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Abstract

The recent advancements in natural language processing (NLP) have been largely fu-
eled by the emergence of large language models (LLMs), which excel in capturing the
complex semantic and syntactic structures of natural language. These models have
revolutionized NLP tasks by leveraging transfer learning, where pre-trained LLMs
are fine-tuned on domain-specific datasets. Financial sentiment analysis poses unique
challenges due to the intricate nature of financial language, often necessitating more
sophisticated approaches beyond what traditional sentiment analysis methods offer.
Fine-tuning LLMSs holds potential for improving modeling performance within the fi-
nancial domain, but the computational expense of the standard full fine-tuning poses
a challenge. This study investigates the efficacy of Parameter-Efficient Fine-Tuning
(PEFT) methods for fine-tuning LLMs to specific tasks, with a focus on sentiment
analysis in the financial domain. Through extensive analysis of PEFT methods, includ-
ing Low-Rank Adaptation (LoRA), prompt tuning, prefix tuning, and adapters, sev-
eral critical insights have emerged. The results demonstrate that by employing PEFT
methods, performance levels that match or surpass those of full fine-tuning can be
achieved. Particularly, adapting the Open Pre-trained Transformers (OPT) model with
LoRA achieved the highest modeling performance, with an accuracy of 89%, while
utilizing 0.19% of the model’s total parameters. This highlights the high modularity of
PEFT methods, necessitating minimal storage sizes for trainable parameters, ranging
from 0.1IMB to 7MB for the OPT model. Despite slower convergence rates than full
fine-tuning, PEFT methods resulted in substantial reductions in Graphics Processing
Unit (GPU) memory consumption, with savings of up to 80%. Small-scale fine-tuned
LLMs outperformed large-scale general-purpose LLMs such as ChatGPT, emphasiz-
ing the importance of domain-specific fine-tuning. Model head fine-tuning fell short
compared to PEFT methods, suggesting additional benefits from training more layers.
Compared to state-of-the-art non-LLM-based deep learning models, Long Short-Term
Memory (LSTM), LLMs demonstrated superiority achieving a 17% increase in accu-
racy, thereby validating their higher implementation costs.
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Chapter 1

Introduction

The field of natural language processing (NLP) has experienced remarkable ad-
vancements in recent years, largely attributed to the emergence of large language
models (LLMs) that have attained cutting-edge performance on a wide range of
language-related tasks. LLMs possess the ability to capture the intricate seman-
tic and syntactic complexities of natural language, making them highly suitable for
tasks that require language understanding and text generation [14]. Given their cen-
trality in language tasks, there has been a fundamental shift in NLP methodologies,
moving away from specialized custom models trained from scratch towards build-
ing on top of general purpose base models. With the increasing availability of open-
source pre-trained general purpose base LLMs, transfer learning has emerged as a
dominant paradigm to specialize (fine-tune) pre-trained models for specific down-

stream tasks using a domain-specific dataset.

The current state-of-the-art LLMs such as GPT-4 and Gemini Ultra are generalists
in that they have been pre-trained on a diverse large corpus of text. These LLMs
perform poorly out-of-the-box (zero-shot inference) on knowledge-intensive tasks
as these tasks require domain specific expertise and go beyond syntax analysis or
simple pattern recognition. One such task is financial sentiment analysis, which
involves predicting the sentiment polarity of finance textual data, such as earnings
calls and social media posts. Financial sentiment analysis poses unique challenges
due to the complex and domain-specific nature of financial data, characterized by
technical jargon and acronyms [51]. Traditional approaches to sentiment analysis
using rule-based or machine learning techniques have limitations in accurately cap-

turing the nuances of financial language, resulting in suboptimal performance [17].



Fine-tuning base LLMs for financial sentiment analysis holds promise for improv-
ing modelling accuracy in this domain. Fine-tuned LLMs have shown promis-
ing results in financial sentiment analysis due to their ability to learn comprehen-
sive language representations that capture the semantic and syntactic relationships
within words and phrases [77]. Full parameter fine-tuning, which encompasses
fine-tuning all the layers of a pre-trained LLM, remains the most effective method
for adapting a model to a new domain and task in terms of modelling performance
[37]. However, full fine-tuning is computationally expensive and time-consuming
for training large-scale language models, making it almost infeasible in acade-mia
and industry. In recent years, researchers have been actively exploring light-weight
adaptation methods that allow fine-tuning using a small subset of parameters while
maintaining high modelling performance [20]. Parameter-efficient fine-tuning (PEFT)
techniques are lightweight adaptation methods which involve adding a small set of
weights to a pre-trained LLM and only fine-tuning the newly added weights, while
keeping the pre-trained LLM parameters fixed.

Base LLMs acquire powerful general representations during pre-training, embed-
ding compressed knowledge into the neural network’s weights. Through transfer
learning, we can harness all the linguistic knowledge encoded in a language model.
PEFT endeavors to make the transfer learning training process less compute-intensive.
This approach offers several advantages, including reduced computational costs,
shorter training times, adaptability to lower hardware specifications such as smaller
GPUs and limited memory, potential improvement in modeling performance by
mitigating overfitting, and decreased storage requirements due to weight shar-
ing across various tasks [12]. PEFT methods including prompt tuning, low-rank
adaptation and adapter, which modify a small subset of newly added weights
while keeping the pre-trained model parameters fixed, have demonstrated compa-
rable performance to full fine-tuning in certain NLP tasks while greatly decreasing

computational costs and time required for training [20].

This research project aims to explore the potential of adapting LLMs, considering



both modelling performance and training efficiency, for sentiment analysis of finan-
cial data using PEFT methods. By harnessing the capabilities of LLMs and optimiz-
ing the fine-tuning process, the project seeks to improve the efficiency and accuracy
of sentiment analysis in the financial domain, enabling the democratization of artifi-

cial intelligence and better data-driven decision-making.

1.1 Background

Financial modelling has evolved significantly over the years, due to advancements
in NLP and machine learning techniques. Historically, financial modelling was
purely reliant on quantitative financial data. Subsequent research found that fi-
nancial performance is more than just a function of quantitative data [51]. Finance
has embraced the integration of textual analysis alongside its traditional quantita-
tive methods, bridging the gap between numerical data and subjective factors that
influence financial markets [51]. By combining quantitative and qualitative factors,
investors gain a more holistic view of market dynamics [47]. Some common sources
of data used in financial text analysis include company fillings and reports, financial
news services, social media platforms, and press releases and announcements. In
recent times, sentiment analysis has become pivotal in algorithmic trading and inv-

estment strategies, gaining traction as a commercial application in NLP [47].

Sentiment analysis is a challenging task as financial language is complex and highly
specialized, requiring a deep understanding of financial concepts, instruments, and
industry specific terms. The methods used in financial sentiment analysis has evolved
significantly. In the early years, lexicon-based methods were used in determining
the sentiment polarity in financial text [55]. Sentiment polarity was determined
by analysing the presence and frequency of positive and negative words from spe-
cially curated financial sentiment lexicons, which included comprehensive lists of
both positive and negative words [51]. Around the same period, rule-based systems
emerged, incorporating linguistic rules and patterns specific to financial sentiment

analysis [55]. Manually designed rules were used to identify sentiment bearing



words and phrases related to financial concepts. These approaches lacked con-

text and struggled to capture the nuances of sentiment in financial language [55].

Machine learning and deep learning models have transformed NLP in finance. The
growth in labelled datasets saw researchers beginning to use supervised machine
learning to train models on financial textual data [51]. The greatest success in sen-
timent analysis was achieved through deep learning by the utilization of recur-
rent neural networks (RNNSs) [3]. This algorithm learns contextual representations
and significantly improved the accuracy of sentiment analysis [3]. However, RNNs
don’t perform well with long sequences and encounter challenges with vanishing
and exploding gradient issues. In mitigating the long-term dependency problem,
gated RNNs were developed which are designed to selectively retain information
and capture long term dependencies [74]. There are two variants of gated RNNs,
namely, long short-term memory (LSTM) and gated recurrent unit (GRU). In selec-
tively retaining information, LSTMs have a cell state, forget gate, input gate and
output gate while GRUs have a reset gate and update gate. GRUs provide compa-
rable performance to LSTM while offering reduced complexity due to having fewer
weights. The vanishing gradient problem persists in LSTMs and GRUs which are
designed to mitigate this issue. Furthermore, sequential nature of processing makes
them slow in their computation. Despite these limitations, RNNs provided a foun-

dation for more advanced approaches.

The transformer architecture serves as the cornerstone of recent advancements in
NLP. Transformer-based models have attained state-of-the-art results by utilizing
an attention mechanism to capture the interdependencies among different elements
of a sequence [70]. The attention mechanism allows transformers to learn long-
range dependencies in sequences [70]. The rapidly growing ecosystem of LLMs
has led to a paradigm shift in NLP. Rather than building a model from the ground
up, a pre-trained model is utilised and adapted to a specific task. Transfer learning
enabled sentiment analysis models generalise better, even with limited labelled fi-
nancial data [20]. Researchers today are concerned with finding adaptation mecha-

nisms that are computationally efficient without sacrificing modelling performance.



1.2 Problem Statement

Textual analysis has emerged as a valuable addition to the methodological toolkit
in finance. Sentiment analysis of financial data is a daunting task due to the com-
plexity and inherent ambiguity of the language used in financial documents. Tra-
ditional approaches to sentiment analysis using rule-based or machine learning
techniques have limitations in accurately capturing the nuances of financial lan-
guage, leading to suboptimal results [55, 47]. Furthermore, building a successful
customized sentiment analysis model from scratch is time-consuming and requires
massive amounts of labelled data [8, 36]. With the increasing availability of LLMs
with permissive licenses that allow for commercial use, transfer learning has gained
prominence as a promising approach for fine-tuning pre-trained models on domain
specific data to perform sentiment analysis tasks [80, 16]. The challenge, however,
is that fine-tuning LLMs for a specific task on a custom domain-specific dataset
is notoriously difficult due to their immense size [8]. The gold standard of full
fine-tuning LLMs is very expensive in terms of computational resources and train-
ing time [20, 19]. Moreover, the expenses associated with storing and deploying
each full fine-tuned model can quickly escalate. Dedicated research efforts in re-
cent years have resulted in the emergence of lightweight adaptation mechanisms.
Parameter-efficient fine-tuning techniques significantly reduces the costs associ-
ated with model adaptation, both in terms of data volume and model optimization
[19, 45, 12].

1.3 Research Aim and Objectives

The broader aim of this research was to contribute to the democratization of Al This
research seeks to make LLMs more accessible, inclusive, and equitable by develop-
ing techniques that empower individuals and organizations to harness the power
of LLMs.



1.3.1 Aim

The aim of this study was to leverage parameter-efficient fine-tuning methods to

develop a resource-efficient predictive model. Specifically, the study focused on

utilizing a pre-trained large language model to accurately determine the sentiment

polarity of financial data.

1.3.2 Objectives

The objectives of this study are:

1.4

To fine-tune pre-trained LLMs (RoBERTa, FLAN-T5 and OPT) using full pa-
rameter fine-tuning, model head (last layer) tuning and zero-shot learning (no

fine-tuning) for performing sentiment analysis on financial data.

To utilize parameter-efficient fine-tuning methods (prompt tuning, prefix tun-
ing, adapters and LoRA) to fine-tune pre-trained LLMs (RoBERTa, FLAN-T5
and OPT) for sentiment analysis on financial data.

To utilize various configurations of parameter-efficient fine-tuning methods

to conduct sentiment analysis on financial data.

To evaluate the performance of parameter-efficient fine-tuned LLMs in terms

of modelling performance and training efficiency.

To compare the performance of parameter-efficient fine-tuned LLMs to full
fine-tuned LLMs, model head (last layer) tuning and zero-shot learning (no

fine-tuning) in terms of modelling performance and training efficiency.

To compare the performance of parameter-efficient fine-tuned LLMs to tradi-
tional NLP methods (LSTMs)

Research Questions

Which of the selected LLMs are more effective in transfer learning using the
various PEFT methods for the task of financial sentiment analysis?



* How does the performance of the PEFT methods compare in terms of mod-
elling performance and training efficiency in fine-tuning the selected LLMs to

a financial sentiment analysis task?

* What is the optimal configuration of the various PEFT methods in terms of

modelling performance and training efficiency?

* What is the modelling performance and training efficiency gap between PEFT
methods and full parameter fine-tuning, model head (last layer) fine-tuning

and zero-shot learning (no fine-tuning)?

* How does the modelling performance of LLMs fine-tuned using PEFT meth-
ods compare to the selected state-of-the-art traditional NLP method?

1.5 Significance and Motivation

The recent proliferation of LLMs has validated their remarkable potential across
various applications and provides developers with additional choices for building
Al applications. To date, there has been widespread acceptance of LLMs as a great
consumer tool e.g. ChatGPT. One trend which is still under appreciated is LLMs
as a developer tool. Pre-trained LLMs can enable application developers to achieve
previously unseen feats in Al. Businesses can integrate these LLMs into their core
business operations, services and products. Previously building and deploying a
commercial grade machine learning system typically required a timeline of 6 to 12
months [57]. However, with LLMs, many applications that were once challenging

to develop can now be built quickly and effortlessly.

The downside of employing LLMs as a developer tool is that the current state-
of-the-art LLMs are proprietary and can only be accessed through paid application
programming interface (API) services. Access to these proprietary LLMs is cost pro-
hibitive, and full access to the model weights is unavailable, rendering it impossible
to fine-tune them with your private data. However, the open-source AI community
is making significant strides and the speed of innovation and research in open-
source LLMs is remarkable. Open-source LLMs are poised to surpass proprietary
ones, as depicted in Figure 1.1. A majority of these open-source LLMs are released



under the Apache 2.0 license, permitting commercial use. The lingering challenge
lies in the fine-tuning and practical deployment of these extensive LLMs, which
poise substantial cost and efficiency hurdles. Due to the exorbitant cost of access-
ing cloud GPUs and the current scarcity and expense of purchasing GPUs, there is a
concerted effort to minimize the utilization of multiple GPUs in model inferencing
and fine-tuning. Lightweight adaptation techniques like PEFT methods show po-

tential for addressing these challenges.
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FIGURE 1.1: Performance of proprietary and open-source LLMs on the
Massive Multitask Language Understanding (MMLU) benchmark [66]

The research and development of LLMs is currently predominantly led by big tech-
nology companies with substantial financial resources. The findings of this study
could democratize access to LLMs and foster broader innovation by empowering
individuals and organisations with average consumer-grade hardware to leverage
the capabilities of LLMs for their specific use cases. By reducing the computational
requirements for fine-tuning LLMs, we hope to make LLMs more accessible and
inclusive to a wider audience, bringing more voices in studying these LLMs. LLMs
are still in their early phases of development and continue to face difficulties such as
hallucination and catastrophic forgetting, human alignment, Al existential risk and
regulation, bias, robustness, interpretability and explainability, jailbreaks and copy-
right [8, 79]. The magnitude of transformation brought about by this technology to



our way of life is too significant to be defined solely by a few Al labs with substan-

tial resources. The potential dangers associated with AI monopolies are significant.

The entire AI community, including industry, academic researchers, policymakers

and civil society must collaborate to shape and collectively drive the field forward.

1.6

Main Findings of the Study

The main findings of this study are the following:

We developed resource-efficient models leveraging LLMs and PEFT methods
to achieve state-of-the-art performance in financial sentiment analysis on the

financial phrase bank dataset.

We found that PEFT methods led to significant savings in peak GPU memory
consumption, conserving up to 80% of GPU memory.

Contrary to most literature, we observed that generative models can outper-
form descriminative models in natural language understanding tasks, em-
phasizing the influence of model size and pre-training dataset size on LLM
capabilities.

We found that PEFT methods demonstrate high modularity by utilizing merely
a fraction of the model’s total parameters, allowing for the creation of compact
checkpoints compared to full fine-tuning.

We discovered that within the transformer architecture, lower layers capture
general features shared among tasks, while later layers specialize in task-
specific features, making them more beneficial for adapting LLMs to a specific
task.

We observed that surpassing a specific threshold of trainable parameters re-
sulted in a notable decrease in performance, attributed to an excessive depen-

dency on newly introduced parameters.

We found that PEFT methods typically demonstrated slower convergence rates

compared to full fine-tuning. However, strategic adjustments in batch sizes
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can unleash the full potential of PEFT techniques, speeding up model adapta-

tion while ensuring computational feasibility.

* We found that the convergence rate of PEFT methods is less influenced by the
number of trainable parameters and more affected by the structural charac-
teristics of the PEFT methods.

* We found that domain-specific fine-tuning of small-scale LLMs outperform

large-scale general-purpose LLMs out-of-the-box.

* We discovered that the notion that fine-tuning LLMs necessitates a large dataset
is inaccurate. Our findings indicate that domain-adapted LLMs outperform
LSTMs even with smaller datasets.

* We found that training more layers beyond just the last layer yielded benefits

in modelling performance.

1.7 Contributions of the Study

The main contribution of this study lies in conducting a comprehensive compar-
ative study into the fine-tuning of different open-source LLMs employing differ-
ent PEFT methods and their various configurations. This study sheds light on the
optimal configuration and placement of different PEFT methods, highlighting the
weaknesses and strengths in utilizing pre-trained LLMs to perform financial senti-

ment analysis.

1.8 Delineation of the Study

This study is delineated by its focus on financial sentiment analysis using pre-
trained LLMs and PEFT techniques. It does not extend to other applications of
LLMs and other domains outside of finance. The research is confined to the evalu-
ation of specific PEFT methods, namely prompt tuning, prefix tuning, adapter tun-
ing, and LoRA, and does not explore other fine-tuning techniques. Additionally,
while the study benchmarks the performance of these methods against traditional
NLP methods and full parameter fine-tuning, it does not delve into developing new
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PEFT methods or significantly modifying existing ones. By clearly defining these
boundaries, the study aims to provide a focused and rigorous examination of the
effectiveness and efficiency of PEFT methods for financial sentiment analysis, while

acknowledging the limitations imposed by the scope.

1.9 Research Report Outline

The following chapters of this research report are organized into four chapters.
Chapter 2, the literature review, provides an in-depth exploration of the relevant
topics, including large language models, the transformer model architecture, trans-
fer learning, model adaptation, and lightweight PEFT methods. Chapter 3, the re-
search methodology, outlines the research design, data collection and preprocess-
ing methods, and details the training and evaluation processes. Chapter 4 presents
the results of the study and provides a detailed discussion of the findings. Finally,
chapter 5 provides a comprehensive conclusion, summarizing the key findings and

providing insights into future research directions.
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Chapter 2

Literature Review

2.1 Introduction

The emergence of large-scale pre-trained language models has revolutionized nat-
ural language processing tasks. However, tailoring these models to particular do-
mains or tasks through fine-tuning can be computationally expensive and memory-
intensive. This literature review explores existing studies on lightweight adapta-
tion methods of LLMs. It provides an overview of approaches, methodologies,
and findings focused on achieving efficient model adaptation while maintaining
high performance. The review discusses methods such as prompt tuning, pre-
tix tuning, adapter, transformer architecture modification, and knowledge transfer.
The findings highlight the potential of parameter-efficient fine-tuning for reducing
computational requirements and memory footprint without significant degrada-

tion in model performance.

2.2 Large Language Models

Large scale pre-trained language models have become a transformative develop-
ment in the realm of NLP. LLMs are deep learning algorithms that have under-
gone training on a large unstructured text corpus of unlabelled data through a
self-supervised learning process [8]. LLaMA (Large Language Model Meta Al),
the latest LLM From Meta was trained on 1.4 trillion tokens and has 65 billion
parameters [69]. The extensive size of LLMs results in a substantial amount of

knowledge and information encoded within the model. LLMs exhibit profound
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knowledge of various linguistic aspects, including semantics, sentiment, phrasal
structure, co-occurrence patterns, and syntax, thanks to their extensive pre-training
and exposure to vast amounts of text data [76, 49, 62]. The term "foundational
models" was introduced by researchers from Stanford University [8] to describe
a class of models that have been trained on diverse data and can be customized
for different downstream tasks. Base LLMs are classified as foundational models
due to their foundational linguistic knowledge required for various NLP tasks. The
term foundational models emphasize the fundamental role the models play in NLP,
serving as an initial foundation for subsequent fine-tuning and adaption to specific
downstream tasks [49]. Language models are either pre-trained in an autoregres-
sive fashion, where they take a sequence of tokens as input and recursively pre-
dict the next token to generate text, or in a masked fashion where masked words

are predicted in a sequence taking into account the context surrounding them [68].

2.2.1 Pre-training of Large Language Models

Pre-training LLMs involves teaching these computational giants to understand and
generate language by exposing them to vast amounts of text data. This founda-
tional stage is crucial because it enables LLMs to cultivate an extensive grasp of
language nuances, structure, and contexts, essentially encoding a condensed ver-
sion of the knowledge found in the datasets they’re trained on [62]. Utilizing self-
supervised learning techniques, pre-training allows these models to learn general
language representations, which can then be fine-tuned with a smaller set of labeled
data for specific tasks. This approach has proven remarkably effective, with pre-
training serving as a pivotal process that embeds wide-ranging knowledge into the
model’s parameters [11].

The tasks employed for pre-training LLMs are masked language modelling (MLM)
and autoregressive language modelling (ALM). Autoregressive language modelling,
for instance, is a key objective used to pre-train decoder-only models like GPT-3 and
PaLLM. This task involves predicting the subsequent tokens in a sequence based on
the preceding ones, leveraging the vast, unlabeled datasets. Such a methodology
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not only aids in learning the statistical correlations within the text but also, as mod-
els excel in next-step prediction, pushes them towards uncovering the "underlying
truth" of the data they are trained on [60]. This notion of "understanding" the data
goes beyond mere memorization, suggesting a deeper grasp of the content that’s

akin to a fundamental form of comprehension.

The scale and diversity of the pre-training data play a critical role in the develop-
ment of these capabilities [64]. A dataset that is rich and varied ensures that the
model has a broad base of knowledge to draw from, enhancing its ability to under-
stand complex language structures, context, and semantics. However, the process
of pre-training LLMs is fraught with challenges, including the immense compu-
tational demands and the need for high-quality training data [50]. These hurdles
underscore the importance of developing more efficient and systematic pre-training
methods that balance model effectiveness with computational efficiency and train-
ing stability.

An intriguing outcome of this rigorous pre-training is the emergence of unexpected
abilities in LLMs, aptly termed "emergent capabilities" [39]. These capabilities tend
to emerge unpredictably when language models reach a critical size and go beyond
traditional language understanding and generation tasks [73, 2, 39]. These capa-
bilities range from language translation to creative writing, and are not explicitly
taught but rather evolve as a byproduct of the model’s proficiency in predicting
what comes next in the data. Such phenomena highlight the profound impact of
pre-training, as it not only equips LLMs with a broad understanding of language
but also enables them to adapt this knowledge creatively to new tasks, often with
minimal additional input [72].

In essence, pre-training sets the stage for the remarkable abilities exhibited by LLMs,
embedding within them a deep, albeit abstract, understanding of language that
forms the foundation for their advanced computational abilities. As the field pro-
gresses, optimizing the pre-training process remains a pivotal area of research,
promising even greater advances in the capabilities of these linguistic giants. Fig-
ure 2.1 illustrates a chronological representation of LLMs with a model size sur-
passing 10 billion parameters and developed post 2022. This figure provides a
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comprehensive overview of the recent progress made in the development of LLMs.
As highlighted in Figure 2.1, many of these LLMs have been released under open-
source licensing, fostering the democratization of AL
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FIGURE 2.1: A timeline of recent LLMs with +10 billion parameters [80].

2.2.2 Generative Artificial Intelligence

The generative capability of LLMs, which allows them to predict the subsequent
word based on preceding words positions them in the field of Al known as gener-
ative AI [76]. Generative Al focuses on developing models and algorithms that can
generate new content. Atits core, LLMs are primarily trained to perform generation
tasks [12]. However, with the introduction of a small labelled dataset, LLMs can be
adapted to specialise in a range of NLP tasks, including sentiment analysis [77]. The
general-purpose nature of LLMs has made them widely adopted in various indus-
tries and applications. One of the key advantages of foundational models like LLMs
is their flexibility in adaptation to various specialized tasks [14]. Once these models
have undergone training, they possess the capability to be modified and fine-tuned
repeatedly, allowing them to effectively address a variety range of specific tasks and

domains [14].
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2.3 The Transformer Model Architecture

The substantial success achieved in generative Al can largely be attributed to the
utilization of transformer-based architectures [76]. The transformer architecture lies
at the heart of nearly all recent advancements in NLP. This innovative architecture
has revolutionized the field of generative Al by addressing several key challenges
in sequence modelling. Traditional recurrent neural networks faced limitations in
capturing long-term dependencies and parallel processing due to their sequential
nature [68]. The transformer model is an innovative type of encoder-decoder model
that leverages self-attention mechanism to model the connection among words in a
sequence [70, 43, 55]. The attention mechanism empowers the model to assign vary-
ing degrees of importance to individual words based on their contextual relevance
[70]. Transformer-based models can be classified into three categories based on
their architecture: encoder-only, decoder-only, and encoder-decoder models. Each
of these architectures serves different purposes and excels in distinct areas of appli-
cation. The orginal transformer model utilised an encoder-decoder architecture as

seen in Figure 2.2.

2.3.1 Encoder-only Transformer Architecture

The encoder consists of two components: a multi-head self-attention mechanism
and a dense feed-forward layer. The input words are converted to vectors of a
specified dimension using an embedding algorithm prior to being fed to the en-
coder [70]. The input word embeddings are also positionally encoded by adding
a vector to each input embedding. Positional encoding is used to account for the
order of the input words. The input word representation is channeled through the
multi-head self-attention mechanism, enabling it to consider the contextual infor-
mation from other words in the input sequence to determine how much attention
it should pay to other words in the sequence [70]. This is essential in generat-
ing better encoding for that particular word vector. To calculate the self-attention
score, three vectors are derived from each input vector of the encoder. The three
representational vectors of the input are query (Q), key (K) and value (V). The

self-attention score is calculated as Attention(Q, K, V) = sof tmax((\g/—IZ_T)V, where dj
k
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FIGURE 2.2: The transformer model architecture [70]
represents the dimension of the new vectors.

The self-attention layer in the encoder is called multi-head self-attention because
the self-attention score is calculated multiple times with different weight matrices
to improve the performance of the attention layer [45, 21]. This implies that each
head acquires distinct information regarding a given sequence, and this knowledge
is consolidated at the final stage. Subsequently, following the training phase, each
head is employed to map the input embedding into a distinct representation sub-
space [70]. Equation 2.1 is the equation for multi-head self-attention where WY is
the weight matrix.

MultiHead(Q, K, V') = Concat (heady, ..., head;, ) W° (2.1)
where head; = Attention(QWiQ, KWK, viwY)

The fully-connected feed-forward sub-layer in the encoder processes the output
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from the self-attention layer (attention vectors), and transforms them to a format
that is acceptable to the next decoder layer [21]. The feed-forward layer consists of
two linear transformers with a ReLU activation in between [45]. The feed-forward
network can be represented as FFN (x) = max(0, xWy + by)W, + b, where W and b
are the weights and biases respectively. Every sub-layer in the encoder is followed
by a normalization layer. The output from each sub-layer is normalized to effec-
tively restrain the extent of the value variation within a specific layer which results

in enhanced convergence speed of the model [70].

Encoder-only models, exemplified by Bidirectional Encoder Representations from
Transformers (BERT), leverage bidirectional self-attention, enabling them to under-
stand the context of each word in a sentence fully [50]. This architecture excels in
discriminative tasks where the goal is to classify or identify elements within the in-
put text rather than generate new text [77]. The success of encoder-only models in
natural language understanding (NLU) tasks can be attributed to their training ap-
proach, notably the Masked Language Model objective. This pre-training method,
where random words in a sentence are masked and the model predicts them based
on context, helps in developing a profound understanding of language nuances.
Despite their strengths in NLU, encoder-only models are inherently limited in text
generation tasks due to their bidirectional nature, which focuses on understanding

rather than producing text [77].

2.3.2 Decoder-only Transformer Architecture

In the transformer model structure, the decoder resembles the encoder but includes
an additional masked multi-head self-attention component, which makes a total
of three sub-layers in the decoder. Masked multi-head self-attention is a variant
of the self-attention mechanism where certain elements of the attention matrix are
masked to limit the model’s access to certain information during training [45]. This
masking is applied to enforce causality, ensuring that the model attends only to

previous positions and avoids information leakage from future positions [70, 21].
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In contrast, decoder-only models, such as GPT, adopt a unidirectional, autoregres-
sive approach where each subsequent word is predicted based on the preceding
context [79]. This architecture is highly effective for natural language generation
(NLG), allowing for the creation of coherent and contextually relevant text sequences
[79]. The unidirectional characteristic ensures a flow that mimics human language
production, making it particularly suited for tasks like content creation, storytelling,
and conversational AL. However, the generative prowess of decoder-only models
comes at the cost of the deep contextual understanding provided by bidirectional

encoder models [79].

2.3.3 Encoder-Decoder Transformer Architecture

Encoder-decoder models combine the strengths of both worlds, using an encoder
to understand the input text and a decoder to generate output text. This archi-
tecture is ideal for sequence-to-sequence tasks such as translation and summariza-
tion, where the relationship between the input and output text is complex and re-
quires both deep understanding and coherent generation capabilities [15]. Models
like T5 and its FLAN-T5 variant have pushed the boundaries of what’s possible
with encoder-decoder architectures, adopting innovative training strategies such as

sequence to sequence MLM.

Interestingly, the versatility of encoder-decoder models has also been demonstrated
in non-autoregressive applications, where they outperform other architectures in
certain NLP tasks by generating entire sequences in parallel rather than one token at
a time [19]. This approach combines the efficiency of encoder models with the gen-
erative flexibility of decoder models, offering an effective tool for a broad spectrum
of applications [64, 15].

The transformer architecture stands out as an efficient neural network architec-
ture that offers remarkable scalability and easy parallelization primarily due to
its unique self-attention mechanism. This unique design allows for seamless ex-
pansion and improved computational efficiency in processing large-scale datasets.

Transformers have demonstrated exceptional effectiveness, positioning them as a
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general-purpose architecture widely utilized in multi-modal applications spanning

text, images, audio, video and even cross-modal domains [62, 77].

2.4 Transfer Learning

Transfer learning is among the most impactful concepts in deep learning and refers
to the process of leveraging knowledge acquired from pre-training on a generic
large-scale dataset to initialise a model for a target task [77]. In the realm of NLP,
pre-trained LLMs capture general language patterns and semantic representation
that possess transferability across diverse downstream tasks [47]. Leveraging a
pre-trained model weights as a starting point to building a customized model has
proven to be superior in terms of modelling performance and modelling efficiency
as compared to building a model from scratch [14, 47]. There is no criteria to de-
termine how well transfer learning will work, however, in general the target task
and target domain must be related to the data and task the pre-trained model was
trained on [64].

2.5 Fine-Tuning

Fine-tuning is employed to facilitate the efficient transfer of knowledge from pre-
trained models to specific tasks. It involves taking a pre-trained model and adapt-
ing it to a specific task by further training it on a task-specific dataset. During
fine-tuning, the model’s parameters are updated using a smaller labelled dataset
related to the target task. This process allows the model to refine its represen-
tation and learn task-specific patterns [54]. When deploying pre-trained LLMs
in specialized fields such as law and finance, the model performs poorly and is
therefore worthwhile to fine-tune the model on a domain-specific dataset [77].

Figure 2.3 illustrates the three most popular model adaptation methods. In the
feature-based approach, the pre-trained model weights are kept frozen and used



21

FEATURE-BASED APPROACH PARTIAL LAYER FREEZING FULL FINE-TUNING
Labeled training set Labeled training set Labeled training set
5 Voo '
Pretrained Pretrained Pretrained
transformer Keep frozen transformer Keep frozen transformer
- I — — Update
/ all layers
Output l i lr s l
embedding
Classifier Update / Update
) One or more ) J

fully connected layers

FIGURE 2.3: Pre-trained model adaptation methods [36]

as input features to train a classification model. In the partial layer freezing ap-
proach, the final layer of the pre-trained model, known as the model head, is sub-
stituted with one or more task-specific layers or adaptation modules are inserted
within the layers of the transformer, while the weights of the base model remain
fixed. With full parameter fine-tuning, all layers of the model are updated. Full
fine-tuning of a pre-trained LLM is the gold standard approach for adapting a
model to a new target task [36, 37]. However, it is computationally expensive
and time consuming to update all weights of LLMs as illustrated in Figure 2.4.
Figure 2.4 aligns with the common understanding that fine-tuning more layers

typically leads to improved performance, but it comes with increased costs [37].
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>
Faster Training efficiency Slower

FIGURE 2.4: Modelling performance vs training efficiency of adapta-
tion mechanisms.
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2.6 Parameter-Efficient Fine-Tuning

In the past few years, substantial advancements have been made by researchers
in the development of techniques for fine-tuning LLMs in a computationally ef-
ficient manner without sacrificing on modelling performance. These techniques
are known as PEFT. PEFT methods enable efficient adaption of pre-trained LLMs
to downstream tasks by adding a small set of weights to the pretrained LLM and
only fine-tune the newly added weights while the weights of the pre-trained LLM
remain frozen [20, 36]. This approach results in major savings in computational
and storage costs [12]. According to Ding et al. [20], PEFT techniques can achieve
performance levels that are comparable to those achieved through full fine-tuning.

Figure 2.5 shows the PEFT techniques taxonomy. PEFT techniques can be catego-
rized into three main classes: addition-based, selection-based and reparameterization-
based. Under the addition-based methods, we can further categorize them into
two major groups: adaptor-like methods and soft prompts. PEFT techniques were
developed based on the observation that earlier layers in pre-trained LLMs learn
generic linguistic patterns that are applicable across various tasks while later layers
tend to capture more task-specific patterns [43]. The later layers therefore undergo
significant changes while earlier layers remain relatively stable during full fine-
tuning [60]. PEFT techniques have produced state-of-the-art results, enabling fine-
tuning of LLMs on devices with limited computational power [20]. The most no-
table ones are prompt tuning, prefix tuning, adapter tuning and low-rank adapta-
tion (LoRA). Further elaboration on these techniques is provided in the subsequent

subsections.

2.6.1 Prompt tuning

Prompt tuning represents an innovative approach for fine-tuning LLMs for spe-

cific tasks, leveraging the concept of soft prompts which are learnable tensors that
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are concatenated with the input embeddings. Prompt tuning inserts trainable vec-
tors at the beginning of the input sequence only at the embedding layer, with-
out altering the model’s deeper layers as shown in Figure 2.6 [20]. Unlike tra-
ditional prompts that involve prepending text with specific instructions or exam-
ples, soft prompts are not directly interpretable by humans since they do not cor-
respond to real-world tokens but rather serve as virtual tokens optimized during
training [39]. This method preserves the original model parameters, focusing up-
dates exclusively on the soft prompt embeddings through backpropagation, which

makes it a more parameter-efficient alternative to full model fine-tuning.

A crucial aspect of prompt tuning is its initialization strategy, which significantly af-
fects performance, especially in low-data scenarios. Initializing these soft prompts
with the activations of real words, rather than randomly, has shown to enhance the
model’s ability to generate more relevant outputs [48]. This strategy aligns with
the objective of maintaining the integrity of the pre-trained model’s knowledge
while enabling it to adapt to new tasks. The scalability of prompt tuning, as ob-
served by recent studies, suggests that its performance can rival that of traditional
fine-tuning methods, particularly in models with over 10 billion parameters [20].
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Despite its efficiency and the reduced risk of overfitting, prompt tuning is not with-
out challenges. It tends to converge slower than other tuning methods, which can
make optimization more difficult in practice [39]. However, its ability to improve
language model performance on natural language understanding tasks, combined
with the computational and memory efficiencies it offers, makes it a valuable tool

in the evolving landscape of model adaptation.
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FIGURE 2.6: Prompt tuning incorporated into the transformer archi-
tecture [48]

2.6.2 Prefix tuning

Introduced by Li and Liang in 2021 [41], this technique innovates by appending
task-specific trainable vectors, referred to as prefixes, not only to the input layer but
across all layers of the transformer model [41]. These prefixes are integrated into
the key and value matrices of the model’s self-attention mechanism as in Figure
2.7, providing a task-relevant context that guides the model towards generating
desired outputs [41]. Distinctively, prefix tuning diverges from direct manipula-
tion of soft prompts. It employs a separate bottleneck feed-forward neural network
(FFN) to optimize these prefix parameters, thereby circumventing the training in-
stabilities and performance degradation associated with direct training through the
reparameterizion of the prefix vectors [20]. After the optimization process, this FFN
can be discarded, leaving the optimized prefixes to influence the model’s behavior.
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By keeping the bulk of the LLMs parameters frozen, prefix tuning introduces a mi-
nuscule fraction of new, trainable parameters into the model. Despite learning only
about 0.1% of the total parameters, this method achieves performance comparable
to full model fine-tuning in comprehensive data settings, and notably surpasses it in
scenarios characterized by data scarcity or when extrapolating to unobserved topics
[20]. Such efficiency is attributed to the method’s ability to finely adjust the model’s
focus and processing through the nuanced steering provided by the prefix param-
eters. The length of the prefix plays a critical role in the tuning process, with em-
pirical evidence suggesting that there exists an optimal prefix length beyond which
performance may plateau or slightly decline [41]. This balance underscores the nu-
anced relationship between the amount of introduced task-specific information and
model performance.

Despite its advantages, prefix tuning is not devoid of challenges. Its optimization
process can be complex, necessitating experimentation with various parameters to
achieve the best results [56]. Moreover, the introduction of prefixes reduces the
available sequence length for actual input data, potentially limiting the model’s
capacity to handle longer inputs.
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FIGURE 2.7: Structure of prefix tuning [56]
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2.6.3 Adapter tuning

Adapter tuning has emerged as an innovative and lightweight approach to cus-
tomizing pre-trained networks for specific downstream tasks without the need for
comprehensive retraining of the entire model. By integrating small, fully con-
nected networks known as adapters between the sub-layers of transformer mod-
els as shown in Figure 2.8, this method achieves notable performance enhance-
ments while tuning fewer than 5% of the total model weights [30]. The essence
of adapter tuning lies in its ability to introduce architectural modifications that
repurpose a pre-trained network, focusing solely on the new parameters intro-
duced by the adapters while keeping the original LLM parameters frozen [26].
This strategy not only preserves the model’s acquired knowledge but also ensures

a minimal addition of parameters, making it a highly memory-efficient solution.

The core architecture of these adapters incorporates a bottleneck design, which sig-
nificantly reduces the dimensionality of the input features before applying a non-
linearity and projecting them back to their original dimension. This process, cou-
pled with an internal skip-connection within each adapter module, allows for an
effective balance between performance and parameter efficiency [56]. The skip-
connection plays a crucial role, ensuring that the adapters can function as an ap-
proximate identity when their parameters are near-zero at initialization, thus pre-
serving the integrity of the original input while introducing task-specific adapta-
tions [30]. Originating from the pioneering work of Houlsby et al. [26], the adapter
tuning method has been refined to include not just the bottleneck structure but also
specific layer normalization parameters trained for each task. The Houlsby adapter
configuration places two adapters in the sublayers of the transformer as shown in

Figure 2.8.

Despite introducing additional parameters, the adapter method stands out for its
computational efficiency, training can be up to 60% faster than traditional fine-
tuning methods, with only a marginal slowdown during inference [24]. This ef-
ficiency, combined with the method’s parameter and memory efficiency, positions
adapter tuning as a formidable approach for customizing pre-trained models in

a resource-constrained environment, allowing for rapid adaptation to new tasks
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while leveraging the foundational knowledge embedded within large-scale pre-

trained networks.
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FIGURE 2.8: Adapters incorporated in the transformer architecture us-
ing the Houlsby adapters configuration [26]

2.6.4 Low-rank adaptation

Developed by Hu et al., LoRA fundamentally changes the approach to model adap-
tation by injecting trainable low-rank decomposition matrices into the layers of a
pre-trained model [1]. Figure 2.9 illustrates a schematic representation of LoRA,
showcasing the self-attention layer LoRA configuration which adds LoRA matri-
ces to the self-attention sublayer. This method is predicated on the insight that
pre-trained models, despite their size, operate within a low intrinsic dimension,
meaning that their complexity can be effectively captured using matrices of much
lower rank than initially presumed [1]. At the heart of LoRA is the concept of ma-
trix rank, which signifies the maximum number of linearly independent rows or
columns in a matrix. This concept is crucial because it informs us about the amount
of unique information or the dimensionality of the space spanned by the matrix
[83]. LoRA leverages this by approximating the weight adjustments needed dur-

ing fine-tuning as the product of two smaller matrices (W, and Wp), significantly
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reducing the number of parameters required for effective fine-tuning. The rank r
becomes a critical hyperparameter in this setup, dictating the degree of approx-
imation and the balance between model complexity and training efficiency [18].
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FIGURE 2.9: Low-rank adaptation incorporated in the transformer ar-
chitecture using the self-attention layer LoRA configuration [71]

LoRA does not merely offer a theoretical advantage but has practical implications
for model performance and efficiency. It allows for the fine-tuning of LLMs with
minimal increases in parameter count, ensuring that the fine-tuned models are
not only effective but also efficient and adaptable. This is particularly beneficial
when deploying models in resource-constrained environments or when fine-tuning
across multiple tasks, as LoRA’s approach significantly lowers the hardware re-
quirements without sacrificing model accuracy [19]. Moreover, LoRA’s design is
such that it introduces no additional inference latency [18]. The low-rank matri-
ces can be seamlessly integrated with the pre-trained model’s existing weights,
ensuring that the enhanced model can be deployed without any compromise on
performance speed [27]. This aspect is critical for applications requiring real-time

processing and responsiveness.



29

Chapter 3

Research Methodology

This Chapter presents the research approach used in conducting the study. It out-
lines the step-by-step approach taken to address the research objectives and answer
the research questions. Through a systematic and rigorous process, this research
methodology aims to ensure the reliability, validity, and reproducibility of the find-
ings. Each aspect of the methodology is described in detail, shedding light on the
rationale behind the chosen techniques and tools. Moreover, potential limitations

are also addressed to uphold the integrity of the study.

3.1 Research Design

In this section, we provide an outline detailing the implementation process for all

the models under consideration. The steps taken are as follows:

1. Dataset preprocessing: Preprocess the dataset by tokenizing and encoding the
phrases, and padding, adding attention masks and converting the sentiment

labels into numerical values.

2. Dataset splitting: Split the preprocessed dataset into training, validation, and
test sets.

3. LLM fine-tuning using PEFT techniques: Initialize the LLMs with the pre-
trained weights and incorporate PEFT techniques for model adaptation.

4. Benchmarking using established adaptation methods: LLMs fine-tuning us-
ing full parameter fine-tuning, model head (last layer) fine-tuning and zero-

shot learning (no fine-tuning).
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5. Evaluation: Evaluate the efficiency of the fine-tuning process, and the model

performance using evaluation metrics.

6. Analysis and Iteration: Analyse the results and performance of the fine-tuned
LLMs. Iterate and further fine-tune the models, performing hyperparameter

tuning.

3.2 Data and Data Preprocessing

3.2.1 Data Description

Knowledge-intensive tasks heavily rely on general real-world knowledge and domain-
specific expertise and necessitate proficient memorization and effective utilization
of domain knowledge. LLMs were fine-tuned using the financial phrasebank dataset
for a sentiment analysis task, aiming to thoroughly assess the encoded knowledge
within the LLMs. This dataset consists of sentences from financial news categorised
by sentiment. The dataset serves as a benchmark to assess the effectiveness of sen-
timent models specifically designed for economic texts. The financial phrasebank
dataset [52] is publicly available and was retrieved from the HuggingFace Hub .
The dataset consists of 4846 sentences labelled as either negative, positive or neutral
sentiment. The class distribution of the labels is shown in Figure 3.1. The percent-
age for neutral, negative and positive labels are 59%, 28% and 13% respectively. The
data exhibits an imbalance in the distribution of the sentiment polarity. Stratified
sampling was performed when splitting the dataset, ensuring an adequate repre-
sentation of each sentiment type. Figure 3.2 shows the distribution of sequence
length of sentences in the dataset. The maximum sequence length is 81 while the

minimum sequence length is 2.
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3.2.2 Data Preprocessing
3.2.2.1 Tokenization and Encoding

The text in the dataset was tokenized and encoded into numerical representations
that can be understood by the model. Pre-trained LLMs have their own built-in-
tokenizers specifically designed to work with the model’s vocabulary and architec-
ture [23]. The tokenizers of the employed LLMs are based on the byte-pair encod-
ing (BPE) and SentencePiece tokenizers. The BPE method breaks down texts into
tokens by iteratively merging the most frequent occurring pairs of characters. Sen-
tencePiece method breaks down texts into smaller units by taking into account the
position of words in a sentence and the meaning of the words [15, 79]. These tokens

were then encoded into unique integers based on the model’s vocabulary.

3.2.2.2 Batch processing and Padding

The sequence length of the sentences in the dataset varies as shown in Figure 3.2.
The input sequences need to be of the same length to allow for parallel processing
and optimised memory usage during training [76]. The self-attention mechanism

in transformers is quadratically expensive in terms of the sequence length of the
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inputs [43]. However, the sequence length should not be too small as the model
will only be able to see a shorter sequence of tokens, which can limit its ability to
learn long-range dependencies [1]. To optimize memory usage and computational
efficiency, batch processing and padding were employed. A batch size of 8 was
utilized, with dynamic padding employed for padding purposes. With dynamic
padding the max_length hyperparameter in a batch is determined by the longest
sequence in the batch. If the length of a sequence subceeds the max_length, it will
be padded with special tokens to reach the max_length.

3.2.2.3 Attention Mask

Attention masks were added to the padded sequences to guide the model’s atten-
tion mechanism. Attention masks are binary masks that indicate which tokens
should be attended to and which tokens should be ignored. Given that we have
input sentences with different sequence length, attention masks help identify ac-
tual content of each sequence while distinguishing it from the padding tokens used
to equalize the sequence lengths.

3.2.2.4 Sentiment Label Encoding

The financial phrasebank dataset has categorical sentiment labels. The categorical
labels were converted into unique integers in line with the vocabulary of the model.

3.3 Methods

3.3.1 Training, Validation and Test Split

The dataset was split into 70% training set, 15% validation set, and 15% testing
set. The aforementioned split ratio is commonly used for evaluating model per-
formance and efficiency. The training set was used for fine-tuning the pre-trained
model, the validation set was used for hyperparameter tuning and early stopping,
and the test set was used to evaluate the final performance. Hyperparameter tun-
ing aims to optimise the model’s generalization and improve its performance on

unseen data. The early stopping technique safeguards against overfitting of the
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model to the training data by halting the training process when the model no longer

demonstrates improvement on the validation data.

3.3.2 Pre-trained Models

The rapid expansion of the LLM ecosystem provides us with an abundance of op-
tions when seeking to adapt an LLM to a downstream task. The choice of pre-
trained LLM significantly impact the performance of parameter-efficient adapta-
tion methods [80]. This can make it difficult to find the best settings for your
dataset and task. The suitability of an LLM to perform a particular task is de-
termined by various factors, including its model architecture, pre-training objec-
tive and data, and model size [76]. To effectively adapt LLMs for downstream
tasks it is essential to comprehend their capabilities and limitations across vari-
ous NLP tasks. While many LLMs are constructed using the decoder-only trans-
former architecture, there is currently no formal study that provides theoretical
evidence of its superiority over other transformer architectures. Considering ar-
chitectural diversity is crucial as it helps in understanding how different model
designs interact with parameter efficient fine-tuning methods and how these in-

teractions impact the model’s performance when adapted to a specific task [80].

Decoder-only transformer-based LLMs are generative LLMs as they are pre-trained
using the autoregressive language model (ALM) approach, in which the models
are trained by predicting the subsequent word in a sequence based on the pre-
ceding words. Generative LLMs are designed to understand the overall data dis-
tribution and perform well at natural language generation (NLG) tasks. These
models learn the joint probability distribution of both the input data and the tar-
get output, making decoder-only transformer models simple but powerful [79].

While decoder-only transformer-based architectures have their benefits, encoder-
only LLMs have also found success in many NLP tasks. Unlike decoder-only LLMs
which are generative models, encoder-only models are discriminative models pre-

trained using the masked language model (MLM) approach where masked tokens
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in a sequence are predicted while considering the surrounding context [23]. Dis-
criminative LLMs are designed to learn the conditional probability distribution of
the output variables given the input variables [22]. Encoder-only LLMs are not
text-to-text models like decoder-only models, and therefore can only produce a
vector representation capturing the meaning and context for each word in a given
text. The MLM training paradigm allows the model to gain a deeper understand-
ing of the connections between words and their contextual usage, making them
ideal for natural language understanding (NLU) tasks such as text classification
[80]. Yang et al. [76] observed that models trained using the masked language
model training excel on natural NLU tasks as compared to most autoregressive

language models of equivalent scale.

The encoder-decoder transformer-based models are mainly pre-trained using the
MLM objective. They are trained to learn both joint and conditional distributions
over the input and output text as they are composed of both the encoder and de-
coder [64]. What sets the encoder-decoder transformer apart from encoder-only
and decoder-only models is its capability to learn both joint and conditional distri-
butions over training inputs, contributing significantly to its remarkable power. The
encoder-decoder LLMs are therefore both a NLU and NLG model. Raffel et al. [64]
found that employing a encoder-decoder transformer model architecture yielded
good results in both NLU and NLG tasks.

Due to the limited existing literature that compares the different transformer-based
LLM architectures and their pre-training strategies for parameter-efficient adapta-
tion to specific tasks, we conducted a comparative analysis using LLMs built upon
the three distinct transformer architectures. The selection of LLMs was based on
several criteria, including performance on benchmarks such as the Massive Mul-
titask Language Understanding (MMLU) and General Language Understanding
Evaluation (GLUE), open-source licensing allowing commercial use, fine-tunability,
model size, and out-of-the-box quality. The LLMs employed are Robustly Op-
timized BERT approach (RoBERTa) [50], Fine-tuned LAnguage Net Text-To-Text
Transfer Transformer (FLAN-T5) [15] and Open Pre-trained Transformers (OPT)
[79]. Motivated by the study conducted by Ding et al. [20], that found that applying
lightweight adaptation methods to smaller scale LLMs can result in performance
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levels comparable or even superior to that of large scale LLMs. We used smaller ver-
sions of the LLMs also taking into account our limited computational resources. Ta-
ble 3.1 gives a summary of the LLMs that were employed, showing their model size,
architecture, training objective, vocabulary size, context length and dataset size
used for pre-training. The capacity of an LLM is a dynamic interplay between these
factors. The models fall within a similar scale range, and their pre-training utilised
a diverse generic dataset consisting of billions of tokens making them general-
purpose models.

TABLE 3.1: Comparative overview of hyperparameters utilized in the
pre-training of RoBERTa-large, FLAN-T5-base and OPT-350 models

RoBERTa-large = FLAN-T5-base OPT-350

Model size 355M 248M 350M
Model Architecture encoder-only  encoder-decoder decoder-only
Pre-training strategy MLM MLM ALM
Pre-training data size =~ 160B tokens 34B tokens 180B tokens
Vocabulary size 50K 32K 50K
Context length 512 512 2048

3.3.3 Incorporating PEFT Techniques in Fine-Tuning LLMs

The rapid development of LLMs has led to extensive research of efficient adap-
tation strategies for transformer-based language models. Numerous lightweight
adaptation methods have been proposed as shown in Figure 2.5. To date, there
still exists a void in comprehensive investigation regarding the impact of various
efficient tuning methods on LLMs pre-trained under diverse settings. Although
PEFT methods have demonstrated effectiveness, the essential factors for achiev-
ing success and the relationship between different methods remain poorly com-
prehended, and the interconnections among these methods remain ambiguous.
Lee et al.[37] found that the performance of PEFT methods varies across differ-
ent distribution shifts between the source and the target domains. Additionally,

the study [37] revealed that an increase in the count of trainable parameters does
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not necessarily lead to improved performance. Given the aforementioned, we em-
ployed four PEFT methods, each introducing distinct modifications to the trans-
former architecture. The PEFT methods are prompt tuning, prefix tuning, adapter
tuning and low-rank adaptation (LoRA). We further explored various configur-
ations of these methods as summarized in Table 3.2.

TABLE 3.2: PEFT methods and their configurational variants

PEFT Method  Configuration

Initializing prompt with own text
Random prompt initialization
Initializing prompt with LLM tokens
No reparameterization

Prompt Tuning

Prefix Tuning

Reparameterization

Pfeiffer adapter [61]
Adapter Houlsby adapter [26]

Parallel adapter [30]
LoRA Self-attention layer LoRA

Feed-forward layer intermediate weights LoRA
Feed-forward layer output weights LoRA

The selected methods fall under the categories of prompt-based (prompt tuning
and prefix tuning), adapter-based (adapter tuning), and reparameterization-based
(LoRA) PEFT methods. Although these techniques introduce unique designs for the
structure and placement of trainable parameters in pre-trained LLMs, during adap-

tation, only a small added subset of trainable parameters are tuned.

Prompt-based tuning methods are relatively new, inspired by the success of prompt
engineering where input prompts are designed and formulated for a language model
in order to guide its generation of desired responses [39]. Prompt tuning and prefix
tuning add tunable prompts to the input layer and hidden layers respectively, and
exclusively fine-tune these tunable prompts for downstream tasks. In contrast to
prefix tuning, which appends trainable prefixes to every intermediate transformer

layer, prompt tuning does not modify the internal structure of the transformer [78].
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Instead, prompt tuning appends external prompt text to the input sequence to pro-
vide additional context to guide the language model’s behaviour for the specific
task [41].

Prompt tuning was utilized with three distinct configurations, each varying in how
the appended prompt to the input sequence is initialized. First approach we initial-
ized the prompt using our own text, we experimented with different prompts that
provides context to the model about the type of task it is expected to perform. In
the second approach, we used random prompt initialization. In the third approach,
the prompt was initialized using the LLM’s tokens, tokens are selected from the
model’s vocabulary in sequential order, starting from the first word in the vocabu-

lary.

In our implementation of prefix tuning, trainable prefix vectors were added to both
the Key matrix and the Value matrix in the transformer’s self-attention layer. The
prefix vectors were optimized either directly (no reparameterization) or indirectly
(reparameterization) using a separate feed-forward network with a bottleneck ar-
chitecture. The feed-forward network was discarded after updating the prefix vec-
tors.

Adapter-based methods introduce small-scale neural modules called “adapters”
into the transformer layers and solely fine-tune these adapters for model adap-
tation [43]. For implementing the adapter module, a bottleneck architecture was
employed. This architecture initially reduces the dimension of the original feature
vector and subsequently restores it to its original dimension. This enables their in-
sertion into the network without requiring any extra alterations to the structure or
parameters of the pre-trained model. The placement of adapters is an active area of
research, for this work we implemented the Pfeiffer, Houlsby and Parallel adapter
configurations. The Houlsby adapter configuration places an adapter in each of the
core parts of the transformer architecture, one after the multi-head self-attention
sublayer and the other after the feed-forward network sublayer as shown in Figure
2.8. This configuration is inspired by the work of Housby et al. [26]. The Pfeiffer
adapter configuration, as proposed by Pfeiffer et al. [61], is similar to the Houlsby
adapter configuration but integrates an adapter layer solely after the feed-forward



38

layer within each transformer sublayer. The Parallel adapter configuration, as pro-
posed by Hu et al. [30], places two adapter layers in parallel to the multi-head
self-attention sublayer and feed-forward network sublayer as illustrated in Figure
3.3. In our implementation, we sought to minimize the number of added adaptation
parameters by including only one adapter, which runs parallel to the feed-forward
network sublayer.
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FIGURE 3.3: Parallel adapters configuration [56]

LoRA is a reparameterization-based method that enables efficient adaptation by
decomposing the original weights of the pre-trained LLM into low-rank tunable
matrices [27]. Trainable low-rank decomposition matrices are incorporated into the
existing layers of pre-trained LLMs, while the original LLM parameters remain un-
changed. Three variations of LORA were implemented, each differing in the pa-
rameters of the transformer that are decomposed into lower ranks. In the first
approach, the "Self-Attention Layer LoRA", the query and value matrices within
the self-attention sublayer were decomposed, as depicted in Figure 2.9. The sec-
ond implementation, "Feed-Forward Layer Intermediate Weights LoRA", involved
decomposing the intermediate weights of the feedforward sublayer. In the third
approach, "Feed-Forward Layer Output Weights LoRA", the output weights of the
teed-forward sublayer were decomposed.
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3.3.4 Model Training

Parameter-efficient fine-tuning techniques (prompt tuning, prefix tuning, adapter
tuning and LoRA) were employed to fine-tune the LLMs. The models were fine-
tuned by adjusting the extra added PEFT parameters using backpropagation and
gradient decent while the base model was kept frozen. During training, the gradi-
ents flow through the network, and the extra added parameters get updated itera-

tively to minimize the loss function. Each model was trained once.

TABLE 3.3: Hyperparameters used for fine-tuning OPT model with

LoRA
OPT model
Hyperparameter Low-rank adaptation
Attention weights FFN intermediate weights FFN output weights
LoRA rank 18 5 41
LoRA dropout 0.1 0.1 0.1
LoRA alpha 32 32 32
Batch size 8 8 8
Epochs 3 3 4
Learning rate (LR) 0.0001227 0.00008069 0.0001569
LR Scheduler warmup LR warmup LR warmup LR
Warmup ratio 0.03560 0.03778 0.08630
Optimizer AdamW AdamW AdamW
Loss cross-entropy cross-entropy cross-entropy
Dropout 0.1 0.1 0.1

3.3.4.1 Hyperparameter Tuning

Table 3.3 summarises the hyperparameters that were utilized to fine-tune the OPT
model with LoRA. The hyperparameters for the remaining PEFT methods are avail-
able in Appendix B. Prompt tuning and prefix tuning utilize the number of virtual
tokens hyperparameter, adapters employ the bottleneck dimension hyperparame-
ter, and LoRA utilizes the LoRA rank, LoRA alpha, and LoRA dropout hyperpa-
rameters. The LoRA alpha and dropout were set at 32 and 0.1, respectively, in line
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with the recommendations from the original LoRA paper [27]. To identify the op-
timal hyperparameter configurations for training the LLMs, we utilized the Hyper-
Opt Tree of Parzen Estimators (TPE) search algorithm in conjunction with an Asyn-
chronous Successive Halving (ASHA) trial scheduler. The HyperOpt algorithm sys-
tematically explores the hyperparameter space, searching for the best combinations
by examining more hyperparameters and wider ranges. Meanwhile, the ASHA
scheduler has the capability to terminate, pause, or adjust the hyperparameters of
ongoing trials as needed. Figure 3.4 illustrates a virtual representation of the hy-
perparameter search process for fine-tuning the OPT model using LoRA. Fractional
GPU utilization was employed to concurrently execute multiple trials on a single
GPU, thereby conserving resources.
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FIGURE 3.4: Hyperparameter search using HyperOpt algorithm with
ASHA scheduler

3.3.5 Hardware, Libraries and Software

The model training and analysis were conducted in Python 3, utilizing Google Co-
lab powered by an Intel Xeon CPU (13 GB RAM) and a NVIDIA Tesla K80 GPU (12
GB VRAM). All models were implemented using open-source transformers and
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PyTorch libraries. The transformers library facilitated dataset loading, pre-trained
model loading, and data tokenization. PyTorch was employed for model train-
ing. Model performance evaluation utilized scikit-learn, while pandas was uti-
lized for data manipulation. Visualizations were created using seaborn and mat-
plotlib. The various PEFT methods were implemented using Peft, opendelta, and
adapter-transformers libraries. Hyperparameter tuning was performed using the

Ray Tune library, while artifacts were logged using the weights and biases library.

3.4 Analysis

3.4.1 Benchmark

To assess the effectiveness of fine-tuning LLMs using PEFT techniques, a bench-
mark for comparison was established. We conducted tests using established fine-
tuning methods and traditional NLP algorithms also presenting outcomes obtained
from previous studies. Table 3.4 outlines the benchmark methods utilized. Full
fine-tuning represents the current standard for LLM adaptation, and we leveraged
this approach as the baseline method. Additionally, we employed model head fine-
tuning, focusing on adapting only the last layer of the model. This method is known
for its efficiency, as it updates only a few parameters of the model. Furthermore, we
conducted out-of-the-box usage of the LLM by performing inference without any
fine-tuning in a zero-shot setting, also referencing existing literature for compari-
son. This approach provides insight into the extent to which pre-training enhances
the performance of our model in the baseline configuration. Lastly we presented re-
sults from prior studies that employed traditional NLP algorithms (LSTM), aiming
to ascertain whether it is justifiable to utilize LLMs considering the significant costs
associated with fine-tuning them. Insights from prior research were instrumental

in evaluating and contextualizing the results obtained in this study.
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Benchmark Methods

Full fine-tuning

Model head (last layer) fine-tuning
No fine-tuning (zero-shot learning)
Traditional NLP algorithms (LSTM)

TABLE 3.4: Benchmark methods

3.4.2 Evaluation Metric

In parameter-efficient fine-tuning of LLMSs, there is a trade-off between efficiency
and modelling performance. Achieving a balance between these factors ensures
that the adapted models maintain efficiency without compromising on modelling
performance. In evaluating the modelling performance of the models, accuracy
and Fl-scores were computed. In evaluating the computational efficiency of train-
ing the models, the following evaluation metrics were used: number of trainable
parameters, storage required to save the adaptation parameters, training time and
convergence rate, inference latency and peak GPU memory usage. Table 3.5 sum-

marizes the evaluation metrics employed.

TABLE 3.5: Modelling performance and training efficiency evaluation

metrics.
Modelling Performance Training Efficiency
Accuracy Number of trainable parameters
F1-score Storage size of trainable parameters

Training time

Inference latency
Convergence rate

Peak GPU memory usage

3.5 Limitations

The research methodology employed in this study is subject to certain limitations.
It is worth noting that the scale of the model can significantly impact the perfor-

mance of PEFT techniques. Given the limited resources, the implementation of
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larger and more computationally intensive LLMs is not feasible. As a result, the
study primarily focused on utilizing smaller variants of the models, using smaller
batch sizes and maximum sequence length to overcome hardware limitations and
ensure efficient experimentation. Small-scale LLMs still offer valuable insights and
can demonstrate the general capabilities of the models, it is important to acknowl-
edge that their performance might not fully represent the potential of large-scale
LLMs. It is crucial to consider the limitations arising from hardware constraints
when interpreting and generalizing the findings of this study.
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Chapter 4

Results and Discussion

This chapter presents the results of our investigation into PEFT methods. We present
the results of various aspects of PEFT methods, including modeling performance,
training speed, optimal trainable parameters and their storage size, convergence
rate, inference latency, and GPU memory consumption, providing a detailed dis-
cussion of their performance characteristics. Additionally, the chapter presents
results from literature of the scalability of LLMs and their emergent capabilities
for zero-shot learning, comparing the performance of small-scale fine-tuned LLMs
with large-scale models in specialized domains. Furthermore, it investigates the
effectiveness of model head fine-tuning as a simplified adaptation method in NLP
tasks. Lastly we compared the performance of traditional NLP algorithms with
LLMs. We conclude the chapter with a concise summary of the attained results.

4.1 Knowledge Transfer Efficacy of LLMs through PEFT

techniques

Figure 4.1 illustrates the modeling performance of the employed PEFT methods
and their various configurations in terms of accuracy across three different mod-
els, with full fine-tuning serving as the baseline for comparison. Evaluation of each
PEFT method’s performance on RoBERTa, FLAN-T5 and OPT models revealed con-
sistent performance, ranging from a minimum accuracy of 78% to a maximum of
89%. This suggests the effectiveness of PEFT methods in transferring knowledge
during the fine-tuning process of LLMs pre-trained using different strategies in
terms of transformer architectures. Overall, the OPT model showed the highest
average accuracy when fine-tuned using the different PEFT methods, followed by
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RoBERTa and then FLAN-T5, in line with the combined model size and pre-training
dataset size of each respective model. The results suggest that, contrary to a widely
held belief, discriminative models do not always outperform generative models in
natural language understanding tasks. The observed trend suggests that the LLM’s
capacity and its ability to transfer knowledge are primarily determined by its model
size and the scale of the pre-training data, with the pre-training strategy having a
less significant impact in terms of architecture. However, it is important to note that
this conclusion is based on the results of only three model architectures, and further

research is needed to generalize these observations.

4.2 Comparing the Modeling Performance of PEFT Meth-

ods

LoRA emerged as the top-performing PEFT method in terms of modelling accuracy,
surpassing full fine-tuning for both feed-forward layer intermediate weights and
feed forward layer output weights configurations when applied to the OPT model.
Drawing from our review of existing literature, LoRA is almost always applied us-
ing the self-attention weights LORA configuration which was proposed in the orig-
inal LoRA paper [27]. However, our findings strongly advocate for its utilization
using the feed-forward layer intermediate weights. This deviation from the con-
ventional approach aligns with the common understanding in deep learning that
early layers capture generic linguistic patterns, while later layers specialize in task-
specific features. Indeed, both feed-forward layer intermediate weights and feed-
forward layer output weights LoRA configurations outperform the self-attention
weights configuration. Both these methods inject LoORA modules in the later layers
to the model head.

Adapter tuning emerged as the second-best performing method, matching the per-
formance of full fine-tuning when utilizing the Pfeiffer adapter configuration on
both the RoBERTa and OPT models. Notably, the Pfeiffer adapter configuration
outperforms the pioneering Houlsby adapter configuration, which originally in-
troduced the concept of adapters. Unlike the Houlsby adapter, which inserts an
adapter module after both the self-attention layer and the feed-forward layer, the
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Pfeiffer adapter inserts the module solely after the feed-forward layer. This strategic
placement of the adapter module exclusively at the top layers proves more benefi-
cial, as observed with LoRA as well. Injecting adapter modules solely at the higher
layers yields superior results compared to distributing them across both early and
top layers, which can potentially lead to diminished performance. The results fur-
ther emphasize the intuition that lower layers capture lower general features that
are shared among tasks, while the later layers develop task-specific features. The
parallel adapter configuration falls short of both the Houlsby and Pfeiffer adapter
configurations in terms of modelling performance, highlighting the advantage of

applying adapters in a serial manner.

Prefix tuning secured the third position, achieving the same performance as full
fine-tuning when employing the reparameterization prefix tuning configuration on
the RoBERTa model. Prefix-tuning prepends task-specific trainable prefix vectors
to the key matrix and value matrix in the self-attention layer. Considering the self-
attention layer as the foundational element of the transformer architecture, which
provides it with the capability to capture intricate relationships and nuances within
data, the incorporation of prefix modules in the self-attention layer’s matrix weights
proves to be an efficient strategy for enhancing LLMs. It is more effective to carry
out the optimization of prefix parameters through an independent feed-forward
network (reparameterization), rather than directly adjusting the soft prompts, to
avoid instability and performance degradation. Once the prompts are updated, the

feed-forward network is then discarded.

The performance of prompt tuning fell behind that of the other PEFT methods.
Notably, initializing the prompt with a custom-designed prompt yielded better re-
sults compared to other prompt tuning configurations. The subpar performance
of prompt tuning was expected, as this method introduces no alterations to the
internal structure of the transformer but merely appends tokens to the input se-
quence. These additional tokens solely guide the model in generating the output.
Consequently, prompt tuning with random prompt initialization and initialization
using tokens from the model’s vocabulary proved ineffective in steering the model
towards generating the desired output. Both approaches seemed to cause confusion

within the model, resulting in poorer performance.
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FIGURE 4.2: Confusion matrix generated for each PEFT method when
applied to the OPT model

Appendix A presents the modeling performance of our PEFT methods when ap-
plied to LLMs, focusing on the Fl-score metric. The observed trend mirrors that
of modeling accuracy, underlining the consistency and reliability of our findings.
Notably, in handling imbalance inherent in our dataset, our models demonstrate
remarkable capability in classifying each class effectively without exhibiting bias to-
wards any specific class. This equitable performance is further elucidated through
the detailed examination provided by the confusion matrix showcased in Figure 4.2.
In the realm of finance, where precision and recall play pivotal roles in decision-

making processes concerning investments, striking a balance between these two
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metrics is paramount. This emphasis on balanced precision and recall underscores
the practical relevance and applicability of our findings in real-world financial sce-
narios, where accurate classification of diverse financial assets is essential for in-

formed investment strategies.

4.3 Number of Trainable Parameters

TABLE 4.1: Comparison of trainable parameters and training time for
different fine-tuning methods

Trainable Trainable
Model Method parameters parameters size Training time (s)
(MB)

Full fine-tune 355.36M (100%)  1421.45 (100%) 458
LoRA (FFN intermediate weights) 3.33M (0.93%) 13.34 (0.94%) 303

RoBERTa Prompt tuning (Own text init) 2.11M (0.59%) 8.44 (0.59%) 779
Prefix tuning (Reparamitization)  3.78M (1.06%) 15.12 (1.06%) 363
Adapter tuning (Pfeiffer) 3.59M (1.00%) 14.34 (1.01%) 229
Full fine-tune 296.93M (100%) 990.31 (100%) 289
LoRA (FFN intermediate weights) 67.58M (0.30%) 101.4 (10.24%) 470

Flan-T5  Prompt tuning (Own text init) 46.08K (0.01%) 0.18 (0.02%) 207
Prefix tuning (Reparamitization)  0.64M (0.002%) 101.24 (10.22%) 340
Adapter tuning (Pfeiffer) 0.90M (0.41%) 102.31 (10.33%) 389
Full fine-tune 331.20M (100%)  1324.79 (100%) 477
LoRA (FFN intermediate weights) 0.62K (0.19%) 2.46 (0.19%) 206

OPT Prompt tuning (Own text init) 32.26K (0.01%) 0.13 (0.01%) 1886
Prefix tuning (Reparamitization)  1.66M (0.50%) 6.65 (0.50%) 600
Adapter tuning (Pfeiffer) 1.16M (0.35%) 4.63 (0.35%) 291

Table 4.1 illustrates the characteristics of each PEFT method, including trainable
parameters, storage size, and training time, focusing on the best performing config-
uration for each PEFT method, with full fine-tuning serving as the baseline. Across
the board, the trainable parameters introduced by our PEFT methods represent a
fraction ranging from 0.01% to 1.06% of the model’s total parameters. Notably,
LoRA applied to the OPT model excels, outperforming full fine-tuning while utiliz-
ing 0.19% of the model’s total parameters. Interestingly, the relationship between
the performance of PEFT methods and the number of trainable parameters is not

linear. Figure 4.3 elucidates how performance tends to improve with an increase



Accuracy (%)

100
90
80
70
60
50
40
30
20

50

100
90 — 5
80 :
70
60
50
40
30
20 §

10
0.00 0.50 1.00 1.50 2.00 2.50 3.00 0.00 0.50 1.00 1.50 2.00 2.50 3.00 3.50
Trainable parameters (%) Trainable parameters (%)

Accuracy (%)

—e—LoRA —e—Prompt Tuning —e—Prefix Tuning Adapter Tuning —e—LoRA —e—Prompt Tuning —e—Prefix Tuning Adapter Tuning

(A) RoBERTa model (B) FLAN-T5 model

100
0 st -
80
70
60
50
40
30
20

10
0.00 0.50 1.00 1.50 2.00 2.50 3.00 3.50 4.00

Trainable parameters (%)

Accuracy (%)

—o—LoRA —e—Prompt Tuning —e—Prefix Tuning Adapter Tuning

(¢) OPT model

FIGURE 4.3: Performance of PEFT methods with number of trainable
parameters

in trainable parameters up to a certain threshold, after which a slight decline is
observed. This phenomenon underscores the critical role of the PEFT method’s
architecture and the placement of PEFT modules in determining its efficacy. No-
tably, some PEFT methods outperform full fine-tuning due to their ability to mit-
igate catastrophic forgetting, a phenomenon observed during full fine-tuning of
LLMs, where the model inadvertently unlearns previously acquired knowledge
from pre-training, leading to overfitting on small fine-tuning datasets. In contrast,
PEFT methods circumvent this issue by training only a subset of parameters while

preserving the base model’s integrity. To alleviate the risk of catastrophic forgetting
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and prevent feature distortion during the training of our models using full fine-

tuning, we restricted the number of epochs to 3.

Table 4.1 and Figure 4.3 provides insights into the relationship between the number
of trainable parameters and the performance of PEFT methods. Notably, FLAN-
T5 exhibited a remarkable efficiency in achieving optimal accuracy, demanding the
least number of trainable parameters, with a maximum of 0.41%. In contrast, the
OPT model required slightly more parameters, reaching a maximum of 0.50%,while
RoBERTa necessitated the highest proportion, reaching a maximum of 1.06%. De-
spite FLAN-T5 utilizing fewer parameters, its performance levels were slightly be-
low those of RoBERTa and OPT. Notably, in Figure 4.3, it is apparent that prompt
tuning demands the fewest trainable parameters, yet an excess of parameters leads
to model confusion and subsequent performance degradation. Conversely, prefix
tuning necessitated the highest number of trainable parameters to match the per-
formance of other PEFT methods, indicating its sensitivity to number of trainable
parameters. Both LoRA and adapter tuning managed to achieve performance lev-
els that matched or even exceeded those of full fine-tuning with a relatively modest
number of trainable parameters. However, our investigation revealed that exceed-
ing a threshold of 5% trainable parameters resulted in a significant performance
decline. This phenomenon is expected as an overabundance of parameters causes
the model to overly rely on the newly introduced parameters, which are trained
on a smaller dataset compared to the extensive pre-training undergone by the base
model, encompassing billions of tokens. This delicate trade-off between parame-
ter quantity and performance underscores the necessity for a nuanced approach in

determining the optimal configuration for PEFT methods.

4.4 Portability and Modularity of PEFT Methods

Given the minimal number of trainable parameters, PEFT methods offer notable
benefits in terms of portability and modularity. They enable the creation of com-
pact checkpoints, typically just a few megabytes in size, compared to the bulky
checkpoints generated through full fine-tuning. This characteristic ensures that the
trained weights from PEFT approaches are highly portable and easily deployable
across various tasks without necessitating the replacement of the entire model. As
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seen in Table 4.1, while full fine-tuning of the RoBERTa model yields a hefty 1.4GB
checkpoint for our downstream task, PEFT methods generate only a fraction of that
size for each task while maintaining comparable performance. For instance, storing
the adapter module requires just 14MB disk storage, accounting for only 1.01% of
the storage size needed for full fine-tuning of the RoBERTa model. This modular
approach streamlines deployment, particularly when handling multiple fine-tuned
models, as the same base model can be loaded once and shared across different
fine-tuned modules. In contrast, traditional full fine-tuning tends to result in cum-
bersome, task-specific models lacking in modularity. Overall, these advantages
position PEFT methods as an efficient solution for achieving modular, resource-

conscious fine-tuning across diverse tasks.

4.5 Computational Efficiency

Figure 4.4 depicts the peak GPU memory consumption during the fine-tuning of
LLMs using both PEFT methods and full fine-tuning. Notably, PEFT methods
demonstrate significant savings, conserving up to 80% of GPU memory when fine-
tuning the RoBERTa model. Similarly, savings of up to 60% and 62% are observed
for the FLAN-T5 and OPT models, respectively. Among the PEFT methods, slight
variations in memory efficiency were observed, with prompt tuning often demon-
strating the lowest memory consumption. This consistent reduction across var-
ious models and methods underscores the broad applicability and effectiveness
of PEFT approaches, indicating their critical role in optimizing computational re-
sources while maintaining or even enhancing model performance. These savings
are primarily achieved by reducing the need for gradient computation for most pa-
rameters, as they are held fixed during fine-tuning. In light of the current scarcity
of GPUs and the high costs associated with accessing cloud-based GPU resources,
PEFT methods play a crucial role in ensuring the computational feasibility of the
fine-tuning process. The substantial reductions in GPU memory usage enable fine-
tuning of large-scale LLMs even on consumer-grade hardware, thereby democratiz-
ing access to cutting-edge models, underscoring the practical importance of PEFT

methods in addressing computational constraints.
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FIGURE 4.4: Peak GPU memory consumed during fine-tuning

4.6 Convergence Rate

Figure 4.5 depicts the performance of various PEFT methods in comparison to full
fine-tuning across different training steps, providing insights into their convergence
rates. Notably, PEFT methods generally exhibit slower convergence rates compared
to full fine-tuning. These methods face optimization challenges, often necessitat-
ing more training iterations to reach convergence. This could be attributed to the
optimization dynamics of the PEFT methods, as these methods aim to learn down-
stream tasks with significantly fewer free parameters. With fewer free parameters,
the dimensionality of the optimization problem is much lower, potentially limiting
the directions available to decrease the loss. Additionally, this optimization diffi-
culty may pose challenges in maintaining the robustness of PEFT methods. Among
the PEFT methods, adapter tuning demonstrates the highest convergence rate, fol-
lowed by LoRA, prefix tuning, and prompt tuning. Interestingly, the convergence
rate appears to be less influenced by the number of tuneable parameters and more
affected by the structural characteristics of the PEFT methods. The superior con-
vergence rate observed in adapter tuning can be attributed to the internal skip-
connections within adapter modules, facilitating direct information flow between
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FIGURE 4.5: Convergence rate of PEFT methods with full fine-tuning
as the baseline

early layers and later layers promoting gradient preservation. Similarly, the pres-
ence of a scaling factor in adapter tuning modulates the impact of adapter modules
on output generation, enhancing gradient propagation and network training. Ex-
cessive emphasis on the LoORA module can slow down convergence. The stability
of convergence in prefix tuning heavily relies on reparameterization, with configu-
rations lacking this element performing inadequately. Prompt tuning lags behind
other methods in terms of convergence. Despite the potential of prompt tuning, op-
timizing its performance remains challenging, as tokens in the input sequence often
converge slower compared to other PEFT methods. Increasing the size of LLMs has
been identified as a strategy to enhance the convergence rate of prompt tuning [20].
The efficiency of PEFT methods in terms of memory usage come at the expense
of slower convergence rates. Therefore, it’s crucial to carefully consider the trade-
offs between memory optimization and convergence rates when employing PEFT
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methods.

4.7 Training Speed

When comparing the training duration of PEFT methods with those of full fine-
tuning, several factors come into play. At first glance, PEFT methods, designed
to refine only a fraction of the model’s parameters, might seem to promise shorter
training periods owing to their diminished parameter space. Despite the introduc-
tion of new parameters and operations during the forward pass, the subsequent
backpropagation step required to update PEFT weights proves considerably faster
than updating the entire set of model parameters. This accelerated pace stems from
the significantly smaller size of PEFT modules, which in turn leads to reduced gra-
dient computation on GPUs. However, as discussed earlier, PEFT methods demon-
strate slower convergence rates compared to full fine-tuning, which can extend the
overall training time. As shown in Table 4.1, some PEFT methods exhibit longer
training times in adapting certain LLMs compared to full fine-tuning. This is exem-
plified in the case of the RoBERTa model, where prompt tuning results in a lengthier

training duration than full fine-tuning.

Despite the influence of slow convergence on the duration of the optimization pro-
cess, we observed that the batch size significantly affects the training speed of PEFT
methods. We found that PEFT methods don’t necessarily offer a significant speed
advantage over full fine-tuning if the reduced memory footprint isn’t fully utilized
by increasing the batch size. With the substantial memory savings of up to 80%
as observed with PEFT methods, there’s ample opportunity to increase the batch
size while remaining within memory constraints, thus enhancing training through-
put. Our findings underscore the significance of harnessing the diminished mem-
ory footprint achievable through augmented batch sizes to fully exploit the training
speed benefits provided by PEFT methods compared to full fine-tuning. By scaling
up the batch size, we can efficiently optimize the training process. This approach
not only improves the efficiency of PEFT methods but also maximizes the training
speed, allowing for faster convergence and reduced training times. Thus, by strate-
gically leveraging batch size adjustments, we can unlock the full potential of PEFT
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techniques in accelerating model adaptation while maintaining computational fea-

sibility.

4.8 Inference Latency
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FIGURE 4.6: Inference latency using various fine-tuning methods

Network latency is a crucial consideration when deploying deep networks in real-
world scenarios, where rapid inference times are paramount, often ranging from
milliseconds to seconds. In assessing network latency, the focus is primarily on
measuring the feed-forward operation of the network. Figure 4.6 illustrates the
inference latency of the PEFT methods for the utilized LLMs, with full fine-tuning
serving as the baseline. To account for variability in latency measurements, we
conducted 10 trials and calculated the average runtime to improve measurement
reliability. Error bars were plotted using a 95% confidence interval. PEFT methods
introduce additional trainable parameters to the base model, potentially resulting in
inference latency due to increased data flow paths. In industries like finance, where

decisions are made within milliseconds, speed is a critical constraint for deploying
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NLP systems.However, the results indicate that there is no statistically significant
difference in the inference latency between the various techniques.

Notably, LoRA exhibits no increase in inference time as the LoRA modules are
seamlessly merged with the base model, allowing for effective standalone usage.
The adapted weights are directly used in every forward pass without passing ac-
tivations through an additional module. Adapter tuning incurs a modest 1.24% to
2.49% increase in inference time, attributed to the sequential addition of adapter
modules in transformer-based LLMs. Conversely, prefix tuning minimally impacts
inference speed, as self-attention computation over the entire prefix is parallelized
on GPUs. Prompt tuning does not introduce additional inference latency, as it does
not alter the internal structure of the transformer architecture or adjust the context
length of the model. Given their negligible impact on inference latency, PEFT meth-

ods present an appealing option for deployment in sectors like finance.

4.9 Scaling LLMs and Zero-shot Inference

TABLE 4.2: Modelling performance of large-scale LLMs in zero-shot
inference [42]

Model Model size Accuracy (%)
ChatGPT [42] 175B 78
GPT-4 [42] ~1.2T 76

The performance of LLMs adheres to LLM scaling laws, indicating that both model
size and pre-training data volume contribute to improved performance. Moreover,
as LLMs scale up, they exhibit emergent capabilities for zero-shot learning. This
study was confined to small-scale LLMs due to limitations in computing power.
Based on the scaling laws, we expect our results to enhance when evaluated on
large-scale LLMs. Considering the emergent zero-shot learning abilities of large-
scale LLMs, a pertinent question arises: whether specialized models crafted through
fine-tuning are necessary, or if superior performance can be achieved leveraging
general-purpose large-scale LLMs like ChatGPT. To address this query, we refer to
Table 4.2, showcasing results from a study conducted by Xianzhi Li et al. [42], who
performed sentiment analysis using GPT-4 and ChatGPT on the financial phrase
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bank dataset in a zero-shot setup. ChatGPT and GPT-4, reigning as the state-of-
the-art general-purpose models, boast model sizes of 175 billion and an estimated
1.2 trillion parameters, respectively. In zero-shot inference, GPT-4 and ChatGPT
achieve modeling performances of 76% and 78%, respectively. Table 4.3 outlines the
performance of our small-scale LLMs in zero-shot inference, revealing that they fall
short of large-scale LLMs in this regard. Scaling LLMs significantly enhances task-
agnostic few-shot performance. However, upon comparing our fine-tuned models
utilizing PEFT methods to current state-of-the-art large-scale LLMs, we observed
that small-scale fine-tuned LLMs outperform GPT-4 and ChatGPT. Remarkably,
fine-tuning less than 1% of OPT’s 365 million model parameters using LoRA sur-
passes ChatGPT with 175 billion parameters. Therefore, in specialized domains,
it’s preferable to fine-tune a small-scale domain-specific LLM rather than relying
on a general-purpose state-of-the-art LLM out-of-the-box. Additionally, state-of-
the-art LLMs are proprietary and can only be accessed through expensive paid
APIs, limiting their accessibility. Consequently, only a few organizations can af-
ford the deployment and experimental validation costs associated with large-scale
LLMs. Nevertheless, large-scale LLMs enable zero-shot transfer learning in do-
mains where acquiring large datasets is either prohibitively expensive or the data

is proprietary.

TABLE 4.3: Modelling performance of small-scale LLMs in zero-shot

inference
Model Model size Accuracy (%)
RoBERTa 355M 28
FLAN-T5 248M 0
OPT 350M 19

410 Model Head Fine-tuning

Adding a task-specific head to a base model and fine-tuning only the head (last
layer) is a well-established adaptation method in computer vision, known for its
computational efficiency and successful application. Similarly, PEFT methods in-
volve updating merely a handful of newly introduced parameters, mirroring this
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strategy. Motivated by the efficacy of this method in computer vision, we inves-
tigated whether altering the internal structure of LLMs by adding PEFT modules
is necessary. Figure 4.7 illustrates the performance of our LLMs after undergoing
model head fine-tuning. Notably, FLAN-T5 emerges as the top-performing model
with an accuracy of 81%. While model head fine-tuning outperforms zero-shot
learning, it falls short compared to full fine-tuning and PEFT methods. These re-
sults suggest that training more layers beyond just the last layer yields benefits.
Overall, model head fine-tuning demonstrates promise in NLP tasks and warrants

further investigation due to its simplicity and training efficiency.
411 Comparison of LLMs with Traditional NLP Algo-
rithms

TABLE 4.4: The modelling performance of LSTM models and OPT
model fine-tuned using LoRA

Model Accuracy (%) Fl-score
LSTM [5] 71 0.64
LSTM [58] 72 0.66

OPT+LoRA 89 0.89
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Researchers in computational linguistics have raised concerns about whether LLMs
are overly complex and offer insufficient improvements to justify their heightened
implementation costs when compared to simpler, traditional state-of-the-art NLP
algorithms [31]. It remains uncertain whether and to what extent LLMs, fine-tuned
for financial text using lightweight adaptation methods, outperform traditional NLP
models in finance related tasks. Table 4.4 presents the results of sentiment analy-
sis using the RNN-based LSTM model, which is the conventional choice for NLP
tasks. By employing the OPT model fine-tuned using LoRA, we observed a 17%
increase in accuracy over the LSTM model. This superior performance implies
that self-supervised pre-training of LLMs, though costly, offers substantial benefits.
Domain-adapted LLMs leverage pre-trained language representations to effectively
capture complex patterns and nuances in financial text data. These results challenge
the common belief that fine-tuning LLMs requires a large dataset, LSTMs require
more data to achieve optimal performance compared to domain-adapted LLMs.
PEFT methods enable efficient knowledge transfer, achieving state-of-the-art per-
formance without distorting LLM features, even with a small training dataset of
only 3392 samples. These findings hold significant practical value as the manual la-
beling of training samples is widely acknowledged as one of the most costliest tasks
in supervised machine learning. Analysis of the F1-score reveals that LLMs exhibit
robust performance in classifying financial sentiment, achieving high recall and
precision, while LSTMs face challenges in capturing the nuanced interplay between
positive, negative, and neutral sentiments crucial for informed investment deci-

sions in finance.

4.12 Summary

In this chapter, we presented the results obtained and provided further insights
into the findings. By employing PEFT methods for adapting a base LLM to per-
form sentiment analysis in the financial domain, we achieved performance lev-
els that matched or even exceeded the gold standard of full fine-tuning. Notably,
adapting the OPT model using LoRA yielded the best modeling performance with
an accuracy of 89%. Remarkably, these high performance levels were attained us-
ing only a fraction of the model’s total parameters, less than 1.06%. Moreover, the
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storage size of the trainable parameters was minimal, ranging from just 0.1MB to
7MB for the OPT model, which underscores the high modularity of PEFT meth-
ods. PEFT modules introduced negligible inference overhead. Despite these ad-
vantages, it is worth noting that PEFT methods exhibited slower convergence rates
compared to full fine-tuning, resulting in longer training times. However, the most
significant benefit was observed in GPU memory consumption, where savings of
up to 80% were realized, highlighting the computational efficiency of PEFT meth-
ods. The substantial saving in GPU memory usage enables us to augment batch
sizes, thereby mitigating the prolonged training duration. Small-scale fine-tuned
LLMs outperform state-of-the-art large-scale LLMs in specialized domains, high-
lighting the importance of domain-specific fine-tuning. Model head fine-tuning
demonstrates promise but falls short compared to full fine-tuning and PEFT meth-
ods, suggesting that training more layers beyond just the last layer yields benefits.
LLMs demonstrated superiority over conventional LSTM models by achieving a
17% increase in accuracy, thereby validating their higher implementation costs.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

This report investigates the efficacy of parameter-efficient fine-tuning methods for
adapting large language models for sentiment analysis of financial data, consider-
ing both modelling performance and training efficiency. Through a comprehensive
analysis of different PEFT methods, including LoRA, prompt tuning, prefix tun-
ing, and adapter, alongside traditional full fine-tuning, several key insights have
emerged. Firstly, we achieved performance levels that matched or even exceeded
the gold standard of full fine-tuning. Notably, adapting the OPT model using LoRA
yielded the best modeling performance with an accuracy of 89%. Remarkably, these
high performance levels were attained using only a small fraction of the model’s to-
tal parameters, less than 1.06%. Moreover, the storage size of the trainable parame-
ters was minimal, ranging from just 0.1MB to 7MB for the OPT model, which under-
scores the high modularity of PEFT methods. PEFT modules introduced negligible
inference overhead. Despite these advantages, it is worth noting that PEFT methods
exhibited slower convergence rates compared to full fine-tuning, resulting in longer
training times. However, the most significant benefit was observed in the peak GPU
memory consumption, where savings of up to 80% were realized, highlighting the
computational efficiency of PEFT methods. The substantial saving in GPU memory
usage enables us to augment batch sizes, thereby mitigating the prolonged train-
ing duration. Small-scale fine-tuned LLMs outperform state-of-the-art large-scale
LLMs in specialized domains, highlighting the importance of domain-specific fine-
tuning. Model head fine-tuning demonstrates promise but falls short compared
to full fine-tuning and PEFT methods, suggesting that training more layers beyond

just the last layer yields benefits. LLMs demonstrated superiority over conventional
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LSTM models by achieving a 17% increase in accuracy, thereby validating their

higher implementation costs.

These findings highlight the promise of PEFT methods for real-world deployment
across diverse domains and underscore the need for further research to refine PEFT
methodologies and explore their applicability to other tasks and domains in NLP.
The advancements stemming from this research could significantly contribute to
making Al more accessible and inclusive, thereby allowing both individuals and
organizations with constrained computational resources to leverage AI models.
Moreover, in an era increasingly attentive to environmental sustainability, PEFT
contributes to minimizing the energy requirements and carbon emissions associ-
ated with training expansive Al models, aligning technological advancement with

ecological responsibility.

5.2 Limitations of the Study

While this research report aimed to investigate the capabilities of fine-tuning LLMs
for sentiment analysis of financial data using parameter-efficient fine-tuning tech-
niques, there are some limitations to consider. LLMs are trained on extensive datasets
and can unintentionally acquire and reproduce biases existing in the training data
[46]. They can perpetuate stereotypes, reinforce discrimination, or generate offen-
sive or harmful content [81, 8]. LLMs are regarded as opaque models because of
the challenges in understanding their decision-making mechanisms. Understand-
ing how and why LLMs generate certain outputs can be difficult, raising concerns
about their trustworthiness and accountability. Spurious biases can arise during
the fine-tuning process when the models learn associations between certain fea-
tures and sentiment that are not relevant to the financial domain. These spurious
biases can lead to misleading predictions and undermine the accuracy and reliabil-
ity of the sentiment analysis. Model hallucination occurs when fine-tuned models
generate outputs that are not supported by the input data [80]. LLMs, including
those fine-tuned for sentiment analysis, have been known to generate plausible yet
false information. These limitations highlight the need for ongoing research and
vigilance to ensure that LLMs make predictions that are accurate, fair, and reliable.



64

Acknowledging these limitations helped ensure a comprehensive and realistic ap-

proach to this work and its outcomes.

5.3 Future Work

The utilization of LLMs as a developer tool for building LLM-powered applications
is still in its infancy stages, representing a rapidly evolving field. There are no estab-
lished best practices, necessitating the formulation of a more structured process for
building production applications with LLMs. The following are possible future re-
search avenues to build on this work. Firstly, exploring the composability of PEFT
methods by stacking, fusing, or mixing different PEFT modules to harness their
combined knowledge effectively. Additionally, leveraging lower-precision floating-
point representations (e.g., FP16) during training with PEFT methods has the po-
tential to accelerate training speed, while introducing slight noise, it improves gen-
eralization and reduces overfitting. Further enhancement can be achieved through
quantization techniques, converting model weights to lower-bit integer represen-
tations (e.g., 4-bit), thereby reducing memory requirements and enhancing com-
putational efficiency. Future investigations into lightweight adaptation methods
tailored specifically for LLMs hold significant promise for further improving their
efficiency and capabilities in real-world applications.
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Appendix A

Effectiveness of Adaptation Methods

A.1 Fine-tuning results
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FIGURE A.1: Modelling performance of PEFT methods and their vari-
ous configurations with full fine-tuning as the baseline
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Appendix B

Hyperparameters
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B.1 Hyperparameters for Fine-tune LLMs using PEFT
Methods

TABLE B.1: Training parameters of RoBERTa, FLAN-T5 and OPT mod-

els using LoRA
LoRA
RoBERTa FLAN-T5 OPT
Hyperparameter . FFN . FF layer . FF layer
Attention . . FFN output Attention . R FF layer output Attention . R FF layer output
. intermediate K K intermediate X K intermediate X
weights . weights weights . weights weights . weights
weights weights weights
LoRA rank 8 10 20 10 10 20 18 5 41
LoRA dropout 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
LoRA alpha 32 32 32 32 32 32 32 32 32
Batch size 8 8 8 8 8 8 8 8 8
Epochs 4 4 4 4 4 3 3 3 4
Learning rate (LR) 0.00005 0.00005 0.00005 0.00117 0.001 0.080003 0.000122721 0.00008069 | 0.000156912
LR Scheduler warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR
Warmup ratio 0.05 0.05 0.05 0.02 0.02 0.02 0.0355968 0.03777972 0.08630454
Optimizer AdamW AdamW AdamW AdamW AdamW AdamW AdamW AdamW AdamW
Loss Cross-entropy |Cross-entropy| Cross-entropy | Cross-entropy |Cross-entropy| Cross-entropy | Cross-entropy |Cross-entropy| Cross-entropy
Dropout 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1




TABLE B.2: Training parameters of RoBERTa, FLAN-T5 and OPT mod-
els using prompt tuning
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Promt Tuning
Hyperparameter RoBERTa FLAN-TS OPT
Own text init Random init |LLM tokens init| Own text init Random init |LLM tokensinit| Own text init Random init | LLM tokens init
Num virtual tokens 5 3 12 30 10 8 60 5 50
Batch size 8 8 8 8 8 8 8 8 8
Epochs 10 9 10 5 5 7 10 5 10
Learning rate (LR) 0.001 0.001 0.001 0.05 0.1509 0.10514659 0.000480524 | 0.000518052 | 0.000480524
LR Scheduler warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR
Warmup ratio 0.02 0.02 0.02 0.06 0.031504 0.08089 0.0527406 0.052740631 | 0.0527406
Optimizer AdamW AdamW AdamWwW AdamW AdamW AdamW AdamW AdamW AdamW
Loss Cross-entropy | Cross-entropy| Cross-entropy | Cross-entropy |Cross-entropy| Cross-entropy | Cross-entropy |Cross-entropy| Cross-entropy
Dropout 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
TABLE B.3: Training parameters of RoBERTa, FLAN-T5 and OPT mod-
els using prefix tuning
Prefix Tuning
RoBERTa FLAN-TS OPT
Hyperparameter e . e . e .
No Reparamitizati No Reparamitizati No Reparamitizati
reparamatization on reparamatization on reparamatization on
Num virtual tokens 50 20 2 5 60 5
Batch size 8 8 8 8 8 8
Epochs 5 5 6 6 8 8
Learning rate (LR) 0.005 0.0005 0.023221869 0.023221869 0.000771015 0.000371015
LR Scheduler warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR
Warmup ratio 0 0 0.03415876 0.034158757 0.04638139 0.04638139
Optimizer AdamW AdamW AdamW AdamW AdamW AdamW
Loss Cross-entropy |Cross-entropy| Cross-entropy |Cross-entropy| Cross-entropy |Cross-entropy
Dropout 0.1 0.1 0.1 0.1 0.1 0.1




TABLE B.4: Training parameters of RoBERTa, FLAN-T5 and OPT mod-
els using adapter tuning
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Adapter Tuning

RoBERTa FLAN-T5 OPT
Hyperparameter

Pfeiffer config Hcoour::it;y Parallel config | Pfeiffer config |Houlsby config| Parallel config | Pfeiffer config |Houlsby config| Parallel config
Bottleneck dim 51 41 20 32 64 32 21 21 21
Batch size 8 8 8 8 8 8 8 8 8
Epochs 3 4 3 5 5 5 4 4 4
Learning rate (LR) 0.0001 0.0001 0.0001 0.000508 0.0005294 0.000409194 0.00015 0.0001 0.00012
LR Scheduler warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR warmup LR
Warmup ratio 0.06 0.06 0.06 0.094946 0.0697265 0.04741224 0 0 0
Optimizer AdamW AdamWwW AdamwW AdamW AdamW AdamWwW AdamW AdamW AdamW
Loss Cross-entropy |Cross-entropy| Cross-entropy | Cross-entropy |Cross-entropy| Cross-entropy | Cross-entropy |Cross-entropy| Cross-entropy
Dropout 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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