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Resumo Alargado

Os transformadores têm desempenhado um papel preponderante no campo do Processamento

de Linguagem Natural (PLN) desde a sua introdução em 2017. Esta arquitetura inovadora baseia-

se no mecanismo de auto-atenção, que permite capturar dependências a longa distância em sequên-

cias de dados, superando as limitações inerentes aos modelos anteriores, como as redes neurais

recorrentes (RNNs) e as redes de memória de curto e longo prazo (LSTMs). A arquitetura do

transformador distingue-se, principalmente, por permitir processamento paralelo eficiente, facili-

tando o treino em grandes volumes de dados. A capacidade de processar estas dependências de

maneira eficaz permitiu avanços significativos em diversas aplicações, desde a tradução automática

até à geração de texto, moldando a forma como interagimos com a tecnologia diariamente. Mo-

delos baseados em transformadores encontram-se amplamente integrados em assistentes virtuais,

que processam comandos de voz para fornecer respostas precisas. Em sistemas de recomenda-

ção, frequentemente utilizados em plataformas de e-commerce e entretenimento, estes modelos

identificam padrões comportamentais, oferecendo sugestões personalizadas de produtos, filmes

ou músicas. Ferramentas de correção gramatical e funções de predição de texto em smartphones,

também beneficiam desta tecnologia, tornando mais eficiente a comunicação digital e melhorando

a experiência do utilizador. Além disso, os transformadores também são amplamente utilizados

em sistemas de diagnóstico médico, onde auxiliam na análise de imagens e relatórios clínicos para

identificar doenças e apoiar decisões médicas automatizadas. Porém, apesar dos benefícios evi-

dentes, os modelos baseados em transformadores enfrentam desafios significativos, entre os quais

o elevado custo computacional, resultante do grande número de parâmetros e da complexidade dos

cálculos. Este fator, aliado ao consumo substancial de energia, levanta preocupações ambientais,

uma vez que o treino e a execução de modelos de larga escala exigem centros de dados de alta

capacidade, cuja operação envolve um elevado consumo energético.

Com a crescente preocupação acerca da sustentabilidade e acessibilidade tecnológica, a pes-

quisa tem-se focado no desenvolvimento de modelos mais compactos e eficientes. O objetivo é

possibilitar a execução de modelos comparáveis aos de estado da arte, em dispositivos com re-

cursos limitados, como smartphones, eliminando a dependência de infraestruturas extensivas em

cloud. Isto não só democratiza o acesso a tecnologias avançadas, como também reduz a latência

e melhora a privacidade dos utilizadores, uma vez que os dados não precisam de ser transmitidos

para servidores remotos. O desenvolvimento de modelos compactos e eficientes garante que a ino-

vação tecnológica pode continuar a evoluir sem comprometer o acesso ou a escalabilidade. Neste
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contexto, a otimização e eficiência dos transformadores tornaram-se áreas de destaque, impulsio-

nando investigações que buscam equilibrar desempenho e recursos computacionais.

Apesar do interesse crescente, o bloco fundamental dos transformadores manteve-se relativa-

mente inalterado desde a sua conceção inicial. A compreensão do funcionamento interno desta

arquitetura baseia-se, em grande medida, em observações empíricas, deixando lacunas no enten-

dimento teórico das suas funções exatas. Além disso, estudos recentes sugerem que é possível

remover componentes tradicionalmente considerados essenciais—como conexões residuais, pa-

râmetros de projeção ou valor, sub-blocos sequenciais e camadas de normalização—sem com-

prometer a velocidade de treino ou a eficácia do modelo. Estes resultados desafiam as noções

estabelecidas sobre a indispensabilidade de certos componentes e sugerem que existe espaço para

reavaliar os componentes fundamentais do transformador. Explorar configurações alternativas

pode oferecer vantagens em termos de eficiência e desempenho, permitindo a criação de modelos

mais leves e rápidos.

Em particular, o mecanismo de auto-atenção, elemento central dos transformadores, perma-

neceu fundamentalmente inalterado desde 2017. Embora várias otimizações tenham sido propos-

tas para melhorar a sua eficiência, a implementação básica mantém-se. Por exemplo, aborda-

gens como a atenção esparsa e a atenção linear têm sido exploradas para reduzir a complexidade

computacional, mas geralmente envolvem compromissos que afetam a capacidade do modelo de

capturar dependências globais. Esta persistência levanta questões sobre se a abordagem atual re-

presenta, de facto, a forma mais eficaz de realizar a atenção em transformadores para modelos de

linguagem em larga escala (em inglês, large language models ou LLMs). Com base nestas consi-

derações, propõe-se uma investigação que visa analisar teórica e empiricamente o mecanismo de

auto-atenção, examinando as bases teóricas subjacentes aos esforços de otimização existentes e

avaliando que alternativas podem conduzir a melhorias.

A tarefa consiste em implementar e avaliar configurações alternativas do mecanismo de auto-

atenção em diferentes conjuntos de dados. O objetivo é identificar modificações que melhorem

métricas de desempenho, como precisão, eficiência e estabilidade, sem recorrer ao desenvolvi-

mento de novas arquiteturas que exigiriam uma investigação extensa desde o início. Ao focar-se

em ajustes dentro do paradigma estabelecido, pretende-se contribuir para a otimização prática

dos modelos existentes, tornando-os mais adequados para aplicações em ambientes com recursos

limitados.

O objetivo central deste trabalho é fornecer uma análise teórica e prática inovadora do meca-

nismo de auto-atenção nos transformadores, questionando a suposição de que a implementação

atual representa a forma ótima de atenção. Ao desafiar paradigmas estabelecidos e explorar alter-

nativas fundamentadas, espera-se abrir caminhos para o desenvolvimento de modelos mais efici-

entes e acessíveis, contribuindo para o avanço do estado da arte no processamento de linguagem

natural.

Para este estudo, foram desenhadas e implementadas cinco modificações distintas no meca-

nismo de auto-atenção: Simple Self-Attention (SSA), Layered Self-Attention (LSA), Variable
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Self-Attention (VSA), Simple Layered Self-Attention (SLSA) e Variable Layered Self-Attention

(VLSA). A implementação consistiu em duas fases principais: um trabalho exploratório e uma

análise confirmatória. A fase exploratória iniciou-se com alterações no mecanismo de auto-

atenção, seguida de testes mais extensivos das alternativas promissoras (LSA, SLSA e VSA) uti-

lizando o repositório nanoGPT. Diversas configurações foram testadas em diferentes tamanhos de

conjuntos de dados, com scripts automatizados a facilitar o processo de treino. A fase de aná-

lise confirmatória centrou-se no ajuste fino dos mecanismos de atenção com melhor desempenho,

avaliando cinco versões modificadas juntamente com a auto-atenção original, que serviu como

baseline, utilizando parâmetros de treino consistentes em múltiplos ensaios.

Os resultados das análises exploratória e confirmatória indicaram que os modelos Variable

Layered Self-Attention (VLSA), especialmente aqueles com valores mais elevados de k, supera-

ram o mecanismo de auto-atenção padrão. Em ambos os cenários de 40.000 e 80.000 iterações, os

modelos VLSA demonstraram desempenho superior, alcançando menores perdas de validação e

evidenciando capacidades de generalização aprimoradas. Notavelmente, os modelos VLSA com

k = 2 e k = 3 atingiram resultados superiores ao modelo baseline, mesmo quando treinados com

menos iterações, destacando uma utilização mais eficiente dos recursos computacionais.

Estes achados sugerem que mecanismos alternativos de atenção, especificamente os modelos

VLSA, podem melhorar o desempenho de modelos de linguagem baseados em transformadores

sem a necessidade de alterações arquiteturais extensivas. Ao integrarem-se harmoniosamente em

estruturas existentes, estas modificações oferecem uma abordagem prática para aprimorar a efici-

ência e a precisão dos modelos.

Em conclusão, o estudo demonstra que a implementação atual de auto-atenção nos transfor-

madores não representa necessariamente a abordagem ótima, e que a exploração de mecanismos

alternativos pode resultar em melhorias significativas. Os resultados sublinham o potencial para

avanços adicionais na modelagem de linguagem, mesmo dentro das restrições de arquiteturas es-

tabelecidas.

Como perspetiva futura, propõe-se a aplicação dos mecanismos desenvolvidos a modelos e

conjuntos de dados de maior escala, bem como a expansão das métricas de avaliação para incluir

um espectro mais amplo de benchmarks. Ao escalar os modelos e incorporar métricas de ava-

liação padronizadas, como perplexidade e perda de entropia cruzada, espera-se que as melhorias

observadas se generalizem, proporcionando uma compreensão mais abrangente dos benefícios dos

mecanismos de atenção propostos.

Palavras-chave: transformadores, mecanismos de auto-atenção, processamento de
linguagem natural, modelos de linguagem, otimização de desempenho
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Abstract

Transformers have played a significant role in Natural Language Processing (NLP) since 2017,

enabling significant advancements in applications like machine translation and text generation.

Despite their success, they face challenges such as high computational costs and environmental

impacts due to energy consumption.

Recent research has focused on the development of more compact and efficient models opera-

ble on resource-limited devices without reliance on cloud infrastructures. Optimizing transformers

seeks to balance performance with computational resources.

The fundamental structure of transformers remains largely unchanged, with understanding

based on empirical observations, leaving theoretical gaps. Studies suggest that components con-

sidered essential can be removed without compromising performance, indicating potential for

reevaluating transformer components.

This study aims to analyze the self-attention mechanism theoretically and empirically, examin-

ing existing optimizations and evaluating alternatives for improvements. Five modifications were

designed: Simple Self-Attention (SSA), Layered Self-Attention (LSA), Variable Self-Attention

(VSA), Simple Layered Self-Attention (SLSA), and Variable Layered Self-Attention (VLSA).

Implementation involved exploratory and confirmatory phases. The exploratory phase altered

the self-attention mechanism and extensively tested promising alternatives using the nanoGPT

repository. The confirmatory phase fine-tuned the best-performing mechanisms, evaluating modi-

fied versions alongside the original self-attention as a baseline.

Results indicated that Variable Layered Self-Attention (VLSA) models, especially with higher

k values, outperformed the standard self-attention mechanism, achieving lower validation losses

and improved generalization, even with fewer training iterations.

These findings suggest that alternative attention mechanisms can enhance transformer-based

language models without extensive architectural changes, offering a practical approach to improv-

ing efficiency and accuracy.

In conclusion, this study demonstrates that the current self-attention implementation may not

be optimal, and exploring alternative mechanisms can lead to significant improvements. Future

work proposes applying these mechanisms to larger models and datasets and expanding evalu-

ation metrics to include broader benchmarks, aiming to generalize the improvements and better

understand the benefits of the proposed attention mechanisms.
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Chapter 1

Introduction

1.1 Motivation

The Transformer architecture, introduced by Vaswani et al. [2] in 2017, has marked a significant

milestone in the field of NLP and artificial intelligence. Since its introduction, the Transformer

has been widely adopted for various tasks, such as machine translation, text summarization, and

language modeling [5]. Central to the Transformer is the self-attention mechanism [6], which

enables the model to dynamically assign importance to different parts of the input, thus enhancing

its ability to capture subtle linguistic variations and contextual nuances. This capability contrasts

with traditional recurrent neural networks (RNNs) and convolutional neural networks (CNNs),

which struggle to capture long-range dependencies due to their sequential or localized operations.

Despite the widespread adoption of Transformers in NLP research [7, 8], and the emergence

of state-of-the-art models like OpenAI’s GPT-4o1, Anthropic’s Claude 3.5 Sonnet2, and Google’s

Gemini 1.0 Ultra [9], the theoretical foundations of the self-attention mechanism remain largely

unexplored. Huang et al. [10] point out that,

“current explanations of this mechanism are mainly based on intuitions and experi-

ences, while there still lacks direct modeling for how the self-attention mechanism

helps performance”.

While many components of the Transformer, such as positional encoding schemes, layer normal-

ization techniques, and training strategies, have undergone a significant evolution, the core scaled

dot-product self-attention mechanism has remained largely unchanged since its introduction in

2017, albeit with optimizations for improved efficiency and performance.

Another important issue is the current dominance of Transformer-based architectures in NLP.

This dominance is not solely due to performance but is also influenced by practical considerations,

such as cost and ease of integration. Transformers have established themselves as successful across

a variety of tasks and benefit from pre-trained models, which makes them more attractive than de-

veloping entirely new architectures (see Figure 1.1). Training large-scale models from scratch is
1OpenAI, "Hello GPT-4o". Available at: https://openai.com/index/hello-gpt-4o/.
2Introducing Claude 3.5 Sonnet. Available at: https://www.anthropic.com/news/claude-3-5-sonnet [Ac-

cessed 24 June 2024].

1

https://openai.com/index/hello-gpt-4o/
https://www.anthropic.com/news/claude-3-5-sonnet
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Figure 1.1: The evolutionary tree of modern LLMs traces the development of language models
in recent years and highlights some of the most well-known models. Models on the same branch
have closer relationships. Transformer-based models are shown in non-grey colors: decoder-only
models in the blue branch, encoder-only models in the pink branch, and encoder-decoder models in
the green branch. The vertical position of the models on the timeline represents their release dates.
Open-source models are represented by solid squares, while closed-source models are represented
by hollow ones. The stacked bar plot in the bottom right corner shows the number of models from
various companies and institutions. (Figure from J. Yang et al. [1])

resource-intensive, both economically and environmentally3. It requires substantial computational

power, time, and energy, making it impractical to retrain or explore fundamentally different archi-

tectures. Companies such as NVIDIA, which provide the hardware supporting these models, along

with other AI developers, have clear incentives to enhance and fine-tune existing architectures4,

rather than pursue novel designs. Open-source initiatives, like Meta’s Llama2 and Llama3, further

reinforce reliance on Transformer models by offering accessible, pre-trained architectures5. This

3K. Hao, "AI model carbon emissions", MIT Technology Review. https://www.technologyreview.com/
2019/06/06/239031/training-a-single-ai-model-can-emit-as-much-carbon-as-five-cars-in-their-lifetimes/
[Accessed June 2024]

4A. Patel, "Nvidia accelerates Meta Llama 3", NVIDIA Blog. https://blogs.nvidia.com/blog/
meta-llama3-inference-acceleration/ [Accessed June 2024]

5K. McCann, "Meta Llama 3.1: Largest open-source AI model", AI Magazine. https://aimagazine.com/
articles/meta-llama-3-1-the-worlds-largest-open-source-ai-model [Accessed July 2024]

https://www.technologyreview.com/2019/06/06/239031/training-a-single-ai-model-can-emit-as-much-carbon-as-five-cars-in-their-lifetimes/
https://www.technologyreview.com/2019/06/06/239031/training-a-single-ai-model-can-emit-as-much-carbon-as-five-cars-in-their-lifetimes/
https://blogs.nvidia.com/blog/meta-llama3-inference-acceleration/
https://blogs.nvidia.com/blog/meta-llama3-inference-acceleration/
https://aimagazine.com/articles/meta-llama-3-1-the-worlds-largest-open-source-ai-model
https://aimagazine.com/articles/meta-llama-3-1-the-worlds-largest-open-source-ai-model


Chapter 1. Introduction 3

commitment to Transformers presents challenges for the adoption of new models, which would re-

quire addressing issues such as compatibility with existing infrastructure, retraining from scratch,

and the need for novel optimizations—all at significant cost and with uncertain benefits.

A further challenge arises from the mathematical ambiguity of self-attention. While the term

“attention” provides an intuitive description of the model’s operation, the output of the self-

attention mechanism, prior to softmax normalization, is essentially a cubic polynomial of the

input data [11]. Recent studies suggest that the conventional design of causal self-attention may

be suboptimal for LLMs [12]. Additionally, research shows that removing components tradition-

ally considered essential, such as skip connections and sequences of sub-blocks, has little impact

on performance [13]. These findings indicate that the understanding of Transformers, particularly

the self-attention mechanism, remains incomplete.

This study seeks to offer a new perspective on attention mechanisms in Transformer-based lan-

guage models. The scaled dot-product self-attention is not interpreted as an algorithm that directly

models attention, but rather as a polynomial function that approximates attention when iteratively

applied across multiple layers with sufficient data. In this context, potential modifications to the

standard self-attention mechanism are explored, with the aim of identifying alternatives that do not

directly compete with existing architectures. This approach is intended to facilitate a smoother in-

tegration of the potential modifications into current frameworks, while also providing a foundation

for future research and development.

1.2 Goals

The main objective of this thesis is to investigate how various changes to the self-attention mech-

anism affect the performance of Transformer-based Large Language Models (LLMs). The goal is

to explore which modifications improve model accuracy, efficiency, and stability when applied to

different datasets, in a small-scale environment. To achieve this, this work aimed to accomplish

the following objectives:

• Understanding foundational concepts in NLP and Transformer models: A comprehen-

sive literature review was carried out to understand the original self-attention mechanism

presented in “Attention is All You Need” and its later adaptations. In addition, this review

also covered recent advancements related to modifications of the self-attention mechanism.

• Data collection and preparation: A range of datasets was chosen to enable a well-rounded

evaluation of the proposed modifications. These datasets were carefully gathered and pro-

cessed to ensure high quality and diversity, which are essential for accurate model assess-

ments.

• Implementation, testing, and performance evaluation: The proposed modifications to

the self-attention mechanism were implemented and tested on the selected datasets. The

modified models were then evaluated to identify configurations that improve model accu-

racy, efficiency, and stability across different datasets.
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1.3 Document Structure

This document is organized as follows:

• Chapter 1: Introduction

– This chapter provides the motivation behind the study and outlines the main goals of

the thesis.

• Chapter 2: Background

– This chapter provides an overview of the foundational elements of Transformer-based

large language models, covering key concepts such as attention mechanisms, tokeniza-

tion, and embeddings.

• Chapter 3: Related Work

– This chapter reviews existing research on Transformer-based architectures, focusing

on model efficiency, generalization, and application-specific modifications, as well

as architecture-level and attention mechanism improvements. The chapter concludes

with potential future research directions in the field.

• Chapter 4: Methods

– This chapter outlines the proposed modifications to the self-attention mechanism ex-

plored in this study. It also provides an overview of the evaluation metrics employed

to assess the models’ performance.

• Chapter 5: Data Acquisition and Preparation

– This chapter provides an overview of the datasets utilized, detailing their properties

and characteristics. It also describes the preprocessing techniques applied to prepare

the data for model training.

• Chapter 6: Implementation

– This chapter focuses on the implementation of the proposed models and methods. It

outlines the exploratory work conducted to develop and test initial hypotheses regard-

ing causal attention models. The confirmatory analysis section describes the more

formalized tests and experiments used to validate findings from the exploratory phase.

Furthermore, model benchmarking is presented, including detailed performance eval-

uations of models from both the exploratory and confirmatory phases. This section

highlights the computational setup, software tools, and model training processes em-

ployed in the study.

• Chapter 7: Results and Discussion
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– The results from this work are presented in this chapter. It provides a comparative

performance analysis and discusses the statistical test results for both phases of modi-

fications. The discussions critically analyze the findings in relation to this work goals.

• Chapter 8: Conclusion

– The results are presented in this chapter, which includes a comparative performance

analysis and a discussion of statistical test outcomes for both phases of the modifica-

tions. The findings are critically examined in light of the study’s objectives.

• Appendices

– The appendices include detailed results from the Exploratory Work and Confirmatory

Analysis, as well as individual dataset outcomes and statistical test results.
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Chapter 2

Background

This chapter presents an overview of Transformer-based large language models, highlighting the

primary concepts and components derived from the original Transformer architecture. These in-

clude attention mechanisms, multi-head attention, residual connections, normalization, and position-

wise feed-forward networks. In addition, the discussion extends to tokenization and embeddings,

essential elements for comprehending the process by which these models interpret and represent

textual data.

2.1 Introduction

The Transformer architecture, introduced in the 2017 paper Attention Is All You Need [2], was

originally proposed as a sequence-to-sequence model [14] for machine translation, and served

as an alternative to using recurrent or convolutional layers. The vanilla Transformer consists of

multiple identical Transformer blocks in sequence, with the overall Transformer model organized

into an encoder-decoder structure. Each encoder and decoder block comprises two main sub-

blocks [15]: a multi-head self-attention mechanism module [16] and a position-wise feed-forward

network (FFN), alongside residual connections [17] and layer normalization [18]. In contrast to

the encoder blocks, decoder blocks additionally insert cross-attention modules between the multi-

head self-attention modules and the position-wise FFNs. Furthermore, the self-attention modules

in the decoder are adapted to prevent each position from attending to subsequent positions. The

overall architecture of the vanilla Transformer is shown in Figure 2.1.

The following subsections introduce the key modules of the vanilla Transformer.

2.1.1 Self-Attention

The concept of attention in neural networks is rooted in the principles of selective attention from

cognitive science. Selective attention in psychology refers to the conscious prioritization and

processing of certain stimuli over others [19], a process mirrored in LLMs, where attention mech-

anisms and positional encodings determine which input elements are emphasized and the order of

their processing [6, 2], respectively.

7
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Figure 2.1: The original Transformer architecture, with the encoder and decoder components.
(Figure from A. Vaswani et al. [2])

The self-attention mechanism allows the Transformer to attend to each token in an input se-

quence and determine its relative importance to every other token in that sequence. This enables

the model to capture complex relationships between words and phrases, even if they are not se-

quential. In a Transformer, the self-attention mechanism can be formalized as follows:

Given an input sequence of tokens x1, x2, ..., xn, each token xi is first mapped to a triplet of

vectors: a query vector qi and a key vector ki of dimension dk, and a value vector vi of dimension

dv. These vectors are computed using learned linear transformations of the input embeddings. The

matrices Q, K, and V are then formed by concatenating the query, key, and value vectors for all

tokens in the sequence, respectively. The self-attention weights between tokens xi and xj are then

computed using a scaled dot-product function [2]:

Attention(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V = AV (2.1)

with dk being the dimensionality of the key vectors used for scaling; A = softmax
(
QK⊤
√
dk

)
is often called attention matrix; softmax is applied in a row-wise manner. The dot-products of

queries and keys are divided by
√
dk to alleviate the gradient vanishing problem of the softmax

function. The self-attention layer directly connects all positions in the sequence, allowing the

model to capture long-range dependencies with a computational complexity of O(N2 · d) [20,
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21, 22, 23], where N is the sequence length and d is the dimensionality of the vectors. The

quadratic complexity comes from the pairwise computation of attention weights for all tokens in

the sequence.

2.1.2 Causal Attention

Causal attention, also known as autoregressive attention, is a specific type of self-attention that

ensures that the prediction for a token can only be influenced by preceding tokens in the sequence.

This is especially important for tasks such as text generation, where the future tokens should not

influence the current token’s output. Causal attention is implemented by masking out future tokens

in the self-attention weight matrix:

CausalAttention(Q,K, V ) = softmax
(
QK⊤
√
dk

+M

)
V (2.2)

The mask M ensures that the attention mechanism only focuses on previous positions and not

future positions. It has an upper triangular form, where the lower part (including the diagonal)

contains zeros (allowing attention) and the upper part contains negative infinity1, preventing tokens

from peeping into the future. Mathematically, for a matrix M of size n×n (where n is the sequence

length), the element Mi,j (where i is the row index and j is the column index) is set as:

Mi,j =

{
−∞ if i < j

0 if i ≥ j
(2.3)

This mask ensures that during the softmax step of the attention mechanism, positions after the

current one have a negligible impact due to the effect of the large negative value after applying

softmax.

2.1.3 Cross-Attention

Cross-attention allows the Transformer to integrate information from different sources. While

self-attention processes the input sequence by relating each token to every other token in the same

sequence, cross-attention lets the model attend to tokens in another sequence. This is particularly

useful in tasks like machine translation, where one sequence represents the source language and

the other represents the target language.

In cross-attention, the query vectors Q come from the target sequence, while the key K and

value V vectors come from the source sequence. The attention weights are then computed simi-

larly to self-attention. This mechanism allows the model to focus on relevant parts of the source

sequence when generating each token in the target sequence.

2.1.4 Multi-Head Attention

Multi-head attention extends the idea of self-attention by using multiple sets of query, key, and

value projections. Instead of performing a single attention function, the multi-head mechanism
1In practice, this infinity value can be viewed as a very large negative number.
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Figure 2.2: (left) Scaled dot-product attention. (right) Multi-head self-attention. Self-attention
operates in parallel across multiples “heads”. Each head has its own set of queries, keys, and
values. The outputs are concatenated, and the linear transformation WO is used to recombined
them. (Figure from A. Vaswani et al. [2])

runs h parallel attention operations, or heads, each with its own set of learned projection parame-

ters. The outputs of these attention heads are then concatenated and linearly transformed to form

the final output. Multi-head attention enables the model to focus on different parts of the input

sequence in multiple ways simultaneously, allowing it to capture a variety of relationships and pat-

terns in the data more effectively, when compared to using a single attention function. Formally,

the multi-head attention mechanism can be defined as follows:

MultiHead(Q,K, V ) = Concat(head1, head2, . . . , headh)WO (2.4)

where headi = Attention(QWQ
i ,KWK

i , VWV
i ) (2.5)

where WQ
i ∈ Rdmodel×dk , WK

i ∈ Rdmodel×dk , WV
i ∈ Rdmodel×dv , and WO ∈ RH·dv×dmodel are

project parameter matrices, H is the number of heads, and dk and dv are the dimensionalities of the

key and value matrices. Because each head operates on a reduced dimension, multi-head attention

enhances the model’s representational power without significantly increasing computational cost,

keeping the total computation similar to single-head attention with full dimensionality.

2.1.5 Residual Connection and Normalization

In a transformer model, the inputs and output of the multi-headed self-attention module are con-

nected using residual connections [17] and a layer normalization layer [18]. After the multi-headed

self-attention process, the data goes through a position-wise feed-forward network, which also

uses residual connections and layer normalization. This can be described by the formula:
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X′ = LayerNorm(MHA(X)) +X (2.6)

X′′ = LayerNorm(FFN(X′)) +X′ (2.7)

2.1.6 Position-wise Feed-Forward Networks (FFN)

After the attention mechanism, the output goes through a Position-wise Feed-Forward Network.

Each token in the sequence is processed independently using the same network. The FFN consists

of two linear transformations with a ReLU activation in between [24]:

FFN(x) = max(0, xW1 + b1)W2 + b2 (2.8)

where x is the outputs of the previous layer, W1 and W2 are weight matrices, and b1 and

b2 are biases. While the linear transformations are the same across different positions, they use

different parameters from layer to layer. This adds non-linearity and allows the model to learn

more complex functions.

2.1.7 Model Usage

Generally, Transformers can be used in three different ways. These variants are defined by the

application of the attention and the connection of transformer blocks. Figure 2.6 provides an

illustration of the attention masking patterns employed in these architectures.

1. Encoder-Decoder: This configuration uses the full Transformer architecture as introduced

by Vaswani et al. [2] (see Figure 2.3). The encoder processes the input sequence, converting

it into a series of vectors that carry the contextual information of the input tokens. Then,

the decoder generates the target sequence one token at a time, basing each new prediction

on the output from the encoder. Cross-attention layers, within the decoder, allow it to focus

on relevant parts of the encoder’s output, while causal masking ensures that predictions for

a given token can only utilize information from previous tokens, not future ones. This is

typically used in sequence-to-sequence modeling (e.g., neural machine translation).

2. Encoder-Only: As shown in Figure 2.4, in this configuration, only the encoder part of the

Transformer architecture is utilized. The model processes the entire input sequence simulta-

neously, creating contextual embeddings for each token in the sequence. These embeddings

encapsulate information about the token itself as well as its surrounding tokens, effectively

capturing the meaning of the input in a non-sequential manner. This is normally used for

tasks such as text classification or named entity recognition.

3. Decoder-Only: This configuration, depicted in Figure 2.5, uses only the decoder, and the

encoder-decoder cross-attention module is also removed. The model predicts subsequent

tokens, tk, based on preceding context up to tk−1, using a causal mask to ensure future
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Figure 2.3: Encoder-decoder architecture for translation. An encoder processes the input sentence,
while a decoder generates the output, using masked self-attention and cross-attention to encoder
outputs. The system maximizes the probability of each subsequent output word. (Figure from
Simon J. D. Prince [3])

Figure 2.4: BERT-like encoder pre-training. Input tokens are embedded and processed through
transformer layers with full attention. Some tokens are masked, and the model predicts these from
surrounding context. This approach uses bidirectional context, but is less data-efficient. (Figure
from Simon J. D. Prince [3])
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tokens do not influence the predictions. Despite losing some input richness without an en-

coder, this simplified architecture aligns with traditional language modeling, with practical

evidence showing its adequacy in LLMs [25]. This approach is the most commonly adopted

in state-of-the-art LLMs, and is employed by widely acknowledged models like the GPT

series [26, 5, 27] and other leading LLMs [9].

Figure 2.5: GPT3-style decoder network training. Tokens are embedded and processed through
transformer layers with masked self-attention. The model aims to predict each next token in the
sequence, using only previous context. This method efficiently uses data but limits context to
preceding tokens. (Figure from Simon J. D. Prince [3])

Figure 2.6: An example of attention patterns in language models. Causal decoders attend only to
prior tokens, while non-causal and encoder-decoder architectures allow bidirectional attention to
any conditioning information, with the encoder handling this in encoder-decoder models. (Figure
from T. Wang et al. [4])

2.2 Tokenization and Embeddings

This section covers the process of tokenization and embeddings in Transformer-based language

models. It explains how text is broken down into smaller units through character and subword

modeling. It also describes how tokens are represented and positioned, in order for the model to

make use of the order of the sequence.
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2.2.1 Tokenization

LLMs are trained on text to predict text, and similar to other natural language processing systems,

they use tokenization [28] as the essential preprocessing step. At this stage, the raw text is split

into smaller basic units, called tokens. These tokens can be individual characters, subword units

[29], symbols [30], or whole words, depending on the size and type of the model. The main goal

of tokenization is to convert the text into a format that can be easily processed by computational

models. Tokenization strategies have a major impact on model performance [31, 32, 33], since they

affect both the model’s ability to understand language nuances and the balance between vocabulary

size and representation granularity.

Figure 2.7: An example of text tokenization, illustrating how raw text is split into smaller basic
units called tokens. This process is essential for preparing the text for computational models. The
tokenizer shown is used for GPT-3.5 and GPT-4 models.

Character Modeling

Character-level models, represent inputs as character sequences. These methods have generally

not been as widely employed for large language models, as the token sequences are much longer.

Since each token in a transformer encoder model interacts with every other token, the computa-

tional complexity scales quadratically with the length of the sequence. For a decoder model, each

token only interacts with previous tokens, so there are roughly half the number of interactions,

but the complexity still scales quadratically, which introduces significantly higher costs for both

training and inference [34, 35, 36].

Subword Modeling

Subword-based models tokenize their inputs into words and word pieces, most of which are longer

than individual characters. Below are the most prominent subword tokenization methods:

1OpenAI, "OpenAI Tokenizer". https://platform.openai.com/tokenizer [Accessed July 2024]

https://platform.openai.com/tokenizer
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1. Byte Pair Encoding (BPE) [30]: BPE is an incremental method where frequently occurring

pairs of characters or bytes in the text are merged to form new tokens, efficiently represent-

ing common subword units in the corpus (see Figure 2.7).

2. WordPiece [37]: WordPiece optimizes the vocabulary by maximizing the probability of

n-gram sequences, balancing vocabulary size and context coverage.

3. Unigram Language Model [29, 38]: This method progressively refines the vocabulary by

discarding the least likely tokens, guided by token probabilities derived from an unigram

language model.

In addition to these methods, other tokenization strategies exist, such as SentencePiece [39],

which is a framework that allows the implementation of both BPE and Unigram Language Model

tokenization without requiring language-specific preprocessing. These methods have become stan-

dard for large pre-trained language models [40, 27, 41].

2.2.2 Token Embedding

After being encoded, numerical tokens are transformed into unique embeddings, allowing the

model to work in a continuous vector space instead of discrete token indices. This enables the

model to capture semantic information and relationships between tokens.

To create the embedding matrix E, we initialize a matrix E ∈ R|V|×d, where |V| is the vo-

cabulary size and d is the embedding dimension. Each row of this matrix corresponds to a unique

token in the vocabulary, and each entry in a row represents a feature of that token in the embed-

ding space. The embedding matrix E is learned like any other network parameter. Initially, the

embedding matrix E is typically filled with small random values. During the training process, the

embeddings are adjusted via backpropagation along with other model parameters. The objective is

to learn embeddings such that tokens with similar contexts in the training data end up with similar

representations in the embedding space. This is achieved through the loss function of the model,

which encourages the embeddings of contextually similar tokens to be closer together.

For state-of-the-art models, a typical embedding size d is 8192, and a typical vocabulary size

|V| is around 128.000, leading to a large number of parameters in E even before the main network.

2.2.3 Positional Encoding

Traditional Feed-Forward Networks (FFNs) and attention mechanisms in the Transformer archi-

tecture ignore the order of tokens in a sequence, meaning they treat each token independently of

its position. This can be an issue when dealing with problems where input order matters, such as

text modelling. To solve this, there needs to be a way to add positional information to the input

embeddings. In the original Transformer [2], this is achieved by using absolute sinusoidal posi-

tion encodings. These positional encodings are represented by a matrix PE ∈ RN×d, where N

is the maximum sequence length and d is the embedding dimension. Each row of PE represents
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a unique position in the sequence and is added element-wise to the corresponding input token

embedding. The PE matrix is constructed as follows:

PE(pos, 2i) = sin
( pos

100002i/d

)
(2.9)

PE(pos, 2i+ 1) = cos
( pos

100002i/d

)
(2.10)

where pos is the position and i is the dimension. Each dimension of the positional encoding

corresponds to a sinusoid with wavelengths that form a geometric progression from 2π to 10000 ·
2π. For d = 128 dimensions and for a maximum sequence length of N = 50, the positional

encoding visualization is shown in Fig. 2.8. This allows the model to learn and generalize relative

positions because any positional offset i can be linearly related to the original position’s encoding.
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Figure 2.8: The 128-dimensional positional encoding for a sentence with the maximum length of
50. Each row represents a positional encoding vector at a specific position in the sequence, while
each column corresponds to a dimension of the encoding.

As shown in Fig. 2.1, the two matrices, i.e., the token embeddings E and the positional

encoding PE are added to generate the input representation:

X = E + PE ∈ RN×d (2.11)

Another method for injecting positional information into the transformer is by learning a set

of positional embeddings for each position. Both sinusoidal and learned positional encodings

perform similarly in experiments, but the sinusoidal method is often preferred because it helps the

model generalize to sequence lengths beyond those seen during training [2].

However, the number of embeddings is limited to a maximum sequence length determined

before training, which means this approach cannot handle sequences longer than those seen during

training.
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Related Work

The Transformer has made significant contributions to a wide range of artificial intelligence do-

mains, including language understanding [42, 27, 40], computer vision [43, 44, 45], and audio

processing [46, 47, 48]. Beyond these areas, Transformers have also been applied in fields like

chemistry [49] and life sciences [50]. Given their extensive success, a substantial body of research

has focused on improving the Transformer model [51, 52, 53]. This ongoing interest has led to the

development of various Transformer-based architectures, commonly referred to as X-formers, over

the past few years [54, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65]. Research into these X-formers

primarily addresses three key areas [24]:

1. Model Efficiency. Applying Transformers to long sequences presents challenges due to the

high computational and memory requirements of the self-attention mechanism. Efficiency

improvements have been pursued through lightweight attention mechanisms, such as sparse

attention, and strategies like recurrent and hierarchical architectures that break down tasks.

2. Model Generalization. Transformers can struggle to generalize when trained on smaller

datasets, as they make fewer assumptions about the input data structure. Solutions to this

issue involve incorporating structural biases, applying regularization techniques, and lever-

aging large-scale pre-training on unlabeled datasets.

3. Model Applications. This research path focuses on adapting the Transformer architecture

for specific downstream tasks and applications.

This chapter provides a comprehensive review of the literature on architecture modifications.

Given the central role of the attention mechanism in Transformers, Section 3.1 details the various

attention-related variants. Section 3.2 introduces modifications at the module level, while Section

3.3 covers other architecture-level variants.

3.1 Attention

Despite its central role in the success of the Transformer, the self-attention mechanism introduces

two primary challenges in practical applications:

17
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1. Complexity. As outlined in Section 2.1, self-attention exhibits a complexity of O(N2),

scaling quadratically with the input sequence length N . This significant computational cost

leads to inefficiencies, particularly when handling long sequences.

2. Lack of Structural Bias. Self-attention inherently lacks assumptions about the input data

structure, requiring the model to learn the order of the data from scratch. This absence of

built-in bias can contribute to overfitting, especially on smaller datasets.

Addressing these challenges, most improvements to the attention mechanism focus on two main

directions [66]: (i) reducing the computational burden of the attention process, and (ii) enhancing

the mechanism’s learning efficiency. Recent approaches often combine or generalize these meth-

ods by compressing or selectively retaining context, though this can result in some loss of informa-

tion [67, 68, 69, 70]. Techniques include context compression using summary or landmark tokens

[71, 72] and semantic compression guided by importance [73, 74, 75, 76]. Other notable methods

involve dynamically adjusting the number of tokens used in attention [77, 78, 79, 80, 56, 81].

3.1.1 Complexity Reduction

This line of work focuses on reducing the computational complexity by introducing sparsity bias

into the attention mechanism. Sparse attention differs from standard self-attention by limiting the

number of connections each element can attend to, rather than considering all possible pairs. In

standard self-attention, each element in the sequence attends to every other element, leading to

a quadratic complexity in relation to the sequence length. Sparse attention, on the other hand,

reduces this complexity by allowing each output position to only compute weightings from a

subset of input positions, such as a fixed number of neighbors or elements at regular intervals.

This significantly lowers the computational burden, making the process more efficient while still

capturing essential dependencies in the data.

The Sparse Transformer [82] addresses the quadratic complexity by employing sparse factor-

izations of the attention matrix. This approach enables the model to focus only on a subset of

tokens, reducing the number of attended positions and thus the overall computation.

Longformer [56] introduces a combination of global and local attention patterns. This ar-

chitecture maintains full attention on a few important tokens while using sparse attention for the

remaining tokens, reducing computational requirements while effectively modeling long-range

dependencies.

BigBird [83], in addition to sparse attention, also applies global attention as well as random

attention to the input sequence. This hybrid approach approximates full attention, allowing the

model to handle very long sequences with linear complexity.

Star-Transformer [84], arranges tokens in a star-shaped topology, where each token connects

to a central relay node. This structure reduces the complexity from quadratic to linear, improving

efficiency while preserving the ability to capture global context.

For vision tasks, Image Transformer [85] utilizes local attention mechanisms tailored for im-

age data. By restricting attention to local patches within an image, the model achieves a significant
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reduction in computational complexity while maintaining performance. Similarly, Axial Trans-

former [86] decomposes the attention mechanism along different axes of the input tensor. This

method reduces the complexity by focusing attention along one axis at a time, allowing efficient

processing of high-dimensional data such as images.

Reformer [54] introduces locality-sensitive hashing to approximate the attention mechanism.

This technique reduces the quadratic complexity to logarithmic, making it feasible to handle very

long sequences without significant computational overhead.

Lastly, Routing Transformer [55] employs k-means clustering to dynamically route tokens to

different clusters. This strategy ensures that each token only attends to a subset of tokens within

the same cluster, reducing the complexity and enhancing the efficiency of the attention mechanism.

3.1.2 Linearized Attention

The goal of linearized attention methods is to untangle the attention matrix with kernel feature

maps. This approach allows the attention computation to be performed in reverse order, resulting

in linear complexity with respect to the sequence length.

Linear Transformer [57] achieves this by expressing the self-attention as a linear dot-product

of kernel feature maps. This approach reduces the complexity from quadratic to linear with respect

to the sequence length, enabling more efficient processing of long sequences.

Similarly, Performer [87, 62] uses a kernel-based approximation to the attention mechanism.

This method is implemented by a FAVOR+ algorithm, which provides scalable low-variance and

unbiased estimation of attention mechanisms that can be expressed by random feature map de-

compositions that approximate the scoring function of Transformers.

3.1.3 Low-Rank Attention

Low-rank attention methods reduce the complexity of the attention mechanism by approximating

the attention matrix with a low-rank decomposition. There is empirical as well as theoretical

evidence [88, 59] that the self-attention matrix A ∈ RT×T is often low-rank, i.e., the rank of A

is far lower than input length T . This characteristic leads to two significant consequences. Firstly,

explicit parameterization could be employed to model the low-rank attribute. Secondly, a low-rank

approximation might serve as a substitute for the self-attention matrix.

Guo et al. [88] leverage the low-rank structure of the attention matrix to perform efficient

matrix multiplications, thereby reducing the overall computational load. Nyströmformer [89] ex-

tends this idea by using the Nyström method to approximate the standard self-attention, allowing

the model to achieve linear complexity.

3.1.4 Query Prototyping

Query prototyping methods focus on reducing the number of queries that need to be processed dur-

ing the attention computation. Rather than employing sparse attention or kernel-based linearized
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attention methods, another approach for reducing the complexity of the attention mechanism is to

reduce the number of queries, or key-value pairs, that need to be processed.

Clustered Attention [65] groups queries into several clusters and then computes attention dis-

tributions for cluster centroids. All queries in a cluster share the attention distribution calculated

with the corresponding centroid.

Informer [90] selects prototypes from the most informative queries based on their sparsity

measurements.

Set Transformer [91] uses a pooling operation to create prototypes from sets of queries, al-

lowing for efficient attention computation on sets of varying sizes. This reduces the quadratic

complexity of self-attention to linear complexity with respect to sequence length.

Linformer [59] approximates the self-attention mechanism by projecting the input sequence

into a lower-dimensional space, thus reducing the complexity from quadratic to linear.

3.1.5 Attention with Prior

Attention with prior methods incorporate prior knowledge or structural bias into the attention

mechanism. In the attention mechanism, the expected attended value, represented by the attention

matrix (before softmax), is normally derived from the input sequence. However, this attention

distribution can also be supplemented or even replaced by other sources, which are often referred

to as prior. Usually, the fusion of the two attention distributions is achieved by calculating a

weighted sum of the scores from the prior and the generated attention before applying softmax.

Yang et al. [92] proposes Local Transformer, which restricts attention to local neighborhoods,

reducing complexity and improving the model’s ability to capture local dependencies.

Gaussian Transformer [93] introduces a Gaussian bias to the attention mechanism, allowing it

to focus more on nearby tokens.

He et al. proposes RealFormer [94], a technique to create Residual Attention Layer Trans-

former networks. It works by reusing attention scores, which allows it to maintain high perfor-

mance while reducing computational overhead.

LazyFormer [95] uses a lazy update mechanism to reduce the frequency of attention compu-

tations, thereby improving efficiency. It consists of multiple lazy blocks, each containing several

Transformer layers. Within each block, the self-attention distribution is computed only once in the

first layer and reused in the subsequent layers. This approach significantly lowers computational

cost while maintaining performance, making it effective for long-sequence tasks.

Synthesizer [96] proposes to replace generated attention scores with synthetic attention, which

is generated through learnable weights or random projections. Experiments on machine translation

and language modeling show that these variants can match the performance of the vanilla Trans-

former. Notably, the reason why these variants work is not explained, but the empirical results are

intriguing.
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3.1.6 Multi-head Attention

This area of study focuses on exploring different alternatives to the standard multi-head attention

mechanism. Multi-head attention is valued for its ability to simultaneously focus on information

from different parts of the input. However, there is no guarantee that each attention head captures

different features.

Sukhbaatar et al. [64] proposes using a learnable attention span. This model dynamically

adjusts the attention span of each head based on the input sequence. Experiments on character-

level language modeling show that the adaptive-span models outperform baseline models, while

having considerably fewer FLOPS.

On the other hand, Multi-scale Transformer [97] proposes to use a fixed attention span. It

introduces attention heads that operate at different scales, allowing the model to capture both local

and global dependencies more effectively. Experiments on several tasks show that the model can

outperform baseline models while accelerating inference on long sequences.

3.2 Other Module-Level Modifications

3.2.1 Positional Representations

Innovations in positional encoding have progressed significantly beyond the original absolute po-

sitional encodings introduced by Vaswani et al. [2]. Approaches such as relative positional en-

codings [98], which provide explicit information about token distances, and Rotary Positional

Encoding (RoPE) [99], which represents absolute positions through rotations, offer alternative

methods for capturing token relationships. Additionally, techniques like ALiBi [100], which in-

troduce adaptive biases for relative positions in attention mechanisms, further improve the model’s

ability to comprehend contextual relationships.

3.3 Architecture-level Modifications

To date, efforts to modify the vanilla Transformer architecture have largely fallen into five cate-

gories [24]: reducing memory footprint and computation, adding connections between transformer

blocks, enabling adaptive computation time (such as early stopping during training), introducing

recurrence or hierarchical structures, and exploring more drastic architectural changes (e.g., neu-

ral architecture search). These modifications have been designed to address both efficiency and

interpretability challenges.

He et al. [15] simplified the standard transformer block by eliminating components like

residual connections and layer normalization, and restructuring the MLP sub-blocks. Zhao et

al. [101, 102] introduced a parallel block architecture that allows simultaneous computation of

MLP and attention sub-blocks, significantly improving efficiency with minimal performance loss.

In another approach, Trockman et al. [103] observed that trained transformers maintain a strong

identity component in the value and projection matrices, leading to an initialization method that
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reduces architectural complexity without sacrificing performance. Similarly, there have been at-

tempts to reduce the frequency of MLP sub-blocks for greater efficiency [104, 105], as well as

efforts to explore more efficient alternatives to softmax attention [57, 106, 62]. Furthermore,

Sukhbaatar et al. [107] proposed integrating the MLP directly into the attention mechanism using

persistent memory, removing the need for a separate MLP block.

Numerous lightweight transformer models have been developed, including the Lite Trans-

former [108], Funnel Transformer [109], and DeLight [110]. Modifications aimed at enhancing

cross-block connectivity include the Realformer [94] and Transparent Attention [111].

Adaptive computation time is another area of interest, with notable models such as the Univer-

sal Transformer [51], Conditional Computation Transformer [112], and DeeBERT [113] exploring

dynamic computation approaches.

Recurrence has also been integrated into transformer architectures, with models like Transformer-

XL [114], Compressive Transformer [61], and Memformer [115], while hierarchical structures are

represented by HIBERT [116] and Hi-Transformer [117].

Finally, more radical architectural changes have been seen in models like the Macaron Trans-

former [118], Sandwich Transformer [119], and Differentiable Architecture Search [120], which

have extended transformer efficiency and performance.

3.4 Interpretability of Attention

To date, several studies have investigated the role of self-attention within Transformer architec-

tures. Clark et al. [121] and Kovaleva et al. [122] have offered insights into patterns of attention.

Additionally, Voita et al. [123] and Brunner et al. [124] investigated redundancy in attention heads

and the role they play in capturing linguistic features. In contrast, Jain and Wallace [125] ques-

tioned the explanatory value of attention weights, arguing that they may not consistently reflect

feature importance. Wiegreffe et al. [126] furthered this debate by proposing specific tests to

assess the utility of attention mechanisms as explanations. Despite varying perspectives, attention

mechanisms remain central to efforts in enhancing model interpretability and performance. For

instance, Vig et al. [127] developed tools for visualizing the behavior of individual attention heads,

and Rogers et al. [128] conducted a comprehensive survey on BERT models, including attention

analysis discussions.

3.5 Conclusion and Future Directions

Current advancements in Transformer research target multiple aspects, including efficiency, gener-

alization, and domain-specific applications. Significant progress has been made by incorporating

structural priors, developing lightweight architectures, and enhancing pre-training techniques.

However, despite their widespread effectiveness, X-formers continue to encounter certain lim-

itations. In addition to ongoing challenges in efficiency and generalization, future areas for devel-

opment include:
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3.5.1 Theoretical Understanding of Transformers

Transformers have demonstrated effectiveness in processing large-scale training datasets, fre-

quently surpassing CNNs and RNNs in performance. This advantage is attributed to their min-

imal assumptions regarding data structure, rendering them more adaptable than CNNs and RNNs.

Despite these empirical successes, the theoretical underpinnings of this flexibility are not yet fully

understood, highlighting the need for further theoretical investigation into Transformer capabili-

ties.

3.5.2 Global Interaction Mechanisms

Transformers exhibit a notable capability in modeling global dependencies through attention mech-

anisms. However, recent studies suggest that full attention may not be required for all nodes, as

its indiscriminate application can lead to inefficiencies. Opportunities for improving the model-

ing of global interactions exist, particularly by reinterpreting the self-attention module as a fully

connected neural network with adaptable connection weights, enabling dynamic aggregation of

non-local information. Dynamic routing strategies and memory-augmented models also represent

viable alternatives for optimizing these processes.

3.5.3 Multimodal Data

Integrating multimodal data often leads to improved performance across various tasks. To achieve

robust AI systems, it is essential to capture the semantic relationships between different modali-

ties. Transformers have shown considerable success in handling text, images, video, and audio,

presenting an opportunity to design a unified framework that more effectively models the inter-

connections across multimodal data.
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Methods

Building on the motivation to explore alternatives to the standard self-attention mechanism, and

grounded in the research landscape discussed in Chapter 3, this chapter outlines the proposed

modifications to the self-attention mechanism.

Excluding optimizations of the original code, the primary strategies in the literature for im-

proving self-attention focus on two main objectives: (i) reducing the computational complexity,

ideally leading to faster training times without significant degradation in performance, or (ii) en-

hancing generalization capabilities with minimal or no increase in training time. In this study,

both strategies were explored, leading to three distinct core modifications, along with two addi-

tional variations derived from combinations of the core implementations.

4.1 Reducing Complexity

4.1.1 Simple Self-Attention (SSA)

As discussed in Section 2.1.1, the self-attention formula is expressed as

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V (4.1)

Focusing on the numerator of the softmax function, QK⊤, the matrices Q and K are the queries

and keys, respectively. For each attention head, they result from the linear transformation of the

input matrix X by the weight matrices WQ and WK , as follows:

Q = X ·W⊤
Q , K = X ·W⊤

K (4.2)

where W⊤
Q ∈ Rdmodel×hs and W⊤

K ∈ Rhs×dmodel , with dmodel representing the embedding size

and hs the head size. The numerator of the softmax function can be rewritten as:

Q ·K⊤ = X ·W⊤
Q · (X ·W⊤

K)⊤, (4.3)

which simplifies, using matrix transpose properties, to:

Q ·K⊤ = X ·
(
W⊤

Q ·WK

)
·X⊤ . (4.4)

25
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Taking advantage of this procedure, it is possible to define a Simple Self Attention (SSA) mech-

anism, which despite being simpler (with fewer matrix operations), it in fact should have at least

the same explanation power than Self-Attention, as it is a generalization of the basic procedure.

The complete SSA operation can thus be expressed as follows:

U = X ·WU ·X⊤ (4.5)

V = X ·WV (4.6)

SSA(U, V ) = softmax

(
U√
dk

)
V (4.7)

This maintains, in all other respects, the original self-attention formulation. For each attention

head, the input matrix X undergoes two parallel transformations: one through the unified weight

matrix WU to compute attention scores, and another through the value weights WV . Attention

scores are scaled by
√
dk and processed using a softmax function before being applied to the

transformed values. The final output is obtained through a projection layer that combines the

outputs from all attention heads, maintaining compatibility with subsequent network layers.
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Figure 4.1: Comparison of weight matrices WQ, WK , WU from the Baseline and SSA models
for heads 0 and 1. The figures show matrices for the query weights WQ0 and WQ1 , key weights
WK0 and WK1 , calculated attention weights WU0 and WU1 derived from the Baseline model,
and directly trained attention weights from the SSA model.

4.2 Improving Generalization

4.2.1 Layered Self-Attention (LSA)

As shown in Figure 4.3, the LSA mechanism computes the attention matrix in the same way as the

original scaled dot-product attention but introduces two additional linear layers, l1 and l2, which
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Figure 4.2: Diagram representing the Simple Self-Attention model.

operate on the value matrix V . The l1 layer performs a linear transformation on V and adds the

result back to V , functioning similarly to a residual connection.

The l2 layer also applies a linear transformation, but its output is passed through a sigmoid

function before being multiplied by V . This serves as a gating mechanism, regulating the prop-

agation of elements within V . Values close to 0 are effectively “turned off”, while those nearing

1 are more freely allowed to pass through. This modification results in a 0.20% increase in the

number of parameters compared to the baseline scaled dot-product attention.

4.2.2 Variable Self-Attention (VSA)

This attention mechanism closely resembles the original but incorporates a variable k, which ad-

justs the dimensions of the queries and keys. In the computation of the attention matrix, the inner

dimensions of WQ and WK must align, though this dimension can be varied. The original mech-

anism employs square matrices for WQ and WK , effectively setting k to 1. By setting k to 2, the

width of the WQ and WK matrices is doubled, while setting k to 3 triples the size, and so forth.

Aside from this modification, the rest of the mechanism remains unchanged, with the only ad-

justment being the reshaping of the queries and keys to accommodate the new matrix dimensions.

When k = 2, this results in a 50% increase in the number of parameters compared to the
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Figure 4.3: Diagram representing the Layered Self-Attention model.

baseline.

4.3 Extra Variants

4.3.1 Simple Layered Self-Attention (SLSA)

The Simple Layered Self-Attention (SLSA) mechanism is a combination of the Simple Self-

Attention (SSA) mechanism from 4.1.1 and the Layered Self-Attention (LSA) from 4.2.1 (see

Figure 4.4).

4.3.2 Variable Layered Self-Attention (VLSA)

The Variable Layered Self-Attention (VLSA) mechanism integrates features from both 4.2.1 and

4.2.2. Shown in 4.5, it incorporates the layers l1 and l2 from 4.2.1 and the variable k from 4.2.2,

with k treated as a tunable parameter rather than a fixed value, with three configurations tested:

k = {1, 2, 3}.
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Figure 4.4: Diagram representing the Simple Layered Self-Attention model.

4.4 Evaluation Metrics

This section describes the performance metrics and statistical tests used to evaluate the models.

4.4.1 Performance Metrics

1. Change From Baseline (CFB): The change from the Baseline is defined as the percentage

difference between the model’s performance metric, Mmodel, and the Baseline performance

metric, Mbaseline, expressed as:

CFB (%) =
(
1− Mmodel

Mbaseline

)
× 100 (4.8)

4.4.2 Statistical Tests

To assess the statistical significance of the differences observed among the models, several statis-

tical tests were conducted:
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Figure 4.5: Diagram representing the Variable Simple Self-Attention model.

Analysis of Variance (ANOVA)

ANOVA tests whether there are statistically significant differences in the mean validation loss

across different models by comparing the variation between group means to the variation within

groups. If the between-group variation is significantly larger than the within-group variation, it

suggests that the groups are different. The test calculates a ratio called the F-statistic, which is

the between-group variability divided by the within-group variability. A large F-statistic suggests

significant differences between groups. The p-value associated with this F-statistic represents the

probability of obtaining such results if the null hypothesis (all group means are equal) is true. A

small p-value (typically < 0.05) indicates statistical significance.

Friedman Test

Given that the assumptions of ANOVA may not hold due to potential non-normality and het-

eroscedasticity, a non-parametric Friedman test was also conducted. The Friedman test is suitable

for comparing more than two related groups and does not assume normality of the data. It works by

ranking the performance of each model within each dataset and then comparing the average ranks

across models. The test statistic follows a chi-square distribution, with a low p-value indicating

significant differences among the groups.

Post-hoc Analysis with Tukey’s HSD

To identify which specific models differ from each other, Tukey’s Honestly Significant Differ-

ence (HSD) test compares all possible pairs of means while controlling for the family-wise error

rate. This test calculates a single threshold value for the difference between means that must be
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exceeded for any pair to be considered significantly different. It identifies which specific groups

differ after a significant ANOVA.

Wilcoxon Signed-Rank Test

The Wilcoxon signed-rank test compares two related samples. It’s a non-parametric test that does

not assume normality of the data and works by ranking the absolute differences between paired

observations and comparing the sum of ranks for positive and negative differences. The test statis-

tic W is the smaller of the sums of positive and negative ranks. A small W value leads to rejection

of the null hypothesis that the two samples come from the same distribution.
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Chapter 5

Data Acquisition and Preparation

This section outlines the datasets and preprocessing techniques employed for training the models.

5.1 Datasets

For this work, various datasets with unique linguistic features were used to test the models’ per-

formance. Each dataset is described below, and their properties are summarized in Table 5.1.

Dataset Vocab Size Tokens (M) Size Type Ref.

TinyShakespeare 65 1.12 Small Poetic [129]
Cultural Corpus 68 3.65 Medium Prose [130]
Spelling Data 93 6.49 Medium Prose [131]
Gutenberg 340 165.02 Large Prose [132]
Chess Games 1973 790.90 Large Game Moves [133]
Random Chess Games 1973 792.00 Large Game Moves N/A

Table 5.1: Summary of Dataset Properties

5.1.1 TinyShakespeare

The TinyShakespeare corpus [129] is a dataset that contains 40,000 lines of Shakespeare from a

variety of his plays. The Tiny Shakespeare corpus is a popular choice for training language models

due to its manageable size and the complexity of Shakespeare’s language. It provides a good

balance between computational efficiency and the ability to generate interesting text. Featured

in Andrej Karpathy’s blog post ’The Unreasonable Effectiveness of Recurrent Neural Networks’.

This dataset contains 1,115,394 tokens and 65 unique tokens.

5.1.2 Cultural Corpus

Referred to as “pbooks”, this dataset is a collection of anthropological literature from Project

Gutenberg. It includes academic-style writings, contrasting with the poetic and dramatic texts of

Shakespeare. The collection comprises the following four books:

33



Chapter 5. Data Acquisition and Preparation 34

• The Golden Bough: A Study of Magic and Religion by James George Frazer [130]

• Myth, Ritual and Religion, Vol. 1 (of 2) by Andrew Lang [134]

• The Religion of the Ancient Celts by J. A. MacCulloch [135]

• Religion and Art in Ancient Greece by Ernest Arthur Gardner [136]

It has 3,652,868 tokens and 68 unique tokens, offering a rich and diverse source for analyzing the

model’s performance on informational and analytical text.

5.1.3 Spelling Data

This dataset, titled “big”1, comes from the UMBC CMSC 331-2 Spring 2010, Principles of Pro-

gramming Languages course [131]. It was initially designed for Peter Norvig’s Spelling Correc-

tor, a Python program intended to suggest corrections for misspelled words. The data consists of

a small collection of books from the Project Gutenberg Corpus. This dataset contains 6,488,666

tokens and 93 unique tokens, providing another source for evaluating the model’s performance on

diverse textual data.

5.1.4 Gutenberg

To create this dataset, the first 100 largest books from a collection were used. This collection is

derived from a small subset of the Project Gutenberg corpus, consisting of 3,036 English books

by 142 authors [132]. The data has been cleaned to remove metadata, license information, and

transcribers’ notes. This dataset comprises 165,022,139 tokens and 340 unique tokens.

5.1.5 Chess Games and Random Chess Games

The Chess Games dataset consisted of approximately 2.2 million chess games played since 1990,

with player ELO ratings above 2000 [133]. Each game included up to 360 moves, resulting in

a total of 790,899,120 tokens and 1,973 unique tokens. The Random Chess Games dataset was

generated using a Python script and consisted of exactly 2.2 million randomly generated, valid

chess games. This dataset contained 792,000,000 tokens and 1,973 unique tokens.

In both datasets, each game began with the symbol BEG (beginning of the game), followed by

the moves in algebraic notation, and concluded with the game’s result (e.g., 1-0, 0-1, 1/2-1/2).

If a game was shorter than 360 moves, the remaining tokens were filled with the symbol GMO

(game over). The games were tokenized such that each move constituted a token. The vocabulary

size (unique tokens) for both datasets was 1,973, derived from a pickle file, which mapped chess

moves in algebraic notation to integers. This dictionary was used to create the encoder and decoder

functions necessary for tokenizing the games.

1The name comes from the original source’s filename and doesn’t reflect the dataset’s actual size.
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5.2 Preprocessing

Prior to training, each dataset underwent several preprocessing steps:

1. The vocabulary size was determined by counting the unique characters in the dataset.

2. Each character was mapped to a unique integer using two dictionaries: one for character-to-

integer mapping and another for integer-to-character mapping.

3. This mapping was utilized to encode the text data into sequences of integers.

4. Each dataset was divided into training and validation sets, with 90% allocated for training

and 10% for validation.

5. Both the training and validation sets were encoded into integer sequences.
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Chapter 6

Implementation

6.1 Exploratory Work

The research process began with the utilization of Andrej Karpathy’s ng-video-lecture1 as a foun-

dation for designing multiple alternatives to the self-attention mechanism. A trial-and-error ap-

proach was employed on a small scale to evaluate the performance of these alternatives across

various datasets, with the objective of identifying the most promising modifications. This initial

phase culminated in the selection of three top-performing alternatives: the LSA, SLSA, and VSA

mechanisms.

Subsequently, the research transitioned to the nanoGPT repository2. While more complex in

its handling of the training process and data loading, this repository offered significantly enhanced

efficiency compared to the previous implementation. The LSA, SLSA, and VSA mechanisms

were then implemented within this codebase and subjected to comprehensive testing alongside the

original self-attention mechanism across all collected datasets.

A Python script was developed to automate the creation of configuration files necessary for

training the models. As outlined in Chapter 5, the datasets were categorized into small, medium,

and large, with specific datasets assigned to each category (see Table 5.1). For each dataset size,

distinct block sizes and configuration tuples were defined. The script generated configuration files

by populating a template with specific values. These values included a consistent batch size of

64, 40000 iterations, and a dropout value of 0.2 across all configurations. The block size varied

based on the dataset, while the number of layers, number of heads, embedding size, and learning

rate were adjusted according to each specific configuration. Table 6.1 provides a summary of the

different configurations. In total, 18 configuration files were generated, encompassing various

datasets and hyperparameter combinations, totaling 72 training runs. This approach facilitated the

training of models with diverse configurations.

To streamline the training process, a shell script was created to execute all configuration files

sequentially, eliminating the need for manual intervention during the training of multiple models.

1Andrej Karpathy, "ng-video-lecture," GitHub repository, 2023, available at: https://github.com/karpathy/
ng-video-lecture [Accessed September 2023]

2Andrej Karpathy, "NanoGPT: GPT-like training code in PyTorch that’s small enough to read," 2023, available at:
https://github.com/karpathy/nanogpt[Accessed October 2023]
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Table 6.1: Hyperparameter configurations for initial experimentation.

For a given dataset, to get a hyperparameter configuration, start with the “Block Size” value, then choose the three
values either above or below the shorter horizontal line for “Embedding Size”, “Layers”, and “Heads”, and finally
select a “Learning Rate”. The horizontal lines separate values that were not combined.

Dataset Size Dataset Block Size Embedding Size Layers Heads Learning Rate

Small shakespeare 128
128 2 2 1e-3

256 4 4 3e-4

Medium
big

256
256 4 4 1e-3

pbooks 384 6 6 3e-4

Big
gutenberg

256
384 6 6

3e-4
chess 512 8 8

6.2 Confirmatory Analysis

The confirmatory analysis phase built upon the exploratory work, focusing on refining and val-

idating the most promising attention mechanisms identified previously. This process involved

returning to Andrej Karpathy’s ng-video-lecture codebase, where the focus was on fine-tuning the

highest-performing variants and conducting more thorough evaluations.

Five modified attention mechanisms were evaluated during this phase: SSA and VLSA with

k values ranging from 1 to 3, alongside the baseline scaled dot-product attention. To ensure

consistency and comparability, all models were trained exclusively on the Gutenberg dataset, the

largest available corpus. A batch size of 64 was maintained, ensuring the parallel processing of 64

independent sequences, and the block size was set to 254, reflecting the maximum context length

for predictions.

Each model underwent two distinct iterations of training: three trials for 40,000 iterations

and another three trials for 80,000 iterations, with evaluations performed every 500 iterations. The

learning rate was fixed at 1×10−3, and performance evaluations were conducted over 50 iterations.

The models adhered to a consistent architecture featuring 4 attention heads and 4 layers, with an

embedding size of 256, computed as the product of the number of heads (4) and the head size

(64)3. Additionally, a dropout rate of 0.1 was applied to mitigate overfitting during training.

3The head size is calculated as d divided by the number of heads.
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Results and Discussion

7.1 Exploratory Analysis

This section presents the results of the exploratory work, where the models were evaluated across

different datasets and hyperparameter configurations.

7.1.1 Performance Metrics

Table 7.1 summarizes the performance metrics for each model, and Figures 7.1 and 7.2 illus-

trate the mean validation loss and the distribution of the minimum validation loss for each model,

respectively. The Change From Baseline (CFB) metric (see Section 4.4) is used to quantify im-

provements over the Baseline model.

Table 7.1: Combined results and percentage differences for models trained for 40,000 iterations.

Head Type
Avg Min Validation Loss Avg Train Time (hh:mm:ss)

Value CFB (%) Value CFB (%)

Baseline 1.4426 (– %) 00:08:55 (– %)
LSA 1.4364 (+0.43 %) 00:09:42 (8.79 %)
SLSA 1.4285 (+0.98 %) 00:14:03 (57.57 %)
VSA 1.4424 (+0.01 %) 00:09:43 (8.97 %)

7.1.2 Statistical Analysis

To assess the statistical significance of the observed differences among the models, several statis-

tical tests were conducted (see Section 4.4 for details on the statistical methods).

Analysis of Variance (ANOVA)

An ANOVA test was performed to determine if there are any statistically significant differences in

the mean validation loss across the different models. ANOVA works by comparing the variation

39



Chapter 7. Results and Discussion 40

Baseline LSA SLSA VSA
Head Type

0.00

0.25

0.50

0.75

1.00

1.25

1.50
M

ea
n 

M
in

im
um

 V
al

id
at

io
n 

Lo
ss

Figure 7.1: Mean validation loss across models.
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Figure 7.2: Box plot of minimum validation loss
by model.

between group means to the variation within groups. If the between-group variation is significantly

larger than the within-group variation, it suggests that the groups are different.

The test calculates a ratio called the F-statistic, which is the between-group variability divided

by the within-group variability. A large F-statistic suggests significant differences between groups.

The p-value associated with this F-statistic represents the probability of obtaining such results if

the null hypothesis (all group means are equal) is true. A small p-value (typically < 0.05) indicates

statistical significance.

The results of the ANOVA test are presented in Table 7.2. The ANOVA results indicate

that there is no statistically significant difference in the mean validation loss across the models

(F (3, 68) = 0.0023, p = 0.9998). The very small F-statistic and large p-value suggest that the

observed variations in validation loss across models are likely due to random chance rather than

true differences in model effectiveness.

Table 7.2: ANOVA Test Results

Source Sum of Squares Degrees of Freedom F-Statistic p-value

Model 0.002386 3 0.002304 0.999846
Residual 23.479393 68 – –

Friedman Test

The Friedman test indicates a statistically significant difference among the models (χ2 = 11.2667,

p = 0.0104). This suggests that at least one model performs differently from the others, contradict-

ing the ANOVA results and highlighting the importance of using multiple statistical approaches.

Post-hoc Analysis with Tukey’s HSD

The Tukey HSD post-hoc test was performed to identify which specific models differ from each

other. The results are summarized in Table 7.3. None of the pairwise comparisons between models
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are statistically significant (p > 0.05).

Table 7.3: Tukey HSD Post-hoc Test Results

Group 1 Group 2 Mean Difference p-value Lower Upper

Baseline LSA -0.0062 1.0000 -0.5221 0.5097
Baseline SLSA -0.0141 0.9999 -0.5300 0.5018
Baseline VSA -0.0002 1.0000 -0.5160 0.5157
LSA SLSA -0.0079 1.0000 -0.5238 0.5080
LSA VSA 0.0060 1.0000 -0.5098 0.5219
SLSA VSA 0.0139 0.9999 -0.5019 0.5298

Wilcoxon Signed-Rank Test

Wilcoxon signed-rank tests were conducted to compare the Baseline model with LSA and SLSA

individually. The comparison between Baseline and LSA does not show a statistically significant

difference (p = 0.2462), whereas the comparison between Baseline and SLSA indicates a sta-

tistically significant improvement with SLSA (p = 0.0120). This suggests that while the overall

differences between models are subtle, the SLSA model does show a significant improvement over

the Baseline when compared directly.

• Baseline vs. LSA: W = 58.0, p = 0.2462

• Baseline vs. SLSA: W = 29.0, p = 0.0120

7.1.3 Discussion

The exploratory analysis reveals that the SLSA model achieved the highest mean improvement

over the Baseline across all datasets, with an average improvement of approximately 0.89%. Al-

though this percentage might appear modest, the statistical tests provide further insights.

The ANOVA test did not detect any significant differences among the models. However, the

non-parametric Friedman test, which is more robust to violations of normality, indicated a signifi-

cant difference. This suggests that at least one model performs differently from the others.

The Tukey HSD post-hoc analysis did not find significant pairwise differences, which could be

due to the conservative nature of the test or the small effect sizes. In contrast, the Wilcoxon signed-

rank test between Baseline and SLSA showed a significant difference, supporting the observation

that SLSA offers an improvement over the Baseline.

Overall, the results suggest that the SLSA model provides a statistically significant enhance-

ment in performance compared to the Baseline, while the differences among the other models are

not statistically significant.
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7.2 Confirmatory Analysis

This section presents the results of the confirmatory analysis and is divided into two subsections,

each focusing on the performance metrics at 40,000 and 80,000 iterations.

7.2.1 Results at 40,000 Iterations

Table 7.4 presents the performance metrics for each head type after 40,000 training iterations. The

baseline model serves as a reference for calculating percentage changes in parameters, validation

loss, and training time. The bar chart and box plot of the average minimum validation loss for

models trained for 40,000 iterations are shown in Figure 7.3.

Table 7.4: Combined results and percentage differences for models trained for 40,000 iterations.

Head Type
# Parameters (M) Avg Min Validation Loss Avg Train Time (hh:mm:ss)

Value CFB (%) Value CFB (%) Value CFB (%)

Baseline 3.3959 (– %) 1.2001 (– %) 1:15:45 (– %)
SSA 3.9202 (+15.44 %) 1.2023 (+0.18 %) 1:32:55 (+22.67 %)
VLSA (k = 1) 3.5270 (+3.86 %) 1.1952 (-0.41 %) 1:22:12 (+8.52 %)
VLSA (k = 2) 4.9688 (+46.32 %) 1.1739 (-2.18 %) 1:50:38 (+46.05 %)
VLSA (k = 3) 6.6727 (+96.49 %) 1.1675 (-2.72 %) 2:17:29 (+81.50 %)
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Figure 7.3: Average minimum validation loss for models trained for 40,000 iterations: bar chart
(left) and box plot (right).

The results indicate that the VLSA models with higher values of k achieve lower validation

losses compared to the Baseline and SSA models, suggesting improved performance. However,

these models also exhibit increased numbers of parameters and longer training times. Specifically,

the VLSA (k = 3) model reduces the validation loss by -2.81% compared to the baseline but

nearly doubles the number of parameters and increases training time by over 80%.
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Statistical Analysis

The ANOVA results, summarized in Table 7.5, reveal a significant effect of head type on validation

loss (F (4, 10) = 47.16, p < 0.001).

Table 7.5: ANOVA Results at 40,000 Iterations

Source Sum of Squares Degrees of Freedom F-Statistic p-value

Head Type 0.00307 4 47.1562 0.000002
Residual 0.00016 10 – –

The results for the post-hoc analysis using Tukey’s Honest Significant Difference (HSD) test,

shown in Table 7.6, indicate that the VLSA models with k = 2 and k = 3 have significantly lower

validation losses compared to the baseline model (p ≤ 0.0001). No significant differences were

observed between the baseline and the SSA or VLSA (k = 1) models.

Table 7.6: Tukey HSD Post-hoc Test Results at 40,000 Iterations

Group 1 Group 2 Mean Difference p-value Lower Upper

Baseline SSA 0.0022 0.9611 -0.0087 0.0130
Baseline VLSA (k = 1) -0.0049 0.5857 -0.0158 0.0059
Baseline VLSA (k = 2) -0.0262 0.0001 -0.0370 -0.0154
Baseline VLSA (k = 3) -0.0327 0.0000 -0.0435 -0.0218

The Friedman test yielded a statistically significant result (χ2(4) = 10.40, p = 0.034), sup-

porting the ANOVA findings. Furthermore, Wilcoxon signed-rank tests compared the Baseline

model to each of the other head types. The comparisons between the Baseline and VLSA models

with k = 2 and k = 3 were statistically significant (both p = 0.25, indicating significance at the

given level due to the small sample size and tied ranks), suggesting that these VLSA configurations

offer a meaningful improvement in validation loss over the Baseline.

Discussion

The statistical analysis indicates that the VLSA models with higher values of k significantly out-

perform the baseline model in terms of validation loss. Specifically, VLSA (k = 2) and VLSA

(k = 3) achieved the lowest validation losses, indicating better generalization performance. The

statistical tests confirm that these improvements are significant.

However, the enhanced performance comes with increased computational costs. The number

of parameters for VLSA (k = 2) and VLSA (k = 3) increased by approximately 46% and 96%,

respectively, compared to the Baseline. Correspondingly, training times also increased substan-

tially. These results suggest a trade-off between performance and computational cost. The lack of

significant differences between the baseline and the SSA or VLSA (k = 1) models implies that

modest increases in model complexity do not yield substantial performance gains.
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The findings support the hypothesis that incorporating variable-layered self-attention mech-

anisms enhances model performance. However, the practical applicability of these models de-

pends on the acceptable balance between performance improvements and computational resource

constraints. In scenarios where computational resources are limited, the marginal gains in per-

formance may not justify the increased costs associated with larger models and longer training

times.

7.2.2 Results at 80,000 Iterations

This section presents the results obtained from models trained for up to 80,000 iterations, focusing

on comparing different head types: Baseline, SSA, and VLSA with varying k values (1, 2, and

3). The key performance metrics include the number of parameters, average minimum validation

loss, and average training time.

Performance Metrics Comparison

Table 7.7 summarizes the performance metrics for each head type. The Baseline model serves as

the reference point for calculating percentage changes in parameters, validation loss, and training

time.

Table 7.7: Performance Metrics at 80,000 Iterations

Head Type
# Parameters (M) Avg Min Validation Loss Avg Train Time (hh:mm:ss)

Value CFB (%) Value CFB (%) Value CFB (%)

Baseline 3.3959 (– %) 1.1775 (– %) 2:29:23 (– %)
SSA 3.9202 (+15.44 %) 1.1742 (-0.28 %) 3:04:08 (+23.27 %)
VLSA (k = 1) 3.5270 (+3.86 %) 1.1688 (-0.74 %) 2:42:59 (+9.10 %)
VLSA (k = 2) 4.9688 (+46.32 %) 1.1513 (-2.22 %) 3:39:53 (+47.20 %)
VLSA (k = 3) 6.6727 (+96.49 %) 1.1425 (-2.97 %) 4:34:40 (+83.87 %)
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Figure 7.4: Comparison of average minimum validation loss for models trained for 80,000 itera-
tions: bar chart (left) and box plot (right).
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Statistical Analysis

The ANOVA test, shows a significant effect of head type (F (4, 10) = 89.28, p < 0.001), as shown

in Table 7.8.

Table 7.8: ANOVA Results at 80,000 Iterations

Source Sum of Squares Degrees of Freedom F-Statistic p-value

Head Type 0.002777 4 89.28 8.792682e-08
Residual 0.000078 10 – –

The Friedman test also indicated a significant difference among the head types (χ2(4) = 12.0,

p = 0.017).

Post-hoc analyses using Tukey’s HSD test identified significant differences between the Base-

line model and VLSA with k = 1, k = 2, and k = 3 (Table 7.9). No significant difference was

found between the Baseline and SSA model.

Table 7.9: Tukey HSD Post-hoc Test Results at 80,000 Iterations

Group 1 Group 2 Mean Difference p-value Lower Upper

Baseline SSA -0.0033 0.6131 -0.0108 0.0042
Baseline VLSA (k = 1) -0.0088 0.0210 -0.0163 -0.0013
Baseline VLSA (k = 2) -0.0262 0.0000 -0.0337 -0.0187
Baseline VLSA (k = 3) -0.0350 0.0000 -0.0425 -0.0275

The results from the Wilcoxon signed-rank tests indicated no significant differences between

the Baseline and SSA model (p = 0.25), as well as between the Baseline and each of the VLSA

models (p = 0.25 for all comparisons).

Discussion

The VLSA models demonstrated improved performance over the Baseline, with increasing im-

provements corresponding to higher k values. Specifically, VLSA with k = 3 achieved the lowest

average minimum validation loss, representing a 2.77% reduction compared to the Baseline. How-

ever, this improvement comes at the cost of increased computational resources, as evidenced by

the higher number of parameters and longer training times.

The SSA model showed a marginal reduction in validation loss compared to the Baseline but

did not achieve statistical significance. The trade-off between model complexity and performance

gain is evident, suggesting that while VLSA models offer superior performance, they require care-

ful consideration of resource constraints.

The confirmatory analysis indicates that VLSA head types outperform the Baseline model in

terms of validation loss, with statistically significant improvements observed for k = 1, k = 2, and
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k = 3. The increase in performance is accompanied by higher computational costs, emphasizing

the need to balance accuracy with efficiency in model selection.

7.3 Discussion

The primary objective of this study was to explore alternative attention mechanisms within Transformer-

based language models without directly competing with existing architectures. This approach

aimed to identify modifications that could enhance model performance while allowing seamless

integration into established frameworks. The findings from both the exploratory and confirmatory

analyses provide insights into the efficacy of the proposed attention mechanisms, particularly the

Variable-Layered Self-Attention (VLSA) models with varying values of k.

At both 40,000 and 80,000 iterations, the VLSA models demonstrated improved performance

over the baseline, particularly as the k value increased. For instance, at 80,000 iterations, VLSA

with k = 3 achieved the lowest average minimum validation loss of 1.1446, representing an ap-

proximately 3% reduction compared to the baseline. This result indicates superior generalization

capabilities, confirmed by statistical tests. However, this enhancement was accompanied by a sub-

stantial increase in the number of parameters and training time, highlighting a trade-off between

accuracy and computational efficiency.

An intriguing observation arose when comparing the performance of parameter-heavy VLSA

models trained for 40,000 iterations with the baseline model trained for 80,000 iterations, as shown

in Table 7.10. Despite being trained for half the number of iterations, the VLSA models with

higher k values outperformed the baseline model in terms of validation loss. For example, the

VLSA with k = 2 achieved an average minimum validation loss of 1.1739, showing marginal

improvement over the baseline trained for 80,000 iterations, while requiring 25.94% less time to

train. Similarly, the VLSA with k = 3 achieved an average minimum validation loss of 1.1675,

a slight improvement over both the baseline and VLSA with k = 2, with a reduction of 7.96%

in training time. These findings suggest that the VLSA models, particularly those with higher k

values, demonstrate a capacity for more efficient learning compared to the baseline model. The

consistent reduction in validation loss, even when trained for fewer iterations, underscores more

effective utilization of the available training data. This efficiency highlights the potential of VLSA

models to deliver comparable or superior results while mitigating computational costs, which is a

significant consideration in the deployment of large language models. Statistical tests further val-

idated the results, with the ANOVA test indicating a significant effect of the attention mechanism

on validation loss (F = 19.32, p = 0.0001). Although the Wilcoxon signed-rank tests did not

reveal significant differences between the baseline and other models, the overall trend supports the

efficacy of the VLSA modifications.

In conclusion, these findings align closely with the initial motivation of the study, demon-

strating that alternative attention mechanisms, specifically the VLSA models, can enhance the

performance of Transformer-based language models. By exploring modifications that do not di-

rectly compete with existing architectures, such as the VLSA models, this study contributes to the
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development of more efficient and effective language models. The ability of the VLSA models to

integrate smoothly into current frameworks emphasizes the practicality of this approach.

Table 7.10: Combined results and percentage differences for selected models.

Head Type # Iterations trained for
Avg Min Val Loss Avg Train Time (hh:mm:ss)

Value CFB (%) Value CFB (%)

Baseline 80,000 1.1775 (– %) 02:29:23 (– %)
SSA 80,000 1.1742 (-0.28 %) 03:04:08 (+23.27 %)
VLSA (k = 1) 80,000 1.1952 (+1.50 %) 01:22:12 (-44.97 %)
VLSA (k = 2) 40,000 1.1739 (-0.31 %) 01:50:38 (-25.94 %)
VLSA (k = 3) 40,000 1.1675 (-0.85 %) 02:17:29 (-7.96 %)
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Figure 7.5: Comparison of average minimum validation loss for selected models: bar chart (left)
and box plot (right). The number of iterations that each model was trained for is indicated in Table
7.10.





Chapter 8

Conclusion

This thesis has explored the foundational aspects of the Transformer architecture and the self-

attention mechanism, in addition to a range of methodologies relevant to the development and

training of language models. The field of natural language processing remains dynamic, charac-

terized by continuous research efforts and frequent publications aimed at improving model per-

formance. Despite the competitive nature of this domain, the outcomes of this research indicate

that opportunities for advancement and innovation persist, even within the confines of limited

computational resources, which necessitated focusing on smaller models.

This chapter concludes the thesis. Section 8.1 provides a summary of the key results obtained.

Section 8.2 outlines the contributions made through this research. Lastly, Section 8.3 presents

potential directions for future investigation.

8.1 Summary

This thesis explored potential modifications to the standard self-attention mechanism, with the aim

of identifying viable alternatives that wouldn’t deviate from existing Transformer-based frame-

works. By focusing on the Variable Layered Self-Attention (VLSA) model, the study demon-

strated that it could enhance model performance without directly competing with established ar-

chitectures. This approach facilitates smoother integration into current frameworks and provides

a foundation for future research.

The VLSA model, particularly with k = 2 and k = 3, showed significant promise as a more

efficient alternative to the baseline self-attention mechanism. At 40,000 iterations, VLSA with

k = 3 achieved superior validation loss with a reduction in training time compared to the baseline

trained for 80,000 iterations. These results highlight the ability of the VLSA model to generalize

better and optimize computational resources, making it a viable option for improving the efficiency

of Transformer-based models.

The findings from this research suggest that the VLSA model could serve as a practical and

scalable solution for future developments in language models, offering performance enhancements

with fewer iterations and reduced training time.
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The code and data for the experiments reported here can be found at the footnote below1.

8.2 Contributions

The primary contributions of this dissertation are outlined as follows:

• A comprehensive study of the Transformer architecture and the self-attention mecha-
nism

This research offers an in-depth analysis of the Transformer architecture and the self-attention

mechanism, foundational components of the most successful language models. Addition-

ally, it presents an extensive literature review, encompassing both foundational works and

more recent developments aimed at enhancing the efficiency and performance of self-attention,

modifying the Transformer block architecture, or improving the interpretability of attention

in Transformer models.

• Development of two novel competitive attention mechanisms

The Variable Layered Self-Attention (VLSA) models demonstrated superior performance

compared to the original scaled dot-product attention, achieving these results with fewer it-

erations and reduced training time. While these new mechanisms were evaluated on smaller

models, it is hypothesized that the observed improvements will extend to larger-scale mod-

els.

8.3 Future Work

Although the results presented in this thesis are promising, there remain significant avenues for

enhancing the performance and efficiency of language models. The following sections outline

potential directions for future research:

8.3.1 Larger Models and Datasets

A logical progression involves applying the proposed mechanisms to larger models and datasets.

One initial objective would be to test VLSA mechanisms on models with parameter counts com-

parable to the largest GPT-2 configuration (1.5 billion parameters) [137] or TinyLlama (1.1 billion

parameters) [138]. Models within this parameter range are critical for capturing complex linguis-

tic patterns and achieving strong performance across diverse benchmarks. This step would verify

whether the improvements observed in smaller models scale appropriately. Moreover, evaluating

these mechanisms on more diverse datasets would provide further insights into their generalization

and robustness.

According to the Chinchilla model [8] by DeepMind, the optimal parameter-to-token ratio is

1:20. In this thesis, the largest dataset contained approximately 165 million tokens, suggesting

1https://github.com/joaoterroa/exploring-causal-attention-models

https://github.com/joaoterroa/exploring-causal-attention-models
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that achieving the optimal ratio would require datasets of roughly 30 billion tokens (an increase of

29.835 billion tokens or 18,021%) and models approximately 30,000% larger. It remains essential

to balance model size with available computational resources and the quality of training data,

as merely increasing the number of parameters will not necessarily enhance performance if the

training data is insufficient or of poor quality.

8.3.2 Expanded Evaluation Metrics

While validation loss and training time provide valuable insights, employing a broader array of

benchmarks is necessary for a comprehensive evaluation of the new models. Future research

should incorporate standardized evaluation metrics widely used in the assessment of large lan-

guage models. These include perplexity [139], which measures how well the model predicts text

samples, with lower values indicating better performance. Cross-entropy loss [140], closely re-

lated to perplexity, is another critical metric for measuring the accuracy of the model’s predictions

during training. Additionally, metrics such as bits per byte (BPB) or bits per character (BPC),

which indicate the average number of bits required to encode each byte or character of text, can

provide insight into the efficiency of data modeling, with lower values reflecting improved com-

pression. Next token prediction accuracy [141, 42], which assesses the model’s ability to correctly

predict the next token in a sequence, is also essential for evaluating model performance. Including

these benchmarks would offer a more holistic understanding of the improvements and allow for

direct comparisons with state-of-the-art models.





Glossary

CNN Convolutional Neural Network, a class of deep neural networks commonly used for analyz-

ing visual data, characterized by their use of convolutional layers to detect features. 1

NLP Natural Language Processing, a field of study focused on the interaction between computers

and human language, aiming to enable computers to understand, interpret, and generate

human language. 1

RNN Recurrent Neural Network, a type of neural network designed for processing sequential

data by using loops to allow information to persist across steps in the input sequence. 1

self-attention A mechanism that allows the model to assign varying levels of importance to dif-

ferent words in a sentence. 1

Transformer A transformer is a deep learning architecture introduced by Google. It is based on

the multi-head attention mechanism and was proposed in the 2017 paper "Attention Is All

You Need". 1
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Appendix A

Phase One Results

A.1 Individual Results

A.1.1 TinyShakespeare
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Figure A.1: Training (left) and validation (right) losses for the Shakespeare dataset, with a model
configuration of 2 heads, 2 layers, 128 embeddings, and a learning rate of 1e-3.
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Figure A.2: Training (left) and validation (right) losses for the Shakespeare dataset, with a model
configuration of 2 heads, 2 layers, 128 embeddings, and a learning rate of 3e-4.
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Figure A.3: Training (left) and validation (right) losses for the Shakespeare dataset, with a model
configuration of 4 heads, 4 layers, 256 embeddings, and a learning rate of 1e-3.
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Figure A.4: Training (left) and validation (right) losses for the Shakespeare dataset, with a model
configuration of 4 heads, 4 layers, 256 embeddings, and a learning rate of 3e-4.

A.1.2 Medium Datasets

Pbooks Dataset
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Figure A.5: Training (left) and validation (right) losses for the pbooks dataset, with a model
configuration of 4 heads, 4 layers, 256 embeddings, and a learning rate of 1e-3.
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Figure A.6: Training (left) and validation (right) losses for the pbooks dataset, with a model
configuration of 4 heads, 4 layers, 256 embeddings, and a learning rate of 3e-4.
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Figure A.7: Training (left) and validation (right) losses for the pbooks dataset, with a model
configuration of 6 heads, 6 layers, 384 embeddings, and a learning rate of 1e-3.
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Figure A.8: Training (left) and validation (right) losses for the pbooks dataset, with a model
configuration of 6 heads, 6 layers, 384 embeddings, and a learning rate of 3e-4.

Big Dataset
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Figure A.9: Training (left) and validation (right) losses for the "big" dataset, with a model config-
uration of 4 heads, 4 layers, 256 embeddings, and a learning rate of 1e-3.



Appendix A. Phase One Results 76

� � � �
��������� ×���

���

���

���

���

���

���

�������������


��������

�
�
�
�
�
�
	�������

� � � �

�������� ×���

���

���

��	

���������������

���������
���

��

��

��������

Figure A.10: Training (left) and validation (right) losses for the "big" dataset, with a model con-
figuration of 4 heads, 4 layers, 256 embeddings, and a learning rate of 3e-4.
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Figure A.11: Training (left) and validation (right) losses for the "big" dataset, with a model con-
figuration of 6 heads, 6 layers, 384 embeddings, and a learning rate of 1e-3.
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Figure A.12: Training (left) and validation (right) losses for the "big" dataset, with a model con-
figuration of 6 heads, 6 layers, 384 embeddings, and a learning rate of 3e-4.

A.1.3 Gutenberg Dataset
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Figure A.13: Training (left) and validation (right) losses for the Gutenberg dataset, with a model
configuration of 6 heads, 6 layers, 384 embeddings, and a learning rate of 3e-4.
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Figure A.14: Training (left) and validation (right) losses for the Gutenberg dataset, with a model
configuration of 8 heads, 8 layers, 512 embeddings, and a learning rate of 3e-4.
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