The name “Charlie” was usually used to reference celebrities and people
bearing the name (i.e. Charlie Puth, Charlie Sheen etc.), the cartoon character

“Charlie Brown”, and as a British slang for a “silly person.”

4.4 Fine-Tuning Process

4.4.1 Data Preparation

Prior to fine-tuning the model, the dataset was split into training, testing, and eval-
uation sets employing stratified sampling. 2000 random entries from each sentiment
class (offensive, normal, and hate) were selected for training the model, while 300
random examples from each class were used for both the test and validation sets.
The final training set was shuffled to eliminate any unintended patterns that could

influence the model’s learning.

4.4.2 Prompt Engineering for Training and Evaluation

Given that the Llama 3.1 model is a causal-decoder transformer and thus based
on causal language modelling (CLM), the classification task is phrased as a text-
generation problem using prompt engineering. We designed prompts that will be fed
into the model to classify text into one of the three sentiment categories. The prompt

is as follows:
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“Examine the text enclosed in square brackets, determine if its senti-
ment is offensive, hate speech, or normal, and return the answer as the
corresponding sentiment label ‘offensive’, ‘hate’; or ‘normal’. [text] =

sentiment”

To further illustrate this, an example from the training set is shown below:

“Examine the text enclosed in square brackets, determine if its sentiment
is offensive, hate speech, or normal, and return the answer as the corre-
sponding sentiment label ‘offensive’, ‘hate’, or ‘normal’. [This music is

trash] = normal”

During training, each row of the training set is replaced by the prompt, with
each example in the square brackets and its sentiment labels on the other side of
the equation. During inference, the model was provided with similar prompts but
without the sentiment label, requiring it to generate the correct classification based

on learned patterns.

4.4.3 Model Selection and Quantization

For this stage, we used Meta-Llama-3.1-8B-Instruct from Hugging Face [138]. How-
ever, because of the large size of the model, we applied 4-bit NormalFloat (NF4)
quantization to load the weights of the pre-trained model, instead of the usual 16-
bit or 32-bit, using the bitsandbytes library [I]. This quantization approach was
implemented based on the QLoRA paper [58] and is the extra step required to im-
plement QLoRA (in place of LoRA). To further reduce memory footprint, a second

quantization is applied, saving an extra 0.4 bits per parameter [58].
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However, even though the model weights are stored in 4-bit precision, computa-

tions

(such as matrix multiplications during forward or backward passes) are done

in float16 precision. This dequantization step during computations allows for more

stable

and accurate operations. To implement the steps outlined above, we used the

BitsAndBytesConfig function of the bitsandbytes library with the hyperparame-

ters in Figure 4.9.

1
2
3
4
5
6
7
8
9

10
11
12
i3
14
15
16
17
18
19
20

4.4.4

model_name = "meta-llama/Meta-lLlama-3.1-8B-instruct” # from hf

# Setting compute data type to 16-bit fp to maintain a reasonable precision in computations
compute_dtype = getattr(torch, "floatle™)

# Quantizing model weights to 4-bit precision using 4-bit NormalFloat
bnb_config = BitsAndBytesConfig(

load_in_4bit=True,

bnb_4bit_quant_type="nf4",

bnb_4bit_compute_dtype=compute_dtype,

bnb_4bit_use_double guant=True,

)

# Loading the pretrained model for causal language modeling with the 4-bit quantization configuration
model = AutoModelForCausallM.from pretrained(

model_name,

device_map=device,

torch_dtype=compute_dtype,

quantization_config=bnb_config,

)
Figure 4.9: Model Loading with bitsandbytes

Fine-Tuning with LoRA

Before delving deeper into fine-tuning, we will introduce some vocabulary related to

deep learning models which are used in the rest of this chapter.

Loss function: This is the difference between the predicted and actual values

of a single training example.

Cost function: This is an indicator of how well a model performs. It is the
difference between the predictions of the model and the actual values of the

entire training dataset.
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e Parameters: These are the adjustable parameters of a model during training.
They are estimated during training and are dependent on the chosen dataset.
Examples of parameters are the weights and biases of a neural network (a ma-
chine learning process consisting of nodes and units that mimics the way the

neurons in the human brain process data).

e Hyperparameters: These are the values of a model manually set before train-
ing and are external to the model. Examples of hyperparameters are the number

of layers in a neural network and the learning rate.

e Learning rate: This decides the speed at which a model converges on a solu-
tion. It is a parameter that determines how much the weights of a model are
updated with each iteration in response to the error during training. A smaller
learning rate leads to slower convergence and will require a lot of iterations
before a solution is found. On the other hand, too large a learning rate will in-
crease the speed of convergence but equally increase the chances of overshooting

or missing the optimal solution.

e Gradient descent: Gradient descent is an optimization algorithm used to
minimize the cost function by iteratively updating the model parameters. It
calculates the gradient of the cost function for each parameter and adjusts
the parameters in the direction that reduces the cost. In this process, it is
crucial to select an appropriate learning rate, which controls the size of the steps
taken during each iteration and determines the number of iterations needed for

convergemnce.

To adapt the pre-trained Llama 3.1 model to our classification task, we employed
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Low-Rank Adaptation (LoRA). The original 4-bit quantized weights are not modified
during this stage. Instead, adapters (small trainable matrices) are added on top of
the frozen weights (as explained in Chapter 3). The adapters are then trained while
the main model remains unchanged.

LoRA was configured with the following hyperparameters, as shown in Table 4.4.

Table 4.4: LoRA Hyperparameters

Hyperparameter | Value

Rank 64
Alpha 16
Dropout 0.1
Bias None

Target Modules All-linear

Task Type Causal . LM

Details of Hyperparameters

e Rank: The rank (r) determines the degree of parameter adaptation. In other
words, it is the rank of the LoRA matrices and determines the number of train-
able parameters introduced by LoRA. With 64, the model can learn task-specific

adaptations, while being smaller than full finetuning.

e Alpha: Alpha is a scaling factor for the LoRA layers that controls the influence
of LoRA updates/strength of adaptation. Essentially, it controls how much the
adapted weights influence the original model. A higher lora_alpha value could

lead to instability, while a lower one might underfit.
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e Dropout: Dropout is used to prevent overfitting during training by randomly

deactivating some neurons during training.

e Bias: This controls which bias terms are updated during fine-tuning of the
model. The bias parameter can take the values of “none,” “all,” or “lora only”
(for the biases related to the LoRA layers). With “none,” the bias terms of the
model remain unchanged, further reducing memory overhead as a result of a

reduced number of updated parameters.

e Target Modules: This variable targets all linear layers of the model except

the output layer, which is responsible for predictions.

e Task Type: This hyperparameter indicates that the chosen model is for causal
language modeling (CLM), which is a primary function of decoder-based autore-

gressive models, like Llama.

4.4.5 Training and Evaluation

The training process for the model was done with Hugging Face’s Trainer API, with

key parameters shown in Table 4.5.
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Table 4.5: Training Hyperparameters

Parameter Value

Batch Size 8

Gradient Accumulation Steps | 8

Gradient Optimizer AdamW
Learning Rate 5e-4
Weight Decay 0.001
Epochs 1

Hyperparameter Definitions

e Batch Size: This is the number of samples processed by the model before
updates are made to its weights. The smaller the batch size, the lower the

memory required for training.

e Gradient Accumulation Steps: Gradients are indicators of how a model’s
parameters should change to reduce loss/error. The gradients are typically
calculated using backpropagation and updated after each batch of data (deter-
mined by the “batch size” parameter). Afterward, they are used to update the
weights of the model. However, with gradient accumulation, the gradients are
computed and stored at each step (determined by the “gradient accumulation
steps”), and the model’s parameters are updated after the chosen number of
batches is processed. In other words, the gradient accumulation steps hyperpa-
rameter decides the number of batches over which gradients are accumulated

before performing a weight update. The gradients of each batch are summed,
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an optimizer averages them, and the model parameters (weights) are updated,

effectively improving memory efficiency.

e Gradient Optimizer: This is an optimization algorithm for updating a model’s
weights during training to minimize the loss function. The chosen method,
AdamW [128], is an alternative to gradient descent and builds upon the origi-
nal Adam (Adaptive Moment Estimation) [108]. It is preferred over stochastic
gradient descent because of its superior convergence speed, stability, and ease

of implementation.

e Learning Rate: This determines how much the model’s weights are updated
during training. It determines the step size taken in the direction of the gra-
dients. Put differently, it controls how much the model updates its weight in

response to the gradients during training.

e Weight Decay: This regularization technique penalizes the model for large
weight updates, effectively preventing overfitting. Large weight updates could
imply that the model is adapting too quickly to the training data and learning

insignificant patterns instead of the underlying relationships.

e Epoch: This is the number of times the entire dataset is passed through the
model. Since LoRA fine-tuning typically requires fewer updates, a single epoch

may be enough to adjust the model.

After several iterations, we found the best accuracy and training speed with the
parameters in Table 4.5. With an NVIDIA Tesla 4 Graphics Processing Unit (GPU),

the model was trained in approximately 1 hour and 20 minutes.
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Following the fine-tuning and training process, the trained LoRA adapters are
merged with the quantized weights of the model, after which the model is used
for inference on the test set. The predictions were made using a text-generation
pipeline, where the model completed the prompt with the sentiment. Afterward,
post-processing steps were taken to extract the answers from the prompt. The prompt

in the test set is as follows:

“Examine the text enclosed in square brackets, determine if its sentiment
is offensive, hate speech, or normal, and return the answer as the corre-

sponding sentiment label ‘offensive’, ‘hate’, or ‘normal’. [text] ="
To further illustrate this, an example from the test set is shown below:

“Examine the text enclosed in square brackets, determine if its sentiment
is offensive, hate speech, or normal, and return the answer as the corre-
sponding sentiment label ‘offensive’, ‘hate’, or ‘normal’. [lets not forget

7

the fact that everyone and their mother has yellow fever] =

In contrast to the training set, the test set is blank on the right-hand side of
the enclosed text. For evaluation, we generated a classification report to measure
precision, recall, and F1 scores across sentiment classes. This will be discussed further

in the next chapter.

4.5 Post-Training Quantization

In this section, we apply Generalized Post-Training Quantization (GPTQ) to the

fine-tuned model to compress it fully into 4-bit precision using the Transformers
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library [70]. Unlike the bitsandbytes quantization method used to load the model
earlier, GPTQ precomputes the 4-bit weights, eliminating the need for dequantization
during computations and significantly speeding up inference time.

Following the recommendations of the GPTQ paper [75], we calibrated the fine-
tuned model with a sample of the C4 (Colossal Clean Crawled Corpus) dataset [167],
which is widely used for language model calibration after PTQ. The C4 dataset con-
tains a diverse set of about 750 GB worth of generic English text samples that can
help approximate a model’s input distribution. With the C4 dataset, the model’s
weights remain aligned with real-world language patterns.

The quantization process takes approximately 23 minutes to complete on a T4
GPU and is saved. Afterwards, the quantized model is loaded and used to make
predictions on the test set. As done previously, we generated a classification report
to measure precision, recall, and F1 scores across sentiment classes. This will be

discussed in more detail in the next chapter.

4.6 Hardware

Fine-tuning was run on a Google Colaboratory notebook with an NVIDIA Tesla T4
15GB RAM GPU. Post-training quantization was performed on the same platform
with an NVIDIA A100 40GB RAM GPU.



Chapter 5

Results and Discussions

5.1 Performance Metrics

Table 5.1: Common Performance Metrics Used for Classification Tasks

85

positive instances to the actual

positive instances

Metrics Definition Formula

Accuracy (A) | The ratio of correct predictions to | Accuracy = 75 Jf ﬁfgg TN
the total number of predictions

Precision (P) | The ratio of correctly predicted Precision = %
positive instances to all instances
predicted as positive

Recall (R) The ratio of correctly predicted Recall = TPZ%

F1 Score (F1)

Harmonic mean of precision and

recall

Precision x Recall

Fl-score = 2 x Precision+Recall

Abbreviations: TP = True Positive, TN = True Negative, FP = False Positive, FN

= Fualse Negative
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Table 5.1 shows the performance metrics used in the study for measuring model

performance.

5.2 Performance Before Fine-Tuning

To recap, the test set consists of 300 samples from each of the three classes: hate
speech, offensive language, and neutral (normal) speech. Overall, the base Llama 3.1
model achieves a poor overall accuracy of 52% as seen in Table 5.2.

Surprisingly, the model performs decently in classifying normal speech with an F1
— score of 71%, but significantly worse in the other categories. This alludes to the fact
that normal speech is easier to identify than hateful and offensive speech mainly due
to the absence of vulgarity. Pertinently, the offensive speech class has a high recall of
95%, capturing most of the actual offensive speech texts. However, this comes at the
cost of misclassifying any text with a hint of vulgarity or aggressiveness as offensive
— including hate speech as seen in Figure 5.1. As a result, most of the hate speech
samples are classified as offensive language resulting in abysmally low F1 and recall
scores further underscoring the difficulty in distinguishing hate speech from offensive

speech.
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Figure 5.1: Confusion Matrix of Base Llama 3.1 Before Fine-Tuning

Table 5.2: Classification Report Before Fine-Tuning

Precision | Recall | F1-Score | Sample Size
Hate 0.65 0.04 0.07 300
Offensive 0.41 0.95 0.57 300
Normal 0.93 0.57 0.71 300
Macro Average 0.66 0.52 0.45 900
Accuracy: 0.52 900
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Insights from Table 5.3:

Table 5.3 highlights some examples of misclassified text and includes my opinion as
a Black male in his mid-twenties.

In the first example, the word “bitch” which is generally considered offensive is
used humorously and in a subjectively harmless context leading the model to classify
it as normal. The fourth example further demonstrates the model’s prioritization
of recall for offensive speech over hate speech. Examples 9-11 appear to have been
misclassified by the base model because of the presence of politically sensitive terms.
Additionally, the model seems to be misinterpreting context and informal language

as an indicator of offensive or hate speech due to syntactical or stylistic biases.

5.3 Fine-Tuning to Improve Performance

250
Hate Speech 1

200

Offensive 150

True label

100

Normal

50

T
Hate Speech Offensive MNormal
Predicted label

Figure 5.2: Confusion Matrix After Fine-Tuning
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Table 5.4: Classification Report of Fine-Tuned Model

Precision | Recall | F1-Score | Sample Size
Hate 0.90 0.82 0.86 300
Offensive 0.84 0.90 0.87 300
Normal 0.93 0.95 0.94 300
Macro Average 0.89 0.89 0.89 900
Accuracy: 0.89 900

As expected, after the fine-tuning, the trained model achieved strong classification
performance as seen in Figure 5.2, and Table 5.4. The precision of the “normal” class
remains the same as the base model, while the recall of the “offensive” class drops 5%.
Nevertheless, there is a significant bump in every other metric and class, including
the overall accuracy of the model which jumps from 52% to 89%.

It is also worth noting that most of the misclassified examples are concentrated
in the “hate speech” and “offensive” classes. While the fine-tuned model showed
a significant improvement in classification of these classes over the base model, it
might be easy to assume that there is still some difficulty in distinguishing these two
classes. However, upon exploration of the misclassified examples, it was observed that
many would be difficult for even humans to distinguish. Some of these misclassified

examples are shown below:
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A common trend observed in Table 5.5 is the model’s difficulty in distinguishing
between offensive and hateful posts, particularly those containing the words ”"nigga”
and "faggot.” This challenge largely stems from contextual nuances. For example, I
believe that posts 2, 4, 5, and 7 are just offensive, despite the model and annotators
labeling them as hate speech. According to the criteria established in this thesis, hate
speech explicitly targets individuals or groups based on their identity. In contrast,
these posts appear to be made by individuals from the referenced communities, po-
tentially as a form of humorous self-deprecation or reclaiming the language. Within

these communities, such words are often used in a non-offensive manner.

5.4 Performance After Generalized Post-Training Quantization (GPTQ)

250

Hate Speech -

200

) 150
Offensive

True label

100

Normal

T
Hate Speech Offensive MNormal
Predicted label

Figure 5.3: Confusion Matrix After Quantization



Table 5.6: Classification Report of Quantized Model

Precision | Recall | F1-Score | Sample Size
Hate 0.88 0.78 0.82 300
Offensive 0.80 0.92 0.86 300
Normal 0.94 0.91 0.93 300
Macro Average 0.87 0.87 0.87 900
Accuracy: 0.87 900

97

Table 5.7: Classification Report Comparison of Fine-Tuned and Quantized Models

Precision Recall F1-Score
Pre- GPTQ | Pre- GPTQ | Pre- GPTQ
GPTQ GPTQ GPTQ
Hate 0.90 0.88 0.82 0.78 0.86 0.82
Offensive 0.84 0.80 0.90 0.92 0.87 0.86
Normal 0.93 0.94 0.95 0.91 0.94 0.93
Macro Average | 0.89 0.87 0.89 0.87 0.89 0.87
Accuracy: 0.89 0.87

As seen in Table 5.7, there is a slight downgrade in the overall accuracy of the model

from 89% to 87%. Likewise, a similar percentage decrease in performance is observed

across the other metrics except for the precision of the normal class. This decrease

across the board will lead to an increase in false positives and negatives during the

classification of hate speech which could be detrimental depending on how sensitive

the application is.
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5.5 Statistical Analysis of Results

We run experiments two more times on the base, quantized, and fine-tuned-only
models using the same dataset and hardware to observe the differences in accuracy
and speed. To compare the results of the tests, we use One-factor designs [102],

displayed in Table 5.8.

Table 5.8: One-factor Design Method

Base Model | Fine-tuned- Quantized Mean
only Model Model

Test 1 Y11 Y12 Y13
Test 2 Y21 Y22 Y23
Test 3 Y31 Y32 Y33
Column sum | > 44 > Yo > ys >y
Column mean | 4.1 .2 .3 =1
Column effect | oy =41 — 9y Qg = Yo — .. a3 =13 —Y

The results of this test are shown in Table 5.9.

Table 5.9: Comparative Analysis of Inference Time (900 posts)

Base Model | Fine-tuned- Quantized Mean
(Mins) only  Model | Model
(Mins) (Mins)
Test 1 7.53 6.78 4.65

Continued on next page




Table 5.9 — continued from previous page
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Base Model | Fine-tuned- Quantized Mean
(Mins) only  Model | Model
(Mins) (Mins)
Test 2 6.30 6.70 4.30
Test 3 6.68 6.72 4.72
Column Sum | 20.51 20.20 13.67
Column Mean | 6.84 6.73 4.56 6.04
Column Effect | 0.80 0.69 -1.48
The standard deviation of errors is computed as:

Where:

a(r —1)

e a = number of algorithms (alternatives)

e r = number of tests (observations)

To check for significant differences in performance between any two models, we

compute confidence intervals for the differences in effect values:

Mean difference o; — oj = 4., — 45

/2
Std. dev. a; —a; =S5, -1/ —
ar

(5.2)

(5.3)
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Given a(r — 1) = 6 degrees of freedom, and a 90% confidence interval, the t-value

is 1.943. Using this, we calculate:
e S, =045
e oy — a3 = 2.17, standard deviation = 0.212

e o — a3z = 2.28, standard deviation = 0.212

CI for ap — a3 = 2.17 £ 1.943 x 0.212 = (1.7580, 2.5819)

CI for ay — a3 = 2.28 £1.943 x 0.212 = (1.8681, 2.6919)

Since neither confidence interval contains 0, the quantized model is significantly

faster than both the base and fine-tuned-only models.

Table 5.10: Comparative Analysis of Accuracy

Base Model | Fine-tuned- | Quantized Mean
(%) only Model | Model (%)
(%)
Test 1 52.1 89.0 86.9
Test 2 51.2 88.1 87.4
Test 3 51.0 88.6 85.4
Column Sum | 154.3 265.7 259.7
Column Mean | 51.4 88.6 86.6 75.5

Continued on next page
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Table 5.10 — continued from previous page

Base Model | Fine-tuned- | Quantized Mean

(%) only Model | Model (%)
(70)
Column Effect | -24.1 13.1 11.1

Using the same methodology:
e S.=1.99
e (o — a3 = 2, standard deviation = 0.938

e a1 — a3z = —3b.1, standard deviation = 0.938

CI for cp — a3 = 2 + 1.943 x 0.938 = (0.1775, 3.8225)

CI for ay — az = —35.1 £1.943 x 0.938 = (—36.9225, —33.2775)

Since neither interval contains 0, we conclude there are statistically significant
differences. The quantized model has significantly higher accuracy than the base

model but slightly lower than the fine-tuned-only model.

5.6 Model Size and Time Consumption
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Table 5.11: Performance Summary of the Models

Metrics Model without Quantization Quantized Model
Test 1 | Test 2 Test 3 Test 1 | Test 2 | Test 3

Inference Time | 6.78 6.70 6.72 4.65 4.30 4.72

for 900 posts

(mins)

Accuracy (%) 89.0 88.1 88.6 86.9 87.4 85.4

Total Training 154 148 153 177 171 176

Time (mins)

Model Size (GB) 16.9 5.34

Table 5.12: Performance Summary of the Models (Averages)

Metrics (Average) Model with- | Quantized | Change (%)
out Quanti- | Model
zation
Inference Time (mins) 6.73 4.56 -32.24
Accuracy (%) 88.57 86.57 -2.26
Total Training Time (mins) | 151.67 174.67 +13.17
Model Size (GB) 16.9 5.34 -66.95

The performance of both models is summarized in Table 5.12. As shown, several

trade-offs exist. Starting with the positives, there is a drastic reduction in model size

which is one of the main advantages of quantization. This makes the model more

lightweight, efficient, and suitable for use on hardware with limited storage. Another
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positive was the significant reduction in inference time. With quantization, the model
achieves a significant boost in speed and is able to classify 900 posts about 1.5 times
faster. This speed boost can be attributed to the model’s reduced size, allowing for
faster and quicker response times.

On the other hand, the model’s accuracy dropped by approx. 2%. While this
might seem like a slight drop depending on the application, it could be critical in
hate speech detection. Missing hate speech (False Negatives) could allow harmful
content to spread, potentially impacting targeted communities. From another point
of view, false positives can lead to unnecessary censorship and suppression of free
speech. Thus, this drop in accuracy could impact the overall fairness and reliability
of a model.

It is also worth considering the extra time it takes to quantize a model. In our
scenario, this added approx. 23 minutes to the training time, which could vary
depending on the hardware used and the model’s architecture. Another factor to
consider is the need for a more powerful GPU to quantize the model. These add more
layers of complexity to the whole setup but could be justified when the inference speed
gains are significant as in our case. Overall, there are several trade-offs to consider
in selecting the right model and the right choice will depend on the domain and the

sensitivity of the subject matter.
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Chapter 6

Conclusion

6.1 Summary

Hate speech detection is a nuanced and complex topic. Even more challenging is
distinguishing hate speech from offensive speech, yet critical for building responsible
Al systems. This thesis showcased the ability of LLMs to differentiate the two classes
from each other. Furthermore, we explored post-training quantization as a way to op-
timize our chosen Llama 3.1 LLM, successfully reducing its size by 67% and inference
time by 32%. However, this came with a 2% drop in model accuracy accompanied by
an additional 23 minutes in training time to optimize the model. This highlights the

inevitable trade-offs between model efficiency and predictive performance.

6.2 Limitations

There were several limitations to the approach taken in this study.

1. Dataset Representativeness and Bias: The datasets we used in this thesis

are well-known but limited in scope. They are in English and mostly based on
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social media posts originating from the United States and thus heavily influ-
enced by American culture and contexts. A glaring example of this bias is the
fact that one of the most used words in the normal speech class was “Yankee,”
referring to the New York Yankees baseball team. A potential problem with
this is that the model may incorrectly generalize such culturally specific terms

as universally neutral or positive, which could lead to misclassification.

. Performance on Other Datasets: Another problem with the poor repre-
sentativeness of the dataset is that the model will inevitably perform poorly
on datasets from countries with different languages, cultures and perceptions of
hate speech. Even within English-speaking communities, there are substantial
linguistic variations and a multitude of English dialects and derivatives (like
Jamaican Patois and Nigerian Pidgin) that the model has not been exposed to.
Furthermore, phenomena like code-switching (mixing languages) and the fre-
quent use of evolving slang add additional complexity that the model, trained

on a narrow cultural and linguistic base, may not handle robustly.

. Fine-Grained Label Ambiguity: As seen in the discussions in Chapter 5,
even human annotators struggle to agree on what constitutes hate speech and
offensive speech. This misalignment is also reflected in the model and limits its

performance.

. Loss in Accuracy from Quantization: While the drop in accuracy after
quantization seems minimal (2%), this could lead to ethical risks in sensitive
applications like hate speech detection. Having an increased false negative rate

could lead to missed hate speech, while an increase in false positives could lead
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to over-censorship.

5. Computational and Time Costs for Optimization: While quantization
reduces inference costs, it introduces additional computational overhead. De-
pending on how big the dataset is or how frequently the model needs to be
updated, this might ramp up monetary and time costs significantly. Further-
more, despite implementing optimization techniques, fine-tuning still requires
significant computational power which can limit accessibility for smaller orga-

nizations and researchers.

6.3 Future Research Directions

The current work focused on English Datasets. Future work could extend to multi-
lingual social media contexts and the proposed models evaluated on adversarial
datasets to test robustness and limitations. Future research could also explore the
implementation of Retrieval Augmented Generation (RAG) or a combination of RAG

+ fine-tuning for hate speech detection.
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