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Protein Design Using Arti�cial Intelligence

by Stefan-Bogdan MARCU

The emergence of new and resistant strains of pathogens, coupled with the slow and

expensive process of drug discovery, has created an urgent need for innovative ap-

proaches in pharmaceutical development. This thesis explores how machine learn-

ing can be leveraged to accelerate the discovery and design of new pharmaceuticals.

Each chapter addresses different aspects of the drug design process, proposing soft-

ware solutions aimed at enhancing the productivity of researchers in the �eld.

The contributions section of the thesis begins with the examination of the fun-

damental problem of protein folding, focusing on AlphaFold and its unprecedented

accuracy in predicting protein structures, which rivals experimental methods. The

chapter discusses both the innovations brought forth by these models and their tech-

nical limitations.

Following this, the thesis pivots to the issue of Molecular Recognition, where

protein conformation plays a critical role. This challenge is explored through the

Puzzle Solver project, which uses a jigsaw puzzle analogy to approach the molecular

recognition problem.

The exploration of protein predictors led to identifying a key issue in pharmaceu-

tical research: the need for reverse protein prediction, speci�cally parametric protein

design. This is addressed through the SilverSurfer and PS-GO projects.

The �nal section of the thesis focuses on integrating cutting-edge tools and sim-

plifying work�ows for pharmaceutical researchers. The PROFASA platform offers a

single point for protein design needs, while ChemFlow lowers the technical knowl-

edge barrier to designing work�ows. This allows researchers to more easily utilise

state-of-the-art tools and focus on their area of expertise.
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Chapter 1

Introduction

This chapter serves as the introduction to the thesis, describing the motivation be-

hind the research, de�ning the scope of work and detailing the contributions made

through various publications. The chapter concludes by providing a structured

overview of the thesis layout.

1.1 Motivation

The unceasing battle against pathogens represents one of humanity's oldest and

most relentless challenges. The emergence of new and resistant strains of bacte-

ria, viruses and other pathogens necessitates the continuous development of novel

drugs to ensure effective treatments and maintain public health [236]. The demand

for new and innovative pharmaceuticals has never been greater, particularly as tra-

ditional drug discovery methods face speed, ef�ciency, and cost-effectiveness limi-

tations [59].

In recent years, arti�cial intelligence has experienced a signi�cant surge in both

quality and performance. This technological boom offers unprecedented opportu-

nities to revolutionise various �elds, including drug discovery. By harnessing the

power of machine learning, researchers can transform the drug development land-

scape, shifting from conventional searches for effective compounds to a targeted

design approach.

AI-driven methodologies hold the promise to expedite the drug discovery pro-

cess, making it faster and more ef�cient and reducing the prohibitive development

costs [72, 132, 268]. These advancements may enhance the ef�ciency of identifying

potential drug candidates and improve the precision in designing de novodrugs with

speci�c desired functionality. This targeted approach holds the potential to develop

therapies that are more effective and have fewer side effects, signi�cantly contribut-

ing to personalised medicine.

The integration of AI in drug discovery stands to make signi�cant contributions

to advancing medical science and public health. By accelerating the discovery of

new drugs and optimising existing ones, AI can play a central role in improving

and potentially extending the quality of life for countless individuals. The potential
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to substantially impact health outcomes adds a ful�lling dimension to the already

intellectually stimulating challenge of protein design.

This research aims to address the pressing need for new and effective drugs to

face evolving pathogens. By leveraging advancements in AI to improve the drug

discovery process, it aims to contribute to the ongoing efforts to advance medical

science and tackle one of humanity's oldest and most signi�cant challenges.

1.2 Scope of work

The primary objective of this research is to explore and leverage arti�cial intelli-

gence's capabilities within the domain of bioinformatics to enhance the drug dis-

covery process. This investigation speci�cally focuses on the application of ad-

vanced machine-learning techniques to address both computational and biological

challenges associated with the discovery and design of new pharmaceutical agents.

The scope of this research encompasses several key areas:

Predicting protein Shape through AI techniques: Focuses on capturing the

modelling power of AI models and techniques in order to solve one of the classical

questions in protein modelling: predicting the 3D conformational shape of a protein

given its amino-acid sequence.

Machine learning for Protein-Ligand Interaction Prediction: This research aims

to re�ne the predictive accuracy of protein-ligand binding models through the use

of deep learning and other sophisticated machine learning methods.

Development of Machine Learning Enhanced Bioinformatics Tools: A signi�-

cant part of the work involves developing and re�ning tools that integrate Machine

learning to facilitate various aspects of drug discovery. These tools are designed to

reduce the computational expertise required, making advanced bioinformatics anal-

yses more accessible to the broader scienti�c community.

Optimisation of Drug Discovery Processes: The research aims to streamline the

drug discovery pipeline by implementing AI-driven methodologies that can predict

and model complex biological interactions more quickly and accurately than tra-

ditional methods. This includes automating aspects of the drug design process to

enhance throughput and ef�ciency.

Ultimately, this research intends to demonstrate the transformative potential of

integrating AI into bioinformatics, particularly in the context of drug discovery. The

expected contributions of this work include the development of innovative com-

putational tools and methodologies that enhance the ef�ciency and accuracy of the

drug design process. By integrating AI techniques, this work seeks to facilitate more

streamlined and effective approaches to pharmaceutical development, contributing

valuable advancements to the �eld.
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1.3 Contributions And Publications

This thesis presents several signi�cant contributions to the �eld of protein design,

re�ected through publications and software developments that have each advanced

the understanding and application of machine learning approaches in bioinformat-

ics.

1.3.1 AlphaFold

The publication An Overview of Alphafold's Breakthrough[196], published in Frontiers

in Arti�cial Intelligence examines the mechanisms behind AlphaFold and AlphaFold2,

as well as their implications in the �eld of protein research. This mini-review ex-

plores the advanced methodologies employed by both versions of AlphaFold, high-

lighting the improvements from AlphaFold to AlphaFold 2, particularly focusing on

their work mechanisms and the computational strategies that enable the prediction

of protein structures. The review provides insights into how these technologies have

reshaped protein structure prediction and discusses their potential applications in

drug discovery and protein design, informing ongoing and future research in bioin-

formatics.

1.3.2 ChemFlow

ChemFlow, a software developed as part of this research, serves as a proof of concept

for translating natural language descriptors into executable bioinformatics work-

�ows with minimal technological knowledge required. This innovation signi�cantly

democratises access to complex computational tools, enabling a broader range of sci-

entists to engage in sophisticated drug discovery efforts without requiring advanced

programming knowledge. The associated paper, ChemFlow: Bridging Computational

Tools and Bioinformatics through LLM-Driven Work�ow Automation[193], accepted for

publication in Modelling and Development of Intelligent Systems, outlines the develop-

ment and application of ChemFlow; a proof of concept tool leveraging large lan-

guage models to streamline the research processes in bioinformatics.

1.3.3 SilverSurfer

SilverSurfer represents another cornerstone of this thesis, a parametric protein engi-

neering tool that utilises genetic algorithms to effectively explore and optimise the

protein space. This tool's development was detailed in the paper Silver Surfer: Nav-

igating the Parametric Protein Space with Genetic Algorithms[194], which received the

Best Student Paper award at the conference onAdvances and Trends in Arti�cial Intelli-

gence. Theory and Applications. Silver Surfer provides researchers with an innovative

tool for parametric protein design.



4 Chapter 1. Introduction

1.3.4 PuzzleSolver

PuzzleSolver introduces a dual-component tool comprising a realistic jigsaw puzzle

generator and an AI-powered solver. This tool mimics the complexity of molecular

recognition within a more controlled and quanti�able jigsaw puzzle environment.

The development and implications of this novel approach are published in the paper

Generating Jigsaw Puzzles and an AI-Powered Solver[195], in Modelling and Development

of Intelligent Systems. This framework establishes a new approach to understanding

and applying AI in solving complex, pattern-based problems analogous to those

found in molecular biology.

1.3.5 PS-GO

PS-GO, a search engine developed within this research, specialises in parametric

protein search, utilising pre-computed protein properties from ingested databases.

This advanced approach allows users to search for proteins based on speci�c prop-

erties, making it highly effective for identifying proteins with desired characteristics.

The tool's capabilities and its impact on protein research are detailed in the paper ti-

tled PS-GO parametric protein search engine[200], published in the Computational and

Structural Biotechnology Journal. PS-GO represents a novel tool, offering researchers

a powerful method for exploring proteins.

1.3.6 PROFASA

PROFASA stands as a pioneering platform designed for the detailed analysis of pro-

tein function and structures. This platform's capabilities were encapsulated in the

paper PROFASA—a web-based protein fragment and structure analysis workstation[199],

published in Frontiers in Bioengineering and Biotechnology. PROFASA offers an in-

tegrated environment for researchers to perform comprehensive protein analysis,

enhancing the ef�ciency and depth of protein studies.

1.3.7 ProteinFlow

ProteinFlow stands as an innovative framework offering advanced tools for data

processing, feature extraction and interpretation. It stands out by directly address-

ing the complexities of multidimensional protein data sets through parallel data

processing strategies that demonstrate a signi�cant improvement over traditional

methods. Through the reduction of processing time and expanding the scope of bi-

ologically signi�cant features identi�ed, ProteinFlow emerges as an essential tool in

effectively tackling the analysis of intricate protein property space. The framework's

properties have been published in the paper ProteinFlow: An advanced framework for

feature engineering in protein data analysis[201] part of the Biotechnology and Bioengi-

neeringjournal.
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Together, these publications and software tools represent a comprehensive effort

to advance the �eld of protein design, contributing signi�cantly to the broader goals

of medical science and public health. Each contribution underscores the potential of

advanced computational techniques in bioinformatics and establishes a foundation

for future research in this vital area.

1.4 Structure of the Thesis

This thesis is organised into seven distinct chapters, each focusing on a different

aspect of protein design, employing different machine learning techniques to em-

power the researcher. It builds a comprehensive narrative from foundational con-

cepts to advanced applications and re�ections on future directions:

1.4.1 Chapter 1: Introduction

Chapter 1 serves as the entry point into the thesis, setting the stage with an explo-

ration of the motivation behind this research. It delves into the contributions made

through publications and software tools that have emerged as a result of this work,

providing a preview of the innovative approaches taken in the �eld of bioinformat-

ics. This chapter ends by outlining the structure of the entire thesis.

1.4.2 Chapter 2: Background and Related Work

This chapter lays the groundwork by discussing the essential biological and compu-

tational concepts that underpin the thesis. The �rst section introduces key biological

aspects, including proteins, their structures, the drug development process, and the

role of computer-aided design in modern bioinformatics. The second section tran-

sitions into the realm of machine learning, covering genetic algorithms, the basics

of supervised learning, and various staple architectures like Convolutional Neural

Networks and Transformers, setting the stage for their application in subsequent

chapters.

1.4.3 Chapter 3: Protein Folding, AlphaFold

Centering on the signi�cant advancements in protein folding. Chapter 3 builds upon

the work published in the "An Overview of Alphafold's Breakthrough" [196] paper.

It discusses the critical role of protein folding in biological functions and how Al-

phaFold and AlphaFold2 have revolutionised this area. This chapter addresses the

technical innovations and challenges of these methodologies.
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1.4.4 Chapter 4: Molecular Recognition, Puzzle Solver

Expanding the focus to protein interactions, Chapter 4 leverages the analogies drawn

from solving jigsaw puzzles, as discussed in the publication "Generating Jigsaw Puz-

zles and an AI-Powered Solver" [195]. This approach helps explore machine learning

models for predicting protein interactions, offering insights into the complexities of

molecular recognition.

1.4.5 Chapter 5: Parametric Protein Design, SilverSurfer & PS-GO

Chapter 5 explores the implementation of property prediction models and tools

for parametric protein design, grounding in the works "PS-GO parametric protein

search engine" [200] and "Silver Surfer: Navigating the Parametric Protein Space

with Genetic Algorithms" [194]. It introduces the innovative tools PS-GO and Silver

Surfer, designed to navigate and manipulate the protein space ef�ciently, showcas-

ing the practical applications of the theoretical discussions from previous chapters.

1.4.6 Chapter 6: Protein Platform, Profasa & ChemFlow

Building on the technological advancements discussed in Chapter 5, Chapter 6 fo-

cuses on enhancing user experience and accessibility. It details the development of

PROFASA and ChemFlow, platforms that integrate cutting-edge protein property

predictors and work�ow automation to lower the technical barriers for bioinformat-

ics researchers, as highlighted in the papers "PROFASA—a web-based protein frag-

ment and structure analysis workstation" [199] and "ChemFlow: Bridging Computa-

tional Tools and Bioinformatics through LLM-Driven Work�ow Automation" [193].

1.4.7 Chapter 7: Conclusion and Future Directions

The �nal chapter synthesises the �ndings from the entire thesis, summarising the

key results and contributions. It discusses the implications of this research in the

broader context of medical science and public health and proposes promising av-

enues for future research, aiming to inspire ongoing innovation in the �eld of protein

design and drug discovery.
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Chapter 2

Background and Related Work

Chapter 2 lays the foundational knowledge for the thesis. It provides an extensive re-

view of the literature through the exploration of theories and prior work in the �elds

of bioinformatics and machine learning. This chapter serves to contextualise the re-

search within the broader scienti�c landscape and highlight advancements that have

shaped the current state of protein structure prediction and computational drug de-

sign.

2.1 Bioinformatics

Bioinformatics is the interdisciplinary branch of molecular biology situated at the

intersection of biology and computer science. It primarily focuses on the applica-

tion of computational techniques to analyse large-scale biomolecular data, encom-

passing diverse subjects such as structural biology, genomics and gene expression

studies [189]. A dynamic and rapidly evolving �eld of pivotal importance, bioinfor-

matics is extensively applied across various domains, including drug production,

gene therapy, agriculture, etc. [300]. Integrating knowledge from molecular biology,

chemistry, mathematics, statistics and computer science [300], the study of bioinfor-

matics provides powerful tools and methods for deciphering and understanding the

complex functionality of biological processes and functions.

The role of bioinformatics has become of increasing importance due to the emer-

gence of high-throughput technologies such as next-generation sequencing and mass

spectrometry [175]. These technologies have enabled the generation of vast quan-

tities of data at an unprecedented scale and speed, highlighting the necessity for

sophisticated computational tools required to manage, analyse and interpret this

wealth of information.

2.1.1 Proteins

Proteins have been an integral part of human knowledge long before the formal

scienti�c understanding of their molecular structures. Historically, the practical ap-

plications of protein in everyday life are evident, ranging from food preparation and

preservation to baking, brewing and traditional medicine. These early uses demon-

strate an early empirical grasp of protein functionality. However, it was not until
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the advancements in biochemistry during the 20th century that a profound transfor-

mation occurred in the human understanding of proteins, brought by the progress

in deciphering the intricate details of protein sequences and their three-dimensional

structures.

Their involvement in many of the essential and culture-de�ning historical hu-

man activities marks the historical indirect study of proteins through baking and

brewing as one of the earliest instances of human engagement with biochemistry.

The relatively modern discovery of the involvement of proteins in virtually all of

the biological processes [2] rightfully designates them as one of the main subjects

of study within the �eld of bioinformatics. Proteins are complex macromolecules

that are critical for the structure and function of all living organisms. They ful�l

diverse roles, such as catalyzing metabolic reactions, replicating DNA, responding

to stimuli, and transporting molecules across cellular boundaries. Proteins are inte-

gral to the cellular infrastructure, working in physical or functional association with

other proteins or biomolecules [2]. Understanding these dynamic and multifaceted

molecules is of crucial importance for the development of new and improved phar-

maceuticals.

Proteins are abundantly present in all living organisms. For instance, Schizosac-

charomyces pombe, a type of �ssion yeast commonly used in traditional brewing and

later adopted as a model organism for molecular and cell biology, contains approx-

imately 60 million protein molecules with expression levels ranging from a few

copies to as many as 1.1 million copies for some proteins [2]. Re�ecting their crit-

ical role in cellular structure and function, proteins constitute about 50% of the dry

mass of a cell across various species [2]. This variability and prevalence highlight

the crucial role proteins play across different �elds of biology.

Proteins are fundamentally composed of one or more polypeptide chains, which

are sequences of amino acids (depicted in Fig. 2.1 a, b) linked together by the cova-

lent bonds. At the core of these chains lies the central protein structure, also known

as the protein backbone, which is characterised by a repeating sequence of nitrogen,

alpha carbon, and carbonyl carbon (Fig. 2.1 c). Each amino acid within the polypep-

tide chain shares a common substructure centred around an alpha carbon. The a-

carbon is covalently bonded to an amino ( NH2) group (green box in Fig. 2.1 a,b), a

carboxyl (COOH) group (blue box in Fig. 2.1 a,b) and a hydrogen atom. The distinct

identity and physicochemical properties of each amino acid are determined by its

side chains, known as R groups (yellow box in Fig. 2.1 a,b). These R groups vary

widely among the different amino acids, in�uencing the structure, functionality, and

interaction capabilities of the protein. The speci�c sequence and composition of the

R groups de�ne the protein's overall structure (Fig. 2.1 d) and its biological role.

The structural organisation of proteins is conventionally described at four dis-

tinct levels of abstraction, each capturing different aspects of their complex struc-

ture and functionality. The �rst level of abstraction is the primary structure; it refers

to the linear sequence of amino acids in the polypeptide chain (Fig. 2.2 a). At the
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FIGURE 2.1: The �gure depicts the building components of a pro-
tein using different representations: a) Uses chemical notation to il-
lustrate the formula of one amino acid, its bonds and the constituting
groups. b) Displays the same amino acid formula with its member
groups overlayed on top of a standard ball and stick representation.
c) Demonstrates how multiple amino acids bind to create a polypep-
tide chain and displays the characteristic torsion angles y and j of
the composing amino acids. d) Shows the ball and stick representa-
tion for the human haemoglobin ( 1GZX) with a length of 141 amino

acids.

FIGURE 2.2: The �gure illustrates the four common levels of abstrac-
tion when working with protein structure. Primary Structure is con-
cerned with the linear sequence of amino acids in the chain; Sec-
ondary Structure focuses on immediate structures ( a-helices and
b-sheets) ; The tertiary structure centres on the 3D structure of the
protein; The quaternary structure revolves around the way multiple

protein subunits form into a functional complex.

second level, we encounter the secondary structures, which are characterised by pat-

terns of hydrogen bonding between peptide backbone atoms forming alpha-helixes

and beta-sheets. The alpha-helix is a right-handed coiled strand, whereas the beta-

sheet consists of beta strands connected laterally by at least two or three backbone

hydrogen bonds (Fig. 2.2 b). At the third level, we encounter the tertiary structure,

which concerns itself with the three-dimensional shape of the entire polypeptide, in-

cluding the spatial arrangement of the secondary structure. The shape is in�uenced

by various interactions such as hydrophobic interactions, hydrogen bonds, disul�de
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bonds, and ionic bonding between the side chains of the amino acids. These inter-

actions cause the protein to fold into a speci�c three-dimensional structure that is

biologically active (Fig. 2.2 c). The fourth and highest level of structural organisa-

tion is the quaternary structure. This level involves the assembly of multiple protein

subunits into a functional complex (Fig. 2.2 d). Together, these four levels of protein

structure provide a framework for understanding the complex dynamics of protein

interactions.

The intrinsic link between a protein's biological function and its three-dimensional,

native structure, is foundational to the understanding of its biological activity. The

sequence of amino acids fundamentally encodes the unique three-dimensional struc-

ture of each protein [138]. This speci�c con�guration is essential; without it, proteins

may lose their functionality or even develop detrimental con�gurations [274]. The

folding process, in which proteins transform from a linear chain of amino acids into

a complex, folded structure, highlights how delicate the balance between structure

and function is. Even seemingly minor alterations in the protein's sequence can lead

to signi�cant changes in its behaviour. This concept lays the foundation for the �eld

of protein function prediction, which focuses on the study of amino acid sequences,

structural con�gurations, and biomolecular interactions to predict the functional ca-

pabilities of the protein. The inverse problem, the process of engineering new pro-

teins with desired functionality by optimising amino acid sequences to form speci�c

structural attributes, is the focus of the �eld of protein design.

2.1.2 Protein Structure

The structure of a protein dictates its biological function, making the determina-

tion of its three-dimensional atomic con�guration crucial for biological research and

pharmaceutical development. There are two common modern techniques for exper-

imentally determining the structure of a protein at the atomic level: X-ray crystal-

lography and Nuclear Magnetic Resonance (NMR) Spectroscopy.

X-Ray Crystallography

X-ray crystallography stands as a foundational technique in structural biology, play-

ing a pivotal role in the elucidation of the atomic structure of macromolecules. The

inception of this method is anchored in the early suspicions of Max von Laue, who

hypothesised that the wavelength of X-rays discovered by Wilhelm Conrad Rönt-

gen in 1895 might be comparable to interatomic distances within crystals [97]. This

led him to experiment with a blue crystal of copper sulfate pentahydrate ( CuSO4 �
5H2O), yielding diffraction images. Max Von Laue formulated a physical explana-

tion of the observed diffraction images [97]. This experiment set the stage for further

developments by Sir William Henry Bragg and his son, Sir William Lawrence Bragg,

who recognised the utility of diffraction in investigating crystal structures. Notably,

Sir William Lawrence Bragg formulated an elegant mathematical relation known as
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FIGURE 2.3: The �gure depicts the general stages and processes con-
stituting X-ray crystallography. The proteins are crystalised; diffrac-
tion patterns are obtained with the help of X-rays. The diffraction pat-
tern is computed into an electron density map, which is used to gener-
ate an atomic model of the protein conformation. The obtained model
is then iteratively used to better understand the diffraction patterns,

leading to iteratively improving the accuracy of the atomic model.

Bragg's Law, nl = 2dsin Q, which describes the relationship between the angles of

diffraction ( Q), the wavelength of the X-rays ( l ), and the interplanar spacings (d)

withing the crystal lattice [33].

In order to experimentally determine the structure of a macromolecule, X-ray

crystallography involves several key steps. Initially, a suf�cient quantity of the

macromolecule must be produced in a pure form. In the next step, researchers ex-

plore various conditions under which the macromolecule can crystallise, followed

by the crystal production in which the crystals of the macromolecule are grown, ob-

taining a crystalised protein similar to the Crystal depicted in Fig. 2.3. To ensure

accurate diffraction patterns, these crystals must be of high quality, with regular

lattice structures. The preparatory steps are followed by the data collection step. In

this step, the crystals are subjected to X-ray diffraction, where X-rays are shone upon

the crystal, creating diffraction patterns in�uenced by the atoms within the crystal

similar to the Diffraction Pattern illustrated in Fig. 2.3. These patterns provide in-

formation about the amplitudes of the diffracted waves. Notably this step does not

provide any phase information. The phase problem-solving step tackles the chal-

lenge of obtaining the phase information through methods like multi-wavelength

anomalous diffraction, single-wavelength anomalous diffraction, multiple isomor-

phous replacements or molecular replacement techniques. Once the data is collected

from the experiments, the �nal step is constituted by computing the electron density

map from the collected data (an example of an Electron Density Map can be observed

in Fig. 2.3). This map is then used to build and re�ne the macromolecular structure

(depicted under Atomic Model in Fig. 2.3), considering the known covalent bond

geometries and other structural data [26].

One of the key strengths of X-ray crystallography lies in its versatility. The tech-

nique can be used to experimentally determine the structure regardless of the size

and complexity of the macromolecule, provided that it can be crystallised. Most
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globular macromolecules meet this criterion [26], although the crystallisation pro-

cess may slightly alter their local structures.

Nuclear Magnetic Resonance Spectroscopy

FIGURE 2.4: The �gure depicts the main stages of identifying the
molecular con�guration of a compound using NMR spectroscopy.
An MNR spectroscope, including a magnet, RF transmitter and de-
tector components, is used to measure the attenuation curve. This
data is used to create a spectrum showing the chemical shifts in the
molecule; these shifts give clues to the local chemical con�gurations,

which give strong clues towards the structure of the compound.

Nuclear magnetic resonance (NMR) spectroscopy is another bedrock technology

in structural biology used to determine the three-dimensional structure of macro-

molecules at the atomic level. The phenomenon of nuclear magnetic resonance was

discovered by Isidor Isaac Rabi, for which he received the Nobel Prize in Physics in

1944 [293]. In 1946, Purcell and Bloch independently developed NMR spectroscopy [205],

a signi�cant advancement for which they were awarded the Nobel Prize in Physics

in 1952 [294]. This technique allows scientists to �gure out the relative positions of

various atomic elements through their responses to magnetic pulses [128]. The re-

sulting constraints are then used to determine the actual three-dimensional structure

of the macromolecule.

The process of NMR spectroscopy begins with the preparation of a macromolecule

sample labelled with speci�c isotopes, usually 13C and 15N, to enhance the sensitiv-

ity and resolution of the NMR measurements. The next step involves collecting data

(Fig. 2.4 a) and assigning the chemical shifts of hydrogen (H), nitrogen (N), and

carbon (C) (Fig. 2.4 b) atoms in the macromolecule. Using the distance and/or ori-

entation restraints derived from speci�c NMR experiments (Fig. 2.4), researchers

then calculate and re�ne the structure of the macromolecule (Fig. 2.4 d).

One of the main advantages of NMR spectroscopy is that it can be carried out
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in a concentrated solution rather than in a crystal form, allowing the study of pro-

teins in conditions that more closely mimic their natural environment [26]. Addition-

ally, NMR spectroscopy can de�ne certain dynamic properties of macromolecules,

providing insights into their �exibility and conformational changes [26]. However,

this technique is generally limited to macromolecules with molecular weights of less

than 30 kDa, due to the complexity and overlapping signals in larger molecules [26].

2.1.3 Molecular Recognition

Molecular Recognition, also known under the name of protein docking, is the funda-

mental physical principle underlying protein-ligand interactions, where speci�c in-

teractions occur between two or more molecules through noncovalent bonds. These

interactions are driven by a combination of intermolecular forces, including Van der

Waals forces, electrostatic interactions, and hydrogen bonding. The precise nature of

these noncovalent bonds ensures that molecules �t together in a lock-and-key man-

ner, allowing for the high speci�city and af�nity necessary for biological function.

FIGURE 2.5: The �gure graphically illustrates 3 different models for
molecular recognition. A represents the classical lock and key mecha-
nism. B exempli�es the process known as induced �t. C presents the

conformation selection model.

The lock and key mechanism, introduced by Emil Fischer in 1894 [94] (Fig. 2.5 a),

is one of the most well-known models for molecular recognition. According to this

model, the active site of a host molecule possesses a speci�c, �xed shape. Much like

a key �tting into a lock, a guest molecule will only bind to the active site if its shape

and chemical properties exactly complement those of the active site. One notable

de�ciency of this model is constituted by the lack of consideration of the inherent

�exibility of biological molecules, which can undergo conformational changes to

facilitate binding.

The induced �t model, proposed by Koshland in 1958 [152] (Fig. 2.5 b), hypoth-

esises that the binding of a ligand to a protein induces conformational changes in
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the protein structure, enabling initially incompatible molecules to adopt conforma-

tions more conducive to binding. This dynamic adaptation contrasts with the static

nature of the lock-and-key model. Despite its conceptual advantages in explaining

molecular recognition, the induced �t model is computationally intensive, forcing

practical applications to restrict the �exibility property to a limited number of side

chains around the active site in order to reduce the computational power required

to simulate conformational changes.

The conformation selection models, supported by Monod et al. [208] and Ru-

bin et al. [255] (Fig. 2.5 c), postulates that proteins and ligands exist in a dynamic

equilibrium of multiple conformations independently. According to this model,

molecular recognition occurs when a ligand binds to a protein conformation that is

already complementary without requiring signi�cant conformational adjustments

post-binding. This implies that the binding event selects the pre-existing conforma-

tion (that best �ts the ligand) rather than inducing a �t, as proposed by the induced

�t model. Simulating the molecular recognition against an ensemble of conforma-

tions is computationally expensive due to the necessity of running full simulations

for each possible protein conformation, often requiring the use of dynamic simula-

tions [13].

Despite signi�cant advances in understanding the mechanism for molecular recog-

nition, the debate over which model, induced �t or conformation selection, more

accurately describes the process remains unresolved [47, 104]. Understanding these

mechanisms is crucial for advancing our ability to design and predict protein-ligand

interactions, which is one of the essential mechanisms that is situated at the founda-

tion of drug discovery.

2.1.4 Drug Discovery

Drugs are an essential building block of a functioning health system, serving as cru-

cial instruments in the treatment, prevention, and management of various diseases.

De�ned as chemical or biological entities, drugs modulate the physiological state

of the body. They achieve this modulation by interacting with one or more tar-

get biomolecules, often proteins, to alter their functionality and restore or maintain

health. The study and design of these interactions are central to the study of bioinfor-

matics, which provides computational tools and methods to understand and predict

the complex dynamics between drugs and their protein targets. The drugs' ability to

in�uence biological pathways underscores their critical role in medical science and

public health.

Traditionally, in 20th-century drug discovery, phenotypic screening approaches

were used to identify promising drug candidates [207]. A notable example is the dis-

covery of Penicillin in 1928 by Alexander Fleming [102], who observed that certain

compounds present in mould inhibited bacterial growth, without understanding the

underlying mechanism. Despite its historical success, phenotypic screening faces
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signi�cant challenges, particularly in hit validation and target deconvolution. Con-

sequently, modern drug discovery methods favour a single-target approach, which

has become widely adopted. However, recent studies have demonstrated that many

drugs initially believed to be speci�c single-target agents actually derive their ef�-

cacy from polypharmacology, acting on multiple drug targets [30, 227].

FIGURE 2.6: Visual depiction of the number of compounds employed
at each step of a typical drug discovery process: Clinical Space, Vir-
tual Libraries, High-Throughput Screening, Hit-to-Lead, Lead Opti-
misation, Clinical Trial. The �gure is not accurately scaled as the base

layers dominate the top layers by 10s of orders of magnitude.

Drug discovery is an extremely challenging, multi-stage process that includes a

wide array of research areas, including biology, chemistry, pharmacology, and clin-

ical sciences. This complexity is re�ected in the high costs associated with drug

development, estimated to range between 2-3 billion dollars per drug [72, 266, 268].

A signi�cant portion of these costs arises from the high chance of failure, particularly

due to high late-stage attrition (see Fig. 2.6). The drug development process is noto-

riously time-consuming, often taking over 10 years from initial discovery to market

approval [228, 266]. Despite extensive efforts, on average, only 12.9 new molecu-

lar entities are approved by the FDA every year [89]. The need to develop drugs

ef�ciently, effectively and in a timely manner has been demonstrated by the global

emergency caused by the coronavirus pandemic.

The two main avenues for drug discovery are high-throughput screening (HTS)

and fragment-based drug discovery (FBDD). HTS involves rapidly testing thou-

sands to millions of compounds against biological targets to identify active com-

pounds. FBDD focuses on identifying smaller chemical fragments that bind to the

target, which are then optimised into drug candidates.
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High-throughput screening

High-throughput screening (HTS) is a cornerstone of modern hit discovery em-

ployed by all major pharmaceutical companies [26]. This method has traditionally

been utilised to search for active compounds in a single-target approach, yielding

potential inhibitors that demonstrate biological activity. Extremely large libraries of

in-house compounds, alongside public databases (Fig. 2.6), are routinely tested by

the major pharmaceutical players for activity against target biomolecules or closely

related structures.

HTS can be conducted through two primary methods: virtual screening and

physical assays. Virtual screening is a computational method employed in the pre-

diction of biological activity that will be elaborated further in the Computer-Aided

Drug Design section. Physical assays are extensive experiments designed to mea-

sure speci�c biological processes or molecules. These assays typically involve eval-

uating enzyme activity, cell viability or gene expression. Many of the physical assays

rely on radioactivity or �uorescence-based approaches [26]. They are typically per-

formed in 384-well plates with 20-µL volumes to mitigate the cost of conducting

numerous assays [26].

Despite its advantages, HTS has its limitations. One signi�cant limitation is the

overabundance of hit compounds, which exacerbates the problem of false positives.

Even with a false positive rate as low as 0.01%, testing a billion compounds would re-

sult in 10, 000 false positives. One approach to limit the number of false positives re-

lies on identifying compounds that are potential Pan Assay Interference Compounds

(PAINS).

Another limitation of HTS is that it is resource-intensive and often results in hits

having a very small probability of binding, resulting in hits that are dif�cult to opti-

mise [163, 246].

Fragment-based drug discovery

FIGURE 2.7: Three of the common strategies for Fragment-based
Drug Discovery.
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Fragment-based drug discovery (FBDD) is one of the mainstream methods used

in modern drug discovery, with over 30 fragment-derived drug candidates in clinical

trials and two fragment-derived drug approvals in 2016 [86] and growing to almost

40 new molecular entities approved in 2023 [15]. This method has greatly bene�tted

from recent advances in structural biology, which have enhanced its effectiveness

and application [176].

FBDD employs smaller-than-drug-like compounds, known as fragments, to iden-

tify low-potency but high-quality leads. These fragments are typically less complex

than traditional drug-like molecules. The primary advantage of using fragments lies

in their ability to bind weakly but speci�cally to different regions within the target's

binding pocket (Fig. 2.7).

The development process in FBDD involves assembling fragments based on their

�t within the target pocket. There are three main strategies for drug development:

growing, linking and merging [272]. In the growing strategy, fragments that bind

weakly to the target are elaborated upon to increase their size and improve their

binding af�nity (Fig. 2.7 a). The linking strategy involves identifying two or more

fragments that bind to adjacent sites within the target pocket and chemically linking

them to form a single, more potent molecule (Fig. 2.7 c). The merging strategy

combines overlapping fragments into a new compound that retains the desirable

features of each original fragment (Fig. 2.7 d).

One of the disadvantages of FBDD is its reliance on structural data to guide the

design and optimisation of fragment hits. Structural biology techniques, such as

X-ray crystallography and NMR spectroscopy, are crucial in determining how frag-

ments interact with their target proteins. This structural information is what enables

the researchers to re�ne and optimise fragments into lead compounds with high

af�nity and speci�city [214].

Despite its limitation on available structural data, FBDD is commonly employed

in the drug discovery pipeline due to its higher hit rates compared to HTS. Hit rates

in FBDD can be 10-1000 times higher than those achieved with HTS [114]. This in-

creased ef�ciency is partly due to the smaller size and simplicity of the fragments,

which allows for a more comprehensive sampling of the chemical space.

2.1.5 Drug Development Pipeline

FIGURE 2.8: The two main Phases of the Drug Development Pipeline
and their constituent stages.
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The drug development pipeline (Fig. 2.8) is an interdisciplinary scienti�c pro-

cess aiming to develop new pharmaceutical products with high levels of effective-

ness and safety. This pipeline involves intricate steps for identifying, optimising,

formulating and testing drug candidates to ensure they meet the rigorous standards

required for market approval.

The modern drug development pipeline is composed of nine distinct stages that

can be grouped into two main phases: the preclinical phase and the clinical phase.

The preclinical phase is composed of �ve stages: Target Identi�cation and validation,

Hit Identi�cation, Hit to Lead, Lead Optimisation / Structure-Activity Relationship,

and In Vivo ef�cacy + ADME-TOX (absorption, distribution, metabolism, excretion,

and toxicity). The �rst four stages can be loosely grouped into the discovery level,

while the later stage can be considered to be part of the development level, in which

the safety and ef�cacy of the new drug molecules are tested through homologous

models before starting testing on the target organism. The Clinical Phase is initiated

once pre-clinical evaluations con�rm the drug's potential. This phase comprises four

stages: phase I, phase II, phase III, and phase IV.

Target Identi�cation and Validation

The process of target identi�cation and validation begins by establishing a biological

component, usually a protein, for the drug to target. This component should be a

critical part of the disease pathway so that modulating it will disrupt the pathway

and provide therapeutic bene�ts. This approach is known as target-driven drug

discovery (TDD) [38].

Once proteins implicated in the disease pathway have been identi�ed, researchers

attempt to validate the targets to determine which protein(s) should be the focus of

the drug discovery process. Validation seeks to con�rm whether the biologically rel-

evant protein is essential in the pathway, whether modulating the target will affect

the phenotype, and whether the target is amenable to chemical modulation, known

as druggability.

An alternative approach to TDD is the identi�cation of targets through observa-

tions of their therapeutic effect on disease phenotypes; this is also known as phe-

notypic drug discovery (PDD) [307]. Historically, PDD has been the predominant

method, constituting the methodology through which the majority of �rst-in-class

drugs approved by the FDA between 1999 and 2008 were discovered [288].

Hit Identi�cation

Hit identi�cation is a crucial step in drug discovery, focusing on �nding molecules

that can modulate the target identi�ed by the discovery project. Given the vast

chemical space, with an estimated 1063 possible drug-like molecules [86], this task

requires sophisticated methods and extensive resources.
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One strategy for hit identi�cation is searching public databases and patent liter-

ature for compounds known to bind to the target of interest or to a closely related

target. This approach can leverage existing knowledge and expedite the initial stages

of discovery, possibly leading to drug repurposing.

HTS is another of the key methods employed in hit identi�cation. It involves

the rapid testing of thousands to millions of compounds against the target and can

ef�ciently generate a large number of hits.

Another one of the fundamental methods for hit identi�cation is FBDD, in which

fragments that weakly bind to the target are optimised into more potent drug candi-

dates.

By integrating these strategies, researchers identify promising compounds for

further development, forming the foundation for subsequent stages in the drug dis-

covery pipeline.

Hit to Lead

The hit to lead stage involves the meticulous evaluation of hit compounds identi�ed

in the initial discovery phase. The goal is to develop a portfolio of lead compounds

that exhibit improved characteristics and hold promise for further development.

During this stage, a multitude of compounds are assessed based on project-

speci�c criteria, ensuring that they possess desirable attributes for future pharma-

ceutical applications. Key features evaluated include maintaining oral bioavailabil-

ity, which is essential for drugs intended to be administered orally. The ability of

compounds to cross the blood-brain barrier is another factor considered, especially

for treatments targeting central nervous system disorders. Another factor consid-

ered is the estimated ease of synthesis in order to ensure that the compounds can be

ef�ciently produced on a large scale. Other key features include toxicity and cell per-

meability. Compounds must demonstrate low toxicity to ensure safety and adequate

cell permeability for effective drug delivery and action within target cells.

Alongside these objective features, a series of subjective metrics are employed

to re�ne the selection process. One prominent metric is "drug-likeness", a loosely

de�ned set of properties that compare potential lead compounds to existing drugs.

This metric operates under the assumption that compounds more similar to already

approved drugs have a higher likelihood of successful development. A well-known

set of properties used to assess drug-likeness is the "Lipinski Rule of Five" [181],

which provides guidelines on molecular properties that in�uence a compound's

suitability as an oral drug.

By integrating these diverse criteria and metrics, researchers can compile a ro-

bust portfolio of lead compounds, each showing promise for future optimisation

and development into safe, effective pharmaceuticals.
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Lead Optimisation

Lead optimisation is the stage in drug development where lead molecules are mod-

i�ed to increase their potency and selectivity against the target, enhancing their

pharmacological properties such as solubility, cost-effectiveness, ADME, and low

toxicity [132]. This stage commonly employs iterative "design, make, test, anal-

yse" (DMTA) cycles (Fig. 2.9), where each cycle involves designing modi�cations

to the lead compound based on some hypothesis related to the link between chem-

ical structure and bioactivity/molecular properties, synthesising the new variants,

testing their pharmacological properties, and analysing the results in order update

the hypothesis and inform the next round of design [14, 232]. This cycle repeats until

a molecule that satis�es all the necessary bioactivity/selectivity/toxicity criteria is

found.

Design Make
QSAR

Generative Models

Test

RetrosynthesisAssaying

FIGURE 2.9: Lead optimisation (DMTA) cycle.

The design stage involves selecting and applying a predictive model to propose

a set of new compounds likely to possess the desired properties. These models

are often informed by quantitative structure-activity relationship (QSAR) studies,

molecular docking, or other computational techniques that predict how alterations

in molecular structure might affect bioactivity and pharmacokinetic properties.

Following the design phase, the make stage focuses on synthesising the pro-

posed compounds; this stage relies heavily on a concept of synthetic organic chem-

istry named Retrosynthetic analysis. This concept was introduced by E.J. Corey [61]

and involves deconstructing the target molecule into simpler precursor molecules

through a series of logical steps until commercially available starting materials are

identi�ed. Corey's approach revolutionised the �eld, enabling the synthesis of com-

plex molecules and earning him the Nobel Prize in Chemistry in 1990 [61, 292].

In the test stage, the biological activity of the synthesised compounds is experi-

mentally veri�ed using various biochemical assay techniques. These assays evaluate

the ef�cacy, selectivity, and toxicity of the compounds, providing critical data that

informs the next cycle of design.
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The main paradigms for molecular optimisation in lead development are FBDD,

ligand-based drug discovery (LBDD) and structure-based drug discovery (SBDD).

LBDD focuses on optimising molecular features by utilising data from other

chemical structures and fundamental chemical principles without explicitly under-

standing the target's mechanism of action. By analysing the structure-activity rela-

tionships (SAR) of known compounds, LBDD aims to identify key molecular fea-

tures that contribute to biological activity.

In contrast, SBDD utilises detailed three-dimensional structural information of

protein-ligand interactions to inform the rational design of drug candidates. This

approach focuses on the precise spatial con�guration of both the target protein and

the ligand to optimise binding interactions. Structural data for this can be obtained

through experimental techniques such as X-ray crystallography or NMR spectroscopy.

The structural information can also be obtained through computational methods

and models such as AlphaFold 2. The high-resolution structural information al-

lows researchers to identify potential binding sites and design modi�cations that

improve ligand af�nity and speci�city. The advancements in high-throughput crys-

tallography [26] have signi�cantly enhanced the proactive application of SBDD in

drug design.

Preclinical Testing

The preclinical testing phase aims to ensure a compound's safety and ef�cacy be-

fore it enters human trials. This stage seeks to establish whether the compound is

safe for human administration and to determine initial clinical trial dosages. A pri-

mary focus of pre-clinical testing is characterising the pharmacokinetics (PK) of the

compounds, particularly their ADME properties, which govern how the molecule

traverses the body [155]. Understanding these properties is essential to predict the

compound's behaviour in humans, ensuring proper dosage and minimising adverse

effects.

Preclinical testing also involves running experiments to identify potential neg-

ative interactions with unsuitable biological systems. This includes evaluating the

compound's effect on the hERG channel, which is critical for cardiac safety, and on

CYP450 enzymes, which are essential for drug metabolism [132]. These tests help in

identifying off-target effects that could lead to toxicity or adverse drug reactions.

In the later stages of preclinical testing, animal models, such as rats or mice, are

used. Animal models are considered to be the gold standard for initial toxicity test-

ing. These models are used to assess the compounds' toxicity pro�le and to extrap-

olate potential human response. However, it is important to note that while animal

models provide valuable insights, they do not guarantee safety in humans [155].
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Clinical Trials

Phase I is the �rst stage of the clinical trials. It typically spans several months and

involves a small number of subjects, normally ranging from 20-100 volunteers [282].

With a success rate of around 60%� 70% [72, 282], this initial phase primarily aims

to establish the baseline safety of the treatment in humans and to determine appro-

priate dosage levels for subsequent trial stages [282]. During these trials, healthy

volunteers are administered the proposed treatment and closely monitored for ad-

verse side effects. Notably, Phase I trials do not assess the treatment's ef�cacy in

addressing the af�iction in question.

Phase II of the clinical trials, lasting from several months to two years [282], in-

volve signi�cantly larger groups of volunteers than Phase I, typically encompass-

ing several hundred patients who suffer from the disease targetted by the treat-

ment [282]. The failure rate in Phase II is substantial, with approximately 65%-77%

of compounds not progressing past this stage [72, 282]. Nearly 50% of these fail-

ures are attributed to a lack of ef�cacy [117], often due to incorrect hypotheses about

the drug targets or the inability of the molecule to effectively modulate the target

in vivo. The primary goal of Phase II trials is to determine the treatment's ef�cacy

and to identify any side effects within a clinical setting. These trials are typically

conducted double-blind; neither the patients nor the researchers know who receives

the target drug or a placebo, ensuring unbiased results.

Phase III of the clinical trials typically spans 1 to 4 years and involves a sig-

ni�cantly larger cohort of volunteers, ranging from 300 to 3000 participants [282].

With a failure rate of approximately 70% [282], this phase is crucial for assessing the

effectiveness of the proposed treatment and meticulously monitoring adverse reac-

tions [282]. These trials are essentially expanded versions of Phase II trials, designed

to con�rm the treatment's ef�cacy and safety on a broader scale. After the successful

completion of Phase III, marketing authorisation can be sought, allowing the drug

to be administered to patients outside of clinical trials [282].

Phase IV of the clinical trials, conducted once the drug has received approval,

involves ongoing monitoring to assess the long-term safety and ef�cacy of the drug.

These post-marketing studies aim to identify any side effects that may not have been

apparent in earlier trial phases, evaluate the long-term risks and bene�ts, and con-

�rm the drug's ef�cacy in a broader patient population. This phase ensures contin-

uous surveillance and helps detect rare or late-emerging adverse effects, providing

crucial data that can inform any necessary adjustments to the drug's use or dosing

guidelines [282].

The rigorous and multifaceted nature of clinical trials highlights the complexity

and meticulous planning required for successful drug development. Each phase,

from initial safety assessments in Phase I to comprehensive evaluations in Phase IV,

is critical in ensuring that new pharmaceutical products are both effective and safe

for widespread use.
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The drug development pipeline embodies a collaborative and interdisciplinary

effort, integrating advances in biology, chemistry, pharmacology, and clinical sci-

ences. Despite the high costs, extended timelines, and substantial risk of failure,

the process is fundamental to bringing new therapeutic innovations to market, ulti-

mately improving patient outcomes and advancing medical science.

2.1.6 Computer Aided Drug Design

Computer Aided Drug Design (CADD) denotes a suite of computational tools regu-

larly used to study structure and function relationships and to search for new com-

pounds at a relatively cheaper cost compared to using only experimental lab meth-

ods [329]. The name Computer Aided Drug Design indicates the use of computa-

tional techniques in order to enhance the drug design process. This process can

be de�ned as the search for novel compounds with biological activity based on a

systematic methodology [290]. CADD aims to predict whether a ligand binds to a

protein and, if so, to determine the binding af�nity of that ligand for the protein.

The potential of CADD lies in its ability to expedite the design of new drugs

by replacing many expensive, time-consuming in vitro and in vivo experiments with

ef�cient, cost-effective in silico ones. These computational methods scale better and

allow larger regions of chemical space to be explored [225, 276].

The promise of CADD over experimentally-driven approaches can be demon-

strated by the comparative screening for inhibitors of tyrosine phosphatase-1B [209].

In a virtual screen using docking, 365 compounds were suggested, with 127 achiev-

ing IC50 values of less than 100 µM, yielding a hit rate of nearly 35%. In contrast,

high-throughput screening (HTS) of 400000 compounds tested suggested 81 com-

pounds, resulting in a signi�cantly lower hit rate of 0.021%. This stark difference

illustrates the ef�ciency and effectiveness of CADD in drug discovery.

2.1.7 Virtual Screening

Virtual screening (VS) is a computational technique used to search through large

ligand libraries to identify novel compounds with potential biological activity. This

approach has become essential in modern drug discovery due to the �nancial and

time constraints associated with experimental screening. Experimental screening

processes, such as high-throughput screening, are notoriously expensive and time-

consuming, often yielding low hit rates [163, 246, 279]. Virtual screening improves

the ef�ciency and effectiveness of these experimental screens by re�ning the com-

pound libraries to be tested, informing the optimisation of potential compounds [172,

279].

One of the primary advantages of virtual screening lies in its ability to rapidly

and cost-effectively assess a vast number of compounds. This scalability allows re-

searchers to explore larger regions of chemical space compared to traditional meth-

ods. By computationally evaluating compounds, virtual screening can prioritise
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those most likely to exhibit the desired biological response, thereby reducing the

number of candidates that need to be tested experimentally.

However, virtual screening is not without its limitations. It requires prior knowl-

edge about the factors responsible for the desired biological response, which can

sometimes be incomplete or inaccurate. While virtual screening can signi�cantly

narrow down potential candidates, its accuracy is not always suf�cient to draw

de�nitive conclusions.

There are two primary methodologies used in virtual screening: ligand-based

virtual screening (LBVS) and structure-based virtual screening (SBVS).

Ligand Based Virtual Screening

Ligand-Based Virtual Screening (LBVS) employs a set of ligands with known bind-

ing properties to predict the binding af�nity of new compounds. Through lever-

aging the features of these ligands, LBVS can infer whether a new compound will

interact with a target, even in the absence of structural information about the protein

target of knowledge of the binding mode.

LBVS can, in many ways, be considered an evolution of quantitative structure-

activity relationship (QSAR) modelling, a concept pioneered by Cortwin Hansch

in his studies of growth-regulating phenoxy acetic acids from 1962 to 1964. Han-

sch's work laid the foundation for QSAR by combining several physicochemical

parameters into a single regression function, feining the lipophilicity parameter p ,

and formulating the parabolic model for nonlinear lipophilicity-activity relation-

ship [160]. QSAR models use the physicochemical properties or theoretical descrip-

tors of molecules to construct quantitative models predicting their biological activity.

The ultimate goal of QSAR and LBVS is to build a scoring function that can accu-

rately predict a molecule's properties or biological activity.

Several methodologies are employed in LBVS. Pharmacophoric models identify

and match the spatial arrangement of features critical for binding [166]. Chemical

similarity search methods �nd compounds with similar structures to known active

compounds, based on the premise that similar molecules often exhibit similar bi-

ological activities [316]. Machine learning models, including convolutional neural

networks, have become prominent in LBVS for their ability to learn complex pat-

terns and make accurate predictions based on ligand features [317]. Convolutional

Neural Networks, in particular, have shown success in predicting binding af�nities

and identifying potential inhibitors [124, 141, 244, 338].

A signi�cant advantage of LBVS lies in its applicability without requiring struc-

tural information about the target protein, making it useful when the protein's struc-

ture is unknown or dif�cult to obtain. However, LBVS has notable limitations. The

models are typically built for speci�c biological responses and are not easily gen-

eralisable to new targets. LBVS relies on interaction data for the target, necessitat-

ing some experimental groundwork. A generalisable model that can distinguish
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between different proteins using only ligand-based features is theoretically unfeasi-

ble [32]. The high performance of ligand-based models on multi-protein databases

suggests a strong ligand bias in the training and test sets, raising concerns about the

models' reliability [32]. Additionally, the low interpretability of some LBVS models

makes it harder to know if the model is truly learning the biophysics of protein-

ligand interactions and molecular recognition or just re�ecting ligand biases [32,

206].

Despite these challenges, LBVS remains a powerful tool in drug discovery, com-

plementing structure-based methods and enhancing the ability to identify promising

drug candidates ef�ciently.

Structure-Based Virtual Screening

Structure-Based Virtual Screening (SBVS) leverages detailed information about the

protein target, typically its three-dimensional structure, to predict if a compound

will bind to the protein [172]. This method is invaluable in the early stages of drug

discovery as it can be utilised even in the absence of experimental binding data for

the target of interest.

The SBVS process is typically multi-step, beginning with obtaining the 3D struc-

ture of the target protein [192]. This structure can be modelled from experimental

results such as X-ray crystallography or NMR Spectroscopy. Alternatively, when ex-

perimental data is not available, the structure can be predicted from the amino acid

sequence using computational methods. Establishing the protein's three-dimensional

structure is crucial as it provides the framework for identifying potential binding

sites for small molecules.

Once the 3D structure is obtained, the next step is to establish binding pockets.

These binding pockets can be identi�ed through experimental techniques or com-

putational methods [339]. Accurate identi�cation of binding pockets is essential as

it sets the stage for the docking process, where potential ligands are evaluated for

their binding af�nity to the protein.

In the docking process, prospective ligands are docked into the identi�ed bind-

ing pockets of the protein target. Multiple possible binding modes, or poses, of

the ligand within the active site of the protein are proposed. These poses are then

ranked to determine the most likely representation of a true binding mode, a process

known as pose prediction. Traditionally, this ranking is achieved using an estimate

of the binding af�nity, but recent advancements have seen the application of ma-

chine learning techniques to train scoring functions for this task.

SBVS ultimately uses one or several potential poses for a protein-ligand complex

to assess the likelihood that the compound will bind to the protein. By generat-

ing and evaluating these poses, SBVS facilitates the identi�cation of promising drug

candidates, thereby enhancing the ef�ciency and effectiveness of the drug discovery

process.
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2.2 Machine Learning, Deep Learning and Large Language

Models

Machine learning is a branch of computer science that studies the use of algorithms

that 'learn' patterns and decisions based on observed data without being explicitly

programmed for speci�c tasks. The �eld integrates principles from statistics, data

science and computer algorithms to create models that generalise from known to

unseen data.

The conceptual roots of Machine Learning trace back to 1950 to pioneers such as

Alan Turing, who speculated on the potential for machines to simulate human in-

telligence in his seminal paper, "Computing Machinery and Intelligence" [299], and

Samuel A. L., who is widely believed to have de�ned the term of "Machine Learn-

ing" in 1959 as "a �eld of study that gives computers the capability to learn without

being explicitly programmed" [264]. In his paper "Some Studies in Machine Learn-

ing Using the Game of Checkers" [264], Samuel A. L. introduces an early example of

an adaptive algorithm that demonstrates the potential for programs to improve over

time based on accumulated experience.

In 1997, Thomas Mitchell succinctly de�ned the essence of learning: "A com-

puter program is said to learn from experience E with respect to some class of tasks

T and performance measure P if its performance at a task in T, as measured byP, im-

proves with experience E" [204]. This principle underscores the potential of Machine

Learning across various domains.

Building on the historical foundations of machine learning, the �eld has grown

into multiple branches depending on the types of data and learning objectives. Su-

pervised learning stands out for using labelled datasets to train models that predict

outcomes. In contrast, unsupervised learning focuses on patterns and relationships

in unlabelled data. Weakly supervised learning represents a hybrid approach, utilis-

ing noisy or limited labels to train models where acquiring fully labelled datasets

is challenging. While the mentioned techniques mainly focus on different types

of identi�cation, evolutionary algorithms mainly approach optimisation problems

with a design inspired by nature. These diverse machine learning paradigms under-

pin the recent AI Revolution [118].

2.2.1 Genetic Algorithms

Genetic Algorithms (GAs) are a distinctive class of metaheuristic algorithms draw-

ing inspiration from the Darwinian principle of natural selection. GAs belong to the

broader family of Evolutionary Algorithms, which includes methods like Particle

Swarm Optimization [233] and Ant Colony Optimization [79], each utilising unique

biologically inspired metaphors, such as pheromones, reproduction and mutation,

in order to solve optimisation and search problems. GAs function by imitating

population-based evolution processes such as natural selection, reproduction and
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mutation. These operations enable the algorithms' iterative evolution towards a so-

lution.

One of the �rst researchers to experiment with machine learning was R. M. Fried-

berg, who, in his 1958 paper titled "A Learning Machine: Part I" [96], explored the

process of modifying computer programs by introducing random changes and se-

lecting those that enhanced performance on speci�c tasks in a manner reminiscent

of modern GA approaches. Building on these early concepts, John Holland signif-

icantly advanced the �eld by formalising in his seminal 1975 work, "Adaptation in

Natural and Arti�cial Systems" [125]. Holland's contributions have been essential in

popularising the approach that is going to represent a cornerstone in the foundations

of machine learning. [310]. Employing a nonlinear, discrete event, stochastic process

in order to gain the capacity to tackle NP optimisation problems. Problems where

either no polynomial-time solution is known or where a polynomial-time solution

does not exist. This class of problems are inherently dif�cult due to the intractability

of exhaustively exploring all possible solutions. In this context, GAs excel by bal-

ancing the opposing forces of exploration and exploitation. Exploration broadens

the scope of the search to �nd a better-performing solution and to escape locally

optimal solutions, while exploitation narrows the scope, focusing the search, in a

greedy behaviour, on the vicinity of promising solutions. Through the adept han-

dling of these competing priorities, GAs gain the capability to navigate complex

solution landscapes.

FIGURE 2.10: Illustration of the process of protein-encoding - the pro-
cess of translating the real-world protein into numbers that can be

processed by a computer.

One of the major choices in tailoring the GA to a speci�c task is represented by

the choice of encoding mechanism (Fig. 2.10) or chromosomal representation of so-

lutions. The choice of representation is crucial as it underpins the choice of genetic

operators and drastically affects the performance of the GA. In order to maximise

the performance of the search, the representational space should aim to be as re-

stricted as possible in order to avoid spending computing power on the exploration



28 Chapter 2. Background and Related Work

Start

Initial
Population

Evaluate according to
�tness function

Achieved
stopping criteria

End

Yes

Select individuals
&

Generate individuals

No

FIGURE 2.11: Flowchart depicting the general work�ow for the clas-
sical implementation of GA.

of invalid solutions while being careful not to exclude any viable solutions or indi-

viduals that contain partial solutions. Another factor in the choice of chromosomal

representation is constituted by the genetic operators that will be used in later stages;

for example, the mutation operation bene�ts from a continuous encoding that con-

serves vicinities such that a small mutation leads to a small difference in the desired

properties of the solution. The crossover operator bene�ts from an encoding scheme

that allows individuals to be combined in a manner that enables properties from

each of the parents to end up present in the offspring. The chromosomal represen-

tation of the solution, together with the design of the �tness function and the choice

of genetic operators, are some of the main design questions in the tailoring of a GA

to a concrete application.

GA Mechanism of function

The search process of GAs (illustrated in Fig. 2.11) works at a population level, iter-

atively transforming candidate solutions until a stopping criterion is met. In order

to search for the solution, the GA starts from an initial population of possible solu-

tions. These solutions are evaluated using a problem-speci�c �tness function that
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evaluates the performance of each individual solution in the context of the given

task. This evaluation guides the subsequent selection process, where individuals are

selected based on their scores, favouring the top performers. Following selection,

genetic operators are applied to the selected individuals to produce a new gener-

ation of individuals that replaces the previous generation. This cycle of evaluate,

select and generate is iteratively repeated until a prede�ned stopping condition is

reached, such as a target �tness value or a speci�ed number of generations has been

produced. The next paragraphs are going to go into more detail about each of the

stages of the search process.

The initialisation of the initial population plays a crucial role in the ef�ciency

and effectiveness of the search process. There is a diverse set of strategies for gener-

ating the initial solution candidates that form the initial population. One of the most

common approaches is to create the population stochastically through the sampling

of a uniform distribution across the entire search space. This randomness increases

the diversity of the genetic pool and improves the exploratory powers of the GA.

This sampling can be further enriched by prior knowledge of the solution space; the

sampling distribution can be shaped such that promising areas receive more atten-

tion and areas. If partial or suboptimal results are available, these can be injected into

the population in order to capture this prior knowledge. Another common strategy

is to employ an intermediary or �nal population from a previous run to jumpstart

the search process.

The next stage in the search process is constituted by the evaluation of the popu-

lation of solutions to determine which individuals are top performers and possibly

contain partial solutions; these individuals are going to be the main in�uencers in

the creation of the next generation. This evaluation is conducted using a �tness func-

tion, de�ned as f : i ! R, where each individual i 2 P of the population P is scored.

The �tness function is a metric that quanti�es the quality and effectiveness of the

candidate solution represented by the individual. The design of the �tness function

is inherently problem-dependent, requiring �ne-tuning based on the speci�c objec-

tives and constraints of the application. The �tness function can take a multitude

of different forms, ranging from numerical evaluations to heuristic approximations

and even computational simulations. In scenarios requiring intense computational

resources, the scoring stage can be executed in a distributed environment.

Once the evaluation of the current population has been effectuated, the GA veri-

�es if any of the stopping criteria have been achieved. If the termination conditions

have been ful�lled, the algorithm usually returns either the individual that matches

the stopping requirements or the top-performing individual. Some of the most com-

mon stopping criteria are achieving or surpassing a preset �tness function value or

reaching imposed limits for the number of generations or processing time. If none

of the stopping conditions have been met, the algorithm proceeds to the selection

stage.
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In the selection stage, individuals are chosen from the current population to con-

tribute to the next generation. This selection is typically stochastic in nature, biased

towards individuals with higher �tness scores, employing a Darwinian strategy of

"survival of the �ttest" in order to promote the perpetuation of advantageous traits.

However, it is crucial to maintain genetic diversity within the population to ensure

a thorough exploration of the solution space. Therefore, lower-performing individ-

uals are not entirely excluded from the selection process as these individuals might

contain unique genes or partial solutions not found in their higher-scoring counter-

parts. To safeguard the achievements of the best-performing individual from the

threats of the stochastic nature of the selection and from changes in�icted by the ge-

netic operators, the strategy of elitism is often employed. This approach ensures the

preservation of the top performer through direct promotion to the next generation,

ensuring that the genetic integrity of the best solution is maintained. The strategy of

elitism often enhances the stability of the search progression.

The generation of an offspring population constitutes the next and last stage

of the GA search cycle. Through the repeated application of genetic operators on

selected individuals, new individuals are generated containing both inherited and

novel genetic combinations. These operations are essential for introducing variation

and, together with the pressures exercised by the selection, shifting the population

towards better-performing individuals.

Genetic Operators

FIGURE 2.12: Illustration of the single-point crossover genetic-
operator.

One of the fundamental genetic operators is the crossover operator (Fig. 2.12),

also known as the recombination operator. This operator combines genetic infor-

mation from two or more [83, 295] selected 'parent' individuals to produce new

'offspring'. This process is strongly tied to the chosen genetic representation of

the solutions. For instance, the one-point crossover operation involves two par-

ent solutions pa, pb 2 P, encoded by the gene sequencespa = ( a1, a2, . . . ,am) and

pb = ( b1, b2, . . . ,bm). A crossover point n is randomly chosen where 0 � n � m in

order to generate usually two new offspring that combine traits from both parents

pa � pb = ( a1, a2, . . . ,an, bn+ 1, bn+ 2, . . . ,bm), (b1, b2, . . . ,bn, an+ 1, an+ 2, . . . ,am). There

are a multitude of recombination strategies, such as one-point crossover, K-Point

crossover, Uniform Crossover, Average Crossover etc., as illustrated by Umbarkar
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et al. [301] that aim to preserve advantageous traits or partial solutions from both

parents and potentially create a full solution or at least a more �t individual.

FIGURE 2.13: Illustration of the single-point mutation genetic-
operator.

The mutation operator (Fig. 2.13) is another of the fundamental genetic opera-

tors commonly used in GA applications. This operator is pivotal for the exploration

of the solution space as it introduces new genetic material into the population by

altering existing genes and thus providing a mechanism to explore new areas of the

solution space that have not been covered by recombination alone. This diversity

is essential for combating the homogeneity induced by selection pressures and pre-

venting the algorithm from prematurely converging on suboptimal solutions. One

of the most simple mutation techniques often used in applications is point muta-

tion. This technique involves a predetermined mutation value m known as muta-

tion rate. Given one individual i with its genetic representation i = ( a1, a2, . . . ,am) 2
P, m spots are randomly selected to undergo mutation. This mutation can result

in a gene being �ipped or changed, leading to a new variant of the individual

i0 = ( a1, a2, . . . ,a0
i , . . . ,am). Point mutation is just one of the many mutation strate-

gies, such as directed mutation, mirror mutation, covariance matrix-based mutation,

etc. [280]. All these strategies aim to increase the diversity of the population and to

enhance the algorithm's capability to thoroughly explore the solution space through

the injection of new genetic material.

GAs are subject to several limitations that can severely affect their ef�cacy. One

signi�cant challenge is presented by the computational intensity associated with re-

peated evaluations of the �tness function, especially in cases where the function

involves complex simulations or multi-dimensional data analysis, which can make

the process resource-intensive and time-consuming. Another condition imposed on

the landscape generated by the �tness function. Landscapes with little or no gradi-

ent, such as the ones generated by binary functions, offer too little information for

the evolutionary process to be viable, severely stalling the optimisation process. An-

other of the complexities of the GA is raised by the choice of the strategy for genetic

encoding. The encoding scheme plays a crucial role in the ef�cacy of the GA, as us-

ing a too-broad scheme can waste computing resources on invalid solutions, while

a too-restrictive encoding can exclude potential solutions or partial solutions that

would contribute to the �nding of an optimal solution. The ideal encoding scheme

captures the essential complexities of the problem space and focuses the search only

on viable options while offering enough �exibility for partial solutions.
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Despite their limitations, GAs have been used in diverse applications across var-

ious domains, demonstrating their versatility and ef�cacy. Wang et al. [311] empha-

sise the extensive use of GAs in �elds like Resource Management and composite ma-

terial optimisation, showcasing their effectiveness in optimising complex processes

and con�gurations. Similarly, Katoch et al. [146] highlight the broad utilisation of

GAs in areas such as Scheduling, Facility Layout and Gaming. These examples illus-

trate the GAs' capacity to handle a wide range of optimisation and search problems,

making them invaluable tools.

2.2.2 Supervised Learning

The essence of the supervised learning approach lies in teaching computers to pre-

dict outcomes based on a labelled dataset S = (( x1, y1), (x2, y2), . . . ,(xn, yn)) 2
X � Y, where xi is usually a multidimensional vector corresponding to a data point

and yi , represents the target value or class.

Most common techniques for achieving supervised learning in modern times

consist of learning the parameters Q of a predictive model y = f (x, Q) that min-

imises a given loss function L(y, ŷ), where x is the input and can range from a vector

of values to images, videos, text or even raw sensor signal data. y is the target class

(in case of classi�cation), or the target value (in case of regression), and ŷ is the class

or value predicted by the model.

The loss function L : Y � Y ! R � 0 is one of the components that plays a crucial

role in any supervised learning algorithm. It has the role of telling quantitatively

how to correct the model is by measuring the similarity between the f (x, Q) predic-

tion and the y target value. Depending on the nature of the target value y, two major

distinct classes of objectives emerge with different loss functions. The case that Y is

continuous denotes a regression scenario where the target spaceY can be considered

to be a multidimensional real number, Y = Rm. Table 2.1 illustrates some of the most

common regression loss functions and their formulas. The choice of loss function is

highly dependent on the problem to be solved, the distribution of the target vari-

able and the tolerance for outliers. For example, MSE can be more suitable when it

is critical to penalise larger errors heavily but not have to deal with many outliers,

while MAE may be preferred when a linear penalty for errors is desired with higher

robustness to outliers. The case thatY is discrete indicates a classi�cation scenario

with jYj indicating the number of distinct classes. For this objective, some of the

most common loss functions can be found in table 2.2. A more detailed analysis of

the loss functions can be found in Qi Wang et al. paper "A Comprehensive Survey

of Loss Functions in Machine Learning" [310].

The process of 'learning' in supervised learning, also known as training, is funda-

mentally an attempt to identify an optimal set of parameters, denoted as Q̂, that min-

imises the loss function L. This optimisation is formalised as �nding the solution to

Q̂ = arg min
Q

L(y, f (x, Q)) , where the goal is to �nd the parameter values that result

in the least discrepancy between predicted outcomes and actual targets. To achieve
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Common Regressions Losses

Loss Function Loss Formula

Mean Squared Error (MSE) / L2 Loss
• Penalises larger errors more heavily

due to squaring
• Sensitive to outliers

1
N

N

å
i= 1

(yi � ŷi )2

Mean Absolute Error (MAE)/L1 Loss
• Linear penalty for errors
• Less sensitive to outliers

1
n

N

å
i= 1

jyi � ŷi j

Root Mean Squared Error (RMSE)
• Similar to MSE; provides error in

the same units as the target variable
• Sensitive to large errors

vu
u
t 1

N

N

å
i= 1

(yi � ŷi )2

Huber Loss
• Combines MSE and MAE
• Requires choosing a threshold d

Ld =

8
>><

>>:

1
2

(y � ŷ)2 i f j(y � ŷ)j < d

d((y � ŷ) �
1
2

d) otherwise

TABLE 2.1: Table de�ning some of the most common regression loss
functions. yi is the target value and ŷi is the predicted value
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Common Classi�cation Losses

Loss Function Loss Formula

Binary Cross-Entropy Loss
• Used for binary classi�cation tasks
• Penalises the distance between pre-

dicted probabilities and actually
class labels

�
1
N

N

å
i= 1

[yi log( ŷi ) + ( 1 � yi ) log(1 � ŷi )]

Categorical Cross-Entropy Loss
• Used for multi-class classi�cation

tasks
• Similar to binary cross-entropy but

for multiple classes

�
1
N

N

å
i= 1

M

å
c= 1

yiclog( ŷic)

Softmax
• Converts logits to probabilities for

multi-class classi�cation
• Ensures that the output values are

in the range (0, 1) and sum up to 1

eŷi

å
j

eŷj

Hinge Loss
• Used for binary classi�cation, espe-

cially in the case of Support Vector
Machines

• Encourages a margin of separation
between classesd

1
N

N

å
i= 1

max(0, 1� yi � ŷi )

TABLE 2.2: Table de�ning some of the most common classi�cation
loss functions. yi is the target value and ŷi is the predicted value
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this, a variety of techniques have been developed, such as: recursive partitioning

used by decision trees to simplify decision spaces, making them robust and inter-

pretable albeit prone to over�tting; the optimisation of decision boundaries through

quadratic programming used by Support Vector Machines, that makes them excel

for linearly separable objectives; or the gradient-based optimisations used by deep

neural networks that makes them top performers in modelling complex functions

but compromises on the explainability, causing the black-box nature characteristic

for deep neural networks.

The de�ning component of supervised learning is the labelled dataset S. The ef-

�cacy of supervised learning hinges on the quality and characteristics of the dataset.

It not only provides the foundational input for model training but also shapes the

learning algorithm's ability to generalise to unseen data. Datasets must be carefully

curated to represent the problem space accurately, with suf�cient variability and

balanced classes in order to train robust models; the presence of noisy, incomplete,

or imbalanced data can dramatically affect the learning process, requiring strate-

gies such as data augmentation, imputation and balancing techniques to mitigate

their effects. Furthermore, the size of the dataset is the characteristic that heavily

in�uences the choice of the model; larger datasets pertain to more complex models

without the fear of over�tting, whereas smaller datasets might require simpler mod-

els or techniques like transfer learning [12, 133]. The interaction between dataset

characteristics and model selection is a critical factor in supervised learning.

Shallow Learning

Shallow learning, also known as traditional machine learning or classical machine

learning, represents a foundational approach within the broader domain of machine

learning by utilising relatively simple but powerful mathematical models to learn.

These approaches often rely on handcrafted features extracted from data. The pro-

cess of extracting meaningful features from existing datasets involves identifying

and engineering features based on domain knowledge, intuition, and empirical ex-

perimentation. These features are of utmost importance as they directly in�uence

the effectiveness of the model to interpret the underlying structure of the dataset.

Depending on the nature of the features and the target objective, some of the foun-

dational solutions in the �eld of classical machine learning are Support Vector Ma-

chines, Decision Trees/Random Forests and the Perceptron.

Support Vector Machines

Support Vector Machines (SVMs) are a type of classical machine learning algorithm

introduced by Corinna Cortes et al. in their 1995 "Support-Vector Networks" publi-

cation [62]. Initially developed for binary classi�cation tasks, the essence of SVMs

lies in their unique approach to identifying a hyperplane in a high-dimensional



36 Chapter 2. Background and Related Work

space that separates data points into two distinct classes while maximising the mar-

gin. The maximisation of the margin is one of the factors that confers SVMs the abil-

ity to generalise well on unseen data. In their original form, due to their approach,

SVMs were only capable of handling linearly separable classes, greatly reducing the

real-world application of the models. This limitation was addressed by the clever

use of a technique introduced by M. Alizerman et al. in 1964 [5] known as the kernel

trick, a method in which the features space is transformed into a higher dimensional

space that facilitates the linear separability of the classes. The use of dedicated ker-

nel functions [135, 136, 174], such as the polynomial or radial basis functions, ex-

tends the ability of the SVMs to model real-world, non-linearly separable datasets

without computing the high-dimensional transformations. The success and diver-

sity of the kernel functions highlight a notable �aw in SVMs: their sensitivity to the

choice of their hyperparameters, especially in cases where the optimal parameters

are not known beforehand. The search for optimal hyperparameter settings is often

computationally intractable, especially for large datasets.

The SVM mechanism of functionality aims to solve for the weights w and bias b

such that the hyperplane de�ned by w � x + b = 0 maximises the margin between the

classes. This is formalised as minimising 1
2 jjwjj 2 subject to the constraint yi (w � xi +

b) � 1,8i where yi are the class labels. For non-linear classi�cation, SVMs employ

kernel functions, K(xi , xj ) to project the input features into a higher-dimensional

space without explicitly computing the transformation, thereby facilitating linear

separation in the new space. Some of the most common kernels include the linear xi �
xj , polynomial (gxi � xj + r)d, and radial basis function (RBF) exp(� g jj xi � xj jj 2), g �
0 kernels, each allowing the SVM to adapt to different data distributions.

Despite their limitations, SVMs have historically seen great success in the �eld of

bioinformatics. Their ability to handle high-dimensional datasets coupled with the

versatility of the kernel functions has made them particularly effective in classi�ca-

tion tasks such as identifying protein sequence's remote homologies [135, 136], pro-

tein fold recognition [73, 174], cancer tissue classi�cation [112, 302]. SVMs have also

been used in prediction tasks such as protein-protein interaction [27] and secondary

structure prediction in proteins [129]. These successes highlight the representational

power of SVMs and their historical impact, establishing them as a foundational block

in the �eld of classical machine learning.

Decision Trees And Random Forests

Within the domain of classical machine learning, Decision Trees stand as quintessen-

tial models, offering both precision and interoperability. These models excel in pars-

ing the dataset through a series of binary decisions, leading to the iterative branching

that gives this particular solution its namesake. At each node within this hierarchical

structure, a decision is made to split the data based on a feature that best segregates

the dataset into homogeneous subsets guided by different metrics. Two of the most

popular metrics are Information Gain (eq. 2.1 where pi is the probability of randomly
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selecting an example in classi), a metric which quanti�es the reduction in entropy

achieved by a dataset split popularised by Quinlan J. R. [241] and founded on the

Entropy theory of Shannon C. E. [275]; and the Gini impurity (eq. 2.2), introduced

by Corrado Gini [45] which is used as a measure of impurity or diversity. Despite

their advantages, Decision Trees are prone to over�tting. This condition causes the

model to become too complex and attempt to capture noise in the dataset rather than

the underlying patterns, leading to poor generalisation on unseen data.

In f ormation Gain= Entropyparent � Entropychildren

Entropy = �
n

å
i= 1

pi � log2(pi )
(2.1)

G =
C

å
i= 1

p( i) � (1 � p( i)) (2.2)

To mitigate the over�tting tendencies inherent in Decision Trees and strengthen

their robustness, Leo Breiman [35] introduced and popularised an ensemble tech-

nique that builds upon the work of Tin Kam Ho [122] named Random Forests. En-

semble learning is a method that combines multiple models to improve overall per-

formance. In order to achieve this, Random Forests generates a multitude of Deci-

sion Trees, each trained on a bootstrap sample of the data and selecting a subset of

features. The �nal result is obtained by aggregating the responses from each Deci-

sion Tree through majority voting for classi�cation tasks or averaging for regression

tasks. By using a large number of trees trained on different subsets of the data, Ran-

dom Forests can achieve a lower variance and, hence, improved performance over

the utilisation of a single Decision Tree. They are relatively easy to use, requiring

little extra hyperparameters compared to a single Decision Tree.

While Random Forests gain in robustness and predictive accuracy over a single

Decision Tree, this improvement comes at the cost of lower explainability. The ag-

gregated decision-making process, though effective, makes it more challenging to

understand the speci�c logic behind each prediction. Furthermore, Random Forests

inherit one of the fundamental limitations of Decision Trees: they struggle to ex-

trapolate predictions beyond the range of the training data. This is because both

methodologies rely on the partitioning of the existing data space without assuming

any underlying functional pattern of the data.

In bioinformatics, Random Forests have emerged as one of the proven statisti-

cal models, enabling breakthroughs across diverse applications. Their precision in

epitope prediction classi�cation [335] showcases their ability to identify critical anti-

genic determinants accurately; their usage in identifying gene-gene interactions [183]

and gene expression classi�cation [87] illustrates their capability of dealing with

complex features and interactions. Random Forests have also been used for pro-

teomic classi�cation [103], drug resistance prediction based on DNA sequences [64],
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FIGURE 2.14: Schematic of the functionality of a single percep-
tron with four inputs, x1, x2, . . . ,x4, with their afferent weights
w1, w2, . . . ,w4, the bias b. Each input is multiplied by its correspond-
ing weight, the bias is added, and the result is passed through an

activation function in order to get the output y.

and QSAR modelling [234, 287]. This plethora of applications demonstrates the ver-

satility and effectiveness of Random Forests.

Perceptron

In 1957, Frank Rosenblatt proposed the model that is going to underpin most of

the current breakthroughs in Arti�cial intelligence, the Perceptron [253], the build-

ing block that would become the cornerstone of neural networks and, by extension,

modern AI. Inspired by the believed functionality of a neuron, Rosenblatt's model

embodied an early attempt to simulate the thought process of the human brain. His

work constituted early evidence of the machine's capability to learn sophisticated

patterns and make decisions based on data inputs, marking a historical milestone in

the development of modern Arti�cial Intelligence.

The basic mathematical model of the perceptron (�g. 2.14) works by performing

non-linear transformations of its inputs. The model takes as inputs n descriptors or

features x1, x2, . . . ,xn and outputs a prediction y following the s((å i wi � xi ) + b) = y,

where s is the activation function, wi represents the weight for each feature input

xi , and b is the bias. The weights have the role of modelling the response of the

perceptron to different input features. The weights and bias collectively form the

Q, trainable parameters of the model. These are the parameters that are adjusted

during the training session in order to obtain a model with predictive capabilities.

These parameters are initialised with random values from a normal distribution and

iteratively updated according to the rule Wt+ 1 = Wt + DWt with Dwi = h(y � ŷ)xi

where wi is the weight associated with the input xi , h is the learning rate, a small

positive constant hyperparameter that determines the magnitude of the update, y is

the true label, ŷ is the predicted label.
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One of the earliest applications of the perceptron in molecular biology was pro-

posed by Stormo et al. [284] using the perceptron algorithm to locate the initial trans-

lation sites in E. Coli. This pioneering effort provided a computational method for a

biological problem and underscored the potential of machine learning in genomics.

Despite this early demonstration, the perceptron suffers from the same limitations

as the basic form of SVMs. It is limited in modelling relatively simple problems with

linearly separable solutions; thus, in the protein landscape, where patterns are often

complex and nonlinear, the utility of the Perceptron is limited.

2.2.3 Deep Neural Networks

Deep learning is a subset of machine learning that revolves around the utilisation

of arti�cial neural networks with the aim of facilitating direct learning from data.

This approach differs from shallow learning methods, which traditionally require

hand-crafted features re�ned by domain experts. In contrast, deep learning tech-

niques are designed to discover and identify intricate patterns and correlations in

large datasets automatically by leveraging multi-layered architectures that offer the

models complex hierarchical representational power. This self-discovery and pro-

gressive abstraction capability allow end-to-end learning, where raw data can serve

as the input, and the system can handle feature extraction, transformation, and pre-

dictive tasks. As a result, deep learning has emerged as a foundational pillar of

machine learning.

Deep Learning has proven exceptionally effective in �elds with complex data,

leading to unprecedented advancements across a variety of applications. In com-

puter vision, deep learning has succeeded in surpassing human-level performances

in tasks such as image classi�cation and detection [76] [120]. Some of the notable

models include ResNet [119], ImageNet [157], and Clip [245]. Similarly, in natu-

ral language processing, sequence-to-sequence learning frameworks [119] and later

transformative models like GPT-3 [39] have pushed the boundary of machine under-

standing and text generation. Speech recognition models such as Deep Speech [54]

and WaveNet [269] have signi�cantly improved the interpretation accuracy of hu-

man speech. Furthermore, in the domain of bioinformatics, deep learning has en-

abled unprecedented advances [265]. One of the most notable achievements in this

domain was the solution of a challenge that has stood for half a century, the problem

of protein structure prediction that AlphaFold 2 [325] solved. Each of these advance-

ments clearly demonstrates the power and versatility of deep learning techniques in

dealing with complex data across disciplines.

The transformative power of deep learning architectures stems from their un-

derlying architectural design, which allows the hierarchical composition of simpler,

modular building blocks. This layered approach enables the network to extract pro-

gressively complex patterns from the data, building from basic features to increas-

ingly abstract and complex patterns with depth. This fact can be most evidently
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observed in Convolutional Neural Networks, where initial layers are primarily con-

cerned with the detection of edges and textures. In contrast, deeper layers focus on

ensembles of textures and edges forming structures and substructures, as illustrated

in Fig. 2.19. This depth is what separates it from Shallow Learning and is the central

characteristic that lends its name to this category of machine learning. This depth

gives deep learning models the ability to autonomously generate features without

requiring human intervention [108], and even allows the models to tap into previ-

ously inaccessible sources of information, unstructured data [4].

Through the strategic composition of relatively simple building blocks, deep

learning approaches function as general function approximators [127], supporting

the learning of complex correlations between the input features and the targetted

output. This �exibility gave birth to a plethora of different neural network designs,

such as Convolutional Neural Networks (CNNs), which integrate convolutional op-

erations in order to take advantage of its translational equivariance for computer

vision tasks, two representative applications are AlexNet [157] and ResNet [119];

Recurrent Neural Networks (RNN), designed to learn temporal dependencies and

utilised in text [54] and speech [182]; Long Short-Term Memory (LSTM) [123], en-

hances sequence learning and memory capabilities through the improved capturing

of long-term dependencies; Gated Recurrent Units (GRU) [58], attempts to address

the vanishing gradient issues; and Geometric Deep Learning, extends deep learn-

ing techniques to graph and manifold structured data. This vast modelling capacity

that underpins the vast success of deep learning models can only be achieved in the

presence of suf�cient amounts of data.

One of the main facilitators of the current revolution within the �eld of AI is the

introduction and availability of large-scale, domain-speci�c datasets. These data

repositories and their quality have been essential in training performant models

capable of learning complex patterns and tasks. Some of the more historically in-

�uential datasets are the Modi�ed National Institute of Standards and Technology

(MNIST) database [167], one of the most widely known datasets in machine learning

containing 70,000 examples of handwritten digits; CIFAR-10 and CIFAR-100 datasets

containing 60,000 colour images split in 10 respectively 100 classes; COCO [178], a

large-scale object segmentation dataset consisting of 328,000 images; ImageNet [157],

a database designed for visual object recognition with more than 14 million hand-

annotated images belonging to over 20,000 categories. With the increase in model

size, traditional, manually annotated datasets started to contain insuf�cient data for

training and novel avenues for acquiring data were sought, such as Social Media

posts and IMDb Reviews culminating in the Foundational Models that are trained

on internet-level amounts of data. The growth in both scale and sophistication of

these datasets from MNIST to internet-scale corpora tightly follows the advance-

ments in machine learning models. The datasets form a foundational pillar for the

success of deep learning models.

Another of the foundational pillars is engineering, which plays a crucial role
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in the evolution of the models. The rapid advancements in computational power

driven by the development of specialised hardware such as Tensor Processing Units

(TPUs) together with the repurposing of existing Graphical Processing Units (GPUs)

hardware specialised in massively parallel processing have signi�cantly reduced the

time required for training and inference, enabling not only the acceleration of the

pace of innovation through more rapid prototyping but also the training of bigger

and more complex models. The engineering progress has been indispensable for the

training of deep learning models. It is also playing a pivotal role in the processing

and storage of the massive datasets required for modern deep-learning solutions.

Despite their remarkable advancements across various domains, this approach

harbours inherent limitations, limitations that are even more evident in the �eld of

bioinformatics. One of these limitations is widely known under the name of Out-

Of-Distribution prediction [179]; it refers to the struggle of the model to generalise

on data that is substantially different from the training set. This generalisation gap

presents a signi�cant hurdle that is magni�ed in the �eld of bioinformatics due to

the immense and largely unexplored space of protein structures. These unexplored

spaces contain potentially groundbreaking drugs that are momentarily beyond the

reach of current models due to their generalisation issues.

Another signi�cant limitation of Deep Neural Networks lies in their lack of in-

terpretability, also referred to as their "black box" nature. The ability of this type of

model to mix and generate features from their input, coupled with their tendency to

improve in performance with more input data and increased depth, makes unrav-

elling the decision-making process very opaque. The inability to discern the logic

behind the network's choices leaves the model open to the "clever Hans effect" [164],

producing the correct outcomes based on faulty reasoning. The unexplainabilty of

these types of solutions represents a signi�cant hurdle in their application in clinical

settings, where the model has to be accurate, consistent and have the correct reason-

ing for a diagnostic. The work of Jianping Zhang et al. [333] and Andrei Chertkov et

al. [51] illustrate this issue; through specially crafted adversarial inputs, they demon-

strate the unpredictability of modern models. The nascent �eld of AI Explainability

addresses this limitation through the development of tools and methodologies that

pierce the "black box" nature of deep neural networks, striving to make their statis-

tical reasoning accessible and transparent.

2.2.4 Multi Layered Perceptrons

Multi-layered perceptron (MLP), also known as a Feedforward network (FFN, Fig.

2.15) represents a foundational architecture in the �eld of Deep Learning. Charac-

terised by its composition of sequentially interconnected perceptrons or neurons,

these networks are typically organised into distinct layers. Each perceptron within

a layer receives inputs from the predecessor layer l i � 1, and forwards its output to its

successor layerl i+ 1. This hierarchical layering empowers the model to extract and

transform features at increasing levels of abstraction as data progress through the
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FIGURE 2.15: Layered illustration of the layout and connections of a 2
hidden layer MLP with 4 inputs, 3 perceptrons per hidden layer and

one output.

network, boosting their representational power and allowing them to be universal

function approximations [127].

The remarkable capacity of the MLP to gain representational power through it-

erative composition is enabled by the activation function s. The activation functions

introduce the essential non-linearity that allows the transcendence of linear map-

ping through hierarchical composition. Their necessity is essential and proven by

the property of closure under composition for linear transformation. Without the ac-

tivation function, the representational power of the model would not increase with

depth, as the composition of two linear transformations is itself linear. Some of the

most common activation functions include the Sigmoid activation function [256], the

original function for the Multi-layered Perceptron, which maps any real-value num-

ber to the (0, 1) interval; the Hyperbolic Tangent (tanh) Function [223], which com-

presses any real value to the (� 1, 1) interval; Recti�ed Linear Unit (ReLU) [3], one

of the most widely used activation functions in modern neural networks due to its

computational ef�ciency and ability to diminish the vanishing gradient problem.

Training a Multi-layer Perceptron, as with any other deep network model, re-

volves around the concept of adjusting its parameters to minimise a similarity func-

tion that measures the correctness of the prediction. This update is usually realised

by employing techniques based on gradient descent over the topology de�ned by its

loss function. The usage of gradients dictates one foundational limitation of Deep

Learning approaches: the necessity of all mathematical operations within the net-

work to be differentiable, ensuring that the contribution of each perceptron to the

result can be computed and the unit can be updated according to its contribution.

This highlights a signi�cant limitation of Deep Learning approaches: the constraint

of a differentiable loss function.
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The reliance on gradient-based training methods introduces additional limita-

tions. While deep networks can minimise the error on the training data, there is no

guarantee that the solution found is optimal [106]; due to the nature of this type of

training, for complex landscapes, the model is predisposed to get stuck in local min-

ima. Another hurdle that severely limits the depth of these models, and therefore

their representational power, is the issue of the gradient vanishing or exploding [20].

In these scenarios, the gradients can become excessively small or large as the cor-

rections are transmitted back through the network, leading to ineffective or unstable

training. These challenges highlight the intricate process of designing performant

neural network architectures.

2.2.5 Gradient Descent

Gradient Descent stands at the core of deep learning and plays a fundamental role

in updating the network parameters. It is the active mechanism through which the

process of "learning" is achieved. This methodology can be classi�ed as a �rst-order,

iterative optimisation algorithm to �nd a local minimum for a differentiable func-

tion. Its foundational introduction by David E. Rumelhart et al. in 1986 [256] marked

a cornerstone moment in the history of deep learning. By methodically tuning the

weights, this method empowers neural networks to iteratively reduce the error dic-

tated by the loss function, embodying the very essence of "learning".

The process of updating the weights of a neural network with the help of gra-

dient descent starts by selecting a random initial point for the parameters denoted

as Q0 2 Rm where m represents the number of tunable parameters in the network.

The initialisation of Q0 is critical; it requires randomness in order to break any po-

tential symmetries between perceptrons. Without the breaking of these symmetries,

every unit would behave identically, and the network would not be able to consider

different aspects of the input features. The initialisation of Q0 must be chosen from

an appropriate distribution of values in order to minimise potential gradient issues

during the training [116, 120].

Following the initialisation phase, the learning process unfolds iteratively. At

each iteration step t, the algorithm advances by taking a step, parametrised by the

learning rate h, in the opposite direction to the gradient of the loss function L, as

described by the update rule Qt+ 1 = Qt � hr QL. This methodical update of the

parameters is usually repeated, reducing the error as de�ned by the loss function L,

until the value of L has converged to a satisfactory number.

A key aspect of this iterative process is the stochastic approximation of the gra-

dient r QL. Instead of computing the true gradient across the entire training set,

which would be computationally intensive, it is common practice to use an approx-

imation of the true gradient obtained through computing the gradient on a random

subset of the training set; this approximation is called a stochastic gradient. This

approximation substantially improves the ef�ciency of the optimisation process by

increasing the frequency of the updates, which is essential, especially in the �rst
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stages of the training when the network is forming its rough approximation of the

target function. This stochastic process also introduces variability that can help the

model escape local minima in a process similar to simulated annealing [305]. Addi-

tionally, employing a stochastic gradient makes it faster to train on larger datasets by

minimising memory access during the computation of the gradient. In such cases,

one training iteration through the whole dataset is called an epoch.

At the heart of Gradient Descent lies the backpropagation algorithm, which effec-

tively applies the chain rule to compute the gradient of the loss function with respect

to each parameter of the model. The chain rule allows the derivative of a compos-

ite function to be expressed in terms of the derivatives of its constituent functions.

Given a function y = f (g(x)) , the chain rule states that dy
dx = dy

dg � dg
dx , a principle heav-

ily used in the process of backpropagation. This allows the ef�cient computation of

the gradient of the loss function r QL for each layer, starting from the output and

propagating back to the input, systematically computing the contribution of each

parameter to the overall error. The propagation from outputs towards input gives

the name of the method, backpropagation.

Most modern computational frameworks implement automatic differentiation;

this key approach leverages computational graphs in order to dynamically compute

gradients. Computational graphs map out the operations and dependencies within

a neural network that are transcribed into speci�c instructions depending on the

available hardware. This enables automatic differentiation on a wide array of com-

putational platforms, from traditional CPUs to specialised hardware such as GPUs

or TPUs. This adaptability signi�cantly speeds up the training time [18] and enables

the rapid advancement of deep learning applications.

While gradient descent constitutes the foundational pillar for neural network

training, limitations such as the predisposition to get stuck in local minima and the

sensitivity to the learning rate have required the development of more advanced

algorithms. Techniques such as Adagrad [82], Adadelta [331], Adam [149], and RM-

SProp introduce adaptive learning rates based on previous gradients and employ

concepts like momentum for a smoother and more rapid convergence. By address-

ing the limitations of traditional gradient descent, these approaches improve the

ability of deep neural networks to navigate complex loss functions with greater ac-

curacy and speed.

2.2.6 CNN

Convolutional Neural Networks (CNNs), also known as Convolutional Networks

(ConvNets), are a deep learning architecture that draws inspiration from the inner

workings of the visual cortex. Initially conceptualised by Kunihiko Fukushima in his

1980 paper "Neocognitron: A self-organizing Neural Network Model for a Mecha-

nism of Pattern Recognition Unaffected by Shift in Position" [99], CNNs were later

popularised through Yann LeCun's application in Handwritten Zip Code Recogni-

tion [168, 169]. This type of architecture specialises in processing data that present
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FIGURE 2.16: The mathematical operation of Convolution.

a grid-like topology, such as discrete, consistent time interval sampled time series,

images, and three-dimensional volumetric data. Characterised by their use of con-

volutional layers, CNNs are de�ned by the usage of the convolution operation for

at least one of their layers [106] in order to leverage spatial local hierarchies. The

capacity to manage and interpret data with grid-like structures makes them excep-

tionally well-suited for tasks such as image and video recognition and spatial data

processing.

Building upon the principles of MLPs, CNNs can be conceptually regarded as

MLPs with an in�nitely strong locality prior; this architecture focuses exclusively on

functions that incorporate local information and interactions. This prior is enforced

through the use of the convolutional operation, which endows the CNN with its

powerful feature extraction.

The mathematical concept of convolution (Fig. 2.16) refers to both the process

of computing it and the result. It is mathematically de�ned as a mathematical op-

eration on two functions, f and g, that produces a third function, f � g, that equals

the integral of the product of the two functions, where one of them is �ipped about

the y-axis and then shifted. This operation is expressed through the Equation 2.3,

where the integral is evaluated for all possible values of shift. Due to the property of

commutativity of the operation, the selection of the function to be shifted does not

in�uence the result.

( f � g)( t) :=
Z ¥

� ¥
f (t )g(t � t )dt (2.3)

In the �eld of Computer Science, especially in the domains of Digital Signal Pro-

cessing and analysis, the operation of convolution is adapted to accommodate func-

tions f and g de�ned on the set of Z integers. The discrete form of the convolution

operation of f and g described by the Equation 2.4 and illustrated in Fig 2.17 sums

over all integer points of the functions while shifting g. Considering the most com-

mon type of convolution within the context of CNNs, two-dimensional convolution,

and a kernel function g that is 0 everywhere except to a �nite set of points, we can

express convolution as in Equation 2.5 where the output at position [i , j] represents

the accumulated result of applying the kernel g over the input f at each position [i , j].
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FIGURE 2.17: Discreete convolution.

This approach closely mirrors the function utilised for CNNs. In practice, the opera-

tion applied is technically the cross-correlation operation, given by the Equation 2.6.

The difference between cross-correlation and convolution is that in the case of con-

volution, the kernel function g is �ipped around the y axis, while the same is not true

for the cross-correlation operator. This distinction offers the convolution operator its

commutativity property. Despite this difference, the usage of "convolution" persists

for historical reasons. Speci�cally, in the context of CNN, the distinction becomes

less signi�cant since the kernel function is learnt, and the network would be equally

able to learn kernels that are �ipped versions of those used in the strict mathematical

de�nition of convolution.

( f � g)[n] =
¥

å
m= � ¥

f [m]g[n � m] (2.4)

( f � g)[ i , j] = å
m

å
n

f [i � m, j � n]g[m, n] (2.5)

( f � g)[ i , j] = å
m

å
n

f [i + m, j + n]g[m, n] (2.6)

Sparse Connectivity or Sparse Interactions (Fig. 2.18) constitute a powerful de-

sign feature that signi�cantly improves the network's performance and ef�ciency.

With respect to the number of parameters used, a fully connected layer demands

m � n parameters to handle m inputs and n outputs, thus exhibiting a computa-

tional complexity of O(m � n) while a convolutional layer utilises kernels k with a

size that is commonly several orders of magnitude smaller than m enforcing the lo-

cality of the results and reducing the parameter count to k � n and a computational

complexity of O(k � n). The sparse connectivity of CNNs reduces memory usage

and computational requirements, enabling the training of deeper and more complex

networks.

Building on the advantages of Sparse Connectivity, CNNs leverage the concept

of parameter sharing to further enhance their ef�ciency. Parameter sharing refers to
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FIGURE 2.18: Sparse connectivity. One input unit x3 is highlighted
together with the output units s that are affected by it. In the case
of sparse interactions (top), when s is formed by convolution with a
kernel of width 3, only three outputs are affected by x3. In the case
of a Fully Connected Network (bottom), the connectivity is no longer

sparse, and as a consequence, all the outputs are affected byx3.
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FIGURE 2.19: Visualisation of a random subset of the feature �lters in
a Convolutional Neural Network at the �rst layer.

the usage of the same parameters across different parts of the network. In CNNs, this

means that each member of the kernel is applied across every location of the input

(in some cases excluding the boundary pixels). This uniform application across the

input ensures that the model learns a single set of parameters that can recognise a

feature anywhere within the input. The repeated application of the same kernels

promotes the detection of useful generic functions. Typically, the initial layers learn

to detect simple universal patterns like edges and gradients, as demonstrated by

Fig. 2.19. This built-in preference for generalised feature detectors contributes to the

model's ability to train effectively even on smaller datasets and allows it to better

generalise to new data.

The particular form of parameter sharing that CNNs employ grants the net-

work the property of translational equivariance. This concept involves a given func-

tion space X(W), its transformed counterpart X(W0) and a transformation group G

with actions s : G � X(W) ! X(W) and s0 : G � X(W0) ! X(W0); a function

f : X(W) ! X(W0) is said to be G-equivariant if and only if it satis�es the condition

shown in Equation 2.7. In essence, The property of equivariance, as graphically il-

lustrated in Fig 2.20, refers to the capacity of a system to re�ect the application of a

transformation to the input results in a corresponding transformation in the output.

This property is essential for computer vision tasks such as object detection, where

the model is tasked to identify and locate objects regardless of their position in the

input image. Embedding this prior to the task into the architecture of the model is

one of the reasons for which CNNs excel in object detection.

Computer vision tasks, such as image classi�cation, depend on a specialised

form of equivariance named invariance. Invariance is very similar to equivariance,

being expressed over the same set of spaces and actions. The distinction is that

Invariance must satisfy the condition shown in Equation 2.8. The property of in-

variance dictates that the output of the function should not be changed by any of

the actions s; this is visually depicted in Fig. 2.20. Invariance to transformations

such as rotation, translation and scale is essential in the task of image classi�cation,

where the identity of the class of an object should remain consistent regardless of its

position, orientation or size within the image.



2.2. Machine Learning, Deep Learning and Large Language Models 49

FIGURE 2.20: Graphical representation of the properties of equivari-
ance (left) and invariance (right).

f (s(g, x)) = s0(g, f (x)) 8g 2 G (2.7)

f (s(g, x)) = f (x) 8g 2 G (2.8)

CNNs achieve remarkable ef�ciency in processing grid-like data structures, even

surpassing human-level performance in classi�cation tasks [120], by incorporating

priors such as translational equivariance and locality in the architecture of the net-

work through operations such as convolution. While the locality prior specialises

the network in dealing with images and other similar types of data, it can also limit

its performance with data that presents long-range interactions such as natural lan-

guage processing or the amino-acid sequences of proteins.

Another critical challenge emerges from the need for extensive datasets of anno-

tated data to train these models effectively. The performance of the CNN is heavily

dependent on the availability and quality of labelled data. This can pose a signi�cant

challenge, especially in domains where data annotation is labour-intensive and re-

quires specialised knowledge, such as the �eld of medical imaging. A strategy com-

monly employed to tackle the lack of specialised annotated datasets is pretraining on

large, generic datasets, followed by �ne-tuning on smaller, domain-speci�c datasets.

This approach leverages the transferability of learned features across potentially re-

lated tasks. The success of pretraining on out-of-distribution datasets closely de-

pends on the intersection of overall features of the datasets employed; a high degree

of similarity can facilitate the transfer of useful features, while a signi�cant differ-

ence between the datasets might even adversely affect the model's performance.

The black-box nature inherent in deep neural networks represents another limi-

tation of CNN models that gets compounded by the speci�c operation of convolu-

tion. This characteristic makes these networks particularly vulnerable to adversarial

attacks, in which small alterations to an image, imperceptible to the human eye, can

dramatically change the classi�cation and associated con�dence levels [46, 180].
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FIGURE 2.21: Work�ow illustration of the conceptual functionality of
an autoencoder.

Despite their limitations, CNNs have demonstrated remarkable success across

a wide range of applications, particularly in computer vision tasks. They are the

basis of invaluable tools in diagnosing diseases with high accuracy. For example,

CNNs have shown pro�ciency in identifying lung squamous cell carcinoma from

pathology images [165] and detecting skin and breast cancer [12]. They have even

surpassed the diagnostic accuracy of trained pathologists in predicting cardiac fail-

ure from endomyocardial biopsy samples [219]. The expansion of the convolution

operation to process three-dimensional data has further enabled their application in

detecting emphysema in pulmonary 3D-CT images [121], brain lesions in MRI im-

ages and even in detecting binding af�nity [133, 244]. These achievements illustrate

the power of embedding the correct priors in the architecture of the model and es-

tablish CNNs as a fundamental architecture of deep neural networks.

2.2.7 Autoencoders

Autoencoders are an architecture of deep learning (Fig. 2.21) specialised in han-

dling unsupervised learning tasks. They can be conceptually considered a speciali-

sation of the multi-layer perceptron. This architecture emerged from the cumulative

work of various researchers [16, 257] and popularised by Bourlard et al. in 1988 [31].

Autoencoders aim to learn ef�cient representations of unlabelled data. They em-

ploy a specialised architecture 2.22 or speci�c loss functions that restrict the internal

representation into learning speci�c features and becoming invariant to irrelevant

details. Through the process of encoding input data into a latent-space represen-

tation and subsequently reconstructing the output from the internal representation,

autoencoders learn transformative features intrinsic to the data. This ef�cient map-

ping that doesn't require labelled datasets removes the requirement of annotated

databases during training and helps it diversify its potential objectives, from dimen-

sionality reduction to feature extraction and even as the basis for generative models.

Following their introduction, autoencoders have been traditionally employed for

dimensionality reduction and feature learning, serving as prime candidates for ex-

tracting salient features from data without supervision. The autoencoder's ability

to take advantage of unlabelled data stems from their design to encode input data

x into a latent space h and reconstruct the input from the latent representation, im-

plementing effectively an identity function x = g( f (x)) . In order to enforce the

learning of desired features, the identity function can be implemented in a different

space than the one containing the input data through a transform function s; in this
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FIGURE 2.22: Undercomplete autoencoder.

case, the identity function would take the following form s(x) = s(g( f (x))) . This

strategy is known as score matching.

The hallmark characteristic of the traditional autoencoder architecture is consti-

tuted by its distinctive "bowtie" con�guration (Fig. 2.22). The model can be con-

ceptually divided into two major functional components: an encoder h = f (x) that

compresses the input data into a compact latent representation and a decoder g(h)
tasked with reconstructing the input data from this latent representation. Learn-

ing the identity mapping g( f (x)) = x with no restrictions would lead to trivial

solutions, rendering the autoencoder ineffective for any practical learning. To cir-

cumvent this, autoencoders are intentionally designed with limitations that compel

the model to prioritise speci�c representational aspects that are most crucial for re-

construction. One common approach is to design the autoencoder to have a hid-

den layer with a dimensionality smaller than the input space and, therefore, achieve

compression into a smaller latent space; this type of restriction classi�es the autoen-

coder as an "undercomplete" autoencoder. Other strategies involve the employment

of specialised loss functions that guide the autoencoder towards learning signi�cant,

meaningful features of the data.

The mechanism of work for autoencoders exploits the idea that data tends to

cluster around low-dimensional manifolds or a limited set of such structures. In

their learning process, autoencoders aim to learn the underlying manifold's struc-

ture. This process is achieved through the navigation between two contrasting goals:

the objective of encoding data into the latent representation h from which the orig-

inal data X can be accurately reconstructed by the decoder and the constraints im-

posed through the architecture or loss function. This dynamic interplay between

two seemingly opposing objectives provides the networks with its representational

power. The autoencoders achieve a balance whereby the latent representation allows

for an approximation of the data while simultaneously adhering to the constraints

imposed that inhibit trivial solutions, such as duplicating the input or ignoring it
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altogether. By virtue of this balancing act, the model implicitly learns a local coordi-

nate system for the manifold it models, with the encoder mapping changes invariant

to those orthogonal to the manifolds, essentially learning to ignore variations in data

that do not contribute to its underlying structure.

The most common fundamental type of constraint implemented in autoencoder

architectures is dimensionality reduction, a characteristic that gives rise to the un-

dercomplete autoencoder. This version is easily recognised by its "bowtie" archi-

tecture shape (Fig. 2.22), designed to constrict the dimensions of the latent space

to be smaller than those of the input space. Through this informational bottleneck,

the autoencoder is forced to prioritise an embedding manifold that retains the most

relevant features of the data during the encoding process. This architecture ensures

meaningful data compression and feature extraction as the informational bottleneck

prevents simple data replication without substantial feature learning. The number of

features extracted is determined by the dimension of the bottleneck layer, and the de-

gree of compression dictated by the ratio between the sizes of the input and hidden

layer. The learning process of undercomplete autoencoders is formalised through

the optimisation of a loss function L(x, g( f (x))) , which quanti�es the dissimilarity

between the input and its reconstruction; one loss function commonly employed for

this is the mean squared error. This type of autoencoder can be conceptually con-

ceived as a generalisation of Principal Component Analysis that incorporates non-

linear transformations through nonlinear activation functions. An undercomplete

autoencoder with linear activation functions and a mean squared error loss function

can learn to approximate Principal Component Analysis when the bottleneck layer's

dimensionality is set to the number of principal components.

Another common type of constraint implemented in autoencoder architectures

focuses on encouraging the model to learn meaningful features through the inte-

gration of speci�c autoencoder regularisers in the loss function; autoencoders em-

ploying this strategy are classi�ed as regularised autoencoders. These autoencoders,

even though they can work in collaboration with the dimensional reduction of the

undercomplete autoencoders, are not strictly bound by dimensionality and capac-

ity limitations, even allowing for architectures where the latent representation can

surpass the size of the original encoding space. Regularised autoencoders introduce

additional terms in the loss function to encourage desirable properties in the model,

such as sparsity of activations or robustness to input corruption.

Sparse Autoencoders introduce a sparsity penalty W(h) to the traditional identity

function the autoencoder is trained with. This forces the model to learn ef�cient and

compact representations of the data. The loss function of the sparse autoencoder,

Equ. 2.9 encourages a sparse encoding representation by incorporating a term that

penalises the number of activations within the hidden layer. This penalty W(h),
alongside the reconstruction loss, ensures that the autoencoder activates only a min-

imal number of neurons at any given time, prioritising the most signi�cant features

of the data. Through their pioneering research into sparse autoencoders, Ranzato et
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FIGURE 2.23: Denoising autoencoder.

al. [247, 248] have demonstrated the models' power to discover useful features as a

part of their optimisation process. This type of autoencoder is most typically used in

a pretraining stage for learning features for subsequent tasks, such as classi�cation.

loss= L(x, g( f (x))) + W(h)

W(h) = l å
i

jhi j
(2.9)

Contractive Autoencoders, introduced by Rifai et al. [251], incorporate a regu-

larisation term that penalises the sensitivity of the hidden representation to slight

variations of the input. The regularisation term W(h) (equation Equ. 2.10)) represent

the squared Frobenius norm of the Jacobina matrix of the encoder function's par-

tial derivatives with respect to the input. This term forces the autoencoder to learn

a mapping that is robust to small changes in the input data, effectively learning

features that are invariant to minor perturbations. The essence of contractive au-

toencoders lies in their training to resist slight input perturbations, encouraging the

model to contract a neighbourhood of points. One signi�cant challenge with con-

tractive autoencoders is the computational expense of calculating the loss function

for deeper networks. To reduce the computational cost of training, Rifai et al. [251]

suggest training a series of single-layer autoencoders sequentially, with each layer

trained to reconstruct the hidden representation of the previous layer; while this is

not identical to applying a contraction penalty over the entire deep model, it retains

many of the desirable contractive properties.

loss= L(x, g( f (x))) + W(h)

W(h) = l å
i

jjr xhi jj 2 (2.10)

Denoising Autoencoders alter the traditional autoencoder learning objective; Vin-

cent et al. [308] introduce a novel approach to learning useful features without adding

an explicit regularisation term to the loss function. The denoising autoencoder works

by adding noise to the input x before processing it through the network. Speci�cally,

the model takes a corrupted version of the input and learns to reconstruct the orig-

inal, uncorrupted input x as described by equation Equ. 2.11 and illustrated by �g-

ure 2.23. This technique, as detailed by Bengio et al. [21] and Alain and Bengio [7],
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FIGURE 2.24: Variational Autoencoder.

demonstrates that denoising autoencoders can learn the structure of the data as a

natural result of minimising the reconstruction error.

loss= L(x, g( f ( x̃)))

x̃ = x + noise
(2.11)

Variational Autoencoders, as introduced by Kingma et al. [150] and Rezende et

al. [250], mark a signi�cant advancement in autoencoder technology by framing

the autoencoder architecture within a probabilistic generative model framework.

This innovative approach distinguishes variational autoencoders from traditional

autoencoders by choosing to bypass the classical encoding of the input data into a

single point in the latent space with the parameters of a probability distribution (usu-

ally the mean and covariance). This encoding strategy allows the VAE to generate a

distribution over possible latent variables and, as a result, to operate as probabilis-

tic generative models that can be fully trained using gradient-based optimisation

methods. The decoder has the same functionality as the classical autoencoder, with

the mention that before decoding, the probability distribution is sampled, and the

result is what is processed by the decoder, as illustrated by Fig. 2.24. Through the

incorporation of probabilistic inference principles, the latent space is systematically

guided to exhibit a well-organised, continuous and smooth structure. This property

of the latent space enables the use of the Variational autoencoders for the generation

of complex, high-dimensional data.

Expanding beyond their original use, modern autoencoders have evolved be-

yond their deterministic function to encompass stochastic mappings, characterised

by Pencoder(hjx) and Pdecoder(xjh), marking a transition from deterministic to gener-

ative models capable of capturing complex data distributions. This evolution marks

the autoencoders not only as feature extractors but also as versatile models for gen-

erating new data.

Autoencoders share common challenges with deep neural networks, such as the

necessity for substantial amounts of data and computational resources. Notably, an

advantage of autoencoders lies in the ability to train on unlabelled data, reducing

part of the data acquisition challenge. Autoencoders also present novel challenges.

Among these is the phenomenon of mode collapse, where the model, if lacking rep-

resentational capacity, might default to predicting the average of the training dataset

rather than capturing the underlying structure of the data. This issue underscores

the importance of carefully choosing the network's architecture and hyperparame-

ters to avoid undermining the models' ability to learn meaningful representations.
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Autoencoders have proven to be incredibly versatile, �nding applications across

a broad range of domains that underscore their utility and adaptability. In semantic

hashing, autoencoders have been employed to create compact representations for

text and images, facilitating ef�cient information retrieval and similarity search, as

demonstrated in the works of Salakhutdinov and Hinton [262] in the case of text and

Krizhevsky and Hinton [156] for images. The domain of bioinformatics has particu-

larly bene�tted from the capabilities of autoencoders. Variational autoencoders have

been instrumental in obtaining continuous latent spaces conducive to the generation

of new molecules through operations such as interpolation [113], measuring molec-

ular similarity through measuring the distance of latent space representations [263]

and encoding the 3D atomic structures in translation-, rotation-, and permutation-

invariant latent representations [218].

Beyond these applications, autoencoders have also been used in protein func-

tion prediction [71], modelling protein-to-protein interactions [65], predicting drug

responses from genomic data [53] and molecular �ngerprint representations [261],

showcasing their potential role in accelerating discovery in the pharmaceutical and

biomedical �elds. The adaptability of autoencoders extends to anomaly detection [217],

where they excel in identifying outliers or novel phenomena within large datasets.

Denoising autoencoders have been utilised to gather insights into complex biologi-

cal processes, such as microbe-host interactions from gene expressions [291], further

emphasising the board applicability and transformative potential of autoencoders in

modern deep learning applications.

2.2.8 Transformer

The Transformer architecture, introduced by Vaswani et al. [303], (Fig. 2.26) rep-

resents a paradigm shift in deep learning. Originally developed as a sequence-

to-sequence model attempting to tackle the complex task of machine translation,

the Transformer quickly demonstrated its ef�cacy across a broad spectrum of do-

mains [134]. Its design features an autoencoder meta-structure where both the en-

coder and decoder components consist of repeated subunits named transformer

blocks, a component designed to complement the modelling capabilities of the atten-

tion mechanism. The attention mechanism is pivotal, enabling the model to dynam-

ically allocate focus to different segments of the input, allowing the model to learn

the underlying structure of the data and model dependencies irrelevant to their sep-

aration. This ability to understand long-range dependencies has proven essential for

�elds such as natural language processing and bioinformatics.

Prior to the development of the transformer, long-range dependencies were mod-

elled with the help of recursive neural network architectures, such as recurrent neu-

ral networks and, later, long short-term memory networks [123]. These models of-

ten struggled to capture relationships between elements separated by long distances

within the input sequence. One of the main reasons recursive models struggle to

map long-range interactions is the problem of vanishing gradients, which impedes
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FIGURE 2.25: Internal work�ow diagram of the self-attention mech-
anism.

the model from retaining information over extended sequences. Another limita-

tion of these models is the inherently sequential evaluation of the model due to the

model's internal state getting updated with the processing of every new token and,

therefore, being dependent on the output results of the previous iteration. In con-

trast, the Transformer architecture overcomes these limitations through its innova-

tive design, which eliminates the need for sequential data processing on the encoder

side. This is achieved by leveraging an attention mechanism that allows each token

to directly interact with every other token, capturing dependencies without the con-

straints imposed by the structure or recursive models. Overcoming the sequential

requirement of previous approaches allows the transformer to enhance its ef�ciency

through the usage of massively parallel computation units such as graphical process-

ing units and tensor processing units. The transformer's ability to handle variable-

length input sequences further adds to its versatility, making it adept at processing a

wide range of data types. This combination of parallelisability, �exibility, and capac-

ity to model long-range dependencies are some of the reasons transformers are the

foundation of many of the state-of-the-art solutions in natural language processing,

image processing, signals processing, and bioinformatics.

At the heart of the Transformer model lies the multi-head scaled dot-product

attention, a speci�c iteration of the broader deep learning technique known as at-

tention. This component is pivotal in enabling the model to selectively focus on

different parts of the input data. This attention mechanism operates on a simple

yet powerful principle, using three different vectors named key, query and value,

derived from the input sequence; the key and the query are used to determine the

distribution of attention over the components of the input sequence; the value is

then weighted according to this distribution to produce the output of the attention

mechanism.

In order to compute the attention, the mechanism follows a relatively simple

process. Given a vector of input values h1, h2, � � � , hN 2 Rd1 with d1 denoting the
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dimensionality of the input data, three derived vector values of dimensionality d

are computed key k, query q and value v. The next step involves the calculation

of attention scores ei =
qThip

d
by multiplying the q value of the current token with

each of the k values of the other tokens in the sequence, resulting in a value ei that

quanti�es the strength of the interaction between the two tokens. The product of q

and q is divided by the square root of the dimensionality d in order to help stabilise

the gradients during training. The attention distribution is computed from the at-

tention scores ei using the softmax function (Table 2.2). This distribution is utilised

to perform a weighted sum of the values, leading to the �nal output a =
N

å
i= 1

aivi of

the attention mechanism. The computational graph for computing self-attention is

illustrated in Fig. 2.25. A more detailed exploration of the attention mechanism and

its application in deep learning is provided by Niu et al. in their "A review on the

attention mechanism of deep learning" work [220].

One limitation of the attention mechanism is constituted by its capacity to model

a single aspect of the data through its attention distribution, which could severely re-

strict the model's ability to handle complex data with multi-faceted interactions. To

overcome this limitation, multiple attention mechanisms are employed in parallel,

forming the multi-head attention mechanism. This approach allows each attention

head to focus on a different facet of the input and, by concatenating all of the re-

sults from the different attention heads, enables the model to capture a wide range

of interactions and relationships within the data.

To illustrate the application of the transformer architecture, a concrete example

from the transformer's original problem domain, machine translation. The process

begins with splitting the initial input into tokens, common words or groups of char-

acters for which a �xed-length vector representation named word embedding has

been previously learnt. Word embeddings condense the information from the dis-

crete, sparsely populated space of the words of a language into a denser vector rep-

resentation that supports mathematical operations. This is done in order to increase

the processing ef�ciency through the reduction of dimensionality and to facilitate

the learning process through the support of mathematical operations such as addi-

tion and subtraction. The embedded vectorial representation allows for operations

such as king � man + woman = queen. Through the usage of different embedding

processes, multimodal models can be achieved, models capable of handling differ-

ent types of input data such as images, point clouds, and vidoes. Due to the fact that

the transformer architecture has no embedded sequence prior, at this stage, a posi-

tional encoding is added to the word embeddings to offer the model the capacity to

pay attention to the sequential ordering of over two million tokens [75].

The generated embeddings are passed to the encoder component of the trans-

former, which is responsible for encoding the input sequence into an informative,

high-dimensional representation. The encoder employs the attention mechanism

in order to learn semantic interactions between the embeddings and generate new
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FIGURE 2.26: Graphical illustration of the Transformer model.

representations that capture contextual information. Transformer models usually

employ multiple transformer blocks, allowing the iterative re�nement of the embed-

dings to include deeper, more nuanced relationships. Each block features a multi-

head normalised attention layer and a fully connected feed-forwards network, aug-

mented by normalisation layers and residual connections. These components work

to stabilise the training process and enhance the gradient �ow, ensuring that each

word's vector representation captures rich semantic detail.

The decoder component works in symmetry with the encoder, with the role of

bringing the high-dimensional representation back into the natural language space.

Its structure closely resembles that of the encoder, with the addition of one cross-

attention mechanism positioned after the self-attention mechanism. Cross-attention

works similarly to self-attention with the distinction that the v value and k key are

generated from the output of the corresponding transformer block in the encoder,

facilitating the nuanced interplay between the input sequence being processed and

the emerging output sequence at each stage. The output text is generated sequen-

tially in an autoregressive manner, where the prediction of each subsequent token

is predicated upon those already generated. This iterative process begins with the

decoder ingesting a special embedding token '<start>'. The input then traverses

the decoder's layers, capturing not only semantic information from the current se-

quence but also incorporating information from the encoder. The output of the last

decoder transformer block is fed into a multi-layer perceptron; its output is �tted to a

probability distribution across all the embedding tokens. From this distribution, the

next word of the sequence is selected, usually dictated by a hyper-parameter called

temperature that introduces a little variability in the output through the random

proportional selection from among the top percentile of probabilities. The selected

embedding is transformed back into the natural language space and appended to

the input sequence. The process of ingesting, processing and selecting a word from
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the resulting probability distribution is repeated until the special embedding token

'<stop>' is generated or a speci�c number of iterations has been achieved.

The transformer inherits the limitations of deep neural networks, including the

black-box nature of its decision-making processes, which presents challenges to in-

terpretability, making it dif�cult to understand the model's reasoning and hindering

the adoption of this type of model in �elds that require explainability, traceability

and transparency. Another signi�cant limitation of the transformer architecture is

imposed by its requirement for signi�cant processing power, especially from graph-

ical and tensor processing units, coupled with considerable memory consumption.

The attention mechanism, which lies at the heart of the transformer architecture,

results in memory requirements that scale quadratically with sequence length. Im-

proving the attention mechanism on long sequences [56] as well as improving the

memory ef�ciency [52] are current directions of study in the �eld, particularly since

increases in model size have shown to improve performance [145].

The transformer architecture forms the basis of many current state-of-the-art

models across various domains, showcasing its versatility and ef�cacy. In natural

language processing, it has been pivotal in advancements in machine translation [88,

281, 303, 343], summarisation [19, 243], question answering [184, 243], text classi-

�cation [243] and text generation [243], including the development of the GPT se-

ries [242]. The introduction of the Vision Transformer (ViT) [80] makes the introduc-

tion of the architecture into Computer Vision, where it revolutionised tasks like clas-

si�cation [80, 177, 185, 340], detection [42, 50, 107, 185, 334], image segmentation [78,

285, 321]. In the sub�eld of medical images, state-of-the-art models for image seg-

mentation [320] and image analysis [186], the transformer architecture outperforms

existing methods. In the realm of Bioinformatics, transformers have been instru-

mental in predicting protein folding [144, 325], predicting protein function [41], pre-

dicting drug-target [81, 130] and drug-drug interactions [148, 271], classifying and

identifying viral sequences [258], secondary structure prediction [90], and solvent

accessibility [131]. This broad array of applications underscores the transformative

impact of the Transformer architecture across disciplines, establishing it as a corner-

stone architecture of modern machine learning.

2.2.9 Large Language Models

Large Language Models (LLMs), also known as foundational models, represent a

signi�cant engineering advancement in the �eld of machine learning. They are mas-

sive models that predominantly employ the transformer architecture in order to ex-

cel at general-purpose language generation and a variety of other natural language

processing tasks, such as text summarisation and question answering. The perfor-

mance of LLMs stems from their training on internet-scale amounts of data. This

extensive training, coupled with their apparently insatiable representational power,

gives birth to emergent sophisticated cognition capabilities such as mathematics and

reasoning, making them highly versatile tools.
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FIGURE 2.27: Different 2D plane projections of an unknown 3D object
(cube in this instance).

This type of model exhibits an unprecedented level of arti�cial general intelli-

gence [40], reaching performances that are beginning to approach and even surpass

the average human level in certain domains [40]. This remarkable achievement can

be better contextualised by comparing biological and arti�cial neural constructs: the

human brain consists of approximately 86 billion neurons; in comparison, chat GPT-

3, a landmark in LLM development, is constituted of 175 billion parameters [39] and

has been trained on a corpus exceeding 500 billion words [39]. This comparison

highlights the scale of modern models and the complex architecture that underlines

the sophisticated processing capabilities.

The success of LLMs can be partially attributed to their foundation in the Trans-

former architecture, which seems to exhibit a linear tendency to improve perfor-

mance by increasing the model size. [145]. This scaling law suggests that LLMs ben-

e�t from an 'economy of scale' where there is a direct relationship between increased

computational resources, larger amounts of data, and model performance. This

data-driven scalability capacity of the LLM is enabled by the ability of Deep Learn-

ing architectures to autonomously generate, select and transform data features. As

a result, these models succeed in effectively leveraging vast quantities of data, with

the help of immense computational power, into advanced language understanding

and generation capabilities.

In order to enable the training on internet scale amounts of unstructured data,

LLMs leverage more complex training strategies. These models are commonly pre-

trained, employing unsupervised learning techniques such as next-word prediction

or masked word prediction, where the model attempts to predict missing or subse-

quent words in a sentence. This forms the foundational learning phase, in which

the model learns the underlying structure of language. During this phase, as a side-

effect of its training objective, the model accumulates a statistical understanding of

the real world. This mechanism of understanding the real world as a byproduct

of the next-word prediction goal can be conceptually compared to learning to pre-

dict two-dimensional projections from a set of similar projections of an unknown

three-dimensional object (Fig. 2.27), where the word representations constitute the
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two-dimensional representations and the real-world concept is represented by the

hidden three-dimensional object. Even though the objective does not explicitly re-

quire knowledge of the hidden object, a conceptual representation of it is required to

achieve good predictive performance. Subsequent to this unsupervised phase, the

models are often �ne-tuned either on smaller labelled datasets or using reinforce-

ment learning [283] such that the model's response becomes increasingly aligned

with human-like understanding and to the format of its task.

Even though they exhibit behaviours similar to human knowledge and cogni-

tion, LLMs differ fundamentally in their approach to learning and utilising informa-

tion. Unlike human cognitive processes that acquire and apply factual knowledge

from direct experiences and education, LLMs are essentially supercharged autocom-

plete systems. Their training does not focus on the facts of the world but on next-

word prediction. This means that their grasp of logic and factual information is an

emergent feature of their primary task [312]. Their training goal relies on captur-

ing the patterns and statistical distributions of words within vast training corpora.

For instance, when given the prompt, "The �rst antibiotic discovered by Alexander

Fleming was," an LLM is likely to complete the statement with "penicillin". Even

though this is the correct answer and is the same as the expected answer from a

human, this response is not derived from an internal database of veri�ed facts but

from statistical likelihoods based on the training data. This mode of operation makes

LLMs prone to propagating common misconceptions and creates a misalignment

with human communication. While humans typically use factual knowledge as a

basis for discussions, LLMs operate purely on the frequency and relationships of

words and phrases within their training corpora. This distinction underscores a

critical difference in how LLMs and humans represent and use knowledge, posing

challenges for applications that require precise and reliable factual information.

Another consequence of the training process is the phenomenon of "hallucina-

tions" [140], where models generate incorrect or misleading information with au-

thority and con�dence. As probabilistic models, LLMs tend to �ll gaps with plau-

sible but potentially inaccurate information, which can mislead users who rely on

their outputs for decision-making or factual accuracy. Additionally, the risk of "model

collapse" [278] is a growing concern as LLMs are trained on ever-expanding internet-

scale datasets that increasingly include machine-generated or manipulated data.

This issue has the potential to lead to worse-performing future models, as demon-

strated by Bohaceck et al. [28] and Bertrand et al. [23]. This issue is further accentu-

ated by the fact that LLMs contain a �xed knowledge base that requires retraining

in order to be kept up to date with facts and events. Furthermore, the computa-

tional and �nancial costs of training such models are extraordinarily high; for ex-

ample, GPT-3 training involved resources equivalent to 285,000 CPUs and 10,000

GPUs, amounting to approximately 12 million dollars [341]. Furthermore, the im-

mense datasets required for training impose additional challenges, including the

reliance on heuristic methods for data validation due to the massive amount of data
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that makes manual quality checks impossible, as well as the issues of copyright and

personal information. The sheer amount of data poses additional issues, such as

possible benchmark data contamination and the challenges of removing close du-

plicates. These limitations highlight the trade-offs involved in the development of

LLMs and accentuate the need for careful consideration of their application context

and potential risks.

LLMs represent a breakthrough in the application of machine-learning technolo-

gies across various domains. Signi�cant advancements in conversational AI have

been achieved through models such as Meta's LLaMA [297], Google's PaLM [57],

BERT [70] and OpenAI's ChatGPT [39, 221], with the latter being one of the fastest

most widespread publicly adopted applications. These models showcase the potent

capabilities of LLMs when tailored through prompt engineering for speci�c tasks

like dialogue, question answering, and text summarisation.

In the �eld of bioinformatics, specialised LLMs such as GeneGPT [142], BioGPT [188],

and BioMedLM [29] have demonstrated how classical LLMs can be leveraged to

mine biomedical text and anchor the model in ground truth using API calls. Mod-

els such as DNABert [139], DNABert-2 [342], and DNAGPT [332] have been used for

tasks such as DNA-protein interaction, predicting cis-regulatory regions and pre-

dicting genome-wide variant effects. The �eld of proteomics has bene�ted from

LLM applications such as MSA Transformer [249], ProtTrans [84], ProGen [191], Prot-

GPT2 [91], ProteinBERT [34] and ProLLaMA [190] for tasks such as predicting sec-

ondary structure, predicting protein function, predicting biophysical properties and

predicting protein-protein interaction. These applications underscore the impact of

LLMs across various scienti�c domains and demonstrate the capabilities of these

models to tackle complex challenges.

2.2.10 Molecular Representations

Invariant to the speci�c machine learning task, the �rst stage in any computational

model involves computing some form of representation for the molecular reality.

Given the complex and multifaceted nature of molecules, a wide array of molecular

representations exist. These range from high-resolution methods, such as the all-

atom models used in molecular simulations, to geometric projections [267].

Current high-performing representations can be divided into four subcategories:

Molecular Fingerprints, Voxelised Image Representations, Molecular Graphs, and

learned Representations. Another widely used text-based descriptors system is SMILES,

which provides a linear representation of molecular structures. Each of these ap-

proaches offers unique advantages and challenges, making them suitable for differ-

ent types of computational tasks in the realm of bioinformatics.
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FIGURE 2.28: Illustration of the mapping from chemical structure to
SMILES.

SMILES

The simpli�ed molecular-input line-entry system (SMILES) is a widely-used text-

based descriptor for molecular structure, speci�cally developed to store chemical

data in a computer-readable format [313, 314].

In SMILES strings, atoms are represented by their chemical symbols, and aro-

matic atoms are denoted in lowercase. Special characters are employed to fully spec-

ify the chemical structure of a molecule following speci�c rules. For instance, double

and triple bonds are represented by '=' and '#', respectively. Chirality is indicated

using the '@' symbol, while double bond con�gurations are denoted by '\' and '/'.

Branches in the chemical structure are marked using parentheses '(' and ')'. Cyclic

substructures are encoded by breaking a single bond in the ring and labelling the

matching atoms with numbers (Fig. 2.28).

Following these rules, a SMILES string is constructed by traversing the nodes of

the molecular graph. Depending on the choice of starting node and traversal route,

there can be multiple valid SMILES representations for a single molecule, especially

in the case of large molecules. To address this, a deterministic algorithm is used to

choose the starting node and traversal route, resulting in a unique SMILES represen-

tation for a molecule known as the 'canonical' SMILES [314].

Despite its utility, SMILES can encode invalid molecules, which is a potential

limitation. However, the text-based nature of SMIELS and its expressiveness in

encoding the molecular graph alongside stereochemistry have contributed to its

widespread use in storing chemical data. The vast majority of molecular datasets

used in machine learning models represent molecules as SMILES strings.

Molecular Fingerprints

The majority of classical machine learning methods require a �xed-length vector

representation of molecules; these are known as molecular encodings or molecular

�ngerprints. The molecular �ngerprints can vary widely in shape and size, provid-

ing �exibility in how molecular information is encoded.
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FIGURE 2.29: Schematic overview of the architecture of a 3D CNN
model for protein-encoding used in protein-ligand binding af�nity

prediction.

One of the most widely known �ngerprints is the Morgan �ngerprint [210], which

encodes topological information about the molecule. Extended Connectivity Finger-

prints (ECFP) are another popular example, designed to capture detailed topological

information about the ligand structure [252].

Fingerprints can also include 3D protein-ligand contact information. Examples

of these include the Protein-Ligdan Extended Connectivity �ngerprint (PLEC) [318]

and Extended Connectivity Interaction Features (ECIF) [289], which capture detailed

interaction information between proteins and ligands.

Molecular �ngerprints are also commonly used in protein-ligand af�nity scoring

functions, particularly in models based on Random Forests or Boosted decision trees,

due to their simplicity and explainability [206, 289, 318]. Molecular �ngerprints

have been employed in Graph Neural Networks as well [206].

Despite their representational �exibility, there are limitations to how much infor-

mation can be encoded in a given �ngerprint size. This can impact the effectiveness

of the representation of complex molecules.

Voxelised Image Representation

The advancements in the �eld of image processing brought forth by the applications

of CNNs have been extended to the �eld of protein-ligand af�nity prediction. In

this context, RGB channels, traditionally used to represent colour in images, are re-

purposed to encode various atomic properties such as hydrophobicity, ionizability,

aromaticity, and hydrogen bond donor or acceptor properties. This innovative ap-

proach leverages the power of CNNs to process complex molecular interactions in a

manner analogous to image recognition.

To apply this technique, a 3D voxel grid is created for the protein-ligand complex.

Each voxel within this grid represents a speci�c region of the molecular structure

(Fig. 2.29). This voxelised representation allows the CNN to analyse the spatial

distribution and interactions of these properties within the protein-ligand complex,

facilitating the prediction of binding af�nities.

Substantial progress has been made in developing CNN-based scoring functions
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FIGURE 2.30: Diagram illustration of a ligand-based graph and setup
of a Graph Convolutional Network for protein-ligand binding af�nity

prediction.

FIGURE 2.31: Autoencoder learned representation from SMILES no-
tation.

for various applications within this domain. For instance, CNNs have been effec-

tively employed in virtual screening [244], in the protein-ligand binding af�nity pre-

diction [141] and have been developed as scoring functions in protein-ligand dock-

ing [198].

One signi�cant advantage of using CNNs for voxelised image representations is

their ability to learn higher-order features from the training set. This ability, coupled

with the inherent locality imposed by the convolutional operation, allows the model

to capture complex patterns and interactions within the protein-ligand complex that

might be missed by traditional methods. As a result, CNN-based approaches offer a

powerful tool for predicting molecular interactions.

Molecular Graphs

Molecular graphs provide a powerful representation for encoding molecular struc-

tures in deep learning models by directly mapping atoms and bonds as nodes and

edges in a graph (Fig. 2.30). This method captures the intricate connectivity and

chemical relationships inherent in molecules, facilitating accurate predictions and

analyses. Prominent models leveraging this approach include Graph Isomorphism

Networks (GIN) [322], Graph SAGE [115] and Graph Attention Networks (GATNet) [304].

These models demonstrate the transformative potential of graph-based deep learn-

ing in bioinformatics, offering new insights and capabilities for molecular analysis.

Learned Representations

Learned representations have been developed to enable continuous space represen-

tations of molecules, offering an alternative to traditional discrete molecular rep-

resentations. This approach has gained prominence due to its ability to capture
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complex relationships within molecular structures, facilitating more sophisticated

analyses and predictions.

Autoencoders are increasingly popular in generating molecular representations,

often surpassing their graph-based counterparts in terms of usage and application.

These models encode molecular data into a latent space, allowing for more �exible

and powerful manipulation of the molecular features.

Learned Representations are used to enhance and complement the other repre-

sentational methods. One drawback of the learned representations is that they them-

selves need a computer-friendly representation from which to start. Their power

lies in transforming the initial representation into a more detailed and packed with

essential information encoding. Models such as word2vec [202] and mol2vec [137]

serve as two examples of the modelling power of the learned representations.

An advantage of using learned representations, particularly those derived from

variational autoencoders, lies in the continuous representation of the latent space.

This continuous representation is well-suited for generating new molecules, as it al-

lows for smooth interpolation between known points and even extrapolation within

the manifold space, facilitating the discovery of novel compounds with optimised

properties.

Molecular representations are essential for bridging the gap between complex

molecular structures and machine learning models. Each representation method,

SMIES, molecular �ngerprints, voxelised images, molecular graphs, and learned

representations, offers unique strengths and trade-offs, making them suitable for

different bioinformatics applications.
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Chapter 3

Protein Folding, AlphaFold

This chapter delves into the complexities of protein folding from the perspective of

AlphaFold, highlighting its impact on protein structure prediction. It extends the

work published in "An Overview of Alphafold's Breakthrough" [196] and analyses

in detail the methodological advancements and computational innovations of the

AlphaFold models. The chapter concludes with an exploration of the technical chal-

lenges and possible future directions.

3.1 Background on Protein Folding

3.1.1 Importance of protein Folding

Protein folding is a fundamental process in biology, where the linear sequence of

amino acids in a polypeptide chain folds into a unique three-dimensional structure

essential for its biological function. The biological activity of proteins, vital for nearly

all cellular functions, is intrinsically tied to their three-dimensional structure [63].

This relationship is critical; any deviation from a protein's native conformation can

severely affect its functionality, leading to a range of effects from loss of function

to rendering the protein toxic [138], perturbing the complex balance maintained in

cellular environments.

The three-dimensional structure of a protein is determined solely by its amino

acid sequence [138]. This sequence-speci�c folding process is guided by the physic-

ochemical properties of the composing amino acids and the physicochemical prop-

erties of the environment. Despite the complexity and variability of protein struc-

tures, the information required to fold these structures is encoded entirely within the

amino acid sequence itself, independent of the synthesis mechanisms or the presence

of molecular chaperones [138].

An illustrative example of the self-suf�ciency of amino acid sequences in guiding

protein folding is observed in the phenomenon of protein renaturation (depicted in

Fig. 3.1). Experiments have demonstrated that denatured proteins, proteins which

have lost all of their ordered structure due to disruptive conditions, are capable of

refolding into their functional forms upon the return to normal conditions. This

refolding restores virtually all of the protein's biological activity, demonstrating that
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FIGURE 3.1: Illustrative depiction of the process of denaturation (the
process in which a protein looses its 3D conformation) and renatu-
ration (a protein assembling itself back in the correct fold from the

denatured state).

the sequence of a protein holds all the required information to achieve the correct

folding structure.

The implications of protein folding are vast, in�uencing numerous �elds, from

genetics to biotechnology and medicine. Understanding and manipulating this pro-

cess can lead to breakthroughs in drug design, synthetic biology, and the treatment

of diseases caused by folding abnormalities. The study of protein folding is not only

crucial for understanding fundamental biological processes but also for harnessing

these processes for innovative applications.

The initial direction of the research is aimed at exploring how modern machine-

learning approaches could be applied to accurately determine the three-dimensional

conformation of proteins based on their amino acid sequences. The success of Al-

phaFold's model at CASP13 has validated the foundational hypothesis that deep

learning has the ability to increase the accuracy of predictive models beyond tradi-

tional approaches. The approach of AlphaFold, and later AlphaFold 2, have also

validated personal intuitions regarding the use of techniques inspired by natural

language processing. However, the unprecedented precision of the two models has

necessitated a strategic shift in the direction of research. It has also highlighted the

need for accessibility and availability of cutting-edge tools within the domain of

bioinformatics.

3.1.2 Complexity of protein Folding

The process of protein folding, while fundamentally guided by the amino acid se-

quence, presents substantial computational challenges due to the intricate nature of

protein structure and the vastness of the conformational space. Two of the main ob-

stacles in the computation of protein folding are the energy function problem and

the sampling problem.
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The Energy Function Problem

One signi�cant challenge in predicting protein folding is the accurate computation

of the energy function. There is currently no straightforward method to calculate the

exact electrostatic potential or the energies of bonds that are slightly stretched or in

non-ideal con�gurations without resorting to resource-intensive quantum mechan-

ics simulations. Precision in these calculations is crucial because even minor errors

can cascade and accumulate over time, potentially resulting in a completely different

fold. This issue is analogous to the N body problem in physics, where N represents

the number of particles interacting with each other. For proteins, N can easily reach

into the thousands, re�ecting the complexity of their structures. A visual represen-

tation of this complexity can be seen in the structure of human haemoglobin (Fig.

3.2).

FIGURE 3.2: Example showcasing the conformation of haemoglobin
(1HCO), with a length of 141 amino acids, is illustrated above. Left
uses the ribbon representation, putting the accent on the 2nd order
structure; Right uses the ball and stick representation, evidentiating

the 1st order structure and its complexity.

The Sampling Problem

Another major obstacle in protein folding prediction is the vastness of the sample

space. Even with simplifying assumptions such as bonds being of constant length,

the number of possible conformations remains astronomically high. For instance,

consider a protein with a modest length of 50 amino acids. The median length of a

human protein is approximately 375 amino acids [37]. If each amino acid in the 50-

amino-acid protein has just two rotatable bonds in the backbone, and we consider

only 10-degree increments for each bond, we end up with 10 72 possible conforma-

tions. To put this in perspective, the number of protons in the known, observable

universe is approximately 1.57 � 1079 [315]. This immense number of potential con-

formations demonstrates the dif�culty of sampling the entire conformational space

to �nd the one with the lowest energy state.
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These obstacles highlight the intricate nature of protein folding and the signi�-

cant computational efforts required to predict protein structures accurately. Under-

standing and overcoming these challenges are critical for advancements in structural

biology, drug design, and related �elds.

3.1.3 CASP and PDB

The Critical Assessment of Structure Prediction (CASP) and the Protein Data Bank

(PDB) are essential to the recent breakthroughs witnessed in the �eld of protein fold-

ing. These resources are indispensable as they enable the current advancements in

structural biology by offering an impartial metric of success and the necessary data

for training statistical models, respectively.

Critical Assessment of Structure Prediction (CASP)

CASP is a community-driven competition aimed at determining the state of the art

in modelling protein structures based on their amino acid sequences. It is organised

by the Protein Structure Prediction Center and held biannually. The contest employs

a double-blind procedure, where participants submit predicting structures for pro-

teins whose experimental structures are known to a select group but not publicly

available [158]. The submissions are evaluated by independent assessors to ensure

objectivity.

Scoring in CASP employs the Global Distance Test (GDT), which has been a sta-

ple metric since CASP 4. GDT assesses the quality of fold predictions by identifying

the largest subset of model residues that align within a speci�c distance threshold to

the corresponding residues in the reference structure [48]. The Global Distance Test

Total Score (GDT_TS) averages these scores across cutoff points of 1, 2, 4, and 8 Å,

with scores ranging from 0 (complete mismatch) to 100 (perfect superimposition).

One limitation of this scoring system is that the magnitude of scores can depend on

the evaluated proteins' size [336].

The Protein Data Bank

The Protein Data Bank stands as the singular global archive for structural data of bi-

ological macromolecules [22]. As a leading resource, the PDB provides access to 3D

structural data of large biological molecules. These are essential for various research

and development applications in molecular biology [17].

The efforts to understand and manipulate protein folding, supported by CASP

and PDB, reinforce the challenge's signi�cance in structural biology and its implica-

tions across genetics, medicine, and biotechnology [138, 197].
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3.1.4 Fold Prediction Tecniques

The challenge of predicting protein folding has been approached through various

techniques, each leveraging different aspects of computational biology and machine

learning. These techniques aim to decipher the complex mechanism of protein fold-

ing by employing physics-based models, fragment assembly strategies, and advanced

machine-learning algorithms.

Physics Simulations

Physics simulations, one of the earliest methods of predicting protein folding, utilise

principles of quantum mechanics through molecular dynamics simulations. This

approach is particularly effective for proteins of limited size, as it can accurately

predict folding for molecules up to hundreds of residues. However, the computa-

tion cost associated with these simulations increases exponentially with the length

of the protein chain. One limitation of this approach is the fact that these simula-

tions are susceptible to inaccuracies due to potential errors in the force �elds used.

These errors can misrepresent the protein's behaviour under various physiological

conditions. Despite their limitations, physics simulations are valued for their ability

to potentially uncover novel protein folds that are not yet documented [286].

Fragment Assembly

Fragment assembly techniques construct predictive models using short, contiguous

backbone fragments derived from proteins with known structures. This method

parallels strategies employed in fragment-based drug discovery, focusing on molec-

ular coherence and structural compatibility. The selection of fragments is typically

guided by sequence similarity and the prediction of local structural features, such

as secondary structure or backbone torsion angles [161]. In this approach, multiple

fragment assemblies are generated and initially assessed using a coarse-grained en-

ergy function. The most promising structures are then subjected to a more detailed

and computationally demanding �ne-grained energy evaluation to determine the

optimal prediction model. Historically, fragment assembly has proven to be highly

effective, being among the top predictors in several CASP competitions, including

CASP9 [213], CASP10 [211], and CASP11 [212].

Machine Learning

Machine learning has a history in protein structure analysis, where it has progres-

sively taken on a more central role from being a supportive component to becoming

the backbone of end-to-end predictive models [161, 325]. Early applications were

focused on predicting one-dimensional features like backbone torsion angles or sec-

ondary structures. Recent advances have seen the evolution of machine learning into
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comprehensive approaches capable of predicting entire protein structures. Pioneer-

ing methods such as End-to-End differentiable Learning of Protein Structure [10]

and the AlphaFold models [144, 325] have proven the potential of machine learn-

ing to revolutionise our understanding of protein structures. The success of these

machine learning models is mainly dependent on the availability of extensive pro-

teomics data, which provides the necessary training material to re�ne and validate

their predictive capabilities.

3.2 AlphaFold

AlphaFold represents a signi�cant leap forward in protein structure prediction, in-

troduced by Alphabet's DeepMind. The project made its debut in the CASP13 com-

petition [158], where it signi�cantly outperformed all of the competitors in predictive

accuracy, using a novel approach based on Convolutional Neural Networks [158].

This introduction of AlphaFold into the scienti�c community marked the beginning

of a new paradigm in computational biology, setting a milestone in the standards for

protein structure prediction.

3.2.1 Achievements in the CASP competitions

AlphaFold

AlphaFold's entry into the CASP13 competition under the group name A7D marked

a cornerstone moment in protein structure prediction. The model demonstrated an

unprecedented performance, achieving an anomalous leap in accuracy, which was

especially notable in the free modelling (FM) category. It achieved an FM summed z-

score of 56.0305, signi�cantly surpassing the nearest competitor, who scored 45.4980.

In combining Template-Based Modelling (TBM) and FM categories, AlphaFold achieved

a score of 131.6070, compared to 111.0079 by its closest competitor, despite using

FM-only techniques [9] (Fig. 3.3).

AlphaFold 2

In the subsequent CASP14 competition, AlphaFold 2, also a DeepMind innovation,

built upon the successes of its predecessor and set new records [159]. It continued to

excel, by comparison with prior years, and signi�cantly outpaced competing entries.

The computational methodology employed by AlphaFold 2 allowed it to predict

protein structures with a near-experimental accuracy, earning it the description of

a "gold standard" in protein folding [6]. AlphaFold 2 dominated the competition

with an FM summed z-score of 124.6086, while the closest competitor achieved only

42.7206. Combining FM and TMB/FM categories, its score soared to 280.5661, far

surpassing the next-best score of 102.3821 [95] (Fig. 3.4).

Nearly two-thirds of AlphaFold 2's predictions matched the quality of experi-

mental structures, with some even indistinguishable from experimental results [95].
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FIGURE 3.3: The results of the CASP13 competition; the bar graph
displays the performance of the competitors, and the table under-
neath showcases the score of the top performers. The AlphaFold team
competed under the name A7D with the group code 043. Source: pre-

dictioncenter.org results page [44].

FIGURE 3.4: The results of the CASP14 competition; the bar graph
displays the performance of the competitors, and the table under-
neath showcases the score of the top performers. The AlphaFold
team competed under the name AlphaFold 2 with the group code

427. Source: predictioncenter.org results page [44].

The model demonstrated a median backbone accuracy of 0.96Å root mean square

distance and an average error across all predictions of just 1.6Å, equivalent to the

width of a single atom.

Outside the con�nes of the CASP competitions, AlphaFold 2's predictions were

validated against the complex structure of ORF3a. Despite the challenging nature of

this protein and a lack of similar sequences, the results closely mirrored those deter-

mined experimentally later [95], further cementing AlphaFold 2's role as a transfor-

mative force in the study of protein structures.
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3.2.2 Methodology

The progress achieved by the AlphaFold solutions is underpinned by the method-

ology employed to predict the protein structure, given its amino acid sequence de-

scription. The AlphaFold models employ sophisticated machine-learning approaches

that learn the rules of protein folding through statistical means. This section outlines

the fundamental components of the AlphaFold approaches, highlighting their fun-

damental components.

AlphaFold Algorithm

AlphaFold marked a paradigm shift in protein structure prediction through its utili-

sation of convolutional neural networks (CNNs) and co-evolution-dependent work-

�ow [9]. In order to predict protein structures effectively, AlphaFold leverages evo-

lutionary information through Multiple Sequence Alignment (MSA) statistics. MSA

statistics capture clues about the structure of the folded protein; they take advantage

of the observation that residues in spatial contact tend to show patterns of correlated

mutations [161]. These statistics are used, together with the amino-acid sequence of

the protein, to predict the protein's conformation. The architecture of AlphaFold

(Fig. 3.5) comprises two main stages: Deep ResNet and Gradient Descent Optimisa-

tion.

FIGURE 3.5: Component Work�ow within the AlphaFold solution ar-
chitecture.

AlphaFold takes an established approach for depicting interresidue distances

(distograms) and employs them in the context of protein structure prediction. They

are used as one of the main products of the Deep ResNet together with predicted tor-

sion angles of the backbone Carbon atoms. A distogram represents a 2D histogram

of inter-residue distances (Fig. 3.6), effectively converting the 3D structural problem

into a more tractable 2D form. This transformation allows the application of sophis-

ticated image processing techniques from computer vision to the domain of protein

folding. The histogram format is particularly bene�cial as it encapsulates the spa-

tial relationships between amino acid residues within the protein, providing a dense

and informative representation of potential folding structures.

Deep ResNet The architecture of AlphaFold ResNet is designed to stabilise the

network training and aid in gradient �ow; this is essential for the training of very
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FIGURE 3.6: Visual depiction of the histogram used within Al-
phaFold. Source: Jumper et al. [144].

deep neural networks. Each block within the network utilises batch normalisation

layers and exponential linear units (ELU) to maintain normalisation and introduce

non-linearity, respectively. Batch normalisation helps in reducing the internal covari-

ate shift by normalising the layer inputs, helping the network become more stable

during training. The residual connections between the blocks help mitigate the van-

ishing gradient problem by allowing an alternate shortcut path for the gradient to

�ow through during the backpropagation step. ELUs [298], a version of Recti�ed

Linear Units (ReLUs [3]), apply an exponential function to negative inputs instead

of assigning them zero; this further improves the gradient �ow compared to the

traditional ReLUs.

The core of the network consists of 220 blocks (Fig. 3.7), each of dimension 64x64.

These blocks constitute the heart of the ResNet model; within the blocks, the net-

work employs a combination of Batch Normalisation and ELU as its primary pro-

cessing nodes, repeated three times. Each block can be super�cially described as

a mini-autoencoder, where the input of the block is processed through a process-

ing node and projected down to a lower, 64-dimensional space. This lower space

representation is used within another processing node before going through a 3x3

dilation layer through the last processing node before being projected back to the

initial dimension.

FIGURE 3.7: ResNet model architecture. Source: Jumper et al. [144].
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The input to the network comprises Multiple Sequence Alignment (MSA) statis-

tics obtained for the subject sequence combined with the speci�c sequence for which

the structure must be predicted. These are processed through the Deep ResNet to

produce a detailed distogram and a prediction of torsion angles for the carbon atoms

in the protein's backbone (Fig. 3.5). In order to compute a distogram, the network

outputs a probability distribution over 64 equal bins representing a range from 2Å

to 22Å for each pair of amino acids. This probability distribution has a dual purpose:

�rst, determining the most probable distance between the two amino acids; second,

mapping the network's con�dence through the spread of the distribution.

Gradient Descent on protein-speci�c potential The gradient descent component

of the AlphaFodls Architecture is aimed at optimising a protein-speci�c potential.

The computation starts with the establishment of a �nely tuned potential �eld, which

is crafted to mirror the protein's intrinsic biophysical properties.

To establish this �eld, the initial step involves �tting a spline to the negative log

probabilities derived from the bins of the distogram. This spline, parametrised by

the torsion angles computed by the Deep ResNet, forms the backbone of a differen-

tiable model of protein geometry. This model takes into account the spatial dynamics

and constraints of protein structures, ensuring that the predicted shape adheres to

plausible physical formations.

The potential �eld's accuracy is further honed by adjusting for the prior over-

representation. This is achieved by subtracting a reference distribution from the

calculated potential, thus re�ning the predictive model against biased probability

distributions. To mitigate the effects of steric clashes, where atoms are too close to

each other, potentially causing physical interference, a smoothing score is integrated.

This score incorporates Van der Waals forces, providing a realistic interaction model

between the atoms in the protein structure.

Upon establishing the potential �eld, the torsion angles, which are initially pre-

dicted by the Deep ResNet, undergo re�nement through a gradient descent process.

This step iteratively adjusts the angles to minimise the overall potential energy of

the structure, aligning it closer to the conformation with the lowest potential.

AlphaFold 2 Algorithm

One of the ways in which AlphaFold 2 is an evolution from its predecessor is repre-

sented by the end-to-end approach of the model. This design paradigm allows the

network to �ne-tune its predictions more effectively by directly evaluating the actual

protein structure, rather than relying on intermediate representations. AlphFold 2

employs a more exploratory approach that can adaptively re�ne predictions based

on direct structural output [143].

Before the prediction process is started, the input data is translated into a deep

learning friendly format that the network can manipulate with ease. In this step,
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FIGURE 3.8: AlphaFold 2 Model architecture. Source: Yang et
al. [325].

the input amino acid sequence is used to query several databases for protein se-

quences. From these, the solution constructs MSAs that inform the model about

evolutionary variations. Additionally, the system searches for existing protein struc-

tures that might have similarities with the input sequence, which are referred to as

"templates". These templates help construct an initial "pair representation", which

models the likelihood of contact between pairs of amino acids in the protein. This

information, along with the raw sequence data, is passed through embedding layers

that translate this biological data into a format suitable for deep learning models.

AlphaFold 2's architecture (Fig. 3.8) integrates two main components crucial for

its performance: the Evoformer that processes the biological data, re�ning both the

embedded inputs, enhancing the accuracy of the model through the relationship

between the two embeddings and the Structure module that utilises the data from

the Evoformer to construct a detailed three-dimensional model of the protein. The

Structure module outputs the Caertesian coordinates for each atom in the protein, in-

cluding the side chains, effectively creating a comprehensive model of the protein's

structure.

The work�ow of AlphaFold 2 is iteratively executed a number of times to en-

hance the precision of the model. Starting with the raw inputs and initial embed-

dings, the EvoFormer re�nes the MSA and pair representations through multiple

iterations. Following this re�nement, the Structure Module leverages the evolved

data to build an accurate three-dimensional structural model of the protein in one

comprehensive step. The model generated is embedded as MSAs and pair repre-

sentations, which are then used as input for the EvoFormer until the number of

iterations has been ful�lled. This approach ensures that each iteration contributes to

a progressively more accurate and detailed protein structure prediction.

Evoformer The architecture of AlphaFold 2's EvoFormer (Fig. 3.9) utilises a unique

two-lane architecture consisting of two distinct transformers, each with a specialised

function and a clear communication channel between them. This dual structure en-

ables each transformer to focus on different types of data, one on the MSAs and the

other on the pair-wise representations, enhancing the model's ef�ciency and accu-

racy in handling complex protein simulations.
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FIGURE 3.9: Evoformer Module Architecture. Source: Yang et
al. [325].

The MSA Transformer is designed to compute attention across a vast matrix

of protein symbols. To manage the signi�cant computational cost associated with

this operation, the attention mechanism is split into two components: row-wise and

column-wise. The column-wise attention determines which sequences are more in-

formative while the row-wise attention focuses on determining which pairs of amino

acids show more signi�cant relationships and incorporates information from the

pair-wise representation.

The Pair Transformer operates in a similar manner to the MSA Transformer with

the distinction that it does so on pair-wise representation data, utilising an atten-

tion mechanism arranged in terms of triangles of residues. This innovative ap-

proach is grounded in the mathematical principle of the triangle inequality, which

ensures that the calculated distances between amino acids can be realistically em-

bedded within a three-dimensional space. By enforcing the geometric constraint,

the Pair Transformer addresses a common challenge in protein structure predic-

tion, where distance distributions could not previously be effectively translated into

three-dimensional con�gurations.

The components of the EvoFormer work in tandem, iteratively re�ning the input

data through their specialised processes, leading to a more complete and compre-

hensive representation of the actual structure, informed by hints reinforced by both

embedding models.

Structure Module The Structure Module (Fig. 3.10) within AlphaFold 2 intro-

duces a conceptualisation of proteins as a "residue gas" where each amino acid is

represented as a triangle corresponding to the three backbone atoms (N, Ca, and C).

This representation permits each residue to "�oat" within a three-dimensional space,

simulating the natural �uidity and variability found in protein structures. The mod-

ule employs af�ne transformations to manipulate these triangles, effectively moving

and rotating each residue to gradually assemble the protein's structure from a dis-

persed state into a biochemically and structurally consistent form.

Initially, all residues are placed at the origin of the coordinate system, creating a

superimposed state of potential con�gurations. From this starting point, the Struc-

ture Module iteratively generates a sequence of af�ne matrices. These matrices are

tasked with spatially displacing and orienting each residue. This iterative transfor-

mation process is driven by the network's learning mechanisms, which �ne-tune the
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FIGURE 3.10: Structure Module Architecture. Source: Yang et
al. [325].

placement and interaction of each amino acid based on evolutionary and biophysical

data processed earlier in the EvoFormer.

A novel component integral to this module is the "Invariant Point Attention"

(IPA). IPA is speci�cally designed to handle the three-dimensional nature of protein

structures, ensuring that the attention mechanisms remain invariant to translations

and rotations. This feature is crucial for maintaining the physical accuracy and con-

sistency of the protein model, as it allows the network to focus on the relational

and structural information without being biased by the absolute positions of the

residues. By using IPA, AlphaFold 2 remains sensitive to the intrinsic properties of

the protein structure while being robust against arbitrary spatial orientations. This

invariance property is vital for the accurate prediction and simulation of protein

folding dynamics.

The output of the Structure Module is a set of coordinates for each atom in the

protein, effectively mapping out the entire three-dimensional structure. This out-

put not only represents the culmination of the predictive process but also embodies

the integration of complex biological data through advanced machine-learning tech-

niques.

3.2.3 Improvments of AlphaFold 2 over AlphaFold

AlphaFold 2 represents a major improvement and a complete overhaul of the previ-

ous architecture. These changes aim to enhance its predictive accuracy and ef�ciency

in protein structure prediction.

One of the primary enhancements of AlphaFold 2 lies in its utilisation of em-

beddings that include the full sequences found by MSA along with potential "tem-

plates", unlike AlphaFold, which only used MSA statistics. AlphaFold 2's approach

provides a richer and more complex understanding of the protein space. By incor-

porating these detailed embeddings, AlphaFold 2 can capture more nuanced evolu-

tionary and structural information, leading to more accurate predictions [95].
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AlphaFold 2 embeds physical and geometric notions directly into its Structure

Module rather than relying on a separate search process. This integration signi�-

cantly restricts the search space, allowing for better performance by excluding phys-

ically impossible con�gurations from the outset. This approach can be viewed as

a form of data augmentation; the model inherently understands that any rotation

or translation of the data should lead to the same answer. As a result, it requires

less data to avoid incorrect models and can learn more ef�ciently from the available

data [143].

Replacing the convolutional neural network with a dual-lane transformer-based

architecture marks another critical improvement. The attention mechanism within

the transformer allows AlphaFold 2 to dynamically learn information �ow, which

can incorporate long-range interactions rather than the rigid, local-based informa-

tion �ow of convolutional neural networks. This dynamic learning capability severely

enhances the mode's ability to model complex relationships within the protein struc-

ture.

AlphaFold 2's design as an end-to-end solution enables the gradient to propa-

gate through the entire architecture. This holistic approach eliminates the discon-

nect between pair-wise distance predictions and the �nal 3D structure, ensuring a

more cohesive and accurate modelling process. By directly evaluating the cartesian

positions of the composing atoms, AlphaFold 2 can �ne-tune its predictions more

effectively, leading to signi�cantly improved results [143].

These improvements collectively make AlphaFold 2 a groundbreaking tool in

protein structure prediction, pushing the boundaries of what was considered achiev-

able in computational biology and setting a new gold standard.

3.3 Computational techniques and technological Innovations

Advancements in computational techniques and technological innovations have been

pivotal in the development and success of AlphaFold and AlphaFold 2. These tech-

niques encompass a range of methodologies and innovations that have signi�cantly

enhanced the accuracy and ef�ciency of predicting protein folding.

3.3.1 AlphaFold

AlphaFold's success is underpinned by several key computational techniques that

set it apart from previous approaches. Central to its methodology is the use of dis-

tograms over distance buckets, which provided a more expressive representation

than the traditionally used contact maps. This innovation enabled the application

of convolutional neural networks to the problem of protein folding, leveraging their

strengths in processing spatial information.

The histogram approach involves predicting the distance between pairs of amino

acids in a protein rather than merely identifying whether they are in contact. This
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method enhances the expressivity of the model, as it captures more detailed spatial

information about the protein structure. By utilising distance buckets, AlphaFold

can express both the predicted distances between residues and its con�dence in this

prediction, offering a nuanced view of the protein's conformation.

To predict these distograms, AlphaFold uses a deep residual convolutional net-

work (Deep ResNet). Residual Deep Networks are particularly effective for such

tasks due to their ability to mitigate the vanishing gradient problem, thus allowing

the training of very deep networks. The architecture of AlphaFold's ResNet consists

of multiple blocks, each incorporating batch normalisation layers and ELU units.

These components help stabilise the training process and improve the gradient �ow,

reinforcing the model's robustness.

Another representative component of AlphaFold's architecture is the differen-

tiable module for spline �tting over the predicted histogram. This module takes the

histogram output and �ts a smooth spline, which represents the protein-speci�c po-

tential surface. This differentiable approach allows for the integration of gradient

descent optimisation directly on the potential �eld, re�ning the torsion angles and

ensuring that the predicted structure adheres to biophysical constraints.

These computational techniques collectively contribute to AlphaFold's anoma-

lous leap in accuracy for predicting the protein's fold and demonstrating the poten-

tial of AI-driven approaches in addressing complex biological challenges.

3.3.2 AlphaFold 2

AlphaFold 2 represents a breakthrough advancement in protein structure prediction.

By incorporating a more sophisticated representational mechanism through its novel

architecture, AlphaFold 2 can predict protein structures with unprecedented accu-

racy. Two of the most notable key innovations of its architecture include the dual-

lane transformer-inspired module, known as EvoFormer, and the Invariant Point

Attention mechanism utilised within the structure Module Transformer.

The EvoFormer processes biological data in a unique two-lane architecture, each

lane dedicated to handling different types of data, one for MSAs and the other for

pair-wise representations. This dual structure enables the EvoFormer to ef�ciently

manage complex protein simulations by computing attention across a complex set

of protein sequences and their interactions. This design interweaves information

pieces from both embedding models, constructing a more accurate representation of

the protein structure.

The Structure module employs the tailored style of the attention mechanism ti-

tled Invariant Point Attention, speci�cally designed to manage the three-dimensional

nature of proteins. The IPA ensures that the attention mechanisms remain invariant

to translations and rotations, maintaining the physical consistency of the predictions.

Another technique used by AlphaFold 2 to enhance its training is self-distillation.

The model is initially trained on the 170,000 protein structures available in the PDB.

This intermediary model is used to make structural predictions for an additional
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350,000 sequences. High-con�dence predictions from these sequences are selected

and combined with the original PDB data, creating a new enriched dataset. The

model is then retrained from scratch using this augmented dataset, signi�cantly im-

proving its performance by incorporating a broader range of structural information

and nuances from both known and newly predicted protein structures.

These are some of the key computational techniques and innovations that col-

lectively contribute to making AlphaFold 2 a groundbreaking tool in computational

biology, setting a new standard for protein structure prediction.

3.4 Potential applications in drug discovery

The advent of AlphaFold 2 has ushered in a new era for drug discovery, potentially

revolutionising the various steps of the Pre-Clinical stage and the computational

approaches in the pharmaceutical industry.

AlphaFold 2's prediction will become integrated into experimental work�ows

for structure prediction. Traditionally, determining the structure of proteins using

methods like X-ray crystallography and NMR spectroscopy is time-consuming and

resource-intensive. By providing high-accuracy initial models, AlphaFold can sig-

ni�cantly expedite this process. For instance, AlphaFold 2's predicted structures can

serve as starting points for �tting the electron density maps obtained from X-ray

crystallography experiments. This integration could streamline the interpretation of

complex proteins, reducing the time required to achieve a de�nitive answer.

AlphaFold 2 will be employed as a vital step in virtual screening within the

drug discovery pipeline. By providing accurate protein structures, AlphaFold en-

hances the reliability of these virtual screening processes, enabling the identi�cation

of promising drug candidates with high precision. This capability is particularly

crucial for structure-based drug discovery, where the knowledge of a target protein's

structure guides the design and optimisation of therapeutic molecules.

Furthermore, the data generated by AlphaFold 2, if not the model itself, holds

immense potential for future developments in reverse drug design, where, given the

shape of a binding pocket or a speci�c interaction site, researchers design a protein

that would fold in a manner compatible with this site. The comprehensive structural

data provided by AlphaFold 2 can lay the groundwork for innovative methodolo-

gies, fostering the development of new therapeutics.

AlphaFold 2 is posed to become an indispensable tool in drug discovery. Its inte-

gration into experimental work�ows for structure prediction, application in virtual

screening processes, and contribution to structure-based drug discovery highlights

a few of the high-impact areas in drug discovery that are going to be transformed by

the predictions of AlphaFold 2, setting the stage for groundbreaking advancements

in the pharmaceutical industry.
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3.5 Technical Challenges

The birth of AlphaFold and its subsequent versions have reshaped the landscape

of protein structure prediction, propelling the capabilities of computational biol-

ogy to unprecedented heights. However, with groundbreaking advancements come

unique sets of challenges that underscore the complex nature of protein folding and

machine learning.

3.5.1 AlphaFold Limitations

Despite its signi�cant success, AlphaFold's approach incorporates methodologies

that carry intrinsic limitations which can affect the accuracy and generalisability of

its predictions. One major limitation arises from the use of CNNs, which, although

excellent for pattern recognition in images, are less suited for sequence-based pre-

dictions such as protein folding. CNNs are inherently designed to be translation-

invariant; they detect features regardless of their spatial location within the input

data. This property, while advantageous for tasks like image recognition, leads to

potential losses of crucial positional information in protein structures where the spe-

ci�c locations of amino acids are vital for accurate modelling.

Another limitation of CNNs is that they primarily capture local dependencies

within their receptive �elds, which makes them ideal for identifying localised im-

age features but less effective for protein structures where long-range interactions

signi�cantly in�uence folding. This limitation can result in the network overlooking

critical interactions between distant amino acids, potentially leading to inaccuracies

in the predicted structures.

AlphaFold's design choice of using histogram encoding to extract conforma-

tional information from the available biological data represents another challenge.

While distograms provide ample representational power, the actual space of protein

folds is much smaller compared to the vast array of possible histogram con�gu-

rations. This discrepancy can lead the network to predict distograms that are not

representative of viable protein structures, thus expanding the search space unnec-

essarily and reducing the overall accuracy and ef�ciency of the model.

The process of converting the distograms into a smooth potential �eld through

spline �tting introduced another informational bottleneck. This step simpli�es the

data at the cost of potentially discarding subtle yet crucial details and con�dences

captured by the network. Such information loss can be detrimental to modelling the

intricate dynamics of protein folding.

3.5.2 AlphaFold 2 Limitations

Despite its remarkable achievements, AlphaFold 2 is not without limitations. One

signi�cant challenge arises from the inherent nature of deep neural networks, such

as transformers, which AlphaFold 2 employs. While these models excel in predicting
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protein structures, they do not inherently provide insights into the underlying mech-

anisms of protein folding. This limitation leaves the model open to Smart Aleck type

of vulnerabilities, where the model may generate plausible but incorrect or mislead-

ing predictions due to the lack of understanding of the underlying physicochemical

processes involved.

Another limitation concerns the reliance of AlphaFold 2 on MSA. MSAs are de-

pendent on existing data, constraining the model from interpolating between known

protein structures. This dependency can hinder the model's ability to predict novel

or underrepresented protein con�gurations. To address this, a potential solution

would involve pre-training the model on molecular dynamics simulations to learn

the physicochemical rules governing protein structures, making use of the founda-

tional training approaches used in LLMs.

The training data sourced from the PDB also imposes some limitations. The

structures in the PDB may not always represent the natural state of proteins; they of-

ten re�ect proteins in speci�c conditions, such as in complexes with other molecules.

This specialisation can skew the model's learning, focusing on protein conforma-

tions that are not universally applicable outside these specialised states. Such con-

ditions are usually noted during experimental resolution but may not be adequately

accounted for by the neural network, potentially limiting its ability to generalise

across different biological contexts.

3.6 Future Directions

Observing other �elds that successfully employ the Transformer architecture, such

as LLMs, indicates that the performance of these systems scales proportionally with

increases in model size and training data volume. Given the limited availability of

experimental protein structure data, future improvements may necessitate an inno-

vative approach to training, such as pretraining on molecular dynamics simulations

to enrich the data and incorporate more re�ned physicochemical protein properties.

The �eld is likely to see the development of foundational models for protein fold-

ing, comprehensive, robust models trained on extensive datasets that can generalise

across a range of tasks, from predicting basic structures to mapping complex inter-

actions. These models would standardise high-level predictions in the �eld, similar

to the foundational models in natural language processing.

Focus may also shift towards previously challenging areas, like membrane pro-

teins, which are dif�cult due to their dynamic natures and the environments in

which they operate. Future AI models will grow to cover these more challenging

areas for prediction.

Despite all the advancements, a signi�cant gap remains in understanding the un-

derlying mechanisms for protein folding. Addressing this gap is crucial not only for

improving model reliability but also for enhancing our fundamental understanding
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of biological processes. Efforts in AI explainability could play a pivotal role, provid-

ing insights into the decision-making process, highlighting the relevant portions of

the data that the network uses in processing its information and possibly paving the

way for new breakthroughs in drug development and biotechnology.

3.7 Conclusion

Throughout this chapter, we have explored the groundbreaking achievements of

AlphaFold and AlphaFold 2 in protein structure prediction, highlighting their func-

tionality and impact on the �eld of computational biology. These technologies have

not only rede�ned the benchmarks for predictive accuracy but have also signif-

icantly broadened our capacity to understand and manipulate protein structures

with unprecedented precision.

AlphaFold revolutionised the approach to protein structure prediction by inte-

grating convolutional neural networks and introducing a novel gradient descent-

based module for transforming distograms into protein structure; this approach

has propelled AlphaFold to the top of the CASP XII competition. Its successor, Al-

phaFold 2, further advanced these capabilities by employing sophisticated architec-

tural innovations like dual-lane transformers and invariant point attention, achiev-

ing near-experimental accuracy and setting a new gold standard for the �eld.
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Chapter 4

Molecular Recognition, Puzzle

Solver

Chapter 4 expands on the work of Chapter 3 and builds upon the research pub-

lished in "Silver Surfer: Navigating the Parametric Protein Space with Genetic Al-

gorithms" [194], shifting the focus from conformation determination to molecular

recognition through the exploration of jigsaw puzzle solver, a simpli�ed analogous

problem. The chapter presents a realistic jigsaw puzzle generator, introduces a novel

AI-based solution, elaborates on the knowledge gained from building the model,

and concludes with possible future directions in molecular recognition design.

4.1 Introduction

The challenge of assembling a jigsaw puzzle, an engaging and familiar task, known

to most people since childhood, mirrors the intricacies and complexities of molecular

recognition in protein design. Both domains require the identi�cation and matching

of uniquely shaped pieces (puzzle pieces or molecular structures) to form a func-

tional assembly. This analogy simpli�es the abstract concept of molecular interac-

tions and frames a complex scienti�c problem in a more tangible, relatable context.

In the realm of computational biology, the techniques developed for automated jig-

saw puzzle solving provide a unique perspective on molecular recognition, a critical

process in the drug design pipeline. The objective of this chapter is to tackle the sim-

pli�ed problem in order to extract knowledge and inform the development of the

more complex task of molecular interactions.

4.1.1 Connection with Protein Design

The second step in the drug development pipeline is hit target identi�cation. This

stage is critical as it lays the foundational groundwork for the drug design process.

Identifying qualitative hits involves determining compounds that exhibit effective

drug potential through favourable interaction with speci�c biological targets. The

accuracy and ef�ciency of this process signi�cantly in�uence all the subsequent

stages of drug development, making it a cornerstone of pharmaceutical research.
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The problem-solving process in both jigsaw puzzles and drug design involves

determining which component (or piece) interacts (or matches) another within an

assembly. This analogy describes the methodologies used in both �elds. In jigsaw

puzzles, each piece must connect with its correct neighbour based on shape and

pictorial in order to form a complete picture. Similarly, in drug design, the right

molecular or chemical compounds must be identi�ed that can '�t' or bind to speci�c

molecular targets, akin to �nding the right piece of the puzzle. This matching pro-

cess is fundamental to both puzzle-solving and the hit identi�cation stage of drug

design.

The lock and key mechanism, though slightly outdated, provides a fundamental

description of how molecular recognition and puzzle-solving work. It describes how

two molecules must have complementary shapes and properties to bind effectively,

similar to how puzzle pieces �t together. Although this model has been re�ned

over the years, its basic premise remains valid and is supported by modern theories.

These theories debate not whether shape complementarity is necessary but rather

how these conformations are achieved in dynamic biological environments.

Machine Learning, and particularly deep neural networks, have shown signi�-

cant promise in learning these complex associations. By training on vast datasets

that include numerous examples of molecular interactions, neural networks can

learn to predict which molecules will interact based on their structural and chemical

properties. This capability can be likened to solving highly complex, multidimen-

sional jigsaw puzzles where each piece represents a potential pharmaceutical agent.

4.1.2 Motivation on tackling the problem

The motivation behind addressing the jigsaw puzzle challenge in the context of

molecular recognition stems from the analogous challenges both domains present.

Jigsaw puzzles, much like the molecular puzzles faced in protein design, involve

the assembly of unique pieces into a correct con�guration. This process is a com-

putationally complex one, classi�ed as NP-complete [69]. By approaching this well-

de�ned, simpler two-dimensional problem, we aim to distil effective strategies and

insights that can be translated into the more complex, multi-dimensional world of

protein interactions.

The approach of attempting to solve a simpli�ed version of the problem �rst,

adheres to the principle of "learning to walk before learning to run'. It is through

mastering the techniques for solving simpler, controlled puzzles that insights into

the complexities of the more chaotic and complex �eld of molecular recognition can

be gathered. The step-by-step progression from jigsaw puzzles to 3D puzzles, end-

ing in protein docking, is designed to incrementally build the capabilities and un-

derstanding of the problem, ensuring that each challenge tackled while dealing with

simpli�ed challenges can illuminate paths forward in the intricate landscape of drug

development.
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Tackling the jigsaw puzzle challenge serves a dual purpose: it advances our com-

putational techniques and engages a broad audience with its familiarity and inher-

ent challenge. The engaging nature of puzzles provides an intuitive gateway for

explaining the intricate process of hit identi�cation in drug discovery.

The exploration of machine learning methods for solving jigsaw puzzles offers a

compelling preliminary model to test, re�ne, and understand strategies that could

be pivotal in advancing molecular recognition.

4.2 Theoretical Foundations: From Jigsaw Puzzles to Molec-

ular Recognition

The analogy between assembling jigsaw puzzles and understanding molecular recog-

nition in protein design is profound yet insightful. The simplicity of the jigsaw puz-

zle serves as an ideal model to unravel the complexities of molecular interactions,

particularly in the context of hit identi�cation for drug design.

Jigsaw puzzles require the accurate segmentation and correct assembly of inter-

locking pieces, each with a unique shape and design. Similarly, in molecular recog-

nition, researchers must extract meaningful information from protein sequences, a

process similar to discerning puzzle pieces from a nondescript background. Each

protein or molecule, like a puzzle piece, must be evaluated not only for its shape

but also for its ability to �t with the target protein in a process highly reminiscent of

solving a jigsaw puzzle.

The matching step in jigsaw puzzles, where each piece is connected to form a co-

herent image, mirrors the molecular recognition process, in which proteins interact

through their complementary shapes and chemical properties. To illustrate this con-

cept further, consider a protein's 3D (Fig. 4.1 A.) structure and its surface shape and

properties (Fig. 4.1 B.), such as electric charge, which can be visualised as complex

three-dimensional jigsaw puzzle (Fig. 4.1 C), where the surface properties provide

hints similar to the chromatic clues found in each puzzle piece.

Just as in jigsaw puzzles, where the vast number of possible piece combinations

far exceeds the number of correct con�gurations, the biological world presents an

even greater challenge. The number of potential interactions between molecules is

enormous, yet only a fraction of these interactions are active, viable, biologically

relevant and therapeutically useful. Navigating this immense complexity requires

sophisticated tools and approaches, many of which can be informed by the strategies

involved in developing an automated solution for jigsaw puzzle solving.

4.2.1 Description of the Jigsaw Puzzle Challenge

The jigsaw puzzle, a quintessential part of many childhoods, has been a source of

entertainment for over three centuries. First recorded in 1760, the jigsaw puzzle was

invented by a London map maker named John Spilsbury [277]. Originally designed
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FIGURE 4.1: Images of the 2JEL [237] protein, visualised with the help
of MOL [273] on the RCSB website [230] reveal the similarity between
the jigsaw puzzle problem and Protein-Protein interaction. A. - the
Gaussian surface representation. B. - the x-ray representation. C. -

Gaussian surface intersected with a clipping plane.

as an educational tool to teach geography, these puzzles were done by cutting a map

printed on a wooden board into various interlocking pieces. Beyond their role in

leisure and education, jigsaw puzzles have been recognised as a marker of meta-

cognitive development [77]. The ability to solve pictorial jigsaw puzzles re�ects ad-

vanced problem-solving skills and spatial reasoning.

The formal de�nition of a classical jigsaw puzzle de�nes it as a tiling puzzle

consisting of interlocking, irregularly shaped pieces. Each piece typically has a por-

tion of a pictorial printed on it; when assembled correctly, they reveal a complete,

coherent pictorial as depicted in Fig. 4.4 subpoint D. The classical version of a jig-

saw puzzle often comprises 18 types of pieces, depicted in Fig. 4.2, that interlock in

speci�c con�gurations.

FIGURE 4.2: Representatives of each of the 18 classical types of jigsaw
puzzle pieces.

The speci�c version of the problem tackled revolves around the most common

rendition of the jigsaw puzzle, which is to iteratively connect matching piece pairs
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in order to correctly reconstruct the pictorial of the puzzle. The pieces are presented

in a scrambled con�guration on a uniform textured background, all visible, non-

overlapping and facing up, randomly displaced translational and rotationally. The

puzzle tackled is pictorial, connected, and regular, with unknown dimensions. Each

puzzle piece is distinct, showing slight variations from one of the 18 standard types.

Internal pieces have four connecting neighbours, edge pieces have three, and corner

pieces have two. In the solved state, these pieces are arranged in a grid-like layout,

where internal connections form quad radial junctions resembling a "+" sign and

edge connections form triradial junctions similar to a "T". The ultimate objective of

this challenge is to �nd and attach all the puzzle pieces to reveal the hidden image

or message.

4.2.2 Historical Approaches

The �rst attempt at an automated jigsaw puzzle solver occurred in 1964, spearhead-

ing the use of computational methods in solving complex pattern analysis problems,

supported by the Air Force Of�ce for Scienti�c Research [260]. A next major mile-

stone was in 1994 when D.A Kosiba et al. introduced "An automatic jigsaw puzzle

solver" that utilised both shape features and colour information for matching puz-

zle pieces [153]. This approach improved accuracy by considering multiple visual

attributes. The evolution continued with M Sa�giro �glu et al. [259], which shifted the

focus entirely towards colour and texture, employing in-painting synthesis to pre-

dict and match textures outside a piece's boundary, demonstrating a new strategy in

tackling the jigsaw puzzle challenge.

As computational capabilities expanded, SOTA solutions began employing var-

ious dissimilarity/compatibility functions to enhance the precision of piece match-

ing. These methods, including sum-of-squared differences for patches along the

piece boundary [55], gradient intensity changes for patches along the piece edge [100]

and checking lines of pixels at the edge [110, 226, 235, 277]. The most common ap-

proach is to solve the puzzle in a greedy fashion, selecting pairs of pieces based on

the highest compatibility scores.

One notable non-greedy approach is presented by Sholomon et al., who propose

a technique, a genetic algorithm approach to solving jigsaw puzzles [277]. In their

approach, the dissimilarity/compatibility function is summed up over all the neigh-

bours of every piece, and the resulting score is used as the �tness score for the candi-

date. The proposed approach is capable of solving puzzles with impressive dimen-

sions but requires that both piece orientation and the size of the puzzle be known;

this signi�cantly reduces the scope of the jigsaw puzzle challenge, essentially trans-

forming it into �nding the correct permutation. Despite their imposed prerequisite,

this method demonstrates the capability of Machine Learning approaches to tackle

the puzzle-solving problem.

The application of machine learning in solving puzzles was further explored by

Paumard et al. through the development of a deep learning-based model titled
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Deepzzle [229]. This model tackled a jigsaw-like problem using deep neural net-

works and focused on scenarios where edge information might be lost, such as in

archaeology, further demonstrating the potential for deep learning techniques to be

adapted to various real-world applications.

Despite the progress and technological strides, most solutions assume that puz-

zle pieces are already correctly segmented from their background; a non-trivial task

that remains a signi�cant challenge in both puzzle solving and molecular recogni-

tion, where the correct identi�cation and segmentation of active sequences are cru-

cial for accurate drug design.

4.2.3 Training Data Requirements

Deep neural networks require extensive, well-annotated datasets to effectively learn

complex patterns, a challenge magni�ed in specialised applications like jigsaw puz-

zle solving, where annotated data is scarce or non-existent. Compiling and annotat-

ing such a vast dataset manually would be prohibitively costly and time-consuming.

To address this, a virtual puzzle generator capable of synthesising realistic jig-

saw puzzles was developed and made publicly available. This tool automates the

generation of diverse puzzle pictures, ensuring a steady supply of high-quality data

for training deep learning models. By mimicking real-life puzzles in various con-

�gurations and complexities, it provides a controlled environment for both training

and validating our models.

The generated images are used extensively in the training of the model, which

can be, at a later stage, �ne-tuned on a much more limited set of real-world data

to improve its performance in speci�c applications. Training on synthetic data by-

passes the need for manual data collection and virtually removes both the problems

of over�tting and the size limitations imposed by limited training corpora.

Generating synthetic data to overcome challenges associated with data scarcity

and annotation in machine learning can be a very effective solution. The perfor-

mance of this approach is highly dependent on the distribution similarity between

the real encountered data and the synthetically generated data.

4.2.4 Bézier Curves

Bezier curves represent one of the foundational tools employed in the proposed jig-

saw puzzle generator and play a role in the design of interlocking pieces. Bźier

Curves are parametric curves, as illustrated by �gure Fig. 4.3, that are de�ned by

a mathematical formula (4.1) which utilise a set of control points to determine the

curve's shape.

The general formula for a Bezier curve with n control points is expressed as:

B(t) =
n

å
i= 0

�
n
i

�
(1 � t)n� i t i Pi (4.1)
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FIGURE 4.3: Example of a bezier curve with 4 control points.

In the formula for Bézier Curves (4.1), t is a parameter that ranges from 0 to 1,

representing the interpolation distance from the start to the end of the curve. The

curve itself is shaped by n control points, P0, P1, . . . ,Pn.

The decision to employ Bézier curves in the design of puzzle pieces stems from

their capacity to model various complex shapes, which is crucial for the unique and

intricate design of jigsaw puzzle joints. The Signi�cant properties of Bézier curves

that motivate their use in the puzzle generator include:

Endpoint Control . Bézier curves start and end at the �rst and last control points.

This feature ensures precise alignment at the joints, the intersections between pieces,

and at the edges of the puzzle, enabling complex designs while guaranteeing that the

connections meet accurately at designated points. This precise control is vital for the

proper alignment of the cutting template.

Subdivision . Bezier curves can be segmented into any number of smaller sub-

curves, each retaining the properties of a Bezier curve. This allows for a modular

approach to designing puzzle joints, where the design can focus on individual joints

rather than having to design the entire row or column simultaneously. This modu-

larity simpli�es the design process and allows for varied puzzle piece shapes.

Convex Hull . The curve does not extend outside the convex envelope formed

by its control points. This property provides precise control over the area where

cut-outs can be made, ensuring that the design does not exceed the boundaries of

the speci�ed segment of the puzzle piece. Such precision ensures the integrity and

connectivity of the puzzle pieces.

By leveraging the mathematical properties of the Bézier curves, the puzzle gen-

erator can create intricate and varied puzzle shapes.

4.3 Proposed Solution

This section outlines a comprehensive solution that addresses the challenges posed

by the jigsaw puzzle problem. The proposed solution utilises STOA machine-learning

approaches for matching puzzle pieces together with a novel jigsaw puzzle genera-

tor employed in the training of the model.
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4.3.1 Jigsaw Puzzle Generator

The Jigsaw Puzzle Generator is designed to create a highly accurate simulation of

scrambled jigsaw puzzles. This generator mimics the real-world process of puzzle

fabrication, thus providing a robust tool for generating the training and validation

sets for machine learning models used in the automatic collection of jigsaw puzzles.

The generator's design ensures that the puzzles it creates closely imitate the appear-

ance of actual scrambled puzzles.

FIGURE 4.4: A. - Puzzle Pictorial and its selected background texture,
B. - Cutout template generated with the help of the puzzle generator,
C. - jigsaw puzzle scrambled over the background texture, D. - Cor-

rectly assembled jigsaw puzzle.

The generation process begins with the selection of an image to serve as the picto-

rial of the puzzle, depicted in Fig. 4.4 A. This choice dictates the subsequent dimen-

sions of the puzzle, establishing the scale at which the puzzle will be constructed.

With the dimensions established, a new cut-out template matching the puzzle's

size is generated (Fig. 4.4 B.). The template divides the image into the desired num-

ber of rows and columns. Each square is designed to form a peg/socket joint at its

edges, adhering to the traditional grid layout of puzzles. This structure is critical for

the interlocking nature of puzzle pieces.

Each internal edge joint is de�ned with the help of Bèzier curves. These curves

facilitate the creation of intricate connections that are characteristic of jigsaw puz-

zles, allowing for varied and unique puzzle piece shapes. The horizontal cut-out

templates are de�ned �rst, with a joint separately designed for each column. The

peg/socket joint is de�ned using a random number of control points positioned

strategically in order to generate the characteristic shape. In order to increase the

in�uence of a control point while keeping it in the area designated for connections

so that the security provided by the convex-hull property is maintained, a strategy

of placing multiple points at the same coordinates is employed. This signi�cantly

increases the in�uence, pulling the line towards the desired direction while main-

taining the guarantee that the line will not go out of bounds of the joint designated
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area. The vertical joints are designed using a similar approach, with the additional

check to avoid overlaps or tangential touches, ensuring that the puzzle piece remains

one connected component.

Once the cutout template is generated, a background image is selected to en-

hance the similarity with real puzzle pictures. The background image is selected

to be suf�ciently large to accommodate all pieces in a non-overlapping layout; em-

pirical experimentation has shown that a background image twice the size of the

pictorial image works optimally. A patch of the required size is cropped from the

background image, a random offset, and manipulated (�ipped and mirrored) to in-

crease the diversity of the available backgrounds, making it more dif�cult for the

model to over�t over the backgrounds.

Once cut according to the cut-out template, the pictorial pieces are randomly

placed against the background. Each piece undergoes a random roto-translational

transformation to simulate the random scattering in an actual puzzle. A �nal blur-

ring step is applied to complete the image (Fig. 4.4 C). This is done in order to soften

the transition between pieces, mimicking the aesthetic of real puzzle pieces.

The generator is publicly available for research purposes and can be accessed

through the dedicated GitHub ( https://github.com/Bogst/JigsawPuzzleGenerator )

repository. This tool is intended to foster further research and development in the

�eld of computational jigsaw puzzle solving.

4.3.2 AI Solver

To tackle the Jigsaw puzzle challenge, a solution that incorporates the use of a deep

convolutional network architecture is proposed. One of the main reasons that mo-

tivate the choice of this approach is the necessity to segment the puzzle pieces from

their backgrounds accurately, a task for which CNNs are producing SOTA results [203].

The problem of detecting the puzzle piece on a background image shares su-

per�cial similarities with traditional object segmentation tasks. However, the key

distinction lies in the nature of the puzzle pieces themselves, which can contain var-

ied graphical elements that the network needs to disregard to segment the pieces

accurately. The network needs to learn the 18 types of puzzle pieces to be able to

accurately distinguish between puzzle pieces and backgrounds. This difference is

suf�cient to necessitate training the network from scratch rather than relying on

�ne-tuning an existing model.

In the initial training phase, the network undergoes pre-training on an autoen-

coder task, which segments the puzzle pieces from their background. This step is

crucial as it helps the model to understand the edges and shapes of the pieces, which

are vital for accurate detection and matching. This task also reinforces an internal

representation of the different kinds of puzzle pieces.

After pre-training, the decoder component of the network is replaced with a fully

connected network architecture that culminates in four output heads. Each of these
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FIGURE 4.5: Results of the encoder-decoder training; Green (false
negatives), Red (false positives), Yellow (true positives).

heads is tasked with predicting the exact coordinates of correct socket/peg connec-

tions for a four-piece jigsaw puzzle con�guration. The network processes the em-

beddings from the encoder component in order to predict the correct coordinates of

matching connections. A �ne-tuning stage follows once a plateau in performance is

reached, during which the entire network is updated to enhance accuracy further.

This end-to-end approach is preferred over a segmented method involving sep-

arate components for piece segmentation and matching as it allows a richer �ow of

information through the model, enabling it to leverage complex details about the

puzzle pieces and their arrangements. As part of the segmentation stage, the net-

work must learn and encode the different classes of pieces; this information would

have to be learnt again by the second component if an approach with two different

components is used. This leads not only to an information bottleneck but also to

the duplication of the learned contents. The continuous �ow of information of an

end-to-end approach enables an easier understanding and utilisation of the intricate

details of the pieces, a crucial element for accurate puzzle assembly.

The architecture of the proposed model begins with inputs of resized images of

dimensions 98x98x3, processed through four convolutional layers. The �rst two lay-

ers employ �lters of dimension 5, followed by two layers using �lters of dimension
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3. The outputs from these layers are �attened and processed through several fully

connected layers with decreasing sizes, culminating in the four output heads.

FIGURE 4.6: Puzzle solver architecture.

To preserve the precise localisation of connection points, which is critical for as-

sembling the puzzle correctly, the utilisation of pooling layers was omitted. Despite

their widespread use together with convolutional layers in order to further decrease

the dimensionality of the input data, they also introduce uncertainty with respect to

the exact coordinates, which would negatively impact the performance of the model.

The network's training uses the Euclidean pixel-wise distance from the true cen-

tre of peg/socket connections as the loss function, optimised using the Adam op-

timiser. The model reached a validation loss of 423.859px (4.7), demonstrating the

capacity to predict not only matching pieces but also what part of the piece is the ac-

tive part in the match, a feature that is highly desirable in the problem of molecular

recognition.

FIGURE 4.7: Examples of the solvers' connection predictions (blue)
over true connections (green).

Development and training were realised with the help of the TensorFlow plat-

form on a system equipped with an Intel I7-10750h CPU, 16GB of RAM and an

NVIDIA RTX 2060 GPU.

The initial training setup linked the generator directly into the training of the

network, producing on-demand samples. The training was later updated to train

off of an existing dataset due to the high computational demand of real-time data
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generation and limited improvement. The dataset comprised 100,000 pictures of

scrambled jigsaw puzzles for training and a set of 8,780 pictures utilised for vali-

dation. The images employed are a subset of the Open Images Dataset, while the

background pictures have been manually scraped from the internet.

4.4 Lessons from the AI-Solver

Developing the AI-Solver has provided a number of insights directly applicable to

the more complex domain of protein docking.

4.4.1 Knoweledge Gained

The success of the relatively small Deep Learning network in resolving the jigsaw

puzzle problem showcases a promising solution for approaching the inherently more

complex task of molecular recognition. The puzzle solver, while conceptually sim-

pler, mirrors some of the intricacies of protein docking, where the correct matching

of molecular structures and surface properties is key. This project demonstrated

that even a limited model can grasp and execute complex and abstract meta-pattern

recognition tasks. This success indicates a strong potential for a large deep-learning

network to model the nuanced interactions of molecular recognition.

The development of the solver reinforced that both the quantity and quality of

the training data are paramount for achieving high performance. High-quality, well-

annotated data is an unavoidable prerequisite for training the model to recognise

and accurately pinpoint the location of matching puzzle pieces. Similarly, in the

domain of molecular recognition, the availability of comprehensive and qualitative

molecular data sets will be critical in training models to predict interactions accu-

rately.

For the training of the AI-Solver, the ability to generate synthetic data proved

invaluable in overcoming the limitations associated with scarce training data. This

approach facilitated a continuous supply of diverse training samples and ensured

that the model could generalise well over real-world data by exposing it to a wide

range of samples. This strategy might be necessary for molecular recognition, espe-

cially in areas where experimental data may be limited or very costly to obtain.

Utilising unstructured data in a pertaining phase, such as through tasks of in-

painting, proved a highly effective way to extract knowledge out of unlabelled data.

This approach allowed the model to learn useful features from a broader data set,

enhancing its ability to focus on relevant features. This strategy is particularly valu-

able in �elds like molecular recognition, where annotated data might be limited. The

network could learn general protein mechanics from unlabeled sequence data and

then re�ne and select the relevant mechanics based on the limited available data.

One of the challenges encountered was the model's tendency to get stuck in local

minima, predicting an average of all samples when not guided adequately through
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the training schedule or loss function. This underlines the importance of de�ning

the problem clearly and ensuring the model has suf�cient representation power to

escape these traps. Crafting a loss function that encapsulates the complexity of the

task and effectively guides the optimisation process is crucial. This lesson is directly

translatable to the problem of molecular recognition, where de�ning the right loss

function will determine the success of predicting accurate molecular interactions.

The project also highlighted the importance of effective versioning and logging

for tracking changes and understanding the impact of modi�cations. An interactive

improvement process based on performance evaluation helped re�ne the model ar-

chitecture and training regiment. Versioning and logging are essential tools for the

development of a software model.

4.4.2 Model Limitations

The current model, while effective for the puzzle-solving task, demonstrates several

limitations when considering its application to the domain of molecular recognition.

The depth of the model used in the jigsaw puzzle solver is relatively shallow.

This simplicity, although suf�cient for the structured and somewhat predictable

domain of jigsaw puzzles, falls short of capturing the intricate and highly vari-

able nature of protein interactions. A deeper and more complex model, such as a

Transformer-based architecture, would be more suitable for protein docking due to

its ability to capture long-range dependencies and intricate patterns in large-scale

data.

Transformers, renowned for their effectiveness in handling sequential data in

natural language processing, could potentially enhance the performance in protein

docking. Their architecture is capable of capturing long-range interactions, enabling

the model to learn amino acid relationships and more complex interactions over

greater distances than typical CNNs. This capability is essential in molecular recog-

nition, where the complex interplay between distant amino acids can in�uence the

binding site.

A major hurdle in applying advanced machine learning techniques like those

used in the AI-Solver to protein docking is the availability of extensive, well-annotated

training datasets. Protein interactions are notoriously dif�cult to label accurately, re-

quiring extensive experimental work that is both time-consuming and costly. This

limitation restricts the amount of data available for training more complex models,

which in turn can impede the model's ability to learn.

With the increase in the size of the model required by the complexity of the prob-

lem, so does the demand for computation resources. Larger models require signif-

icant amounts of memory and processing power, often necessitating the use of dis-

tributed systems. This increase in computational demands can lead to higher costs

and longer training times, which may be a limiting factor in research settings.
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4.5 Future Directions In Molecular Recognition Modeling

The rapid evolution of computational methods in protein design, especially high-

lighted by the advent of AlphaFold, has ushered in a new era of possibilities. Al-

phaFold's impact on drug design is profound, providing a paradigm shift that could

dramatically accelerate phases of the drug discovery pipeline.

4.5.1 AlphaFold and Molecular Recogntion

AlphaFold has revolutionised the approaches and understanding of protein struc-

tures. The detailed and accurate protein structures predicted by AlphaFold provide

a robust basis for exploring protein-protein interactions. Utilising AlphaFold's capa-

bilities, researchers can potentially transform the initial phases of the drug discovery

work�ow into an automated, highly accurate process.

The integration of AlphaFold's structure predictions can be leveraged to produce

precise embeddings of protein complexes. These embeddings can then serve as the

foundation for a computational model designed to score the interactivity between

potential drug molecules and their target proteins. Inspired by the pertaining ap-

proach used in the jigsaw puzzle solver, where segmentation aids in accurate piece

identi�cation, AlphaFold's embeddings could similarly enhance the accuracy and

speed of hit identi�cation and lead optimisation phases. By applying a �ne-tuned

head to these embeddings, the model could directly predict interaction hotspots, sig-

ni�cantly reducing the time and computational resources required for �nding and

screening potential hits.

4.5.2 The Next Frontier: Molecular Recognition Design

The precise structural insights provided by AlphaFold enable a new approach to

drug design, Molecular Recognition Design (MRD). MRD aims to streamline the

early stages of drug discovery, particularly targeting the identi�cation and optimi-

sation phases. With accurate structural prediction at hand, MRD utilises generative

modelling techniques to propose novel protein designs or small molecules that are

tailored to interact with speci�c targets.

In MRD, once a target protein is identi�ed, generative models can be employed

to design new ligands or modify existing proteins to enhance their binding af�n-

ity and speci�city. These models, trained on vast datasets of protein interactions

and their outcomes, can generate new, or modify existing proteins to improve drug

ef�cacy and reduce side effects.

By integrating MRD into the drug design work�ow, the process from hit identi�-

cation to lead optimisation could be signi�cantly condensed. This approach not only

speeds up the discovery cycle but also enhances the precision of targeting mecha-

nisms, potentially leading to more effective therapeutics with quicker development

timelines.
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The future of molecular recognition modelling holds promising potential for

transforming drug design. By exploiting breakthroughs like AlphaFold within a

framework inspired by computational puzzle-solving, researchers can accelerate drug

discovery and develop improved therapeutic interventions.

4.6 Conclusion

This chapter delves into the analogy between assembling jigsaw puzzles and the

complex domain of molecular recognition in protein design. By exploring this sim-

pli�ed process, the strategies employed for jigsaw puzzles can illuminate potential

methods in molecular docking and drug discovery. Both processes depend on accu-

rately identifying and aligning interacting parts, puzzle pieces or molecular struc-

tures.

Utilising deep learning, particularly convolutional neural networks, the feasibil-

ity of segmenting and interpreting intricate datasets analogous to discerning active

sits in proteins was demonstrated. This capability underpins more precise drug de-

sign methodologies, where predicting molecular interactions can expedite the de-

velopment of targeted therapeutic interventions. Using innovative synthetic data

generators to train these models showcases the importance of robust datasets, which

help overcome the limitations posed by scarce experimental data in drug discovery.

The application of AI solvers, initially designed for jigsaw puzzles, to molecular

recognition tasks, illustrates a promising approach to accelerating drug design pro-

cesses. The techniques developed have the potential to signi�cantly reduce the time

and resources needed from hit identi�cation to lead optimisation.

The insights gained from applying machine learning techniques to jigsaw puzzle

solving have broader implications for computational biology and drug discovery.

This interdisciplinary approach not only offers a fresh perspective but also high-

lights the utility of AI in scienti�c research and application, paving the way for fu-

ture innovations in protein interaction studies.
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Chapter 5

Parametric Protein Design, Silver

Surfer & PS-GO

This chapter examines the cutting-edge strategies in parametric protein design, specif-

ically through the developments of Silver Surfer [194], a platform for parametric pro-

tein design, and PS-GO [200], a parametric protein search engine. It reviews the par-

ticularities of both solutions and concludes with a comparative analysis of the two

models.

5.1 Introduction

The relentless progress in computational methods and biotechnology has propelled

the frontiers of protein design into a new era, where data-driven, in silicoapproaches

are increasingly accurate. Following the detailed discussion in previous chapters on

protein folding and docking, this chapter transitions towards the innovative domain

of parametric protein design. The chapter delves into the advanced methodologies

and technologies spearheaded by Silver Surfer and PS-GO, which are at the forefront

of parametric protein design. This chapter aims to harness the explosive growth of

protein-related data, integrating diverse data sources into a uni�ed search portal

that mirrors the functionality of search engines.

The recent explosion of protein property prediction models presents both a chal-

lenge and an opportunity. This chapter investigates methods of leveraging predic-

tive models that determine speci�c protein properties based on their amino acid

sequences [85, 95, 151, 162, 170] with a focus on parametric searches that locate end

even dynamically generate proteins with desired characteristics.

Central to the exploration is the application of genetic algorithms for paramet-

ric protein generation, a shift from mere data retrieval to sophisticated, generative

techniques, capable of navigating the immense protein space. This approach aims to

demonstrate the feasibility of employing genetic algorithms to explore the immense

protein space. This chapter sets the stage for generative drug design, a promising

�eld where the principles of parametric protein design are applied to develop new

therapeutics. Four predictors of general utility in the �eld of bioinformatics are used
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for demonstrative purposes throughout the chapter. The four properties are: Insta-

bility Index, Mono-Isotopic Mass, Grand Average of Hydrophobicity (GRAVY), and

Isoelectric Point;

5.1.1 Theoretical Background

The recent surge in protein-related data holds illuminating powers for the �elds of

bioinformatics and computational biology. This data encompasses a wide array of

protein structures, functions, and genetic variations, necessitating a method for ef-

fective retrieval and comparison in order to facilitate a comprehensive understand-

ing. These needs echo the challenges once faced by the early Internet, where the

rapid expansion of online content demanded robust solutions for data retrieval and

organisation.

A paradigm-shifting solution in the realm of Internet technology was the intro-

duction of Google's PageRank algorithm [36]. This algorithm revolutionised infor-

mation retrieval by using the hyperlink structure of the web to rank pages based

on their importance and relevance, fundamentally changing how data was accessed

and utilised online. Drawing inspiration from this, there is a pressing need to adopt

a similar transformative approach to manage the gigantic volumes of protein data

in the biosciences. The ideal solution should reveal the structure of proteins, a key

determinant in their function and interaction, and enable precise searches and com-

parisons within expansive datasets. This solution must integrate the latest advances

in computational biology and data science to handle, analyse, and interpret big data

ef�ciently.

The PS-GO search engine was developed in response to this challenge as a pio-

neering approach to protein data exploration. PS-GO leverages computational mod-

els and algorithms to enable robust data handling, accurate predictions, and de-

tailed comparisons of protein structures and functions. This engine exempli�es how

technological innovation can bridge the gap between data availability and usability,

much like search engines have done for the nascent Internet.

At the core of understanding protein function and design is the concept of pro-

tein conformation, the spatial and structural arrangement of amino acids within a

protein. The protein's conformation is crucial because it dictates the proteins' sta-

bility and their functional interactions. By studying the link between structure and

function, scientists can design better farmaceuticals. This deep understanding facili-

tates the application of parametric protein search and design, where speci�c features

and functions are engineered based on desired outcomes.

5.1.2 Parametric Protein Design

Parametric Protein Design (PPD) represents a transformative approach within the

�eld of Computer Aided Drug Design (CADD), where the objective is to engineer
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or modify proteins to obtain desired functions, stability, and solubility through com-

putational manipulation of amino acid sequences. This represents a paradigm shift

from the traditional approach of testing massive amounts of proteins for activity.

This shift can be conceptually expressed in common experience as the shift from

searching for pieces of pre-made furniture and hoping for a good �t within the ex-

isting layout of a room to ordering custom furniture tailored to �t speci�c spatial and

functional needs. The goal is to specify requirements upfront and initiate a targeted

search for proteins that meet these speci�cations.

PPD is a proven approach within CADD, signi�cantly impacting the pharma-

ceutical industry. In 2018, eight of the top ten best-selling drugs were based on

proteins that have been manufactured in, extracted from, or semi-synthesised from

biological sources [216]. A substantial part of their success can be attributed to their

high speci�city, af�nity, and reduced toxicity compared to small molecule drugs [43,

147]. Traditionally, the process involved discovering functional sequences in nature

and modifying them to express desired properties. However, this method presents

several drawbacks, such as the laborious and expensive identi�cation process and

the dependence on naturally evolved proteins, which may not align with therapeu-

tic needs due to evolutionary constraints. Furthermore, the evolutionary process is

slow, having explored only a fraction of the possible proteins [74, 306] and may be

lagging behind in our fast-evolving and rapidly changing environment [74].

One of the challenges of PDD is represented by its vast search space, given the ex-

ponential number of combinations of amino acids. Furthermore, many of these com-

binations result in proteins that either do not fold into stable con�gurations or lack

biological functionality. This challenge can be considered analogous to language

generation, where random combinations of letters rarely form coherent words; simi-

larly, random sequences of amino acids are unlikely to yield functional proteins. The

major distinction between language generation and protein sequence generation is

that the rules for protein generation are more complex, and the "words" usually span

hundreds of characters.

Two of the main steps in PDD are parameter selection and parameter optimisa-

tion. Parameter selection entails choosing attributes relevant to the design goals,

such as folding stability or ligand af�nity. Parameter optimisation may involve

strategies like energy minimisation, focusing on optimising the energy of a cost

function, or probabilistic search techniques such as Monte Carlo sampling, which

explores the parameter space to �nd viable protein con�gurations.

Understanding the intricate relationship between a protein's structure, param-

eters, and function is fundamental in PPD. By altering the amino acid sequence,

one can modify properties such as fold stability and functional properties; adjusting

functional properties like solvent accessibility, the af�nity of a protein to a speci�c

ligand can be targeted, enabling more precise drug design.

PDD has already facilitated signi�cant advancements in various applications,

including enhancing enzyme activity, improving antibody af�nity, and designing
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novel functional proteins [8]. Its potential to revolutionise �elds like biotechnology,

environmental sciences, and pharmaceuticals is immense. In the pharmaceutical

sector, for instance, PDD can lead to the development of ef�cient, sustainable [68]

targeted therapeutic agents [309], accelerating drug discovery and reducing associ-

ated costs.

5.1.3 Challenges posed by searching the protein space

The task of exploring and understanding the protein space encompasses numer-

ous challenges, primarily due to the reliance on extensive experimental data stored

across various databases. Key resources such as the RCSB Protein Data Bank [17], a

widely-used repository for 3D protein structures determined by experimental meth-

ods, along with UniProt [60], which integrates protein sequences and functional an-

notations from several databases such as CAT [222], SCOP [215], and Pfam [93] cat-

egorise proteins based on their structural, sequence, or functional characteristics,

which are indispensable for research and design in protein-related �elds.

Protein searching primarily employs two principal approaches: structure-based

and sequence-based. Structure-based methods, including DALI [126] and TM-align [337],

compare the 3D structures of proteins to identify similarities, particularly useful for

proteins that exhibit structural similarities despite diverse sequences. Conversely,

sequence-based methods like BLAST [327], and HMMER [92] excel at detecting ho-

mology by comparing amino acid sequences.

These methods face limitations in terms of ef�ciency, accuracy, and adaptabil-

ity [105, 254, 270]. Structure-based methods are computationally intensive and slow,

which can be a signi�cant hurdle when dealing with large datasets. Sequence-based

methods may struggle with proteins with considerable structural differences despite

sequence similarity, as the complex relationship between protein structure and se-

quence can lead to errors in search results. Additionally, inaccuracies such as in-

correct annotations, data redundancy, and incomplete data can further negatively

impact search results.

To address these issues, a series of solutions have been developed for advanced

protein structure search incorporating modern computational techniques. 3D-AF-

SURFER [1] utilises deep learning to learn 3D feature representations of protein sur-

faces, enabling fast and accurate structure alignment and similarity search. GraSR [319]

employs graph representation learning, improving search ef�ciency and generalis-

ability by converting protein structures into graphs and learning their embedded

representations. DeepFold [171] uses convolutional neural networks to extract fea-

tures directly from 3D structures, accelerating the structure alignment process. De-

spite these advancements, challenges remain in terms of insuf�cient utilisation of

sequence information, limited search �exibility, and interoperability.

Parametric protein search presents a promising alternative that addresses these

challenges from a different perspective. By leveraging the principles of parametric
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protein design, this approach selects and optimises a set of key parameters that de-

�ne protein structure and function, enabling a more comprehensive and �ne-grained

representation of protein. This method seamlessly integrates sequence and struc-

tural information, capturing both the global conformation and the local physico-

chemical properties, and offers a highly �exible and customisable framework.

5.1.4 Beyond the Known Protein Space

The landscape of proteins, as explored through historical drug discovery processes,

presents a distinctly fragmented, sparsely populated, predominantly clustered around

naturally evolved proteins aspect. This clustering limits the scope of exploration to

a narrow window of protein functionalities that nature has optimised for survival

rather than speci�c human therapeutic needs. Addressing this limitation necessi-

tates a strategic departure from traditional methodologies to embrace innovative

approaches capable of navigating and extrapolating the known protein space.

The use of genetic algorithms for parametric protein generation, as demonstrated

by tools like SilverSurfer, exempli�es such a promising approach. Genetic algo-

rithms have been chosen for this task due to their robust capability to mimic the

complex evolutionary process in an arti�cial context. They excel in exploring the

vast and complex protein sequence space by iteratively generating and selecting se-

quences based on their �tness, aligned with predetermined functional targets. This

iterative nature allows for the discovery of novel amino-acid con�gurations that may

not have been naturally selected but could be highly bene�cial for speci�c applica-

tions [146].

The generative potential of genetic algorithms to create new proteins is trans-

formative, offering prospects for signi�cant advancements across various domains.

These include the development of innovative treatments for diseases, where novel

proteins could serve as therapeutics or as targets for drug development. Similarly,

the synthesis of sustainable bio-fuels and the engineering of bio-materials could ben-

e�t immensely from proteins designed to exhibit speci�c catalytic or structural prop-

erties that enhance ef�ciency and functionality [68].

Transcending the boundaries of the known protein space, the parametric protein

design facilitated by genetic algorithms has the potential to broaden the horizons

of bioinformatics and molecular biology to catalyse the transition from depending

on natural evolution to designing targeted proteins. This shift holds the promise of

accelerating the discovery and implementation of protein-based solutions to some

of the most pressing challenges in medicine, energy, and materials science.
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5.2 PS-GO: Protein Search

The evolution of computational biology has ushered in sophisticated tools capable

of transforming the way scientists engage with protein data. Among these inno-

vations, PS-GO stands out as a SOTA parametric protein search engine. The plat-

form, depicted in Fig. 5.1, integrates an extensive array of functionalities for protein

search, analysis, and visualisation through a user-friendly web interface. PS-GO

enables intricate searches across protein databases by allowing the users to de�ne

search criteria based on a combination of sequence, structure, and physicochemical

properties. This �exibility is further enhanced by a parameter selection tool and the

capability to input search queries through natural language descriptions.

FIGURE 5.1: PS-GO protein search page; A. - Search component, B. -
Results list component. Source: Mi et al. [200].

The interface of PS-GO is laid out to maximise usability and accessibility. It fea-

tures a comprehensive suite of functionalities that allow for the detailed search, anal-

ysis and visualisation of proteins. This is accessible through a streamlined web inter-

face where users can easily specify search criteria. The search panel, shown in Fig.

5.1 A, offers a variety of �lters. The results of these searches are displayed in a clear,

concise manner, as shown in Fig. 5.1 B. Each result provides essential information

at a glance, including the protein's model visualisation, sequence, and a compre-

hensive set of physicochemical properties. This allows users to quickly assess the

relevance of each result.

Designed to overcome the limitations of traditional protein search tools, PS-GO

incorporates protein structure and sequence information with computable parame-

ters to provide a comprehensive search and analysis framework. This integration

addresses critical gaps in existing methods by offering enhanced interpretability

through detailed parameter pro�les and advanced visualisation features.

A foundational functionality of PS-GO is its unique parametric search capability,

which allows users to precisely control and de�ne the functional parameters of their

searches. This feature is instrumental in re�ning the search process, ensuring that the
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results are not only accurate but also relevant to the speci�c scienti�c enquiries. PS-

GO supports a range of parameters, including RC. Score, Hydrophobicity, Instability,

Size, Isoelectric Point and Solvent Accessibility, each of which can be �ne-tuned to

meet the user's speci�c functional requirements.

Enabled by the power of parallel computing, PS-GO is capable of handling ex-

tensive datasets and complex queries with ef�ciency. The platform's customisable

nature allows users to modify parameters and optimisation conditions to �t their

speci�c experimental and research needs. In conjunction with the SilverSurfer ser-

vice, PS-GO empowers researchers to delve deeper into the protein sequence space,

exploring and designing proteins with unprecedented precision.

PS-GO also integrates with the Protein Fragment And Structure Analysis (PRO-

FASA) platform, enhancing its utility by providing additional layers of structural

insights and predictive capabilities. The combination of these tools encapsulates

the cutting-edge of computational biology, offering a holistic approach to protein

research and paving the way for innovative discoveries in the �eld.

5.2.1 Parametric search strategy

PS-GO employs a novel parametric search strategy designed to ef�ciently navigate

and explore the vast protein sequence space. This strategy utilises a system that

optimises the search and retrieval of protein data based on multiple functional pa-

rameters. Here, we detail the approach adopted by PS-GO for handling, processing,

and searching through protein-related information.

Data Ingestion

The ingestion phase of the PS-GO model involves the systematic collection and pro-

cessing of protein data from authoritative sources such as the PDB and UniProt.

This step ensures the data utilised is of high quality and relevance. Automated

scripts fetch protein structure and sequence �les in mmCIF and FASTA formats, re-

spectively, along with XML format annotation �ies from UniProt for curation. Data

undergoes rigorous curation to �lter and validate sequence and structural integrity,

remove redundancy, and ensure completeness. Tools from the BioPython library

parse the necessary �elds, which are then mapped into a relational database schema

designed for quick access and complex queries. An advanced indexing and hashing

mechanism is implemented, where each protein's calculated parameters are cate-

gorised into hash bins, allowing for rapid retrieval from the database. This involves

multi-dimensional hashing for numerical data and MurMurHash3 [66] for categori-

cal data, ensuring minimal collision.
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Parameter Calculation

Comprehensive parameters are computed for each protein entry to characterise its

physicochemical properties and structural features. These include amino acid com-

position, hydrophobicity, instability index, molecular weight, isoelectric points, sec-

ondary structure information and solvent accessibility. These parameters are crucial

for the subsequent steps of integration and search, providing a detailed pro�le of

each protein that aids in precise query matching.

Data Integration

The integration of stored parameters with existing sequence and structural data

forms the backbone of PS-GO's parametric search capabilities. During integration,

data is meticulously indexed and optimised within a MySQL relational database,

leveraging the database/SQL packages in Go. This allows for ef�cient data han-

dling and retrieval, necessary for managing complex queries on large datasets.

Parametric Search

PS-GO performs dynamic parametric searches based on user-de�ned criteria. Users

can input queries specifying desired protein characteristics such as sequence similar-

ity, structural attributes, or speci�c physicochemical properties. PS-GO's indexing

system quickly identi�es and retrieves proteins that match these speci�cations. The

system also offers the possibility to express the query using natural language and in-

terprets the queries using OpenAI's GPT-4, translating them into structured search

queries. For compound queries, it processes each condition separately, aggregates

the results, and applies intersection operations to ensure that all speci�ed conditions

are met. Search results are then ranked according to their relevance, providing users

with proteins according to their research needs.

Beyond searching, PS-GO supports the design of novel proteins through its in-

tegration with the SilverSurfer backend. Users can specify target parameters, and

PS-GO, through its integration with the SilverSurfer, can generate new protein se-

quences that meet the desired criteria.

5.3 SilverSurfer

The SilverSurfer service stands as a pioneering platform in the realm of paramet-

ric protein design, distinctly crafted to navigate the vast and intricate protein space.

SilverSurfer is developed to facilitate the discovery and engineering of novel pro-

teins, operating on the foundation of a custom-designed genetic algorithm tailored

to handle the variability inherent in protein sequences.

Central to the functionality of SilverSurfer is its ability to search the protein space

starting from one or more seed sequences. These sequences act as the genetic mate-

rial for a series of evolutionary iterations aimed at discovering proteins that meet the
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prede�ned functional criteria. With the help of the mutation operator, SilverSurfer

generates a diverse pool of sequence candidates that explore the protein space. Each

candidate is evaluated through a �tness function which assesses their suitability

against the desired properties.

The SilverSurfer generation process is dynamic and iterative, continuing until

SilverSurfer successfully identi�es the required number of proteins that align with

the user's speci�cations or exhausts the protein space. The generation is designed

to be exhaustive yet ef�cient, ensuring a thorough exploration of the protein space

while optimising for paths with higher promise. This makes SilverSurfer an invalu-

able tool for researchers aiming to push the frontiers of bioinformatics and pharma-

cological innovation through parametric protein design.

5.3.1 Genetic Algorithms Particularities

In the context of the SilverSurfer service, genetic algorithms are harnessed to nav-

igate the protein sequence landscape ef�ciently. This utilisation aims to capitalise

on their ability to generate diverse protein variations through evolutionary-inspired

operations. The key to the success of any genetic algorithm is the strategic choice of

encoding, genetic operators, and �tness functions.

Encoding

Choosing the right encoding strategy is crucial for the effective implementation of

any Genetic Algorithm. In the case of the Silver Surfer, protein sequences are en-

coded using the conventional one-letter representation of amino acids. This encod-

ing strategy is deeply rooted in standard bioinformatics practices, ensuring that the

platform remains relevant and compatible with future scienti�c studies. This choice

aligns with current methodologies and ensures the long-term viability of the plat-

form.

The adoption of this robust encoding system allows for the seamless integration

of various protein sequence property predictors. These predictors can readily inter-

pret the encoded data, enhancing the platform's capability to assess and optimise

the protein sequences dynamically. By leveraging this encoding format, SilverSurfer

maintains a balance between computational ef�ciency and complexity necessary to

explore the vast protein design space effectively.

Mutation and Crossover

Mutation and crossover are essential operations in evolutionary algorithms that in-

troduce and recombine genetic variations, driving evolutionary progress. The Sil-

verSurfer platform utilises these genetic mechanisms for the exploration of the pro-

tein space, aiming to generate novel proteins that meet prede�ned functional goals.

Mutation serves as a primary method for introducing genetic diversity by alter-

ing genetic sequences. SilverSurfer employs multiple mutation strategies to balance
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the exploration and exploitation phases within its evolutionary approach. The �rst

strategy, known as a random mutation, involves the alteration of an amino acid in

a sequence to another amino acid chosen at random. For example, changing 'C'

to 'G' in the sequence 'DSACGA' results in the sequence 'DSAGGA'. This method

introduces unpredictability and diversity into the population.

A more re�ned approach in the SilverSurfer is the contribution-based selection

strategy for mutation. This method calculates the individual contribution of each

amino acid to a targeted property, such as monoisotopic mass, and selectively mu-

tates the amino acid that has the most signi�cant impact on achieving the desired

property value. For instance, if the sequence 'DSACGA' has a total monoisotopic

mass exceeding the target of 460, the algorithm identi�es the amino acid with the

highest individual mass contribution and selects it for mutation. This approach al-

lows for a more focused search by directing mutations towards those changes that

most effectively optimise the desired property.

The crossover operation combines the genetic information from two parent or-

ganisms to produce offspring that inherit bene�cial genes from both of the parents.

In SilverSurfer, the crossover is implemented to respect user-de�ned 'frozen sec-

tions', speci�c segments of the protein sequences that are marked by the user as

crucial and essential not to be altered during the genetic operations. By preserving

these sections, SilverSurfer ensures that essential characteristics of the proteins are

maintained.

Fitness

The ef�cacy of SliverSurfer's genetic algorithm is heavily dependent on the perfor-

mance of its �tness function, which must evaluate how closely a protein sequence

aligns with prede�ned objectives. In dealing with protein design, SilverSurfer con-

fronts the challenge of complex interdependencies among various protein proper-

ties. These properties typically lack straightforward trade-offs, making traditional

Pareto optimisation approaches unstable. SilverSurfer employs a normalised abso-

lute distance metric as its �tness function. This metric computes the sum of the

absolute differences between the observed and targeted values of each protein prop-

erty, which is then normalised to account for variations in property scales. This

method not only simpli�es the assessment of protein �tness by consolidating multi-

ple property evaluations into a single scalar value but also maintains the simplicity

of computation required for the massively multiple evaluations required by any evo-

lutionary approach.

5.3.2 Implementation

The implementation of SilverSurfer uses Python 3.9, a programming language renowned

for its versatility and broad acceptance within the bioinformatics community. This

choice is anchored in Python's well-established ecosystem, which supports rapid
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prototyping and offers extensive libraries specialised in bioinformatics. These li-

braries can facilitate the manipulation of protein sequences and their associated

properties, streamlining the development of additional protein predictors.

SilverSurfer's design emphasises customisation, allowing users to tailor the ge-

netic algorithm's operation to �t their speci�c research needs. Users can modify var-

ious aspects of the algorithm, including the selection of mutation sites and the appli-

cation of different mutation strategies. This adaptability extends to the assignment

of 'freeze masks', constraints that prevent certain segments of the protein sequence

from being altered during the application of the genetic operators. Additionally,

users can set a dissimilarity threshold to ensure a diversity of results, signalling to

the algorithm the need for a more varied result set.

The architecture of SilverSurfer is engineered with extensibility as a core tenet,

easily accommodating the addition of new properties or behaviours. This �exibility

makes it an ideal platform for probing the vast protein space, offering researchers

a powerful tool for designing proteins with speci�c physicochemical properties. By

integrating these capabilities, SilverSurfer stands out as a robust instrument in the

�eld of parametric protein design, pushing the boundaries of what is achievable in

computational biology and pharmacological research.

5.3.3 Protein Generation

The protein generation process within the SilverSurfer platform is underpinned by

a customised genetic algorithm that ef�ciently explores the vast protein space. This

subsection details the robust, iterative process designed to generate novel proteins

that meet speci�c prede�ned criteria.

Initialisation and Iterative Search

The SilverSurfer's genetic algorithm is initialised when a user supplies a protein

sequence. Suppose the user does not desire to submit a starting seed to focus the

search. In that case, SilverSurfer can generate a random sequence or utilise PS-GO

to search for the closest proteins to the given targets, using them as seed sequences.

Alongside the initial sequence, target value and their acceptable ranges are de�ned

within the acceptance component.

Once initialised, the searcher works iteratively, processing sequences from an

unexplored priority queue. This process continues until the required number of

protein sequences that pass the acceptance threshold is identi�ed or until the queue

is depleted. During each interaction, the best-scoring protein is extracted for further

processing.

Genetic Operators and Evaluation

Genetic operators are applied according to the selected strategy, respecting any de-

�ned 'frozen' segments that should not be altered. These operators generate a new
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set of protein sequences, which are then �ltered through a bloom �lter to exclude any

previously processed candidates. Subsequently, each candidate's relevant physico-

chemical properties are computed and evaluated by the acceptance component.

The acceptance component plays a crucial role during this phase, de�ning the

goal; its purpose is to evaluate each sequence to determine if it falls within the pre-

set acceptance criteria. Sequences that meet these criteria are added to the results

list.

To manage memory ef�ciently and maintain a high level of performance, Sil-

verSurfer implements a population threshold limit based on the available mem-

ory. When this threshold is reached, a clustering algorithm is applied to the lower-

performing individuals in the queue. These individuals are replaced with centroid

sequences, reducing the population size while minimising the informational loss.

SilverSurfer's implementation is highly parallelisable, orchestrated by the pri-

ority queue, which can synchronise the computation tasks across multiple threads.

This design allows for the simultaneous computation of physicochemical properties

for each sequence, optimising the use of multithreaded environments.

The �tness of each protein sequence is evaluated based on the normalised abso-

lute distance from de�ned targets, incorporating four properties of general utility in

the bioinformatics �eld as a proof of concept.

n

å
i= 1

Mass(A i ) � (n � 1) � 18.01528Da (5.1)

Monoisotopic Mass is computed according to the 5.1 equation, summing the stan-

dard atomic massesA i of each amino acid in the sequence and adjusting for the mass

of water molecules, n � 1 � 18.01528Da lost during peptide bonding.

pH = pKa + log10

�
[Base]
[Acid]

�
(5.2)

Isoelectric Point is determined using the Henderson-Hasselbalch 5.2 equation, with

pKa values from Wikipedia [240], values selected due to their RMSD scoring among

the publicly available pKa values, according to IPC [154]

10
n

n� 1

å
i= 1

InstabilityScore(A i , A i+ 1) (5.3)

Instability Index is obtained according to the 5.3 equation; evaluated using a di-

rect implementation of the Guruprassad et al. [111] paper. The index is computed by

summing the bi-peptide instability scores InstabilityScore(A i , A i+ 1) across the pro-

tein and scaling the value according to its length.
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FIGURE 5.2: Exploration of the Monoisotopic Mass protein space.

FIGURE 5.3: Exploration of the Isoelectric Point protein space.

1
n

n

å
i= 1

Hydropathy(A i ) (5.4)

GRAVY score , a measure of protein hydrophobicity, is calculated as illustrated

by the 5.4 Equation. The GRAVY score is obtained by averaging the hydropathy,

Hydropahty(A i ), values of all amino acids in the sequence.
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FIGURE 5.4: Exploration of the Instability Index protein space.

FIGURE 5.5: Exploration of the GRAVY protein space.

All the properties currently in use by the SilverSurfer backend are calculated us-

ing hand-coded implementations of well-established algorithms, ensuring that Sil-

verSurfer can accurately evaluate the �tness of protein sequences against the desired

characteristics.
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5.3.4 Results

Validating the properties

The SilverSurfer platform was rigorously validated to ensure the accuracy and re-

liability of its protein property predictions. The validation process involved a sys-

tematic comparison of the hand-coded algorithms against established web tools that

specialise in calculating these protein properties. This comparison provided a criti-

cal assessment of the reliability and accuracy of the protein property predictors.

Monoisotopic Mass validation involved comparisons with data from the Swiss

Institute of Bioinformatics' PeptideMass [101], Prot PI [238] and the Protein Calcula-

tor [239]. These comparisons con�rmed that Silver Surfer accurately computes the

mass of proteins based on their amino acid composition.

Isoelectric Point ; critical for understanding protein solubility and charge state un-

der various pH conditions, was validated by comparing SilverSurfer's results with

those from ProtParam [101], The Isoelectric Calculator [154] and Prot Pi [238]. These

comparisons con�rmed the accuracy of the isoelectric point prediction.

Instability Index ; a measure of protein stability was validated against results from

the Guruprasad et al. paper, which introduced this index [111], the Swiss Institute of

Bioinformatics' ProtParam [101] and the Peptides R package [224]. The close align-

ment of these results demonstrates the accuracy of the SilverSurfer.

GRAVY Score determines the overall hydrophobicity or hydrophilicity of a pro-

tein, impacting its solubility and interaction with other molecules. SilverSurfer's

GRAVY scores have been validated against outputs from the Swiss Institute of Bioin-

formatics' ProtParam [101], the Alakazam R package [109], and the Gravy Calcula-

tor [98]. The results con�rm that SilverSurfer's GRAVY score is accurate.

The results of the validation process con�rm the robustness of SilverSurfer's

computational approach and validate its accuracy.

Parametric Generation

The Parametric Generation method used by SilverSurfer leverages the generative

powers of genetic algorithms in order to propose sequences with properties that fall

within the user-speci�ed criteria. For the evaluation of the generative capabilities of

the Genetic algorithm, a normalised absolute distance was used as a scoring func-

tion; an acceptance function with an epsilon deviation of maximum 1 e10� 14 from

the stated property value; a contribution-based mutation strategy with a dynamic

mutation rate; an empty freeze mask and a requiring one result.

The validation was conducted by selecting two different sequences, one to serve

as the starting sequence, and one for which the properties are computed and used
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as target values. The computational analysis covered the entire protein space for

sequences of length 5, a length considered to be of suf�cient size to be representa-

tive of the complexity while still manageable within the hardware constraints. The

exhaustive evaluation involved the computation of properties for 3,200,000 unique

protein sequences.

FIGURE 5.6: Illustrative example of the search path undertaken by the
SilverSurfer in the complete protein space of proteins with a length of

4 amino-acids.

Figure 5.6 visually summarises the mutation search path undertaken by Silver-

Surfer; it illustrates the mutation distance from the starting sequence on the x-axis

against the distance from the target properties on the y-axis; the �gure employs a

grayscale colouring of the connections to display the normalised Euclidean distance

from the target values. The color-highlighted path shows trajectories that Silver-

Surfer explored, with those closer to the x-axis being closer to the correct sequence.

The �gure illustrates the order in which the sequences have been explored with a

gradient from green to light yellow. This graphical representation highlights Sil-

verSurfer's ef�cient search focus, directing computation efforts towards promising

regions of the protein space.

The validation process demonstrated SilverSurfer's capability to navigate the

protein sequence space in order to generate a protein with the desired requirements,

ensuring that, if a feasible solution within the de�ned constraints exists, it will be

discovered. This robust approach showcases the potential of SilverSurfer in the Para-

metric Protein Generation paradigm.
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5.4 Comparative Analysis

The advent of sophisticated computational models has ushered in a new era in pro-

tein design, characterised by the simultaneous development of multiple methodolo-

gies aimed at enhancing the precision and ef�ciency of protein searches. This section

conducts a comparative analysis of the distinct methodologies employed by PS-GO

and SilverSurfer.

5.4.1 Unique Approaches of PS-GO

PS-GO exempli�es a strategic focus on parametric design by implementing a system

that is tailored to meet the dynamic needs of bioinformatics. Its design philosophy

combines computational biology with cutting-edge data science techniques to en-

hance the ef�ciency and effectiveness of protein searches.

PS-GO improves protein structure design by focusing on a parametric approach

that goes beyond traditional sequence alignment and structural comparison. It lever-

ages computational models to facilitate the search for proteins with speci�c func-

tional properties and stability. This approach allows researchers to specify exact

parameters as the foundation for searching protein sequences. Such speci�city is

particularly advantageous in designing proteins for therapeutic purposes, where the

stability and function of the protein directly impact its ef�cacy and safety.

At the core of PS-GO's effectiveness lies its robust data management system,

which enables PS-GO to integrate diverse datasets spanning protein sequences, struc-

tures, and functional annotations. PS-GO uses data ingestion and integration tech-

niques to ensure that all available proteins are complete and usable for parametric

search. This system is built to handle large volumes of data ef�ciently, reducing the

time and computational resources needed to �nd and compare protein structures.

By employing advanced indexing and hashing strategies, PS-GO enhances the speed

of data retrieval while painting the level of accuracy, making it an invaluable tool for

researchers navigating the expansive protein landscape.

5.4.2 Unique Approaches of SilverSurfer

SilverSurfer stands out in the �eld of parametric protein design for its innovative

use of a customised genetic algorithm tailored to navigate the complex landscape of

protein sequences. This approach harnesses the power of evolutionary principles to

explore and generate protein variants that might not be accessible through historical

methods.

One of the foundational pillars of SilverSurfer's strategy is its usage of a genetic

algorithm that adapts to the complexities of protein design, a customised solution

capable of handling the diversity and complexity inherent in protein structures. By

stimulating the natural evolutionary process, SilverSurfer explores a broader range

of potential protein con�gurations, making it an invaluable tool for researchers.
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The SilverSurfer system employs dynamic genetic operators that are crucial for

re�ning the exploration of protein sequence space. These operators are strategically

applied based on the contribution of each amino acid to the target properties. This

targeted approach allows SilverSurfer to focus on mutations that are more likely to

yield bene�cial properties, thereby enhancing the ef�ciency of the genetic algorithm

in �nding viable protein solutions.

The selection process prioritises sequences that demonstrate the greatest poten-

tial to meet speci�c functional requirements. This is achieved through a combination

of the �tness function coupled with the priority queue that ensures that individuals

with the most promising genes get to spread their genetic material more often.

Another of the foundational pillars of SilverSurfer's philosophy is the high de-

gree of customisability. Researchers can tailor the genetic algorithm to suit speci�c

scienti�c or experimental needs by adjusting various parameters, such as mutation

rates, selection criteria, or the handling of genetic operators. This �exibility extends

to the incorporation of 'freeze masks', which allow certain segments of the protein

sequence to remain unchanged during genetic operations, preserving essential func-

tional regions while exploring new variations. SilverSurfer is designed to accommo-

date the integration of new predictor models, ensuring that it remains at the cutting

edge of technology in protein design. This adaptability and extensibility make it a

platform that evolves alongside advancements in computational biology and pro-

tein science.

5.4.3 Bene�ts of PS-GO and SilverSurfer

PS-GO's development represents a signi�cant advancement in the �eld of protein

search engines, providing a robust and ef�cient platform for navigating extensive

protein databases. Its advanced search capabilities allow for high-precision queries,

which are essential for identifying proteins with speci�c functional characteristics.

This precision enhances the ability of researchers to ef�ciently utilise vast datasets,

ensuring that they can quickly �nd and analyse proteins that meet their speci�c cri-

teria. The integration of multiple search parameters allows for a multi-dimensional

approach to protein research. This capability saves valuable research time and en-

hances the depth and breadth of protein studies.

SilverSurfer excels in the tailored generation of proteins, using its customised

genetic algorithm to explore and create novel protein sequences that meet precise

functional requirements. This ability to generate proteins with desired properties

through an evolutionary-inspired method allows for the design of proteins that may

not naturally exist, offering potential solutions for unique therapeutic and industrial

applications. The scalability and extensibility of SilverSurfer are also key bene�ts,

as the platform can handle a growing amount of data and complexity, making it

adaptable to future advancements in protein science. Its design supports seamless

integration with other computational tools and platforms, ensuring that SilverSurfer

can continually evolve and incorporate new research �ndings and technologies.
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5.4.4 Synergy Between PS-GO and SilverSurfer

The collaboration between PS-GO and SilverSurfer introduces an innovative syn-

ergy that leverages the unique capabilities of each system to enhance the �eld of

parametric protein design. This is exempli�ed through their integrated functional-

ity, enhanced protein design capabilities, and streamlined work�ow that collectively

advance both the exploration and application of novel protein designs.

The integration of SilverSurfer as the sequence generator backend for the PS-GO

system exempli�es a strategic joining of capabilities, creating a cohesive system that

harnesses the strengths of both tools. This integration ensures that users can engage

with a seamless interface that combines the deep search functionality of PS-GO with

the generative abilities of SilverSurfer. By aligning the data handling and processing

infrastructure of PS-GO with the genetic algorithm-driven design capabilities of Sil-

verSurfer, the combined platform facilitates a dynamic and comprehensive approach

to protein design.

Through the integrated system, researchers can directly utilise SilverSurfer's gen-

erative abilities within the PS-GO interface, allowing for the exploration and reali-

sation of novel protein designs that are both innovative and tailored to speci�c sci-

enti�c needs. This integration facilitates an environment where theoretical protein

models can be rapidly prototyped and iteratively re�ned, accelerating the design

cycle. Researchers can de�ne desired protein characteristics in PS-GO and imme-

diately leverage SilverSurfer to generate sequences that meet these parameters, ef-

fectively bridging the gap between search and synthesis. This capability creates the

potential for breakthroughs in protein engineering, particularly in developing ther-

apeutic proteins with optimal functional properties.

The synergy between PS-GO and SilverSurfer streamlines the work�ow for pro-

tein researchers, combining robust search and comparison features with powerful

generative algorithms. This streamlined approach enhances both the discovery and

design process, enabling researchers to swiftly move from identifying potential pro-

tein candidates through PS-GO's extensive database and analytical tools to actively

designing and generating novel proteins with SilverSurfer. The cohesive work�ow

reduces the operational overhead associated with switching between different plat-

forms and tools.

5.5 Conclusion

This chapter has extensively explored the realm of parametric protein design, high-

lighting the pivotal roles of SilverSurfer and PS-GO in advancing this �eld. Through

the application of innovative computational models and algorithms, they signi�-

cantly enhance the ef�ciency and precision of protein design and discovery pro-

cesses.

SilverSurfer, with its specialised genetic algorithm, has effectively showcased the

ability to navigate and explore the vast protein sequence space, generating novel
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protein sequences that meet speci�c functional criteria. This capacity to generate

tailored proteins supports the development of unique therapeutic and industrial ap-

plications, underscoring the potential of genetic algorithms in transcending tradi-

tional boundaries in protein engineering.

PS-GO has emerged as a SOTA parametric search engine that excels at handling

and analysing extensive protein databases with remarkable precision and speed.

By integrating advanced data management and search techniques, PS-GO enables

researchers to perform highly targeted searches, thereby signi�cantly reducing the

time and effort required to identify proteins with desired characteristics. This opti-

misation of the search process contributes to a more ef�cient allocation of resources

in research and development endeavours.

The synergy between PS-GO and SilverSurfer further ampli�es their individual

strengths, providing a uni�ed point of access that facilitates both the discovery and

design of proteins. This collaborative platform accelerates the interactive cycle of

protein design and testing.

The innovations presented by SilverSurfer and PS-GO represent signi�cant ad-

vancements in the �eld of parametric protein design. Their contributions are poised

to have lasting impacts on the biotechnological and pharmaceutical industries, where

there is a demand for faster and more accurate methods of protein design.
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Chapter 6

Protein Platform, Profasa &

ChemFlow

This chapter addresses the integration of computational tools into practical work-

�ows, focusing on user experience and accessibility. It follows the development

of PROFASA [199] and ChemFlow [193] platforms. It covers the design and imple-

mentation of these systems, their impact on protein design and analysis, and the

innovations in bioinformatics work�ow automation.

6.1 Introduction

The understanding of protein structure and function constitutes a cornerstone of

modern life sciences. Advances in computational biology have enabled us to de-

cipher the molecular mechanism of proteins and gain the ability to tackle highly

signi�cant and dif�cult problems [161] such as predicting the 3D conformation of a

protein and even designing novel protein structures in silico. This capability marks a

major leap forward, extending our reach from mere observation to the proactive de-

sign of proteins with tailored functionalities that never existed in nature previously.

In recent years, the �eld of protein research has increasingly incorporated in sil-

ico experiments [49, 187], highlighting the shift towards computational methods as

integral components of scienti�c inquiry. Computational tools such as AlphaFold

have demonstrated remarkable success in accurately predicting protein structures

based on amino acid sequences [143]. These advancements underscore a transfor-

mative period in protein science, where the ability to simulate and visualise com-

plex protein interactions and conformations accelerates both fundamental research

and applied biological engineering.

Scienti�c advancements are increasingly supported and enabled by the complex

interactions between even more complex software systems [49, 187]. The integration

of experiment and computational sciences is becoming crucial for cutting-edge dis-

coveries in protein function and structure. A robust array of freely available protein

tools supports these endeavours, spanning sequence alignment offered by Blast [11],

structure prediction through Rosetta [173], I-TASSER [324], and the groundbreak-

ing AlphaFold [143]. Visualisation tools such as ChimearX [231], PyMOL [330], and
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CSynth [296] enrich the scienti�c community's ability to interact with and learn from

protein models, enhancing the overall understanding of protein dynamics.

Despite the plethora of available tools and their profound capabilities, the ap-

plication of SOTA methods in protein research remains challenging. The rapid evo-

lution of computational methods often translates into complex, resource-intensive

software that is not user-friendly. Tools developed primarily in high-performance

languages such as C or C++ prioritise computational ef�ciency but often lack acces-

sibility. These programs may be cumbersome to install, have steep learning curves,

and require signi�cant computational resources, which can deter widespread usage

among researchers without extensive computational backgrounds. The challenges

of employing the SOTA methods are further enhanced by the high rate of develop-

ment of new models [187].

For example, AlphaFold, while revolutionary, demands sophisticated hardware

setups and advanced programming skills to operate effectively. Similarly, I-TASSERS's

computational processes are so resource-intensive that their computation is mea-

sured in days and is not feasible to run on conventional PCs. Furthermore, tools like

RpsBlast, although powerful, feature complex command-line interfaces that pose

substantial barriers to those unfamiliar with such environments.

As the scienti�c community continues to advance, the frontiers of protein sci-

ence, enhancing the usability and integration of computational tools, will be essen-

tial. The goal moving forward is not only to maintain the computational power and

precision offered by these tools but also to improve their accessibility and ease of

use. This chapter will explore the development of protein design platforms, focus-

ing on their critical roles in navigating the vast and dynamic landscape of protein

science.

6.1.1 The Value of Work�ows

Work�ows are fundamental to the scienti�c process, serving as the structured method-

ology by which experiments are designed, executed, and evaluated. In the context of

computational biology and protein design, the importance of clearly de�ned work-

�ows cannot be overstated. These systematic protocols are crucial for ensuring that

experiments can be replicated and the results can be validated, which is one of the

core principles of scienti�c inquiry.

Describing work�ows in detail is essential for any experiment. The ability to

replicate experiments and achieve the same results under the same experimental

conditions is foundational to the scienti�c method. Without detailed work�ows, the

reproducibility of scienti�c �ndings would be compromised, hindering peer veri�-

cation and the advancements of knowledge.

Work�ows bring structure, ef�ciency, and clarity to the research process. They
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delineate the steps involved in an experiment, detailing the required inputs, the ex-

pected outputs, and the methods for achieving these results. This structured ap-

proach minimises errors and inef�ciencies by standardising procedures and ensur-

ing that all necessary steps are followed.

Well-de�ned work�ows facilitate collaboration among scientists. In the increas-

ingly interdisciplinary �eld of protein design, where experts from various domains,

such as bioinformatics, molecular biology, and computer science, must work to-

gether, having a common framework and language is indispensable. Work�ows

enable team members to understand each other's roles and contributions clearly,

ensuring that the integrated efforts are aligned and coherent.

6.1.2 Motivation

The motivation for developing advanced protein design platforms is undermined

by the pursuit of enhancing drug discovery and supporting industrial applications.

As the �eld of bioinformatics expands, the technical barriers associated with using

SOTA models pose signi�cant challenges. By lowering these technical costs, protein

design platforms can empower scientists to concentrate more on the domain-speci�c

aspects of their work, such as experimental design and hypothesis testing, rather

than on the complexities of software management and integration.

One of the core motivations in the development of these platforms is the creation

of a uni�ed interface that serves as a comprehensive resource for all protein-related

needs. This "one-stop-shop" approach is designed to streamline the protein design

process, making it more ef�cient and user-friendly. By integrating various tools and

functionalities into a single platform, researchers can access a wide array of resources

in one place, from sequence analysis and structural prediction to protein modi�ca-

tion and visualisation. This integration saves valuable time and enhances the effec-

tiveness of protein design projects by providing a powerful toolkit that supports the

rapid iteration and re�nement of models and hypotheses.

The push towards adopting an "orchestrator" design in protein platforms is mo-

tivated by the need to make these tools more accessible and intuitive. Modern plat-

forms increasingly incorporate NLP capabilities to allow users to input commands

and de�ne parameters in natural language. This shift towards human language as

a mode of interaction reduces the learning curve and makes the sophisticated tools

more accessible to a broader range of scientists, including those without extensive

computational backgrounds. By simplifying the user interface and communication

methods, these platforms can bridge the gap between complex computational pro-

cesses and the everyday language of scienti�c inquiry, thus broadening the user base

and facilitating the adoption of SOTA models.

These are some of the core reasons that collectively drive the development of

next-generation protein design platforms, aiming to transform the landscape of phar-

maceutical development and molecular engineering through enhanced accessibility,

ef�ciency, and user engagement.
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6.1.3 Contributions

This chapter highlights the development of a single point-of-contact platform that

integrates a comprehensive suite of tools into a user-friendly interface suitable for

both professionals and amateurs. This uni�ed platform simpli�es the user experi-

ence by consolidating multiple functionalities, allowing researchers to focus more

on scienti�c inquiry and less on navigating complex software systems.

Another major contribution is the capability to generate detailed scienti�c work-

�ows based on natural language descriptions. Utilising advanced natural language

processing technologies, the platform translates user descriptions into executable

work�ows. This feature makes sophisticated computational tools accessible through

everyday language and introduces innovative, prompt engineering techniques to

ensure accuracy and alignment with scienti�c goals.

The platform also serves as a proof of concept for processing work�ows. This is

achieved through a novel pipeline for protein design that automates various com-

putational tasks, allowing users to concentrate on the conceptual rather than the

technical aspects of protein design.

Lastly, the chapter presents the development of optimised language model prompts

for protein design, improving the platform's ability to process complex scienti�c

queries with greater precision. These contributions collectively enhance the accessi-

bility and ef�ciency of protein design tools, paving the way for more robust scienti�c

discovery and innovation in the �eld.

6.2 PROFASA: Enhancing Protein Analysis and Design

FIGURE 6.1: PROFASA combines all the major categories of tools,
providing a single platform interface for all computational protein

works. Source: Mi et al. [199].

PROFASA (Protein Fragment And Structure Analysis) represents a signi�cant

leap forward in the landscape of computational tools for protein analysis. It em-

bodies a comprehensive in silico workstation designed to streamline and enhance

the assessment of protein structures, parametric analysis, and visualisation. The

platform consolidates a variety of sophisticated functionalities into a single, user-

friendly interface that demysti�es the complexities traditionally associated with pro-

tein research.
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One of the core values of PROFASA lies in its ability to provide rapid domain

analysis of input sequences, complemented by advanced molecular visualisation ca-

pabilities. This integration enables users to identify and visually explore the struc-

tural motifs within proteins, fostering a deeper understanding of the link between

structure and function. The platform supports the construction of protein models

with the click of a button, utilising renowned tools like I-TASSER [324] and Al-

phaFold [143]. This feature allows for the simultaneous folding of multiple input

sequences, generation of novel protein sequences, and modelling, accelerating the

design process.

By simplifying the submission process, where users need only input a sequence

to receive a comprehensive analysis, including parameters like accessibility, insta-

bility, hydrophobicity, isoelectric point, and Ramachandran plot scores, PROFASA

ensures a seamless user experience. The platform's robust capability to provide ac-

curate, reliable results across all its features further enhances its utility in the scien-

ti�c community.

Data visualisation and comparison are handled by utilising tables and plots to

represent data in an intelligible manner. This not only aids in the interpretation of re-

sults but also in comparing different protein models. The F2F (function to form) [323]

serves as a pivotal tool within PROFASA, guiding users through the expected per-

formance of proteins based on their structural and functional attributes.

PROFASA incorporates sequence alignment enabled by the NCBI BLAST toolkit

and structure prediction managed through I-TASSER [324] and AlphaFold [143]. Other

essential protein parameters are calculated using scienti�cally validated formulas,

ensuring the outputs are accurate and credible.

The user interface of PROFASA is a testament to its design philosophy, offering

an intuitive experience that caters to both seasoned professionals and those new to

protein analysis. Its appealing interface facilitates a deeper engagement with the

tool, making advanced protein design and analysis accessible to a broader audience,

thereby democratising the capabilities of computational protein research.

6.2.1 Architecture Design

The architecture of PROFASA is designed to function as a comprehensive one-stop

workstation for protein sequence and structure-based analysis. This platform is

crafted to meet the diverse needs of users, ranging from academic researchers to

industry professionals, by providing an all-encompassing suite of tools.

PROFASA presents a classical Model-View-Controller design pattern commonly

used in the software development of enterprise applications, allowing each layer to

be tailored based on speci�c roles within the system. The architecture is segmented

into three primary layers, each dedicated to a speci�c aspect of the platform's func-

tionality. The front end, or the View component, includes various user interface

pages such as the Home Page, Blast Page, Fold Page, Resource Page, Results List

Page, Text Result Page, and 3D Result Page. These pages are constructed according
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to the tenets of UX/UI (User Experience/User Interface), facilitating easy navigation

and ef�cient access to the platform's extensive features.

The Logical layer, or the Controller in the MVC pattern, is managed via Node.js.

This part of the backend handles dynamic aspects of PROFASA, including account

services, mail services, note services, sequence services, and speci�c services for I-

TASSER and AlphaFold. This layer ensures robust data handling and seamless inte-

gration of services, facilitating a responsive and reliable analytical environment.

The Computing layer, representing the Model in the MVC framework, is where

the computational heavy lifting occurs. It is implemented through a command-line

program interface, incorporating tools such as RpsBlast, I-TASSER, AlphaFold and

Ramachandran. This setup allows PROFASA to ef�ciently handle computationally

intensive tasks, providing users with fast and accurate analysis results.

Front End

The front end of PROFASA is constructed to cater to a diverse user base, ranging

from seasoned professionals in the �eld of protein research to non-experts interested

in exploring protein structures and functions. This inclusive approach is re�ected

in the interface design, which emphasises visual clarity, user-friendly interaction

modes, and minimised learning costs to accommodate users with varying levels of

technical expertise.

The main programming language utilised in the development of the front end is

TypeScript, a superset of Javascript that incorporates additional useful features such

as static typing, interfaces, and classes [25] attempting to enhance code quality and

readability. TypeScript's robust typing system and object-oriented capabilities make

it a top contender for developing complex web applications such as PROFASA.

ReactJS, a popular JavaScript library for building user interfaces, is chosen as the

development framework due to its declarative and component-based architecture.

This framework facilitates the ef�cient rendering of interactive UIs that respond dy-

namically to user inputs and data changes, making it particularly suitable for the

complex data involved in protein analysis platforms.

To manage application routing and state, PROFASA employs UmiJS, an enterprise-

level React application framework. It enhances the application's architectural capa-

bilities by providing built-in routing functions and a comprehensive state manage-

ment system based on React hooks. This framework supports modular and main-

tainable code development, which is crucial for handling the work�ows of protein

analysis.

Visual rendering and interaction with protein 3DS models are primarily handled

using Three.js and ngl.js. Three.js, established by Ricardo Cabello [67], facilitates

the creation of WebGL-based 3D graphics. It is extensively utilised within PRO-

FASA for rendering protein structures with detailed lighting, camera controls, an-

imations and interactive features such as mouse interactions. Ngl.js specialises in
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loading and parsing PDB �les and is pivotal in tasks such as superimposing pro-

tein sequences and modifying the visual representation of proteins by altering the

colours and shape of selected fragments.

For graphical representations such as radar plots, which are used to visualise

and compare the F2F results of proteins, the front end utilises the HTML5 Canvas

element. This hand-crafted implementation approach is motivated by the need for

extensive �exibility, and to ensure consistency between the displayed visuals on the

web interface and those downloaded by the user.

The front end includes a document download feature implemented with the Re-

act PDF Renderer library. This feature enables users to copy individual protein se-

quences, download PDB �les, download diagrams, or even download comprehen-

sive PDF documents containing detailed protein analyses. This feature enables easy

documentation and facilitates sharing of protein data.

Back End

The back end of PROFASA is developed using JavaScript and operates within the

Node.js environment. Node.js serves as a runtime environment that leverages Google's

Chrome V8 JavaScript engine, functioning outside the browser. This allows for ef�-

cient management of asynchronous events and supports high-performance server-

side operations essential for robust web applications.

For the web server framework, PROFASA utilises KOA, a powerful middleware

system designed around Node.js, adept at handling a variety of tasks such as request

processing, Cross-Origin resource sharing (CORS) processing, token authentication,

request interception, error handling, and logging.

The database interactions are managed using Sequelize, an Object-Relational

Mapping (ORM) framework that supports robust interaction with SQL databases

without the necessity of writing SQL code. Sequelize greatly simpli�es database

transactions, data retrieval, and relationship management between code, data struc-

tures and database tables. It also facilitates database migration and the setup of test

environments, enhancing the back end's scalability and maintainability.

Node.js plays a central role in the PROFASA architecture, as it establishes servers,

listens to requests, and handles the read and write operations for databases. Addi-

tionally, Node.js is utilised to run a variety of command-line scripts, which are cru-

cial for performing the complicated functions necessary for protein analysis. These

functions include the execution of open-source third-party programs and custom

Python scripts. To execute these command-line programs, which are predominantly

written in C and C++, PROFASA employs the Node.js standard library's child pro-

cess.exec() and child process.execSync() methods. This approach allows for syn-

chronous and asynchronous command execution directly from the main Node.js

program, integrating the complex computational capabilities into the web platform.

Profasa acts as a cohesive framework that integrates well-known protein APIs,

such as RCSB search and Protparam. This integration facilitates direct calls to these
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FIGURE 6.2: Work�ow example for a typical computational drug de-
velopment process.

services, allowing PROFASA to use external computational resources and databases,

expanding the protein analysis capabilities. By acting as the glue that binds together

diverse functionality and external resources, PROFASA delivers a comprehensive

and versatile platform for protein analysis and design.

6.3 ChemFlow: Automating Bioinformatics Work�ows

ChemFlow is a novel platform that revolutionises how scienti�c work�ows are con-

ceptualised and executed within the �eld of bioinformatics. It serves as a proof of

concept, uniquely translating natural language descriptions directly into executable

scienti�c work�ows through advanced prompt engineering techniques and execut-

ing them. This platform eliminates the need for traditional coding, thereby reducing

the skills barrier associated with running SOTA models and reducing the potential

security risks associated with code execution. ChemFlow is tailored for protein de-

sign, enabling researchers to specify, modify, and execute complex bioinformatics

work�ows with unprecedented ease and accuracy, streamlining the path from con-

cept to execution in protein research.
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6.3.1 Work�ows

ChemFlow harnesses the power of scienti�c work�ows to streamline and optimise

the execution of complex bioinformatics processes. Scienti�c work�ows are struc-

tured, repeatable procedures that map out a sequence of tasks aimed at achieving

a speci�c scienti�c goal (Fig. 6.2). These work�ows are critical in managing the

complexities of data and process dependencies, especially in �elds like drug design,

where precision and reproducibility are paramount.

A typical scienti�c work�ow in ChemFlow is composed of a series of well-de�ned

actions, each with speci�c input and output data, directed towards a de�ned objec-

tive. These activities are often visualised as a directed acyclic graph (6.2), where each

node represents a task and edges de�ne the dependencies between these tasks. This

graphical representation ensures that dependencies are respected and that tasks are

executed in the correct sequence, enhancing the clarity of the process.

The use of work�ows in ChemFlow is primarily aimed at accelerating scienti�c

discovery. By automating repetitive tasks, the platform reduces human error and

frees researchers to focus on more complex analytical tasks. Work�ows are designed

to scale ef�ciently with increasing data sizes or computational needs, which is es-

sential for managing the expanding datasets typical in bioinformatics. Furthermore,

once established, these work�ows can be easily adapted and reused for different

projects with similar requirements, signi�cantly reducing the startup time and effort

for new initiatives.

Work�ows may range from simple, linear chains of tasks to complex graph-

structured con�gurations, depending on the complexity of the objectives and data

involved. Typically, a work�ow includes the input, which could be raw or pre-

processed data such as genetic sequences, protein structures, or drug compound

databases; the transformations, which are computational or analytical operations ap-

plied to the input; and the output, which are the �nal results such as newly designed

drug compounds, a set of protein structures, or detailed report of the �ndings.

6.3.2 LLM

LLMs, also known as foundational models, are transformative machine-learning

technologies that have the potential to reshape human-machine interaction. These

models, such as ChatGPT from OpenAI [39], LLaMA from Meta [297], and PaLM

from Google [57], are built on extensive transformer-based architecture. Due to the

massive amounts of internet-scale data employed in their training, they gain general-

purpose language processing and generation capabilities, such as text summarisa-

tion [40], generating creative content [40], question-answering [40] and even prob-

lem solving [40, 326].

The quest to bridge the communication gap between humans and machines has

evolved signi�cantly over time. From initial efforts to encode voltages in wires as

binary digits to the creation of high-level programming languages with rigorously
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FIGURE 6.3: ChemFlow Architecture.

de�ned syntaxes, each advancement has brought the point of communication closer

to natural language. LLMs represent a critical milestone in this evolution, establish-

ing a foundation for a future where the symbiotic relationship between researchers

and machines is deeply enriched.

In the context of ChemFlow, LLMs play an essential role in lowering the learning

curve and democratising access through the translation of natural language descrip-

tions into work�ow representations. These models interpret the textual descriptions

provided by users to delineate the work�ow's structure, detailing the nodes, their

attributes and parameters, and de�ning the connections between them. This capa-

bility enhances the platform's usability by allowing researchers to input complex

work�ow descriptions in a simple, intuitive language, which the LLM then converts

into a structured format ready for computational processing.

6.3.3 Architecture Design

One of the main design objectives of ChemFlow is to streamline the complex prob-

lem of protein design, with an accent on user accessibility. At its core, ChemFlow

seeks to alleviate the technical burdens often encountered by scientists, enabling

them to engage with the platform through intuitive and natural language interfaces.

This user-centric approach ensures that the platform is not only powerful but also ac-

cessible to researchers from diverse backgrounds, regardless of their computational

expertise.

ChemFlow's architecture is partitioned into distinct layers, each serving a differ-

ent purpose in the work�ow of protein design. The presentation layer, or the front

end, is crafted to provide an interactive and intuitive user experience, facilitating

effortless expression of intent. This interface is the gateway through which users

interact with the system, and for this reason, it prioritises a user experience that is

intuitive for beginners yet robust enough for advanced users.

The logical layer acts as the orchestrator, seamlessly integrating the various com-

ponents of ChemFlow. This middle layer coordinates the interaction between the

user interface and the computational backbone, ensuring the user work�ows are
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processed in the correct order and providing access to input data. It plays an es-

sential part in being responsible for the work�ow's data management and correct

execution.

The computing layer, including the LLM provider and various Protein Property

Clients, is responsible for the computational `heavy-lifting`, processing complex data

and executing sophisticated algorithms that underpin the protein design process.

The LLM provider, powered by OpenAI GPT [221] API, leverages large language

models to interpret and transform natural language into con�guration strings, while

the Protein Property Clients handle speci�c tasks such as protein folding predictions

and protein function predictions.

ChemFlow capitalises on the automation capabilities and extensive knowledge

base of the LLMs while negating issues like hallucinations through the rigorous

grounding and validation processes. This increases the reliability and accuracy of

the outputs, supporting the intuitive interaction with the platform through natural

descriptions.

Together, these layers form a robust architecture that supports the dynamic needs

of protein design and enhances the research efforts through the easy application of

scienti�c work�ows. The integration of advanced computational techniques allows

ChemFlow to offer signi�cant advantages over traditional scripting approaches. Be-

sides eliminating the need for programming skills, it also maintains a comprehen-

sive record of the computational graph and parameters used, provides uniform ac-

cess to computational components, and effectively manages the complexities associ-

ated with multiple compute nodes and job scheduling systems.

Front End

FIGURE 6.4: Snapshot of the Work�ow Design GUI of ChemFlow.
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The front end of ChemFlow (Fig. 6.4) serves as the user's primary point of inter-

action with the platform, offering an intuitive environment for designing and man-

aging protein design work�ows. Developed using the JavasScript programming lan-

guage, ChemFlow's front end leverages the Vue.js framework along with the Vuetify

component library to ensure a responsive and aesthetically pleasing user experience.

This combination allows for a single-page web application that ef�ciently handles

user interactions and data updates without requiring page reloads.

Within this framework, ChemFlow incorporates features that streamline the work-

�ow creation and modi�cation processes. Users have the unique capability to gen-

erate work�ows from natural language descriptors through the platform's seamless

integration with LLMs. For those who prefer a more traditional hands-on approach,

an interactive drag-and-drop interface allows users to visually design work�ows,

placing and connecting nodes on a canvas in a manner inspired by visual program-

ming paradigms.

The front end also provides a high-level visual representation of the LLM-generated

work�ows for detailed inspection and correction. This feature ensures the accuracy

of work�ow interpretation and enables straightforward modi�cation before com-

mitting to the work�ow and starting to its execution. The inspection is realised

using the same component as the traditional drag-and-drop design interface.

FIGURE 6.5: Snapshot of the Work�ow Visualisation of ChemFlow.
Green - Nodes that have �nished processing; Yellow - Nodes cur-

rently being processed; White - Nodes yet to be processed.

Once the work�ow is generated and the user has validated and submitted it

for execution, a web-based dashboard displays the real-time status, allowing for

monitoring of the progression of the computational tasks, in a component similar

to the manual work�ow design one (Fig. 6.5), designating nodes that have �nished

processing with green, nodes that are currently processing with yellow, and nodes

yet to be processed without a coloured border. One signi�cant distinction from the

manual design view is that upon clicking on an executed node, the output, or a
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summary of the output, can be visualised alongside the parameters used for the

execution.

The front end of ChemFlow prioritises a user-centric design ethos, making ad-

vanced protein design tools accessible and functional for a diverse range of users,

from expert researchers to those new to the �eld of bioinformatics.

Back End

The back end of ChemFlow is implemented using the Python 3.9.6 programming

language. It leverages the Flask framework through the Flask RESTful API for re-

quest processing and handling, supporting the request-based communication chan-

nel between the user interface, the orchestrator, and a subset of the property servers.

The REDIS in-memory key-value store is essential to the back end architecture,

serving as an in-memory data structure database that manages the state and data

of the diverse work�ows. This functionality is indispensable for maintaining the

integrity and continuity of work�ows, allowing for consistent performance across

multiple sessions.

LLMs play a central role in ChemFlow work�ow generation and, a signi�cant

support role in the execution of work�ows. Initially, LLMs generate a comprehen-

sive computational graph from the natural language description written by the user.

The computational graph outlines the sequence of operations and their dependen-

cies. After graph generation, LLMs con�gure each node within the graphs with the

appropriate parameters.

The process of generating work�ows involves several phases. Initially, the user-

provided description, enriched with contextual information, is processed by an LLM

to extract the computational graph. This graph details the necessary operations and

their connection based on available plugin functionalities. Once generated, the com-

putational graph undergoes a validation process to identify and rectify any errors,

followed by an optimisation step to ensure the most ef�cient representation. Each

node within the graph is then con�gured individually using the YAML API descrip-

tion to generate each node's settings.

The execution process is initiated upon a work�ow submission, starting parallel

processing for all nodes with no dependencies. As each node completes its tasks,

the system updates its status and places the generated data on a dedicated data bus,

which manages the �ow and integrity of data across the work�ow. Upon the place-

ment of the data on the common data bus, a search is initiated for all the nodes that

have all their dependencies resolved; each of the nodes with complete dependencies

is triggered and executed. This process is repeated until all of the nodes have been

processed.

The option to deploy the back end locally, and therefore, the data bus, brings

a signi�cant advantage in ensuring data integrity and security. The local deploy-

ment ensures that all sensitive information is securely maintained within company
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infrastructure, safeguarding intellectual property and data privacy. The data bus in-

tegrates all provided and generated data throughout the execution process, ensuring

data continuity and maintaining data governance.

ChemFlow's back end implements a novel error-handling mechanism through

its automatic error resolution approach, which is enabled by the use of LLMs. The

error text message, together with the YAML con�guration �les, are provided to the

LLM in order to produce a solution and reduce the hallucination risk by grounding

the LLM's output.

ChemFlow interfaces with a distinct array of external property computing servers,

each dedicated to calculating speci�c protein properties. These servers operate out-

side the core ChemFlow infrastructure and communicate with the ChemFlow back-

end through web requests de�ned within their respective plugins. The current

lineup includes servers such as PsGO, Silver Surfer (Chapter 5), PROFASA (Chapter

6) and Gmail, supporting functionalities like PDBID search for retrieving proteins

based on their database identi�ers, Parametric Search for retrieving proteins based

on their property parameters, Silver Surfer for parametric protein design, protein

folding for structure prediction, and emailing results for noti�cation and distribut-

ing outcomes.

By integrating these advanced technologies, ChemFlow's back end supports the

operational requirements of complex bioinformatics work�ows and enhances the

platform's overall reliability and user experience. Due to the plugin design of the

property computing nodes, ChemFlow is poised to remain a cutting-edge tool in

the �eld of protein design, capable of meeting the diverse needs of the scienti�c

community.

6.4 Impact On Protein Design

The advent of ChemFlow and PROFASA into the protein design process represents

a transformative approach that signi�cantly accelerates scienti�c research by pro-

viding a uni�ed point of contact for accessing and analysing protein properties.

The consolidation into a single platform dramatically reduces the time and effort

required for researchers to switch contexts between different computational tools

and data endpoints. Traditionally, scientists have had to navigate through multiple

systems to gather necessary data and perform diverse analyses, a process that is not

only time-consuming but also prone to errors and dif�culties during data transfer.

By serving as a central hub, ChemFlow eliminates the need for constant switching

and data transfer between different tools, thereby enhancing productivity and re-

ducing the risk of data loss.

The automation of work�ow generation and execution by ChemFlow signi�-

cantly reduces the technical burdens traditionally placed on scientists. In the fast-

evolving �eld of protein design, the ability to automate and integrate new SOTA

models into complex work�ows is invaluable. This automation supports researchers
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by managing the technical complexities of data processing and analysis, allowing

them to focus on scienti�c questions rather than the operational details of compu-

tational tools. ChemFlow leverages language models to interpret natural language

and generate precise scienti�c work�ows, simplifying the user experience and mak-

ing advanced computational tools accessible to a broader scienti�c community.

Together, ChemFlow and PROFASA streamline the scienti�c process and en-

hance the reliability and ef�ciency of protein design projects. By automating and

integrating essential tools and functionalities, these platforms provide researchers

with powerful resources that support rapid iteration and re�nement of hypotheses.

This, in turn, speeds up the discovery process and ensures that the results are repro-

ducible, pushing the boundaries of protein design and achieving a new standard for

computational support in bioinformatics research.

6.4.1 PROFASA Results

The PROFASA platform is instrumental in transforming the landscape of protein

design through its comprehensive suite of tools, which integrate analysis, superim-

position, structure-based searching, and protein folding functionalities into a user-

friendly interface.

PROFASA's Analysis section is designed to provide a deep understanding of

various structural, sequence-based and functional parameters. Users initiate this

process by uploading a PDB �le, after which PROFASA computes various structural

and functional metrics. The platform handles this data and produces a detailed PDF

report containing the results.

The Superimpose function of PROFASA allows for the comparative analysis of

protein structures. By overlaying two or more 3D structures, researchers can visually

assess and study structural variations. This capability is crucial for examining the

effects of mutations, alterations in functional sites, or the optimisation of novel pro-

tein fragments. PROFASA provides a live, interactive 3D visualisation of the input

PDB �les superimposed based on metrics such as the RMSD and GDT_TS.

The Structure Blast function unique to PROFASA extends beyond traditional

sequence-based BLAST analyses by not only �nding matches for full or partial user-

de�ned sequences but also visualising these matches in 3D. This functionality en-

ables users to see how domains and fragments from various smaller proteins might

�t together in larger complex proteins, providing insights into protein evolution and

function that are not readily obtainable through conventional methods.

For sequences with unknown structures, PROFASA can utilise tools from the

Fold section to predict their conformations. This section has a focus on user experi-

ence, allowing users to fold multiple protein sequences simultaneously and offering

them a choice between modelling tools like I-TASSER and AlphaFold. The generated

structures can then be visualised in PROFASA's integrated, interactive molecular vi-

sualisation tool. Unlike other protein analysis and folding software, PROFASA's
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one-stop-shop approach allows users to interact with their 3D protein structures di-

rectly on the same platform. This integration enhances user experience, providing

an uninterrupted work�ow and enabling more dynamic interaction with the protein

models.

The platform's comprehensive toolset and integrated approach reduce the tech-

nical barriers typically associated with advanced protein analysis and design, as well

as eliminating the context-switching cost, making it more accessible to a broader

range of researchers.

6.4.2 ChemFlow Response

The assessment of ChemFlow's impact on protein design was evaluated through a

combination of internal testing, user feedback, and small-scale experimental tests.

These assessments have provided valuable insights into both the performance of the

platform and its user interface, guiding a future development path.

Frontend

From the front end perspective, user feedback has been overwhelmingly positive,

particularly with regard to the intuitive nature of the drag-and-drop interface. Users

have appreciated the ability to construct and modify work�ows visually, which sig-

ni�cantly simpli�es the process of designing complex bioinformatics experiments.

The real-time visualisation of work�ows has been highlighted as a desirable feature,

providing immediate feedback on work�ow structure and status.

Users have also expressed a desire for additional features, such as the imple-

mentation of work�ow loops and automated triggers. These suggestions indicate

a desire for more dynamic and �exible work�ow management tools, automating

repetitive tasks and responding to conditional changes. This feedback indicates pos-

sible paths for further development.

Backend

The backend of ChemFlow has demonstrated robust performance, effectively man-

aging diverse workloads and ensuring reliable work�ow execution. The architec-

ture's ability to handle everything from simple tasks to more complex multi-step

processes without imposing a signi�cant system burden. This ef�ciency is largely

attributed to the system's focus on processing API responses rather than heavy com-

putational tasks.

The dual deployment capability, allowing users to operate the system either in a

cloud environment or locally, has been particularly well-received. This �exibility not

only caters to different user preferences and requirements but also enhances data se-

curity and operational control, which are crucial in sensitive research environments.
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Work�ow Generation

The Work�ow Generation feature of ChemFlow plays a foundational role in stream-

lining the protein design process by automating the conversion of scienti�c inten-

tions into executable work�ows and in the automated error resolution. This func-

tionality signi�cantly reduces manual intervention, allowing researchers to focus on

core scienti�c inquiries. Large-scale testing was not pursued due to the high cost

and the challenges of creating the extensive datasets required to accurately sample

the space of work�ows. Instead, small-scale evaluations have been conducted to

validate the approach.

In these small-scale tests, the generated work�ows were found to be correct and

optimal in 90% of cases, showing the high ef�ciency and accuracy of the approach.

Out of the remaining 10%, 8% of the cases were found to produce the correct output

but included unnecessary steps, and the rest of 2% of the cases failed to produce the

desired output. These tests have been instrumental in the development of Chem-

Flow's prompting strategy.

User feedback has been overwhelmingly positive regarding the ability to gener-

ate work�ows from natural language descriptions. Users appreciated this feature

as it lowered the technological barrier to entry for complex bioinformatics tasks.

The translation from natural language to executable work�ows generally met user

expectations and was seen as a valuable tool for enhancing user engagement and

interaction.

Overall, the response to ChemFlow indicates a strong foundation with ample

room for further enhancements. The feedback has been instrumental in identifying

key areas for further development and ensuring the platform covers the needs of the

scienti�c community, facilitating protein design.

6.5 Technical Innovations - LLM prompt optimisation

The optimisation of language model prompts represents a nascent �eld in machine

learning. ChemFlow incorporates a novel set of prompt optimisation strategies

for re�ning the interaction between human researchers and machine learning mod-

els. These strategies include prompt style transfer, prompt rephrasing, iterative im-

provement and ranking, and prompt correction. Each strategy is designed to im-

prove the quality and accuracy of the responses generated by the large language

model according to a different aspect of natural language understanding.

6.5.1 Prompt Style Transfer

The Prompt Style Transfer strategy (Fig. 6.6 a) is one of the four prompt optimisation

pillars supporting ChemFlow. This technique involves instructing the LLM to rein-

terpret user descriptions by converting them into the technical language and style

characteristic of computer science. The motivation behind this strategy stems from
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FIGURE 6.6: Visual representation of the 4 optimisation concepts em-
ployed by ChemFlow; a) Prompt Style Transfer, b) Prompt Rephras-
ing, c) Prompt Iterative Improvement and Ranking, d) Propmt Cor-

recting.

the observation that LLMs generally perform sub-optimally in languages other than

English.

Empirical experiments have demonstrated that utilising a well-de�ned techni-

cal language can signi�cantly enhance the quality of the outputs generated. This

improvement is believed to be due to the LLM's architecture, which functions akin

to an ensemble of roles tailored to different contexts and styles of communication.

By employing speci�c technical terminology, the model is prompted to adopt a

more analytical and precise "technical role," facilitating more accurate and context-

appropriate responses. This effect is supported by the �ndings of Bhargava et al.

in their "What's the Magic Word? A Control Theory of LLM Prompting" [24] work.

Further supporting this hypothesis is the work of Yin et al. [328]; they have observed

that the effectiveness of the network is in�uenced not only by the language but also

by the level of politeness used in the prompt.

6.5.2 Prompt Rephrasing

Prompt Rephrasing (Fig. 6.6 b) is another of the prompt optimisation pillars sup-

porting ChemFlow; it focuses on enhancing the ef�cacy of language model interac-

tions by generating alternative descriptions that retain the core essence of the initial

prompt. This technique is rooted in the observation that subtle variants in the initial

words of a prompt can signi�cantly in�uence both the performance and the direc-

tion outcome of the model's responses. This phenomenon, where slight lexical shifts

can steer the computational process in entirely different directions, is supported by

the �ndings of Bhargava et al. [24].
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FIGURE 6.7: Visual depiction of the conceptual inspiration for the
Prompt Rephrasing strategy. a) Yellow circle denotes the correct an-
swer; Green dot denotes the starting point with the initial prompt;
b) Blue dots indicate starting points obtained from prompt rephras-

ing; c) Blue dots after �nishing the prompt evaluation.

The methodological inspiration for prompt Rephrasing comes from Genetic Al-

gorithms. In this context, we treat each rephrased prompt as a member of a pop-

ulation, where the generation of the next token is analogous to following a high-

dimensional �ow �eld described by the LLM's inherent nature. This analogy helps

us appreciate the potential of starting with multiple variations of a prompt: just as

generic diversity in biological populations increases the chances of reaching an op-

timal solution, introducing linguistic diversity in prompt formulations encourages

the model to follow different paths in the same �ow �eld, escaping potential local

optimum spots and increasing the chance of �nding optimal solutions.

Thus, by deploying multiple rephrased prompts that orbit around the same con-

ceptual nucleus, we effectively explore a dense neighbourhood within the model's

�ow �eld. This strategy increases the likelihood of eliciting at least one highly ac-

curate and contextually appropriate response from the LLM, thereby enhancing the

overall reliability and precision of the tool in translating complex scienti�c queries

into actionable computational work�ows.

6.5.3 Prompt Iterative Improvement & Ranking

The strategy of Prompt Iterative Improvement & Ranking is a third pillar supporting

ChemFlow. This strategy leverages the iterative re�nement of responses and the

ranking of multiple solutions to achieve high-quality and precise outcomes. The

approach draws inspiration from concepts discussed by Bubeck et al. [40].

The iterative improvement aspect of the strategy focuses on the enhancement

of existing solutions provided by the network. Initially, the LLM generates a base-

line solution based on the user's initial prompt input. This solution may be fur-

ther optimised. The iterative improvement process involves submitting this ini-

tial solution back to the LLM, accompanied by a request for more re�nement. The

model is tasked with reevaluating the solution, identifying potential inef�ciencies

and proposing modi�cations or alternatives to enhance the quality and performance

of the outcome.
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The ranking aspect of this strategy involves presenting the LLM with multiple

generated solutions to the same problem. The model evaluates these alternatives,

focusing on the solutions' �delity to the original prompt and their computational

ef�ciency. The ranking process prioritises solutions that adhere closely to the user's

speci�ed requirements and show a higher ef�ciency in the amount of computing

resources used to execute the work�ow.

Together, these aspects provide a mechanism for re�ning and selecting the opti-

mal solutions in an LLM-driven work�ow. Through iteratively improving responses

and evaluating the responses, ChemFlow can help improve the quality of the pro-

duced responses.

6.5.4 Prompt Correcting

The Prompt Correction strategy represents the last prompt optimisation pillar that

supports ChemFlow. This method involves presenting the LLM with a previous

incorrect response alongside the error message generated during API calls or com-

putational validation. The model is then tasked with analysing the feedback and

generating a corrected answer. This approach is particularly effective for two main

reasons.

Firstly, the training corpus of LLMs often includes substantial amounts of con-

versational data from technical forums such as Stack Over�ow. When an error is

reformulated in the context of a query, it mimics the format of questions typically

found in these forums. This familiarity encourages the LLM to switch to a "problem-

solving role", enhancing its ability to understand the context of the error and provide

a more accurate solution.

Secondly, focusing on the error speci�cs helps pinpoint the exact nature of the

problem, providing the LLM with essential insights into where the computational

process deviated from expected outcomes. The error text not only highlights what

went wrong but often also contains clues about how to correct the issue. By leverag-

ing this detailed feedback, the model can adjust the erroneous solution to the correct

one.

This strategy improves the accuracy of the results and signi�cantly grounds the

network's responses, ensuring that they are aligned with the computational con-

straints. Prompt Correcting offers ChemFlow an automated error resolution mecha-

nism.
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6.6 Challenges and Future Directions

6.6.1 Challenges

Despite the signi�cant advancements and capabilities presented by ChemFlow and

PROFASA, several challenges and limitations persist that could impact the effec-

tiveness and scalability of these platforms. Understanding these challenges is fun-

damental for ongoing development.

One of the fundamental limitations faced by ChemFlow and PROFASA arises

from their reliance on multiple external tools to perform various analyses. While

this integration enhances the platforms' capabilities, it also introduces a dependency

on the accuracy and reliability of these external tools. Any errors, limitations, or in-

accuracies in the external tools will directly affect the �nal outcomes produced by

ChemFlow and PROFASA. This dependency makes it imperative to continuously

monitor and validate the external tools to ensure that they meet the required stan-

dards for accuracy and reliability.

Another of the challenges faced by the PROFASA platform is the computational

intensiveness of the analyses performed. The process of folding proteins, predicting

functions, and performing complex simulations requires substantial computational

power and time. This intensity can lead to high operational costs, especially in terms

of computational resources. Maintaining the necessary infrastructure can be expen-

sive and challenging, particularly for facilities with limited budgets.

An additional challenge is presented by the rapid technological advancements

and evolution of SOTA models in bioinformatics. To remain effective and relevant,

platforms like ChemFlow and PROFASA must regularly integrate new and updated

models into their systems. This ongoing need for integration requires constant up-

dates to the platforms and may disrupt existing work�ows. Furthermore, each in-

tegration demands testing and validation to ensure that the new models don't ad-

versely affect existing work�ows.

While ChemFlow and PROFASA employ advanced architectural designs and

prompt engineering to mitigate security risks, one signi�cant threat that is dif�cult

to harden against is the engineering of malicious prompts. ChemFlow partially mit-

igates this by not executing any code generated by the LLM. Despite this, if there is

a vulnerability in any of the parameters of any of the third-party services employed

by the platforms, a malicious actor could potentially leverage prompt engineering

in order to exploit that vulnerability.

Both ChemFlow and PROFASA offer powerful tools for protein design and anal-

ysis, yet they face several challenges that could impact their long-term viability. Ad-

dressing these challenges requires a proactive approach to platform maintenance,

updates, and security management.
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6.6.2 Future Directions

As we advance into the future, several enhancements and expansions are planned

for both ChemFlow and PROFASA to further revolutionise the protein design land-

scape. These future directions are guided by the commitment to improving user

experience, enhancing platform capabilities, and maintaining alignment with the

latest scienti�c advancements.

To enhance the versatility of ChemFlow and PROFASA, additional computa-

tional tools and databases can be integrated into the platforms. This expansion can

include more specialised tools for niche areas of protein search, such as membrane

protein modelling. The integration of diverse tools will provide users with a more

comprehensive suite of options for protein analysis and design, facilitating a deeper

exploration of protein functionalities and interactions.

Recognising the recurring needs of many users, an integrated library of generic

work�ows can be integrated into ChemFlow. These generic work�ows would ad-

dress common tasks in protein design and would serve as a valuable resource, al-

lowing users to either quickly deploy standardised work�ows or to serve as a quick

startup for personal work�ows. These pre-con�gured work�ows would be opti-

mised for performance and validated for accuracy, ensuring that users can rely on

them to produce reliable and reproducible results.

To increase the ef�ciency of data processing within ChemFlow, a further devel-

opment avenue is constituted by the implementation of eager execution strategies.

This approach would allow the platform to start processing dependent nodes on par-

tial data without waiting for all the dependency nodes to complete. Eager execution

would signi�cantly reduce the turnaround time for experiments.

A further direction of development is presented by the potential of LLMs to

extend beyond simple work�ow generation. This avenue explores the possibility

of using LLMs to assist in the deployment and con�guration of Docker instances.

This initiative would provide users with greater �exibility and control over their

computational environments. It would also signi�cantly widen the set of available

tools supported by the platform. This capability would potentially allow automated

SOTA model integration.

These future directions enhance the functionality of ChemFlow and PROFASA

while ensuring that they remain at the forefront of technological advancements in

protein design. By continuously integrating new features and capabilities, the plat-

forms support the evolving needs of the scienti�c community and foster innovation

in the �eld of bioinformatics.

6.7 Conclusion

This chapter has explored the transformative impact of integrated platforms like

PROFASA and ChemFlow on the �eld of protein design and computational biol-

ogy. These platforms embody the convergence of advanced computational methods
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and user-centric design, offering tools that signi�cantly enhance the effectiveness of

protein analysis.

PROFASA and ChemFlow serve as exemplary models of how sophisticated com-

putational capabilities can be made accessible to a broad range of users, from sea-

soned researchers to those without extensive experience. By automating complex

work�ows and lowering the barriers to entry, these platforms democratise high-

level protein design and analysis, enabling more scientists to participate in and con-

tribute to cutting-edge research.

The integration of LLMs within ChemFlow highlights a forward-looking ap-

proach to interface design, where natural language processing facilitates a more in-

tuitive interaction between humans and machines. This innovation not only simpli-

�es the user experience but also streamlines the translation of scienti�c intent into

actionable computational tasks.

The chapter also acknowledges the challenges that accompany the development

and operation of such sophisticated systems. The dependency on external tools

and the need for constant updates and validation to ensure reliability and accu-

racy. Moreover, the computational intensity of some tasks and the rapid evolution

of SOTA models present additional challenges to the platforms.

Looking ahead, the continued development and enhancement of PROFASA and

ChemFlow are pointed to further revolutionise the landscape of protein design. Pos-

sible expansions include the integration of additional computational tools, the devel-

opment of generic work�ow libraries, and the exploration of eager execution strate-

gies to enhance processing ef�ciency. These advancements will likely provide even

more support for scienti�c research and foster greater innovation.

The journey of integrating and developing platforms like PROFASA and Chem-

Flow represents a signi�cant leap forward in the �eld of bioinformatics. As these

platforms evolve, they could play a pivotal role in shaping the future of scienti�c

research, enabling more rapid and profound discoveries in protein design and be-

yond. This development re�ects a broader trend towards more integrated, user-

friendly, and powerful research tools that promise to expand the horizons of what

researchers can achieve.
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Chapter 7

Conclusion and Future Directions

This chapter is the concluding chapter of the thesis. It summarises the key �ndings

of each chapter and suggests areas where further technological and methodological

advancements are expected to drive progress in the context of protein design and

medical science.

7.1 Summary of Key Findings

The thesis has explored the integration of AI within the �eld of bioinformatics, with a

focus on enhancing the drug discovery process. The research conducted has yielded

several key �ndings that underline the transformative potential of AI in protein de-

sign and pharmaceutical development. These �ndings provide a comprehensive

perspective on the capabilities of machine learning technologies to address both ex-

isting and emerging challenges in bioinformatics. Here, we summarise the principal

�ndings from the individual research themes explored.

Chapter 2 established the foundational knowledge necessary for the thesis, cov-

ering critical biological concepts like protein structure and the drug development

process alongside core computational strategies, including various machine learn-

ing algorithms. This background is essential for understanding the subsequent ap-

plication of these technologies in protein design.

Chapter 3 detailed how AlphaFold and AlphaFold2 have signi�cantly advanced

the �eld of protein structure prediction. These technologies have rede�ned predic-

tive accuracy benchmarks and expanded our capabilities to understand and ma-

nipulate protein structures effectively, with AlphaFold's CNN approach and Al-

phaFold2's dual-lane transformer marking substantial advancements.

Chapter 4 explored the parallels between solving jigsaw puzzles and molecu-

lar recognition, offering a novel perspective on identifying and aligning interaction

parts in protein design. This analogy further highlighted how deep learning can

enhance the precision of drug design and improve virtual screening through the ac-

curate prediction of protein-to-protein interaction and molecular recognition.

Chapter 5 focused on the roles of SilverSurfer and PS-GO in revolutionising para-

metric protein design. SilverSurfer's genetic algorithms navigate the protein space

to generate novel proteins with speci�c functionalities, while PS-GO optimises the
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search process in extensive protein databases, demonstrating how these tools collec-

tively enhance the ef�ciency of parametric protein design.

Chapter 6 described the contributions of PROFASA and ChemFlow, platforms

that transform protein design by automating complex computational processes, mak-

ing advanced techniques accessible to a broader scienti�c community. This chapter

emphasised the importance of user-friendly interfaces and work�ow automation in

democratising access to cutting-edge research tools.

7.2 Future Direction

As the �eld of bioinformatics and AI-assisted drug discovery continues to evolve,

there are several promising avenues for future research and development, as iden-

ti�ed throughout this thesis. The potential for signi�cant advancements in protein

structure prediction, molecular recognition, parametric protein design, and compu-

tational platforms offers a roadmap for the next generation of innovations in protein

design and pharmaceutical development.

7.2.1 Protein Strcture Prediction

Future research in protein structure prediction will likely continue to leverage the

properties of Deep Neural Networks, as seen in large language models, where per-

formance seems to increase linearly with model size and data volume. Emulating the

approach of LLMs, foundational models for protein folding could be developed that

are capable of generalising across a variety of biophysical tasks, including the chal-

lenging prediction of membrane proteins. The integration of pertaining strategies

using molecular dynamics simulations may address the current limitations posed by

sparse protein structure data. Efforts to enhance AI explainability in these models

will be crucial for improving their reliability and applicability in drug development

and other biotechnological �elds.

7.2.2 Molecular Recognition

The impact of AlphaFold on understanding protein structures has already been

transformative for drug design. Future directions will likely focus on further au-

tomating drug discovery work�ows using AlphaFold's structural predictions and

embeddings to score interactions between drug molecules and target proteins. MRD

will continue to evolve, utilising generative models to design new ligands or modify

proteins for enhanced ef�cacy, shortening the drug discovery process and improv-

ing targeting precision. Advanced modelling techniques will aim to transform drug

design by accelerating discovery processes and enhancing therapeutic interventions.
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7.2.3 Parametric Protein Design

In parametric protein design, the ongoing development of tools like SilverSurfer and

PS-GO will focus on optimising algorithms for navigating protein space more ef�-

ciently. Future enhancements will likely involve re�ning genetic algorithms and the

integration of more sophisticated machine learning techniques to improve the speci-

�city and functionality of designed proteins, potentially through the use of contin-

uous embedding spaces generated by auto-encoder architectures. This area holds

the promise of signi�cantly advancing our ability to create novel proteins with de-

sired properties, potentially leading to breakthroughs in various applications from

medicine to industrial biotechnology.

7.2.4 Protein Platform

The future of protein platforms such as ChemFlow and PROFASA will involve not

only enhancing the user experience but also expanding platform capabilities. The

integration of additional computational tools and databases will enhance versatility

and address specialised areas. An integrated library of generic work�ows in Chem-

Flow, coupled with the implementation of eager execution strategies, will increase

data processing ef�ciency and provide users with standardised, optimised options

for common tasks in protein design. The potential integration of LLMs to automate

Docker instance deployment and con�guration could offer unprecedented �exibility

and richness of integrated tools, keeping these platforms at the forefront of techno-

logical advancements in protein design.

7.2.5 General Outlook

The intersection of AI and bioinformatics as applied to protein design is poised for

exponential growth. By addressing these future directions, researchers can continue

to push the boundaries of what is possible in drug discovery and protein engineer-

ing, paving the way for more rapid and effective solutions to some of the most press-

ing health challenges facing humanity today.
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