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Abstract

Since the completion of the Standard Model, with the discovery of the Higgs
Boson, there has been a significant shift in the exploration of new physics
to explain deviations between model simulated data and that produced at
the Large Hadron Collider. These investigations are greatly aided by the

integration of advanced machine learning techniques.

Machine learning methods offer powerful solutions for complex collider
physics challenges. However, these models often depend on simulations
that might not fully align with actual physical phenomena. In order to re-
move this model dependency, semi-supervised classifiers can be used. This

solution, however, is not without challenges.

In this thesis, an evaluation of the use and limitations of semi-supervised
classifiers in particle physics is presented. This is achieved by using a well
constrained di-lepton final state dataset to assess the efficacy and ability
of the technique, compared to its supervised counterpart. Following this
baseline study, the S(150) — Z< final state, motivated by the multi-lepton
anomalies at the LHC, is used to perform narrow resonance searches with
semi-supervised Neural Network (NN) classifiers. This work details the
methodology and outcomes of a frequentist study aimed at quantifying the
extent of a trials factor introduced by semi-supervised NN classifiers. This
involves an in-depth analysis of the rate of statistical fluctuations generated
in the training of semi-supervised techniques. A secondary component of
this study is the evaluation of machine learning based data generators, with
emphasis on the Wasserstein Generative Adversarial Network (WGAN), to

produce large quantities of realistic data for physics analyses.

The results of this investigation into semi-supervised techniques, firstly val-
idates the efficacy and ability of these techniques to classify particle events.
This is followed by the frequentist study results, which substantiation that
the trials factor remains suitably managed with the use of semi-supervised
NN classifiers. The insights derived from this research pave the way for
enhancing the reliability of upcoming resonance searches, underscoring the

potential of semi-supervised learning in searches for narrow resonances.
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Chapter 1

Introduction to the Thesis

In the history of humanity, few endeavours have been as transformative
as the pursuit of scientific discovery. Over the last century, advancements
in science have fundamentally reshaped our understanding of the universe
and catalysed societal progress on an unprecedented scale, from innova-
tions in medicine and technology to a deeper understanding of the natu-
ral world. Among these scientific disciplines, High-Energy Physics (HEP)
stands as a monumental testament to human curiosity and ingenuity. It
peels back the layers of our universe to examine its most fundamental con-
stituents, offering revolutionary insights that often blur the lines between
the abstract and the empirically tangible. Within HEP, two methodological
paradigms, bottom-up and top-down, serve as twin pillars in the harmo-
nious relationship between theory and experiment. Historically, the field
was predominantly conducted using a top-down approach. Theoretical
constructs were erected first, often driven by mathematical elegance or over-
arching principles, and their empirical ramifications were then explored
through meticulously designed experiments. This traditional methodology
was instrumental in laying the groundwork for major breakthroughs such
as the prediction and eventual discovery of elementary particles. However,
the landscape of HEP is evolving. Today, the relationship between theory
and experiment is increasingly bidirectional, incorporating elements of the
bottom-up methodology as well. In this approach, researchers draw upon
raw experimental data to refine existing theories or, in some cases, to spawn

entirely new theoretical frameworks. The integration of these bottom-up
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insights with traditional top-down theories creates a more holistic, agile sci-
entific process, allowing for a richer, more nuanced understanding of the
universe’s fundamental makeup. In recent years, the advent of Machine
Learning (ML) technologies has added a new dimension to this complex in-
terplay. By automating data analysis and identifying intricate patterns be-
yond human capability, ML serves as both a mechanism for discovery and a
bridge between theory and experiment, heralding a new era in our ongoing

quest to decode the intricacies of the universe.

As humanities knowledge and understandings of high energy physics have
grown, so too have the size and complexity of the experiments designed to
probe its mysteries. This escalation is most conspicuously exemplified by
the Large Hadron Collider (LHC) at CERN, the world’s largest and most
powerful particle accelerator. However, the scale of the LHC is not just an
engineering feat; it’s a necessity dictated by the increasingly intricate ques-
tions we seek to answer. With the capability to collide particles at near-light
speed, the LHC generates an immense amount of data, petabytes per sec-
ond, that holds the potential for groundbreaking discoveries. This deluge of
data presents both an opportunity and a challenge; while the vast amount of
information increases the odds of detecting rare events and novel phenom-
ena, it also renders some traditional data analysis techniques insufficient.
In this context, ML has emerged as an indispensable tool. Not only is it
able to automate the arduous task of sifting through colossal data sets, but
it also identifies complex, multidimensional patterns that are beyond the
intuitive grasp of even the most experienced physicists. By doing so, ML
technologies amplify the efficacy of our experimental apparatus, ensuring
that theory and experiment continue to evolve in tandem as we deepen our

pursuit to understand the universe at its most fundamental level.

New research conducted using ML methodologies to enhance traditional
analyses are faced with new limitations. One such limitation, that is pivotal
in particle physics discovery, is ML algorithms dependency on the simu-
lated dataset on which it is trained. The particle physics models used to
generate these datasets are structured and therefore limited by our current
understandings of particles and their interactions. This means that the ex-
tent of ML algorithms ability to understand these particles are limited by the
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model informed dataset. In order to discover new physics using ML, meth-
ods must be considered to reduce model dependency and therefore extract
new phenomena which do not necessarily conform to current models of par-
ticle physics. One such method that has the potential to classify HEP data

while reducing model dependency is the semi-supervised ML technique.

When conducting any resonance search, it is crucial to take into account the
look-elsewhere effect to arrive at a statistically meaningful result, i.e. signif-
icance for an excess. This effect refers to the increased probability of find-
ing apparent signals (that are actually statistical fluctuations) when search-
ing over an extended parameter range, usually mass. When using semi-
supervised classifiers, an additional look-elsewhere effect is introduced.
This is due to the fact that the signal sample, used for training, is not pre-
defined like in the fully supervised method and a scan must be performed
on the response distribution to determine the optimal threshold cut. This
scan of the response distribution introduces an additional look-elsewhere
effect that can manifest itself as "fake signals" which can significantly dis-
tort resonance patterns and influence their interpretations [1]. Hence, it is
imperative to evaluate the probability of fake signals produced in the im-
plementation of semi-supervised classifiers and expose it in the form of a
trials factor.

The primary aim of this thesis is to provide a comprehensive investigation
into the semi-supervised ML techniques to extract unknown particle sig-
natures from known background processes. This includes an evaluation
of the efficacy of semi-supervised techniques to classify data produced at
the LHC, compared to more standardised, fully supervised, techniques.
It also includes a comparison of the ability of different machine learning
models to classify data using semi-supervised techniques. The thesis con-
cludes with a novel analysis aimed at measuring the extent of an additional
look-elsewhere effect, in the form of fake signals, introduced when using
these techniques. This study focuses on exposing new physics using the
2HDM+-S model.

In addition, this thesis explores the potential of ML based data generation
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techniques, such as the Generative Adversarial Network, to generate realis-
tic particle physics events for analyses. These techniques offer the potential
of reducing time and CPU load when generating large dataset samples for
HEP studies.

Finally, this thesis was conducted during a period of unprecedented chal-
lenges brought forth by the COVID-19 pandemic. As the severity of the cri-
sis deepened, both provincial and national governments, especially within
South Africa, urgently sought data-driven solutions to effectively combat
the virus’s rapid spread and its cascading impacts. To this end, extended
research was applied to harness and adapt the intricate scientific method-
ologies, traditionally employed in subatomic particle physics, as a novel
means to tackle the pandemic. By amalgamating these scientific techniques
with epidemiological modelling and the power of machine learning, this
research provided invaluable insights to inform policy decisions, thereby
aiming to alleviate the immense strain on our healthcare systems and chart
a data-informed course through the turbulent times.

The structure of this thesis is laid out as follows. Firstly, Chapter 2 lays the
groundwork by introducing the Standard Model (SM) of particle physics
and delving into Beyond the Standard Model (BSM) studies, thereby in-
troducing and motivating the foundational theoretical model for the re-
search. Chapter 3 takes readers on an exploration of the ATLAS experiment,
the LHC, and CERN, which form the cornerstone of the experimental data
utilised in this work. In Chapter 4, we pivot towards the domain of arti-
ficial intelligence, specifically introducing and elaborating on the machine
learning techniques and models that underpin this research. In Chapter 5,
the di-lepton dataset is introduced before being used to compare the fully
supervised and semi-supervised learning techniques. This chapter offers a
preliminary evaluation of semi-supervised classifiers by comparing differ-
ent models with their fully supervised counterparts. The models include the
Boosted Decision Trees (BDT), Multi-Layer Perceptrons (MLP), and Deep
Neural Networks (DNN). Thereafter, Chapter 6 presents the selected Zv
tinal state dataset before introducing a novel study methodology, and re-
sults that expose additional look elsewhere effects introduced when using
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semi-supervised techniques to classify HEP data. Finally, Chapter 7 pro-
vides a conclusion, drawing threads from the preceding chapters to weave
a cohesive narrative. In addition, two appendices enrich the discourse: Ap-
pendix A offers an extended evaluation of data generation methods an-
chored in machine learning, while Appendix B focuses on the application
of scientific methods for the COVID-19 pandemic in South Africa.






Chapter 2

Particle Physics Introduction

2.1 The Standard Model of Particle Physics

Since the 1930s, the collaborative efforts and groundbreaking discoveries
of numerous physicists have yielded profound insights into the nature and
interactions of fundamental particles. These particles, which serve as the
elemental constituents of matter, are subject to the influence of four funda-
mental forces that govern their behaviour. Emerging in the early 1970s, the
Standard Model (SM) stands as a testament to human intellect’s ability to
synthesise intricate understandings of these particles and three of the fun-
damental forces that shape their interactions [2]. The SM is written in the
language of quantum field theory (QFT), as matter at a fundamental level is
made up of fields. The culmination of this intellectual journey was realised
in 2012 with the pivotal detection of the Higgs boson, achieved through the
concerted endeavours of the ATLAS [3] and CMS [4] collaborations. The SM
was completed with the discovery of the Higgs boson, and can be described
in the form of groupings of fundamental particles, as shown in Figure 2.1.

Every constituent particle encompassed within the prevailing SM has un-
dergone rigorous scrutiny and validation across a wide spectrum of ex-
periments and observations. This section will firstly outline the theoretical
structure of the SM, followed by an introduction of BSM studies. The exper-

imental apparatus used to observe these particles is described in Section 3.
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FIGURE 2.1: Overview of the Standard Model particles: Show-

casing fermions (quarks and leptons), gauge bosons (force car-

riers), and the Higgs boson. This diagram encapsulates the

three generations of matter and fundamental forces in particle
physics.

2.1.1 Particles in the Standard Model

In the SM, particles are broadly classified into two main categories: fermions
and bosons. Fermions, representing matter particles, and bosons, denoting
force carriers, are distinguished not only by their spin but also by their in-
teractions and how they organise into larger groups.

Matter particles

The matter that makes up the physical world consists of atoms. Each atom
consists of a nucleus surrounded by one or more electron. The atomic nu-
cleus consists of a combination of protons and neutrons. Both protons and
neutrons fall under the category of baryons and are composed of quarks.
More specifically, a proton is made up of two up quarks and a single down
quark, while a neutron is composed of two down quarks and a single up

quark. All matter can therefore be broken down into a combination of up
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and down quarks, together with leptons in the form of electrons and cosmic

neutrinos.

Fermions, often referred to as matter particles, manifest in two fundamen-
tal varieties: quarks and leptons. Characteristically, fermions possess half-
integer spins (3, 3, etc), adhering to the Pauli exclusion principle, and ex-
hibit antisymmetric wave-functions in quantum mechanics. This implies
that two fermionic particles cannot concurrently occupy the same quantum

state.

Fermions can be divided into three generations which differ in mass and
flavour quantum number, yet have identical electric and strong interactions.
Early generation fermions are lighter and more stable, where later genera-
tions are progressively heavier and more unstable. Therefore, the unstable
heavier particles, in the higher generation, decay into first generation parti-
cles to become stable, which makes up everyday matter (electrons orbiting

bound states of quarks or more simply protons and neutrons).

Quarks obey the "confinement" principle and naturally group together to
form hadrons (protons, neutrons, pions, etc.). The SM quarks are exposed
in terms of their type, generation and associated mass, in Table 2.1. The

up-type and down-type quarks have respective charges of % and —%.

Quarks
| First generation | Second generation | Third generation

) Up quark (u) Charm quark (c) Top quark (t)
Up-type | 5 3007\ ey

1.275 £ 0.025GeV | 173.21 £+ 0.87 GeV
Down quark (d) | Strange quark (s) | Bottom quark (b)
D -
OWR-YPE | 4 §+05 MeV 95 + 5 MeV 4.66 +0.03GeV

TABLE 2.1: The Standard Model quarks and their associated
masses organised by generation. Quoted masses are expanded
upon in Ref. [5].

Leptons, which do not participate in the strong nuclear force, include parti-
cles such as electrons and neutrinos. The SM leptons are shown in terms of
their type, generation and associated mass, in Table 2.2. The charged leptons
have a charge of —1 while the neutral leptons have no charge.
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Leptons
| First generation | Second generation | Third generation
Char Electron (e) Muon (u) Tau (1)
A8E | 0511 MeV 105.66MeV | 1776.86 = 0.12MeV
Electron Muon Tau
Neutral . . .
neutrino (v,) neutrino (vy,) neutrino (v)
<2eV <2eV < 2eV

TABLE 2.2: The Standard Model leptons and their associated
masses organised by generation. Quoted masses are expanded
upon in Ref. [5].

Each particle introduced is paired with a corresponding anti-particle, which

shares the same mass but has an opposite charge. Thus, for every fermion

there exists an anti-fermion with identical mass and inverse charge.

Force-carrier particles

In our universe, there exist four cardinal forces that govern the interactions

of matter and energy. These forces are:

1. The gravitational force: The force acting between any two objects

with mass. It is the weakest of the forces but is able to act over an

infinite range.

. The electromagnetic force: This force governs the attraction of oppo-

site electric charges and the repulsion of similar charges. Significantly
stronger than gravity but weaker than the strong nuclear force, it un-

derpins the chemical behaviour of matter and the properties of light.

. The strong nuclear force: The fundamental force that occurs between

quarks, binding them together to form protons, neutrons, and other
hadronic particles. This is the strongest of the forces and acts upon a
short-range, on the order of a nucleon’s diameter. The residual effects
extend further to bind protons and neutrons together, in the atomic
nucleus, opposing the strong repulsion of positively charged protons.

. The weak nuclear force: The fundamental force that is responsible for

radioactive decay and participates in nuclear fission and fusion. It is



2.1. The Standard Model of Particle Physics 11

only stronger in magnitude than the gravitational force and has a very
short range, smaller than the diameter of a typical nucleus.

These fundamental forces result from an exchange in energy of force-carrier
particles, bosons. The transfer of discrete amounts of energy between parti-
cles, is achieved through the exchange of bosons. The SM bosons are there-
fore interaction mediators. Bosons, unlike fermions, have integer spin (0,
1, 2, etc.) and do not obey the Pauli exclusion principle. Therefore, bosons
have quantum mechanical wave functions that are symmetrical and are able
to form condensates.

For each of the fundamental forces there is a corresponding boson, carrier
particle. These interaction mediators are in the form of spin 1 bosons, that
are exposed through specific symmetries that must be obeyed by nature.
These symmetries are known as gauge symmetries, leading to the interac-
tion mediators to be referred to as gauge bosons. In the realm of funda-
mental forces, the electromagnetic and strong nuclear interactions are medi-
ated by the massless photon, 7, and gluon, g, particles, respectively. While
the weak nuclear interaction is transmitted through the massive W+ and
Z gauge bosons, which have measured masses of 80.385 £ 0.015 GeV and
91.1876 £ 0.0021 GeV, respectively [5]. Gravity, as described by general rel-
ativity, is postulated to be conveyed by a spin-2 gauge boson termed the
graviton. Nonetheless, due to gravity’s weak magnitude on microscopic
scales and its distinct theoretical description, integrating it into the quan-
tum framework remains a challenge. To date, no experimental data has
definitively confirmed the existence of the graviton. Table 2.3 provides an

overview of the fundamental forces and their corresponding bosons.

The Higgs Boson

The SM is said to be complete with the addition of the massive Higgs bo-
son particle. The Higgs boson is a spin-0 scalar particle with a mass of
125.09 £ 0.24 GeV [6]. Unlike gauge bosons, the Higgs interaction is not me-
diated by a gauge field. The existence of the Higgs boson (and the masses
of all known massive elementary particles) was first suggested by Glashow,

Weinberg, and Salam, in their theoretical descriptions of the electroweak
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Gauge bosons

Force | Electromagnetic | Strong nuclear | Weak nuclear
W= boson
Bosons Photon (7y) Gluon (g) 80.385 + 0.015 GeV

Z boson
91.1876 = 0.0021 GeV

TABLE 2.3: The Standard Model gauge bosons, the funda-
mental force they mediate and corresponding masses. Quoted
masses are expanded upon in Ref. [5].

symmetry breaking [7-9]. These theories led to Peter Higgs theorising the
Brout-Englert-Higgs Mechanism, that breaks electroweak symmetry in the
SM, giving mass to particles through couplings, and therefore predicting
the Higgs boson [10, 11]. The Higgs boson was experimentally discovered
in 2012 by the ATLAS and CMS Collaboration [3, 4].

According to the SM, the Higgs boson, h, can decay into pairs of fermions
or bosons. The mass of the Higgs boson is however not predicted by the
SM, but the production cross-section and branching ratios can be calculated
with high precision using the Higgs measurement. The Higgs mass, my,, is
therefore a free parameter within the SM. The probability of the Higgs bo-
son decaying into a given particle, is expressed as a branching ratio. The
branching ratios and total uncertainty of the Higgs boson are shown in Fig-

ure 2.2.

The branching ratios shown in Figure 2.2, demonstrate that the decay modes
change in prominence depending on the Higgs mass, m;,. Therefore, the
diagram exposes that the probability of the Higgs decaying into a certain
particle or group of particles, is dependent on the mass of the Higgs. Cur-
rent experimental measurements indicate that the quantum numbers and
relativistic branching ratio to SM particles are consistent with SM predic-
tions [13, 14].
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FIGURE 2.2: Standard Model Higgs boson decay branching
ratios and total width [12].

2.1.2 The Standard Model Lagrangian

The SM can be described using group theory notation [15], encapsulating
it as a gauge quantum theory underpinned by the internal symmetries of
the unitary product groups. Specifically, the strong interactions are gov-
erned by the third-order special unitary group, SU(3), while the electroweak
forces are described by the combined groups of SU(2) and U(1). Within this
framework, U(n) represents an nt'-order unitary group, comprising all n by
n unitary matrices, and its subset, SU(n), includes those unitary matrices
with determinant one. Theories constructed around the SU(n) groups fall

under the category of Yang-Mills theories [16].

The mathematical framework of the Standard Model (SM) is based on gauge
quantum field theory, characterized by the internal symmetries of the uni-
tary product group SU(3)xSU(2)xU(1). In order to build an equation to
describe the SM, the equations of motion of particles can be described using
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the Lagrangian of classical mechanics. The Lagrangian, L, describing the
system dynamics of a particle in spatial dimension x, is defined as:

L=T-V, 2.1)

where T is the kinetic energy of the particle and V is the potential energy
that the particle is moving within. By integrating the Lagrangian of a parti-

cle with respect to time, the action, S, of the particle can be calculated as:

sz/Lm. 2.2)

The basic formulation of the Lagrangian, Equations 2.1 and 2.2, must be
applied to fields. Considering the general field, ®(x#), as a function of
space-time coordinates, x# = (x!,x2,x x*), the Lagrangian density, £, is
a function dependent on the fields and their derivatives. The Lagrangian

density can be written as the sum of a polynomial, v:

L(DPi(x"),0,@;(x")) = Y cxvp(Pi(xt), 0, (x")), (2.3)

where ®(x#) and 9, P(x#) are the general fields and their derivatives re-

spectively for i = 1, 2, 3, 4. ¢, are dimensional coefficients where A

7 ADI
is an energy scale and D > 0. The general fields, ®, can be made up of a
scalar field, ¢, a vector field, i, or both. When considering the particles of

the SM, a generalised version of the SM Lagrangian, Lg), can be written as:

Lspyp=Lg+Lr+ Ly + Ly. (2.4)
The components of this Lagrangian are defined as:

1
EG — _ZFZJUP;‘/IU! (2.5)

Lp=ipPy + h.c., (2.6)
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Ly = lpiyil[Jj(P + h.c, (2.7)

Ly = —|Dup> = V(9), (2.8)

where the terms, L represents the couplings to gauge bosons, Lr repre-
sents the couplings to the fermions, Ly reflects the Yukawa couplings and
Ly represents the couplings to the Higgs boson. The h.c. stands for the
Hermitian conjugate, ensuring that the Lagrangian remains real and thus
physically meaningful. In fermionic couplings, the P denotes the covariant
derivative that incorporates the interactions with the gauge fields, and ¢
represents the fermion fields. The Ly term describes the interaction between
the fermions and the Higgs field. The term represents the Yukawa coupling
where ¢ is the Higgs field, and y; are the Yukawa coupling constants. The
Higgs field Lagrangian term describes the dynamics of the Higgs field, in-
cluding its kinetic, |D,¢|?, and potential, V(¢), energy.

Chirality

Chirality is a property of particles that refers to the "handedness" or ori-
entation of their spin relative to their direction of motion. In the context
of the Standard Model Lagrangian, chirality is important as it determines
the type of interactions that particles can participate in. The Lagrangian in-
cludes terms that describe both left-handed (negative chirality) and right-
handed (positive chirality) particles, with different interactions for each.
The fermionic term of the Lagrangian, Lr, includes fermionic fields, ¢, that
can be decomposed into left-handed and right-handed components. These
components are treated differently in the SM. For instance, in the weak inter-
actions, only left-handed fermions and right-handed anti-fermions partici-
pate. This is a manifestation of the chiral nature of the weak force, which vi-
olates parity symmetry. The Yukawa interactions involve the Higgs field, ¢,
coupling to both left-handed and right-handed fermions. However, the cou-
pling strengths (Yukawa couplings y;) can be different for different chirality
states. This difference is fundamental in giving masses to fermions once the

Higgs field acquires a vacuum expectation value, a process intimately tied
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to the chirality of the fermions. The gauge part of the Lagrangian, particu-
larly for the weak interactions, also reflects chirality. The weak force carriers
(W and Z bosons) couple only to left-handed particles and right-handed an-
tiparticles. This is encoded in the covariant derivative, P, in the fermionic

Lagrangian.

2.1.3 Quantum chromodynamics

The theory of quantum chromodynamics (QCD), describes the actions of
the strong nuclear force. QCD therefore describes the strong interaction be-
tween quarks mediated by gluons. The strong force can be described using
the SU(3)¢ gauge group, where C represents the colour charge. The gluons
are the force carriers, and transmit the strong force between colour carrying
particles, quarks. QCD has three salient properties, namely colour confine-
ment, asymptotic freedom and chiral symmetry breaking. A comprehensive
description of QCD can be found in Ref. [17].

Colour confinement

Colour charged particles cannot be directly detected as they cannot be iso-
lated. This is explained by the first important QCD property, colour con-
tinement, which occurs at low energies. This property exposes the fact that
the force between a quark-antiquark pair remains constant when they are
separated, while the potential energy grows linearly. The result of this is
that the energy in the gluon field increases until a new quark-antiquark pair
is spontaneously produced and hadrons are formed, shown in Figure 2.3.
Hadrons do not have an associated colour charge, and are categorised into
two main types, the mesons (one quark, one antiquark) and the baryons
(three quarks).

Asymptotic freedom

A second important property of QCD, is asymptotic freedom. The asymp-
totic freedom occurs at high energies, and is the phenomenon of the quarks
and gluons interacting very weakly, creating quark-gluon plasma. This is

due to the fact that as the energy scale of the interaction is increased, the
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g3E

FIGURE 2.3: A simplified visual representation of quark
colour confinement.

strength of the interactions between quarks and gluons decreases. When the
energy scale is high enough, the particles no longer interact via the strong

force and are said to have reached asymptotic freedom.

2.1.4 Electroweak theory

Electroweak (EW) theory was introduced by Glashow, Weinberg and Salam,
in order to understand weak interactions [7-9]. The theory unified the de-
scriptions of the electromagnetic and weak nuclear fundamental forces into
a single Yang-Mills theory. In EW theory, left-handed fermions are grouped
into weak iso-doublets, while right-handed fermions are treated as singlets.
Studies on B decay have demonstrated that only left-handed fermions par-
ticipate in charged current weak interactions [18]. This indicates that right-
handed fermions remain invariant under the EW gauge transformations.

The iso-doublets of the left-handed fermions can be expressed as:

u Oy
qr = AL = ( > , (2.9)
<d> L ¢ L

where the left-handed quark, gr, and lepton, ¢, have iso-doublets of up-

and down-type quarks, and neutral and charged leptons respectively.
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These formulations highlight that the EW interaction is described by the
gauge group SU(2);, x U(1)y, where L denotes left-handed fields, and Y sig-
nifies hypercharge. Hypercharge, a conserved quantity articulated by the
Gell-Mann-Nishijima equation [19, 20], is pivotal in the electroweak theory.
It serves as the generator of the U(1) group and is defined by the equation:

Y =2(Q—Ts), (2.10)

where Q is the electric charge and T3 is the third component of weak isospin
of a fermion. The hypercharge is therefore introduced in order to unify the

weak and electromagnetic forces.

Although the EW theory unifies the weak and electromagnetic force, when
the mediators of the electromagnetic force (massless photon) and weak force
(massive W* and Z bosons) are introduced into the SM Lagrangian, the
SU(2)r x U(1)y gauge invariance is destroyed. This is due to the gauge sym-
metry not allowing the inclusion of mass terms, for the gauge bosons, in the

Lagrangian.

2.1.5 Spontaneous symmetry breaking

In order to provide a mechanism by which the fermions and gauge bosons
acquire mass, the electroweak symmetry must be broken. Theorists Robert
Brout, Francois Englert and Peter Higgs developed the Brout-Englert-Higgs
(BEH) mechanism, which gives a mass to the W and Z bosons when they
interact with an invisible field, now called the “Higgs field” [10, 11, 21, 22].
This interaction is called spontaneous symmetry breaking (SSB), and de-
scribes a system in a symmetric state spontaneously ending up in an asym-
metric state. In terms of the SM Lagrangian, which obeys certain symme-
tries, it exposes that at lowest-energy vacuum solutions, these same sym-
metries are not manifested. Therefore, the BEH mechanism shows that a
solution to a given problem does not necessarily have the same symmetry
as the problem. This phenomenon can be explained using the "Sombrero

Potential" shown in Figure 2.4.
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Re(¢) Im(¢)

FIGURE 2.4: Demonstration of Jeffrey Goldstone’s "Sombrero
Potential" for potential function, V(¢).

In a simple idealised model, the SSB can be illustrated using scalar field
theory. Considering the Lagrangian of a scalar field, ¢, where the potential
is given by V(¢),

L— %amaw — V(). (2.11)

The symmetry breaking is triggered in the term, V(¢), which can be ex-
panded as:

1
V(p) = %pﬂ(pz + AP (2.12)

If a positive mass term is considered, #?> > 0, the minima of the poten-
tial will be zero. However, if a negative mass term is considered, ptz <0,

the minima of the potential will lie within a circle of radius v, where v =

\/? . This demonstrates that the symmetry is spontaneously broken and a
non-zero field, known as the vacuum expectation value (vev), is developed.
Fermion and gauge fields couple with the vev, allowing mass terms to be
included in the Lagrangian without destroying the gauge invariance. The
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BEH mechanism therefore is able to provide fermions and gauge bosons
with mass which is consistent with experimental observations. A conse-
quence of the SSB in the SM is the expose and prediction of a massive scalar
particle, the Higgs boson. The Higgs boson, introduced in Section 2.1.1, is

given its mass from this generated vev.

2.1.6 Limitations of the Standard Model

The Standard Model of particle physics, while remarkably successful, does
not encompass all known physical phenomena. Some significant examples
that remain unexplained by the SM include:

¢ Dark Matter and Dark Energy: The SM does not account for dark
matter, an invisible substance inferred from gravitational effects on
visible matter, nor for dark energy, which is hypothesised to drive the
universe’s accelerated expansion. Together, these form the majority of
the universe’s mass-energy content [23].

* Matter-Antimatter Asymmetry: The SM cannot fully explain the ob-
served dominance of matter over antimatter in the universe [24]. Ac-
cording to the "Big Bang" theory, matter and antimatter should have
been created in equal amounts, yet we observe a universe largely com-

posed of matter.

* Neutrino Oscillations and Mass: The phenomenon of neutrino oscil-
lations implies that neutrinos have mass, contrary to the SM’s original
prediction of massless neutrinos [25]. This necessitates an extension to
the SM to incorporate non-zero neutrino masses and understand their

role in the cosmos.

¢ Gravity and Quantum Gravity: The SM does not include a quantum
theory of gravity. Bridging the gap between quantum mechanics, as
described by the SM, and general relativity, which explains gravity,

remains a significant challenge in theoretical physics.

¢ Hierarchy Problem: The SM does not naturally explain the vast differ-
ence in scales between the weak force and gravity, nor why the Higgs
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boson’s mass is much lighter than the Planck scale, indicating the pos-
sibility of new physics beyond the SM.

¢ Strong CP Problem and Axions: The SM’s inability to explain the ab-
sence of Charge Parity (CP) violation in strong interactions (the Strong
CP Problem) has led to the hypothesis of new particles, such as axions,
which could also potentially account for dark matter.

These unresolved phenomena represent some of the most profound myster-

ies in modern physics, driving the search for new theories and discoveries
BSM.

2.2 Physics Beyond the Standard Model

The Standard Model of particle physics has been highly successful in ex-
plaining the behaviour of subatomic particles. However, it has limitations
and cannot account for various phenomena such as dark matter and neu-
trino oscillations. In order to address these phenomena, physicists have
proposed various theories and experiments to expand our understanding
of the fundamental nature of the universe and go BSM. In this section, the
phenomena unexplained by the current SM are expanded upon. This is
followed by introducing the concepts of resonances, discovery significance
and the look elsewhere effect which are fundamental in BSM studies.

In order to address the phenomena presented in Section 2.1.6, extensions
and/or alternatives to the SM are explored. An important connection must
be made to excesses found in run 1 and 2 data, produced at the LHC. These
excesses demonstrate differences between experimental data and simulated
SM data. Many BSM studies therefore explore potential models to explain
these excesses together with these phenomena. In particular, the mechanism
for electroweak symmetry breaking, often attributed to the Higgs sector in
the Standard Model, still has many open questions. This makes it a fertile
ground for exploring new theories that extend the Higgs sector and provide

the opportunities for new bosons.

Resonance searches constitute a pivotal methodology in particle physics for
detecting the existence of novel particles or phenomena. These searches
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are characterised by identifying anomalous peaks within the invariant mass
distribution of detected particle pairs. The concept of "resonance" in this
context pertains to the mass and width of the postulated particle, which
manifests as a distinct peak in the distribution analogous to a resonant fre-
quency in other physical systems. Such resonance searches are instrumental
in scrutinizing deviations or excesses observed in the data generated by the
LHC. Incorporating BSM signals into our analytical framework enables a
comprehensive evaluation of the extent to which these signals can account
for the observed excesses within the SM paradigm. In order to extract these
signal resonances of interest for further study, machine learning classifiers

provide an ideal tool and will be expanded upon in Chapter 4.

The importance of a given resonance is measured using its statistical signif-
icance, commonly referred to as discovery significance. Discovery signifi-
cance quantifies the confidence in distinguishing a true signal from back-
ground fluctuations. It is pivotal in affirming the detection of new particles
or phenomena. Conventionally, a threshold of 5 standard deviations, corre-
sponding to a p-value of 2.9 - 1077, is adopted. This criterion implies that
the likelihood of attributing a signal of such magnitude to mere background
noise is less than one in 2.9 million, thereby offering robust evidence for the
presence of a novel entity.

Identifying new resonances within a specific mass range necessitates a com-
prehensive analysis that goes beyond merely assessing the statistical signif-
icance of localised spikes in observed events. An essential consideration
is the probability of encountering such spikes anywhere within the exam-
ined mass range, a phenomenon termed the "look elsewhere effect" (LEE)
[26]. LEE describes the increased likelihood of mistakenly attributing sig-
nificance to a signal when conducting multiple searches within the same
dataset. This misinterpretation arises because numerous searches elevate
the chances of data fluctuations mimicking a significant signal, even if no

genuine signal exists.

To mitigate this overestimation, the trials factor is employed. This factor
adjusts the significance of an observed signal to reflect the number of con-
ducted searches. In the context of new particle searches in particle physics,



2.3. Multi-Lepton Anomalies and Searches for Additional Bosons 23

the LEE and trials factor are critical. They substantially influence the inter-
pretation of results and the confidence level in any discovery, ensuring a

more accurate and reliable scientific conclusion.

2.3 Multi-Lepton Anomalies and Searches for Ad-

ditional Bosons

The existence of additional scalar bosons can be included in the SM as long
as their role in electroweak symmetry breaking is sufficiently small. This
creates opportunities for the discovery of new bosons and an understanding
of how they would affect the Higgs boson measurement. In order to investi-
gate this possibility, the Two-Higgs-Doublet Model plus singlet (2HDM+S)
can be used to explain the excesses in the LHC Run 1 and 2 data.

In the Two-Higgs-Doublet Model (2HDM), the Higgs sector of the SM, orig-
inally consisting of a single scalar doublet, is expanded by introducing an
additional scalar doublet. This extension results in a richer Higgs spectrum
post-electroweak symmetry breaking, featuring five distinct physical Higgs
bosons: a pair of charged Higgs particles (HF), two neutral CP-even scalars
(commonly denoted as h and H, with h being the lighter), and one neutral
CP-odd scalar (A). The 2HDMs are categorised into various types based on
the unique coupling patterns of the doublets with up-type and down-type
quarks. These include Type-I, Type-II, and other variants, each leading to
different phenomenological implications, particularly in terms of flavour-
changing neutral currents (FCNC) constraints. This diversity in coupling
mechanisms allows 2HDM to provide a broad array of theoretical predic-

tions, offering a fertile ground for exploring new physics beyond the SM.

The notation "+4-S" in 2HDM+S model signifies the addition of a SU(2) sin-
glet scalar field, denoted as S. This singlet scalar introduces a new layer
of complexity by engaging in mixing interactions with the doublets of the
2HDM. Such interactions lead to notable modifications in the properties and
interaction patterns of the Higgs bosons, potentially yielding new physics.
The 2HDM+S is just one of many possible theoretical models containing
additional scalars [27, 28].
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The 2HDM+-S model framework, presented in Refs. [29, 30], introduces two
real scalars, S and x. In this model, the S scalar functions as a portal to dark
matter through its interaction with Y, a dark matter candidate and possi-
ble source of missing transverse energy. A significant aspect of these stud-
ies is the investigation of the decay modes of the heavy scalar, H, within
the model. It is observed that H predominantly decays into pairs of new
singlet scalars (SS* or SS’), where S’ is a new neutral scalar with an ap-
proximate mass of 95GeV, or into a combination of the singlet scalar and
the lighter, Standard Model-like Higgs boson (Sh). This model’s efficacy is
demonstrated by its ability to account for observed deviations in the Higgs
boson’s transverse momentum distributions in LHC runs 1 and 2 data. The
model, motivated by its success in explaining these excesses, was applied to

the multi-lepton anomalies.

The multi-lepton anomalies observed at the LHC [29-37], describe specific
processes characterised by final states containing two or more charged lep-
tons (electrons and muons), with and without hadronic b-jets resulting in
Higgs-like topologies. These occurrences are particularly noteworthy due
to their statistically significant discrepancies from the predictions of the SM,
as exposed using the prescribed theoretical model in Refs. [32, 34, 36, 37].
Furthermore, the model identifies a potential singlet candidate, S, as re-
ported in Ref. [38]. Augmented with a Dark Matter candidate, as discussed
in Ref. [39], the model offers insights into various astrophysical anomalies.
Additionally, it has been extended to explain discrepancies in other exper-
iments, such as the ¢ — 2 muon experiment (Fermilab reports in Refs. [40,
41]). A comprehensive review of the anomalies addressed by this model are
available in Refs. [42, 43] and a summary of the multi-lepton excesses are
exposed in Table 2.4.

The observed anomalies, particularly in multi-lepton events, align increas-
ingly with the direct production of a scalar particle, H, with an approxi-
mate mass of 270 GeV. H predominantly decays into pairs of lighter scalars,
S(S’), which exhibit characteristics similar to the SM Higgs boson. Notably,
a subset of these anomalies features non-resonant, opposite-sign, different-
flavour di-lepton final states, both with and without b-quark jets.
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Final state | Characteristics | SM backgrounds | Significance
00~ + (b-jets) myp < 100 GeV, tt, Wt > 50
34, 44, 45] (16, 2b)
070~ , (no jets) myp < 100 GeV WHTW- ~ 30
[32, 46]
(E0%, 30 + (b-jets) Moderate Hr W, tFtE > 30
[37, 47, 48]
0%0%,30, (no b-jet) | In association W=*h(125), z 4o
[36, 49] with h WWW
Z(— £0)¢, (no b-jet) | p% < 100GeV ZW* > 30
[34, 50]

TABLE 2.4: Summary of the multi-lepton excesses [51].

The anomalies can be described by the production H — S5*, SS’, Sh, where
the first decays would be dominant. From the di-lepton component of the
multi-lepton anomalies, and assuming S — WTW~ — vy, £ = e, u, the
mass of S was predicted to be mg = 150 £ 5GeV [32].

Prompted by these multi-lepton anomalies, a targeted search for the sig-
natures of S within the specified mass range was conducted. This search,
effectively a byproduct of the SM Higgs searches, focused on the kinematic
sideband regions, explored by ATLAS and CMS, as detailed in Ref. [38]. The
investigation combined the ¢y and Zv channels, with associated leptons,
di-jets, bottom quarks, and missing transverse energy. This comprehensive
approach reported the first signs of a narrow resonance in the di-photon
spectrum with local significance of 4.3c and a global significance of 3.9¢
for a mass mg = 151.5 GeV. Additionally, a narrow resonance has been re-
ported in the di-lepton tf final state [44] and a broad resonance in the WW
final state [52].

These findings bolster the hypothesis of a scalar resonance, S, decaying into
photons, and to a lesser extent, Zv, often in association with missing en-
ergy, jets, or leptons. Further corroboration with more data, as highlighted

in Ref. [53], reveal significant indications of new scalar particles at approxi-
mately 95 GeV (S’) and around 152 GeV (S). The existence of a 95 GeV scalar,
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FIGURE 2.5: The p-values as a function of the mass of S’ for
the low-mass channels [53].

S', is particularly compelling, preferred over the SM framework with a con-
fidence level of 3.8¢, as shown in Figure 2.5. In the context of the simpli-
fied model used here, the 95 GeV excess is a prime candidate to explain the
presence of b-quarks in the multi-lepton anomalies. Moreover, interpreting
the 152 GeV excesses within a simplified model that includes resonant pair
production of S through the heavier scalar H(270 GeV), results in a global
significance of approximately 4.7c, as shown in Figure 2.6.

While the production mechanism of §’ remains an area of active investi-
gation, the data robustly supports the associated production of S, possibly
through the decay of a heavier boson, H, via the process pp — H — SS*.
An alternate or complementary decay chain could involve H — SS’, where
S — WW* and S’ would be responsible for generating the leptons and
b-quarks, thereby explaining the multi-lepton anomalies observed in LHC
data.

The compelling evidence presented by the scalar resonances S and S’, and

their potential roles in elucidating various anomalies observed in LHC data,
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FIGURE 2.6: The p-values of the individual high mass chan-
nels as well as their combinations (including and excluding pe
signal) [53].

set a strong foundation for further exploratory studies. The observed phe-
nomena, especially in the context of multi-lepton events and their associ-
ated decay processes, provide a fertile ground for advanced analytical ap-
proaches. Motivated by the success and the findings of the model, this the-
sis seeks to delve deeper into these scientific inquiries. Specifically, it will
explore the potential of semi-supervised machine learning classifiers as a
mean to further understand and validate these results. This approach rep-
resents a novel frontier in particle physics research, leveraging the power
of cutting-edge machine learning techniques to decipher complex data pat-
terns and substantiate theoretical models in high energy physics.
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Chapter 3

Particle Physics Experiments

Exploring the elusive realm of subatomic particles and their interactions,
collider experiments stand at the forefront of experimental particle physics.
In these sophisticated setups, particle beams are accelerated and precisely
steered to collide, unlocking insights into the fundamental fabric of the uni-
verse. This methodology stems from a key principle in dimensional analy-
sis: the inverse relationship between spatial scales and energy levels. Delv-
ing into the quantum world’s minuscule distances necessitates the harness-
ing of extraordinarily high energies. To achieve this, state-of-the-art parti-
cle accelerators are employed, propelling particles to near-light speeds for
high-energy collisions. Theoretical constructs, especially those derived from
Quantum Field Theory (QFT), are put to the test through these experiments.
They involve a meticulous comparison of measured collision cross-sections
against theoretical predictions. These accelerators do not only facilitate col-
lisions; they are intricate detectors, reconstructing and deciphering the rem-
nants of the collisions. By analysing the nuances of collision events, re-
searchers can calculate precise scattering cross-sections, offering invaluable
insights into the forces and particles that constitute the very fabric of our

universe.

In this chapter, an investigation of the Large Hadron Collider at CERN is
presented, providing an exposé of the ATLAS detector and its subsystems.
This sets the stage for the experimental methodologies and data analyses

discussed in subsequent chapters.
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3.1 The Large Hadron Collider

The Large Hadron Collider (LHC), at the European Organization for Nu-
clear Research (CERN), is currently the largest and most powerful particle
accelerator and collider in the world. The LHC is a circular accelerator sit-
uated beneath the France-Switzerland border [54]. Two parallel beam pipes
circle around the LHC’s circumference. These beams of particles, consisting
of protons or heavy ions, are accelerated in opposite directions around the
LHC. Once the two particle beams have reached optimal velocities, they are
made to collide. These collisions occur at four points around the LHC, each
contained by a different detector. At each detector, collision debris informa-
tion is collected and processed as the fundamental data for the four major
experiments. The LHC experiments, visualised in Figure 3.1, are:

1. A Toroidal LHC ApparatuS (ATLAS)

2. Compact Muon Solenoid (CMS)

3. A Large Ion Collider Experiment (ALICE)
4. Large Hadron Collider beauty (LHCb)

The ATLAS and CMS detectors at the LHC are versatile, general-purpose
instruments engineered to investigate a broad spectrum of physics phenom-
ena. Despite their parallel objectives in conducting similar studies, these ex-
periments are distinguished by their unique design and technological inno-
vations. This diversity in approach is crucial, as it enables cross-verification
of scientific findings, ensuring robustness in the discovery process. On the
other hand, the ALICE detector is specifically tailored for delving into heavy
ion collisions, focusing on the study of the quark-gluon plasma, a state of
matter believed to exist under extreme energy densities. Complementing
these, the LHCb detector is dedicated to unravelling the mysteries of matter-
antimatter asymmetry, with a particular emphasis on examining the prop-
erties and behaviours of the beauty quark. Each detector, with its distinct
focus and methodology, plays a pivotal role in advancing our understand-
ing of fundamental physics.
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3.1.1 Design specifications

The LHC consists of a 26.7 km long concrete tunnel, constructed between 50
and 175m underground [55]. This circular tunnel is used to accelerate two
charged particle beams in opposite directions through two separate beam
pipes. Each beam pipe maintains an ultra-high vacuum for the beams to
travel through. A combination of thousands of superconducting electro-
magnets provide a magnetic field to guide and accelerate the beams. In
order for the magnets to efficiently conduct electricity with negligible resis-
tance or energy loss, the magnets, made of coils of superconducting electric
cable, are cooled to -271.3°C. The magnet temperature is maintained using

liquid helium.

The first series of magnets in the LHC consists of 1232 dipole magnets, each
15m long, which are used to bend and accelerate the beams. The second
set of magnets, made up of 392 quadrupole magnets, each 5 to 7m long,
are used to focus the beam. Finally, just prior to collision, a combination of
high order multipole magnets are used to "squeeze" the particles closer to

the point of collision, increasing the probability of collisions.

In order to achieve proton-proton collisions, a bottled hydrogen gas is used
as the source. Bunches of, on average, 120 billion protons are extracted by
ionising the hydrogen. The accelerated proton beam consists of approxi-
mately 2808 bunches of protons. At the point of collision, the separation
within the group of protons is such that collisions occur every 25ns (at a
frequency of 40 MHz) corresponding to 1 billion collisions per second. An
important performance indicator for particle accelerators is the luminosity.
The luminosity is proportional to the number of collisions occurring within
a given area, cm?, for a period of time, seconds. Therefore, a higher luminos-
ity means more collisions occurring per area, per second and more data for
the experiments to observe. The LHC was designed to achieve a beam with
instantaneous luminosity of 103* ecm—2s~ !, however the LHC has achieved

instantaneous luminosities of more than double that.

The LHC is designed for proton beams to reach an energy of 7 TeV. This
energy corresponds to a centre of mass energy (collision energy) of 14 TeV.
Currently, the LHC has been run for three periods, none of which reached
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14 TeV. From 2009 until 2013 the LHC was run for the first time (Run 1).
During this period the maximum collision energy achieved was 7.8 TeV. The
second period (Run 2), from 2015 to 2018, increased the collision energy
to 13 TeV. Finally, during 2022 (Run 3), a collision energy of 13.6 TeV was
achieved. Future upgrades will lead to further improvements in subsequent

runs.

3.1.2 The CERN accelerator complex

The CERN accelerator complex, as shown in Figure 3.1, is made up of a
series of particle accelerator machines. Each of the machines increases the
energy of the particle beam before injecting it into the succeeding machine.
The final accelerator in the sequence is the LHC, which increases the beam

energy to record energies of 6.8 TeV per beam [56].

The current system for colliding proton beams begins with the Linear ac-
celerator 4 (Linac4). In Linac 4, negative hydrogen ions are accelerated
to 160MeV. The ions are then both injected into the Proton Synchrotron
Booster (PSB) and stripped of their two electrons. The beams, now com-
posed of protons, are accelerated further in a series of accelerators includ-
ing the proton Synchrotron (PS), Super Proton Synchrotron (SPS), and fi-
nally the LHC. The beam energies achieved at each machine in the series is

summarised in Table 3.1.

Machine | Beam | Energy
Linac4 | negative hydrogenions | 160 MeV
PSB protons 2GeV
PS protons 26 GeV
SPS protons 450 GeV
LHC protons 6.5 TeV

TABLE 3.1: Summary of beam type and energy of CERN ac-
celerator complex machines involved in the proton beam ac-
celeration.

When the beams are transferred to the LHC, they are injected into two sep-
arate pipes that are travelling in opposite directions, clockwise and anti-

clockwise. Once injected, it takes approximately 20 minutes for the beams
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FIGURE 3.1: The CERN accelerator complex [57].

to be accelerated to their target energies and therefore be ready for collisions.

3.2 The ATLAS Detector

A Toroidal LHC ApparatuS (ATLAS), is the largest general-purpose detec-
tor at the LHC to date. It spans 46 meters in length, stands 25 meters high,
and weighs 7000 tonnes [58]. As depicted in Figure 3.2, ATLAS is composed

of various detection subsystems, all arranged around the point of collision.

The detector subsystems are able to measure the trajectory, momentum,
and energy of particles. Individual particle debris can be identified, re-
constructed and their properties recorded. The subsystems therefore track
charged particles trajectories at high resolution and measure the energies
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FIGURE 3.2: Generated image of the ATLAS detector [59].

of the visible final state particles. The non-visible missing transverse en-
ergy, E'sS, which can be produced from the production of invisible particles
such as neutrinos, is also measured. The momenta of charged particles are
measured using an extensive magnetic system which bends the paths of the

particles, both measuring and directing them.

The detector systems are centred around the point of collision and move
radially outwards. The cylindrical nature of the detector means that the
coordinate system used to measure particles must also be cylindrical. Con-
sidering a Cartesian coordinate system, centred at the point of collision, the
beam direction lies on the z-axis, tangentially to the LHC. The x-axis lies
from the collision point towards the centre of the LHC and the y-axis is po-

sitioned vertically. The cylindrical coordinates can therefore be defined as:

R =/x2+7?, (3.1)

_an—1(Y
¢ = tan (;), (3.2)

n=— ln(tan(g)), (3.3)
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FIGURE 3.3: Generated Image of the ATLAS inner detec-
tor [60].

where R is the radial length, ¢ is the azimuthal angle and 7 is the pseudo-
rapidity.

The modular subsystems that make up the ATLAS detector are the inner
detector (ID), the calorimeters, muon spectrometers, the magnet system and
the trigger and data acquisition systems. The following sections will expand

upon each of these subsystems.

3.2.1 Inner detector

The inner detector is positioned directly around the point of collision, as
shown in Figure 3.3. This very sensitive and compact detector consists of
the pixel detectors, the semiconductor tracker (SCT), and the transition ra-
diation tracker (TRT).

The first point of detection, only 3.3 cm from the beam line, is the Pixel De-
tectors. The Pixel Detectors consisting of four layers of silicon pixels with a
total of more than 92 million pixels. The size of the pixels in the innermost
layer are 50 x 250 um?, while in the external layers they are 50 x 400 pm?.
During collisions charged particles flying out from the point of collision
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leave small deposits of energy in the Pixel Detector. These particle signa-
tures, measured at a precision of almost 10 um, are used to determine the

momentum and the projected origin of each particle.

Surrounding the Pixel Detectors is the semiconductor tracker which is made
up of four cylindrical barrel layers and 18 planar end-cap discs. These
together contain more than 6 million implanted readout strips of silicon
sensors (making up 6 million channels). These sensors are used to detect
charged particles, produced in collisions, and reconstruct their tracks. The
SCT measures the tracks of particles with a precision of up to 25 um.

The final layer of the ID is the TRT, which is used to reconstruct particle
tracks as well as to provide information on the particle type (electron or
pion). The TRT consists of 300,000 straws (thin walled drift tubes) with di-
ameters of only 4mm. Each straw is filled with a gas mixture and has a
gold-plated tungsten wire in its centre. Electric signals are therefore pro-

duced when the gas is ionised by charged particles passing through.

3.2.2 Calorimeters

The second set of detector subsystems at the ATLAS experiment are the
calorimeters, as shown in Figure 3.4. The calorimeters measure the energy
that particles lose as they move through the detector. The ATLAS calorime-
ters have layers of high-density materials interspersed with layers of an "ac-
tive" medium. This high-density material is very absorbent and cause parti-
cles to deposit their energy, stopping them within the detector and measur-
ing the particle’s energy deposited.

Calorimeters are designed to halt and measure the energy of all known par-
ticles, except for muons and neutrinos. In the ATLAS experiment this in-
cludes the use of Electromagnetic (EM) calorimeters for electrons and pho-
tons, and Hadronic calorimeters for hadrons. The calorimeter system at AT-
LAS consists of the Liquid Argon Calorimeter (LAr) for EM measurements,

and the Tile Hadronic Calorimeter for hadronic energy measurement.

The Liquid Argon Calorimeter is positioned around the ID. Its purpose is

to measure the energy of electrons, photons and hadrons. The layers of
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FIGURE 3.4: Generated image of the ATLAS calorimeter [61].

absorbent metal are made of either tungsten, copper or led. The interwoven
layers of "active" liquid argon are therefore ionised by the particle energies
and produces a current that can be measured. The LAr calorimeter is made
up of the electromagnetic barrel and the end-caps. The end-caps include the

electromagnetic end-cap, the hadronic end-cap and the forward calorimeter
(FCal).

The second subsystem of the calorimeter is the Tile Hadronic Calorimeter,
which surrounds the LAr calorimeter. Hadronic particles passing through
the LAr calorimeter do not deposit all of their energy, the Tile Calorimeter
therefore measures the energy of these hadronic particles. To this end the
Tile calorimeter is made of layers of steel and plastic scintillating tiles. It
consists of approximately 240, 000 plastic scintillator tiles and is the heaviest
component of the ATLAS experiment, weighing 2,900 tonnes.

3.2.3 Muon spectrometer

The muon spectrometer forms the outermost detector layers. It identifies
and measures the momenta of the muons which have passed through the ID
and calorimeters. The muon spectrometer contains 4,000 muon chambers
and takes advantage of four different technologies. These are the Thin Gap
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FIGURE 3.5: Generated image of the ATLAS muon spectrom-
eter [62].

Chambers, the Resistive Plate Chambers, the Monitored Drift Tubes, and
the Cathode Strip Chambers, which are shown in Figure 3.5.

The Thin Gap Chambers and Resistive Plate Chambers are used for trigger-
ing, and to measure the secondary coordinates at the ends and outer cir-
cumference regions of the detector, respectively. The Monitored Drift Tubes
are used to measure the curvature of the tracks, with a tube resolution of
80 ym. The final component, the Cathode Strip Chambers, measure preci-
sion coordinates at the detector ends, with a resolution of 60 um.

3.2.4 Magnet system

The last detector sub-system of the ATLAS detector is the magnet system.
The magnet system is not directly used to detect particles but rather to bend
the particle trajectories around the detector layers, enabling their charge and
momenta to be measured. There are two types of superconducting magnets
used, the solenoid and the toroidal, shown in Figure 3.6. The magnets are
cooled to —268°C, in order to produce a magnetic field of sufficient strength.
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FIGURE 3.6: Generated Image of the ATLAS magnet sys-
tem [63].

The solenoid magnet system is positioned around the ID, providing a 2 Tesla
magnetic field. This system is 5.3 long, 4.5cm thick and has a diameter of
2.4m. The toroidal magnetic systems are used to measure the momentum
of muons and produce magnetic fields of up to 3.5Tesla. There are three
toroidal magnet systems in ATLAS. The first is the barrel toroidal magnets,
which are positioned around the centre of the detector. The second and
third are the two end-cap toroidal magnets, which are positioned at either
end of the experiment.

3.2.5 Trigger and data acquisition system

The trigger and data acquisition system (TDAQ) is the final piece to the
ATLAS detector system, shown below in Figure 3.7. The TDAQ processes
and filters the collision data in real time, selecting events with interesting
characteristics that may lead to new discoveries, and discarding events that
do not. The TDAQ system is necessary to deal with the immense amount
of data produced by the ATLAS detector when observing collisions. When
running, the ATLAS detector can observe up to 1.7 billion proton-proton
collisions per second, corresponding to a total data volume of more than
60 terabytes per second. As this data flow is too large to effectively deal
with, the ATLAS trigger systems selects and extracts the events of interest,
reducing the volume and refining the quality of the data [64].
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FIGURE 3.7: Diagram of the ATLAS trigger and data acquisi-
tion system [65].

The ATLAS trigger system is made up of two components, namely the hard-
ware trigger (Level-1) and the software trigger (Level-2). The hardware trig-
ger is located on the detector and consists of specially designed custom elec-
tronics. This hardware trigger works directly on the data from the calorime-
ters and Muon Spectrometer. As events are detected, they are passed to
the Level-1 trigger, where they are stored in a storage buffer. Each event in
the storage buffer is processed by the trigger within 2.5 us of the collision
event occurring. Events are selected by the Level-1 trigger and passed to
the Level-2 trigger at a rate of approximately 100, 000 events per second.

The software trigger, Level-2, takes events selected by the hardware trigger
and performs a detailed analysis of each of the collision events. This analy-
sis is conducted for each of the detector regions and takes only 0.2 seconds.
In order to achieve this, the software trigger operates from a server farm of
approximately 40,000 CPU cores. The Level-2 trigger selects around 1000
events per second which are sent to be stored in the data storage system for
further analysis.
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Chapter 4

Machine Learning in Particle
Physics

4.1 Introduction to Machine Learning

Machine learning is a computational system that utilises algorithmic and
statistical models in order to perform specific tasks. It does this by find-
ing patterns and anomalies within a dataset. Machine learning techniques
are currently being developed and applied in a vast array of applications
and industries. Although the fundamental concepts underlying machine
learning models are relatively consistent, the variety and complexity of tech-
niques used to further improve specific use cases is expanding at a rapid
rate. This growth is being driven by the increasing availability of big data,
advancements in computing power, and the development of sophisticated
machine learning algorithms. Some key industries and use cases of machine
learning today include healthcare, where it improves the outcomes of pa-
tients through disease risk prediction, identification of at-risk patients, per-
sonalised treatments, and medical image analysis to enhance the ease and
accuracy of diagnoses. In finance, machine learning detects and prevents
fraud, predicts stock prices, makes investment recommendations, and ex-
tracts previously inaccessible patterns and trends in financial data. Market-
ing benefits from insights into customer behaviour, personalised recommen-
dations, targeted advertisements, and identification of the most effective
channels. Computer vision, applied to images, enhances security systems

with real-time facial recognition, suspicious activity detection, and crime
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prevention technologies. As a core technology in autonomous vehicles, ma-
chine learning enables decision-making based on sensor data and safe navi-
gation in complex environments. Image generation through machine learn-
ing creates high-quality images of almost any conceivable content. Natural
language processing systems, including chatbots such as CHAT-GPT [66],
understand and respond to human language, making virtual and voice as-
sistants easily accessible for a wide range of tasks, including online infor-
mation access and complex problem-solving, such as to pass legal examina-

tions.

In high energy physics, machine learning is widely researched and applied
to many applications. These include classifiers to extract BSM particle sig-
natures [67, 68], to label event and jet images [69, 70], and for particle track
reconstruction [71]. Further applications include methodologies to generate
realistic particle events, such as photon shower simulation [72]. A compre-
hensive list of machine learning related research in particle physics can be
found in Ref. [73].

Machine learning is a data-driven technology, this means that relevant data
is fundamental to any implementation. The success and ability of a model is
therefore dependent on the accessibility, quality and scale of suitable data.
As particle physics data produced at the LHC is arguably one of the lead-
ing areas of big-data and big-data analysis, it has remained at the forefront
of machine learning research. With more recent large scale digitalization of
information, and push for big-data research by companies such as Google,
Facebook and Microsoft, it is important for a continuous exchange of re-

search and technologies between industry and scientific research.

This chapter will firstly introduce machine learning classifiers together with
their important fundamental concepts. This will be followed by a descrip-
tion of the different supervision techniques used in machine learning. The
chapter will then introduce the Boosted Decision Tree and neural network
models which will be implemented in the following chapters. Finally, rel-
evant Monte Carlo and machine learning based data generators are intro-
duced.
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4.2 Machine Learning Classifiers

A machine learning classifier is a type of algorithm that employs computa-
tional algorithms to categorise input data according to its attributes. These
classifiers are trained using labelled and/or unlabelled data to identify pat-
terns that enable them to sort new, previously unseen data. The classifier’s
effectiveness hinges on several factors, including the volume and quality
of the training data, the architecture and intricacy of the model, as well as
domain-specific considerations.

Binary classifiers are a specialised form of classifier that distinguishes be-
tween two distinct classes. In the field of high-energy physics, binary classi-
fiers are commonly used to isolate "signal," which corresponds to the parti-
cle events of interest, from "background," which encompasses unimportant
particle events. To train a model for such discrimination, each of these cat-
egories is assigned a specific label, namely zero for background events and
one for signal events.

In deploying classification models, key elements to consider include the loss
function, model responsiveness, model architecture and hyperparameters,
and the risk of overfitting. This section will elaborate on each of these foun-

dational aspects of machine learning.

4.2.1 Loss function

In machine learning, a loss function serves as a gauge to quantify the dis-
crepancy between a model’s predicted output and the true output for a
given data sample. The objective in training a machine learning model is
to minimise this loss function across all training instances, thereby enhanc-
ing the model’s predictive accuracy. The choice of loss function can differ
based on the problem type, whether it is binary classification, regression, or
other tasks. It can be designed to penalise various types of errors, such as
false positives or false negatives, or to assess the magnitude of prediction
errors.

Considering a binary classifier used to classify labelled data, where each

event, Xj, has a corresponding target/label, y;. The value of the target, y;, is
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equal to "0" if ¥; is a background event, and "1" if X; is a signal event. For each
given event, the model generates an output response, ; € (0,1). Model
training therefore aims to minimise the difference between the targets and

the responses of events, using a loss function.

The loss function most commonly used for binary classification problems, is
the binary cross-entropy (BCE) function. Which quantifies the difference be-
tween the predicted probabilities and the actual binary labels in the dataset

as:

((y,9)scE = —y -logy + (1 —y) -log(1 - 7). (4.1)

An alternative loss function is the mean squared error (MSE). This function
quantifies the average of the squares of the differences between the pre-
dicted, 7, and actual values, y, thereby providing a measure of the model’s
prediction accuracy. While MSE is predominantly utilised in regression
problems due to its sensitivity to the magnitude of errors, it can also be
adapted for binary classification tasks, albeit with certain considerations to
address its characteristics in such contexts. The MSE for a set of predictions

can be formally defined as:

N
C(y, J)mse = N Z 2, (4.2)

where y represents the vector of actual values, § denotes the vector of pre-
dicted values, N is the number of observations, and #, — y, calculates the

prediction error for each observation.

The loss function is therefore pivotal in the machine learning model training
process. Employed by an optimization algorithm, it guides the adjustments
made to the model’s internal parameters, and serves as a gauge for assess-
ing the effectiveness of those adjustments. The training cycle involves itera-
tively fine-tuning these internal parameters with the aim of minimizing the
loss function. Once the loss function ceases to improve, the model is con-
sidered to have reached convergence, delivering its optimal performance

within the constraints of its configuration and architecture.
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4.2.2 Model response

The response of a machine learning model typically refers to the output or
prediction that the model produces on a given sample. When evaluating a
model’s response, it's common to analyse the response distribution. This
approach helps in understanding how frequently different responses occur
in relation to each other across a set of events. Considering a binary classifier
used to separate signal from background, the desired output is a response
distribution where signal events tend to 1 and background events tend to 0.
If all signal events have response values greater than 0.5 and all background
events have response values smaller than 0.5, a cut at 0.5 would with 100%

success allow the classification of signal from background.

The response of a model can be evaluated using metrics such as accuracy,
precision, recall, F1 score, and the Area Under the Curve (AUC), depending
on the specific task and domain of the model. These metrics consider if the
model responses are true positives (Tp), true negative (Tn), false positive
(Fp), or false negative (Fn). True positives and true negatives are the num-
ber of events correctly labelled as positive and negative respectively. False
positives are the number of negative events incorrectly labelled as positive,
and false negatives are the positive events incorrectly labelled as negatives.
If we consider a binary classifier used to classify signal events from back-
ground, signal events are defined as positives and background events as

negatives.

The accuracy of machine learning classifier is a measurement of the propor-
tion of correctly labelled cases (both positive and negative). The accuracy of

a model’s response can be calculated as:

Tp+Tn

Tp+Fp+Tn+Fn (43)

accuracy =

A model with high accuracy is therefore a model that is able to correctly
identify both positive, signal, and negative, background, cases. Precision
measures the proportion of predicted positive cases that are actually posi-

tive. The precision of a model’s response can therefore be calculated as:
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Tp

SR 4.4
Tp+ Fp (44)

precision =
A model with high precision is therefore a model that is successful in iden-
tifying positive cases and not misclassifying negative cases as positive. The
recall of a binary classifier measures the proportion of actual positive cases
that the model correctly labelled as positive. The recall of a model’s re-

sponse can be calculated as:

Tp

Tp+Fn (4.5)

recall =
A model with high recall therefore is able to correctly identify the positive
cases. This is important in applications where missing positive cases can
have serious consequences. The F1 score is a harmonic mean of the precision
and recall of a binary classifier, providing a single score that balances both
scores. The F1 score can be calculated as:

F1 _ 5 precision - recall
score —

" precision + recall’ (4.6)
The F1 score takes into account both the proportion of positive cases that are
correctly identified (recall) and the proportion of predicted positive cases
that are actually positive (precision). A high F1 score reflects both a high
recall and precision, while a low F1 score indicates that the model is insuffi-
cient in one or both metrics. An F1 score is therefore especially useful when
classifying a dataset with an uneven distribution of positive and negative

cases.

The Receiver Operating characteristic (ROC) curve is a plot that graphically
illustrates a binary classifier’s performance at different classification thresh-
olds. The ROC curve compares the rate of true positives, y-axis, to the rate

of false positives, x-axis, as shown in Figure 4.1.

The AUC, of the ROC curve, is a scalar value that represents the overall
performance of a model. The value of the AUC ranges from 0 to 1. An AUC
value of 0.5 indicates that the model is randomly guessing outputs, while
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FIGURE 4.1: Receiver operating characteristic curve plot ex-
ample.

a value of 1 reflects that the model is able to classify all events with 100%
accuracy. The ROC curve shown in Figure 4.1, has an AUC of 0.94 reflecting
that it is able to successfully classify events 94% of the time. A ROC curve
therefore exposes how successfully a model is able to distinguish between
positive and negative classes, and the AUC quantifies the overall ability of

the model to make correct predictions.

4.2.3 Model architecture and hyperparameters

In the realm of machine learning, model architecture refers to the struc-
tured design and layout of algorithms, encapsulating elements like layers,
nodes, and activation functions. Essentially, it serves as the blueprint that
dictates how information flows through the model. Different architectures
lend themselves to varying types of problems such as classification, regres-
sion, or more intricate tasks like sequence prediction. The architecture gov-
erns both the computational complexity and the performance capabilities of
the model. Its importance cannot be overstated; a well-designed architec-
ture not only enables effective training but also impacts how well the model

generalises to new, unseen data.
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Hyperparameters, on the other hand, play a crucial role in dictating the
learning process and performance of models. Unlike parameters, which are
learned from the training data, hyperparameters are set prior to the learning
process and are not derived from the data itself. They include variables such
as learning rate, batch sizes, regularisation coefficients, and architecture-
related decisions for neural networks. The appropriate selection and tuning
of these hyperparameters is vital, as it profoundly influences the model’s

ability to effectively learn from data and generalise to unseen scenarios.

4.2.4 Overtraining

Overtraining, also known as overfitting, is a critical challenge in machine
learning where a model excessively learns from the training data, includ-
ing its noise and random fluctuations. This occurs when a model becomes
overly complex and starts fitting to the idiosyncrasies of the training data
rather than learning the underlying general patterns. As a consequence,
while the model might exhibit high accuracy on the training dataset, its
performance significantly drops when exposed to new, unseen data, a phe-
nomenon marked by high prediction variance. To counter overfitting, prac-
titioners implement strategies like regularisation, which penalises the com-
plexity of the model, and early stopping, which halts the training when the
model’s performance on a validation set no longer improves. Additionally,
using a validation set for continuous performance monitoring during train-
ing, helps in balancing the model’s ability to learn from the training data
while retaining its ability to generalise on new data. These methods col-
lectively work towards maintaining an optimal balance between learning
detailed patterns from the training data, and being able to apply the same

level of success to new, unseen data.

4.3 Machine Learning Supervision

Machine learning has two distinct phases, training and inference. The train-
ing phase consists of "teaching" a model to be able to best achieve a func-
tion on a training dataset. The secondary phase, inference, refers to when a

trained model is used to extract information from new data as it was trained
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FIGURE 4.2: Fully supervised classifier event labelling.

to do. During the training phase the term "supervision" refers to the extent
to which a model is guided or labelled. The three main categories of ma-
chine learning supervision expanded upon in this section are fully super-

vised, unsupervised, and semi-supervised.

4.3.1 Fully supervised learning

Fully supervised machine learning models are trained using completely la-
belled data. The model is provided with a dataset with distinct categories,
each with a unique label/target, usually in the form of whole numbers. If
we consider a binary classification example where signal is being classified
from background, the background and signal are labelled "0" and "1" respec-
tively. The model can therefore be trained on these two distinct samples, as
shown in Figure 4.2.

The label is the desired output of the model and is therefore integral in train-
ing the model on what it is trying to achieve. The objective of the model is
to output a response tending to "1" for any given signal event and a re-
sponse tending to "0" for a given background event. In turn the training of
the model involves repeatedly minimizing the difference between the true,
yi, and predicted, j; label until the model no longer improves. This can be
mathematically expressed as the minimising of the loss function, ¢(y;, i),
calculated as:

N

frun = argmin g.rn_, (0,1 ZE Vi, Ui)- (4.7)
i=1
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Fully supervised machine learning classifiers can therefore achieve very
high accuracy and are easy to evaluate because the model is trained with
a clear relationship between the inputs and outputs. It can be applied to
a wide range of problems as long as the data is correctly labelled. Fully
supervised methods however have limited generalization and are prone to
overfitting, due to becoming too specialised to the training dataset. This
leads to the potential of fully supervised models having difficulty handling
unseen data.

4.3.2 Unsupervised learning

Unsupervised learning is a style of learning where a model is trained on
unlabelled data. This means that no pre-existing labels are attached to the
data presented to the model while it is being trained. It is therefore a type of
self-organised Hebbian learning that determines patterns in a dataset that
are unlikely to have been seen before. It is advantageous that unsupervised
learning does not need labelled data, which is often difficult to obtain and
evaluate. Unsupervised learning is an excellent tool to reduce the dimen-
sions of a dataset by reducing the number of features while retaining the

most relevant information.

However, unsupervised learning is difficult to evaluate and interpret due
to there being no clear objective function, as in full supervision. The results
are often more difficult to interpret as underlying patterns are less likely
to be immediately understood. Finally, unsupervised methods are more
susceptible to be influenced by noise in the data as they are not guided to
avoid it.

Unsupervised learning, distinct from supervised methods, processes data
without pre-existing expectations or knowledge, free from the constraints of
prior labelling. This approach allows the algorithm to independently iden-
tify patterns, providing insights without the influence of the trainer’s biases
or perceptions. An exemplary application of unsupervised techniques is
detailed in Appendix B.3, where Gaussian mixture models are employed to
cluster geolocation data.
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4.3.3 Semi-supervised (weak) learning

Semi- or weak supervised techniques utilise aspects of both supervised and
unsupervised learning styles. This technique makes use of a combination of
labelled and unlabelled data during training. The model is trained with a
well constrained sample of labelled data together with an unlabelled sam-
ple. The machine can therefore learn to accurately discern events that match
the labelled data, as well as find patterns within the unlabelled events which
aren’t restricted by prior expectations. This takes advantage of both the suc-

cesses of supervised and unsupervised learning.

In particle physics, the fully-supervised approach can falter if the manifesta-
tion of new physics diverge from the model used as a reference. This means
that if the simulated data that these models are trained on is flawed, due to
insufficient truth-level information, the model will learn these artefacts of
the simulation. In order to reduce this model dependency, weak supervised
methods can be used [74-76].

The classification without labels (CWoLa) study, presented by the ATLAS
collaboration, introduces weak learning techniques to reduce the model de-
pendency on simulated data [77]. The study uses mixed samples (combin-
ing signal and background events in each sample) to train binary classifica-
tion models, and expose that weak supervised models are able to classify
signal events with success comparable to fully-supervised methods [78-81].
Variations of the weak supervised method have been successfully used for
resonance anomaly detection [68, 82-84]. A further advantage of the weak
supervised method is shown to be its ability to be trained on impure sam-

ples [85], or directly on data, reducing the need for simulation.

Research into the use of weak supervision in particle physics, has been ex-
tended to include multi-model classifiers [86], graph neural networks [87],
and with the inclusion of transfer learning [88]. Finally, the viability of the
methodologies is exposed for narrow resonance searches in Refs. [68, 82]

with a review of weak supervision in Ref. [89].

This weak methodology can be adapted to use partial labelling, with a la-
belled background sample and unlabelled mixed (signal and background)
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FIGURE 4.3: Semi-supervised classifier event labelling.

sample. This semi-supervised technique, implemented via a side-band anal-
ysis, is able to reduce model dependency and detect new physics in the form
of topological variations between the possible signal and the side-band re-
gions [90]. The semi-supervised methodology implemented in this thesis,
will therefore use the informed knowledge of the background processes,
sample 0, to determine patterns within the unlabelled sample, sample 1, as

shown in Figure 4.3.

When applying these semi-supervised learning techniques, the minimisa-

tion of the loss function is described mathematically as:
. 1 .
fsemz’ = Llrgi’Hli’lf:]Rn_)[O,l] Z£ W Z Yis Yk | » (4.8)

k ick

where k denotes the batches of training data and yj is the signal ratio in
each batch. Particle signal processes can thus be extracted without having
to conform to prior definitions. This in turn encourages the potential of ex-
perimentally finding discrepancies between the current theoretical expected

results, and those experimentally determined. This may therefore lead to an

increased chance of discovering new physics.

4.4 The Boosted Decision Tree

When considering binary classifiers, one of the most common and success-

tully implemented techniques in high energy particle physics is the Boosted
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FIGURE 4.4: Ilustrative decision tree structure with condi-
tional branches and terminal nodes.

Decision Tree (BDT) [91-93]. BDTs are powerful tools for analysis due to
their ability to handle many input variables, have a high discrimination

power, and are relatively easy to interpret.

44.1 The decision tree

A decision tree takes a set of input features and separates the input data
recursively based on those features. The structure of a decision tree, shown
in Figure 4.4, consists of nodes and leaves. The first node in the decision tree
is called the root node. Each node represents a binary decision that is based
on a "cut criteria" of one of the input features. The leaves of the decision tree
represent a class label or probability. In the case of binary classification of

particles, the leaf nodes represent the class labels, signal and background.

The training of a decision tree consists of defining the "cut criteria" for each
node. The training process starts by defining the feature and corresponding
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cut value, that provides the best separation between signal and background
events for the entire training sample. The training sample is split using the
decision criteria at the root node, and two new nodes are created for each
sub-sample. The creation of each node repeats the process of defining the
root node on the given subset of data. This process of creating new nodes
is stopped once a given criterion is met, such as the lowest node reaches a

minimum number of events or a maximum signal purity.

When training a BDT, the value connected to the decision at each node is
selected to minimise the entropy. Information gain is calculated as the dif-
ference in entropy before and after the split and is therefore maximised in
training. The entropy is at a minimum for a 1/0 split, and at maximum for
a 50/50 split. Each decision node in the BDT is created recursively on the

given features.

4.4.2 Boosting

To enhance the decision trees ability to classify data, a composite model
known as the Boosted Decision Tree (BDT) can be employed. This model
synergises the strengths of multiple decision trees through a method called
"boosting". Boosting iteratively constructs a series of trees where each tree
is designed to address the misclassifications of its predecessors. In this pro-
cess, each decision tree, h;(x), is assigned a weight, w;, which reflects its
accuracy, with more accurate trees receiving higher weights. The ensem-
ble’s final prediction, 7, is a weighted sum of the outputs from all individual

trees:

]/A = Zwtht(x), (49)
t

where t indexes the decision trees in the BDT. The optimization of a BDT
involves minimizing an objective function, O(x), which is defined as:

O(x) =} 1(9i,vi) + ;O(ﬁ), (4.10)
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where 1(1;,y;) denotes the loss function that measures the discrepancy be-
tween the predicted value, 7J;, and the true value, y;, for the ith data point.
The term Q)( f;) represents a regularisation term that penalises the complex-
ity of the " tree, preventing overfitting. Boosting methods include Adap-
tive Boosting (AdaBoost), Gradient Boosting, and Extreme Gradient Boost-
ing (XGBoost), each iteratively adding trees to the model to reduce the over-
all loss function.

The adaptive boosting (AdaBoost) method is considered one of the pio-
neering forms of boosting [94]. In AdaBoost, once training events are dis-
tributed into their respective final leaf nodes, the re-weighting mechanism
takes effect. Signal events misclassified as background, as well as back-
ground events misclassified as signal, are assigned with significantly larger
weights compared to those correctly classified. These re-weighted train-
ing events are then used to construct a new decision tree. This process,
repeated often several hundred times, culminates in a collection of decision
trees termed a forest.

The gradient boosting technique constructs new trees using the principles
of gradient descent [95]. It operates by training a succession of models in-
crementally, treating each tree as an additive component within a function
expansion framework. The parameters for each tree are optimised by min-
imizing a differentiable loss function. For classification tasks, this function
typically assumes the form of a binomial log-likelihood. Consequently, gra-
dient boosting refines the model by sequentially introducing learners that
are optimally aligned with the negative gradient of the loss function for the

entire ensemble.

Lastly, the extreme gradient boosting (XGBoost) approach is a more so-
phisticated and regularised version of gradient boosting [96]. Unlike its
predecessor, XGBoost builds trees in parallel rather than sequentially. It
evaluates the performance of each decision node by scanning the gradient
values, utilizing the partial sums at each level of the trees. XGBoost lever-
ages second-order derivatives of the loss function, which not only indicate

the direction of the gradients but also how to minimise the loss function
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most effectively. This, paired with advanced regularisation techniques, sig-
nificantly enhances the model’s ability to generalise.

4,5 The Neural Network

Artificial neural networks are based on the network of biological neurons in
the brain. The biological neuron, shown in Figure 4.5, is the building blocks
of the human nervous system [97]. Neurons are distinguished from other
cells in the human body by their unique ability to process and transmit in-
formation, facilitating communication across various bodily systems. The
dendrites of a biological neuron are specialised to receive information from
adjacent neurons and relay it to the soma, or cell body, which houses the
cell nucleus and processes the incoming information. The soma then con-
verts the processed information into chemical signals, which travel along
the axon to the synapses. The chemicals cause the synapsis to send neuro-
transmitters to the dendrites of adjacent neurons. This intricate network of
neurons possesses the remarkable capacity to store, process, and transform
information, underpinning complex problem-solving and decision-making
capabilities. Hence, the biological neuron is fundamental to the architecture

of human intelligence.

The human brain has more than 86 billion neurons [99], forming a neural
network that processes and integrates sensory information, controls bodily
functions and movements, regulates emotions and behaviour, forms and

retrieves memories, and enables thinking and problem-solving.

In the late 1940s and early 1950s, the first artificial neural networks, ANN,
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were developed to mimic the way biological neural networks learn and pro-
cess information. Since these early developments advancements in compu-
tational power and algorithms has led to ANNs being widely used today.
The artificial neuron functions very similarly to the biological one, receiv-
ing and processing a signal before sending the processed signal to the neu-
rons connected to it. The connections between artificial neurons are called
edges. The "signal" at each edge is a real number, and is processed, at the
output of the neuron, using a non-linear function of the sum of its outputs.
Weights at each neuron edge, are adjusted during training to "teach" the
neural network to understand patterns in the training data. The artificial
neuron mechanism, can be described in more detail using the diagram in

Figure 4.6.

The artificial neuron model, as illustrated in Figure 4.6, receives N inputs
labelled x1, x2, ... xn. These inputs are analogous to the dendrites in a bio-
logical neuron and are each multiplied by their respective synaptic weights
w1y, Wy, ... wy. The artificial neuron computes the weighted sum of these
inputs, adding a bias term, b, to account for threshold effects, as captured
by the equation:

N
y=) xi*xwi+b, (4.11)
i

where vy is the neuron output before activation. Subsequently, this output
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is passed through an activation function, f, which introduces non-linearity
and determines the final output of the neuron. This output can then be used

as an input to subsequent neurons in the network.

In an ANN, neurons are aggregated into layers. Each layer may perform dif-
ferent transformations on their inputs. The input features of the model are
processed by the first layer of neurons, known as the input layer. The signal
outputs of each layer are sent to the proceeding layer until they reach the

last layer, the output layer, where the final output of the ANN is produced.

4.5.1 Neuron activation

The neuron activation or activation functions, are a fundamental component
of neural networks. Activation functions are non-linear functions applied to
the neuron output, y, that introduce non-linearities in the neuron outputs.
This is essential in allowing neural networks to learn and model complex re-
lationships between the input features and model output. There are many
types of activation functions used in ANNSs, each with its own advantages
and disadvantages. Some of the most relevant activation functions are Sig-

moid, ReLU, Tanh, and Softmax which are expanded upon in this section.

The Sigmoid function is a smooth, S-shaped function that is nonlinear,
monotonic and continuously differentiable [100]. The sigmoid function, cal-

culated as: )

= 4.12
f(]/) 1 + e_y’ ( )
maps inputs to a value between 0 and 1. This makes it an ideal output

function for neural networks used for binary classification problems.

The primary limitation of the sigmoid activation function arises from its
characteristic saturation at the extreme ends of its output range. When the
input values are significantly high or low, the sigmoid function flattens out,
causing the gradients to approach zero. This phenomenon, referred to as the
vanishing gradient problem, can severely hamper the optimization process
during training. As the gradients become negligibly small, the weight up-
dates during backpropagation are minimal, leading to a situation where the
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learning stalls, and the network cannot effectively learn or further improve

its performance.

The Rectified Linear Unit, ReLU, function is a piecewise linear function
that outputs zero if the input value is negative, and the input value itself if

it is positive [101], calculated as:

0 ify <0,
fly) = , / (4.13)
y ify >0.

ReLU is computationally efficient compared to other activation functions
and introduces non-linearity into the network allowing it to learn complex
relationships between inputs and outputs. It introduces sparse representa-
tions into the network, meaning that only a subset of the networks neurons
are activated for a given input. Sparsity provides a form of regularisation
that reduces overtraining of the network. ReLU also reduces the problem
of a vanishing gradient, which can occur in deep learning models, by re-
taining a constant gradient for positive inputs. This improves gradient flow
during backpropagation and therefore allows for more efficient model train-
ing. The ReLU activation function is therefore very successful as it provides
an excellent balance between sparsity, non-linearity, efficiency and gradient
flow.

The Hyperbolic Tangent, Tanh, function is a non-linear function similar to
the Sigmoid, as it is also a smooth S-shaped function. The Tanh function
however, maps input values to a range between —1 and 1, meaning output
values are negative for negative input values and positive for positive input

values. The mathematical expression of the function is shown as:

f)=——=- (4.14)

The Tanh function is very effective at normalising the output of a layer and
preventing values from growing too small or too large. This has led to the
function being frequently used in the hidden layers of neural networks. It is
also used for binary classification problems when the output threshold is at
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zero. The Tanh function however does not solve the problem of vanishing
gradients.

The softmax function is a generalization of the sigmoid function. It is a
non-linear, unbounded function that maps input values to a set of output
values, between 0 and 1, that sum to 1. In other words the softmax function
takes a vector of inputs and normalises them into a probability distribution
over the given categories. Each element of the output vector represents the
probability of the corresponding category and the sum of all elements in the
output vector is equal to 1. The function can be expressed mathematically
as:

f@) = = (4.15)

where Z is the input vector, K is the number of classes, ¢* is the standard
exponential function for input vector and e is the standard exponential
function for output vector. The softmax function is very successful when
used to train neural networks on classification problems with multiple cat-
egories. One potential problem with the function is that it can produce very
small probabilities for some classes when the input values are very large or

very small. This can lead to numerical stability issues during model train-
ing.

4.5.2 Backpropagation and optimisers

During the training phase of machine learning models, backpropagation
and optimiser algorithms are fundamental in minimising the loss function.
Backpropagation is used to compute the gradient of the error with respect
to the weights of the neural network, while the optimiser is used to update
the weights of the network to minimise the error. The training process is an
iterative one, with the optimiser updating the model’s internal parameters
after each iteration until the loss function reaches a minimum.

The backpropagation algorithm is based on the gradient descent optimi-
sation technique. There are two phases involved in the backpropagation
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FIGURE 4.7: Diagram of the forward and backward pass of a
single node neural network.

algorithm: the forward pass and the backward pass.

The forward pass refers to the process of inputs being propagated through
the neural network layer by layer, generating an output. The output(s) of
each neuron in each layer is calculated by applying an activation function to
the weighted sum of inputs, as shown in the forward pass of Figure 4.7 and
Equation 4.11. The final component of the forward pass is the loss function
which calculates the error by comparing the predicted output of the final
layer to the target output.

Considering an example neural network with three layers (input layer, hid-
den layer and output layer), each containing two neurons, as shown in Fig-
ure 4.8. The outputs to the forward pass, ng’f, are calculated iteratively
starting from the inputs to the input layer, x; and x;.

The output of each neuron can be calculated using Equation 4.11. The out-

puts of the input neurons, Igﬁt, can therefore be calculated as:

Sﬁt = fmput(lo|1 ) = finput(x0|1)/
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FIGURE 4.8: Forward pass of a neural network with two input
nodes, hidden nodes and output nodes.

where fi;,; is the activation function used in the input layer. The input to
hidden layer nodes can then be calculated as:

HSY = fridden(Hoy) = fhidden(I8"" - w1jp + " - w3y + bo),

where f1ii4e, is the hidden layer’s activation function and by is the bias con-
nected to the hidden layer neurons. Finally, the outputs of the output layer’s

neurons can be calculated as:

O(O)rlt = foutput(ogrl) = foutput (HY"' - ws|6 + H{"' - wyjg + by),

where fo,tput is the output layer’s activation function and b; is the bias con-
nected to the neurons in the output layer. Using a loss equation with the

given outputs and targets for each output neuron, we can therefore calcu-

out
01

late the total error, E;,y,;, as the sum of loss calculated for each output, O
The backward pass of the backpropagation algorithm is the mechanism of
using the loss from the forward pass to inform changes to neuron weights in
order to reduce the loss and therefore improve the accuracy. This is achieved
by propagating the loss backwards through the network and calculating the
gradient of the loss with respect to the weights of the network, as shown in
Figure 4.7. A neural network can be understood as a composite function.

The derivative of composite functions, in this case individual gradients, can
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be calculated using the Chain Rule. This means that the Chain Rule can be
used to allocate the total loss to the various layers of the neural network.

Considering the example shown in Figure 4.8, the backwards pass calculates
the gradients with respect to each weight, working backwards from the loss
function. Starting with the weights preceding the output layer, wsg7/s, the
extent to which each weight effects the total loss is calculated. The value of

ws or wy is calculated as:

aETotal o aETot‘al aog)ut aof)n

dws; 903" 0 dwsp;’

(4.16)

The process can be repeated using the second output neuron, O, to calcu-
late the gradients for we and wg. Calculating the gradients of the weights
preceding the hidden layer (wy5(3)4), follows the same process as for wse|7)3
but must take into account of the fact that the output of each hidden layer
neuron contributes to the output (and therefore error) of multiple output
neurons. Therefore, considering the weights connected to Hj the calcula-

tion is:
; ,
OETotal _ aETotat[ . aHg.“ ' aH(l)n ’ 117)
8w1|3 8H8” 8H6” 8w1|3
oE
where al-;gi‘afl must take into consideration both output neurons. This can
0

be written as:

aETotal o aEOO aEol
oHg“t — oHg" * OHg"

(4.18)

In order to calculate the gradients of weights preceding H;, Equation 4.17
can be written as:

aETotal . aEOO aEOl

MWy (angf " aHg”f)

OH{t  9HI"
aHi” aw2|4.

(4.19)
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Optimisers take the gradients of each weight with respect to the loss and
use it to update the value of each weight in order to improve the accuracy
(reduce the loss) of the model. There are different types of optimisers, in-
cluding gradient descent, stochastic gradient descent, RMSprop and Adam,
each with their own unique strengths and weaknesses. Selecting the right

optimiser can have a significant impact on the performance of a model.

The gradient descent method can be considered the base optimiser utilised.

The updated weights are calculated using gradient descent as:

. aETotal

T (4.20)

n _ n
Wi = Wy —

where w} is the current value of weight n for iteration ¢, # is the learn-
ing rate, and Ery, is the average loss for a batch of training events. The
learning rate is therefore an important hyperparameter as it determines the
"step-size" of the optimisation. An alternative version of this optimiser is
the stochastic gradient descent, SGD, method. The SGD in contrast per-
forms an update to the weights for each training event. This causes the
SGD method to fluctuate more than the standard gradient descent before

converging.

Other optimisers consider the momentum, in the form of previous updates
to each weight, in their calculation. This provides a form of adaptive learn-
ing rates corresponding to each internal parameter. The RMSprop method
demonstrates this by dividing the gradient by a running average of its re-
cent magnitude. The update using RMSprop is calculated as:

U
Wl = wf — T eg?, (4.21)

where /E[¢?]} + € is the root mean squared, RMS, error of the gradient, g/,

and € is a smoothing term. The running average of the gradient, E[g?]/, is

calculated as:

E[¢*)} =7 -E[g°)f 1+ (1—7) 8t (4.22)
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where 7 is an update factor, usually equal to 0.9.

The Adaptive Moment Estimation, Adam, is an optimiser that computes
adaptive learning rates for each weight. This method uses the decaying
average of the past gradients m;, similar to momentum, together with the
decaying average of the past squared gradients, v, similar to RMSprop. The
Adam optimisation step is calculated as:

Wy = W) — —— iy, (4.23)

Voit+e

where the 771; and 9; components are calculated as:

B1-mi_1+ (1 — :Bl)gt and 0; = Pr-vi1+ (1 _ ﬁZ)g% (4.24)

1-p1 1-p2 ’

iy =

where B; and B, are hyperparameter constants, usually equal to 0.9 and
0.999 respectively.

4.5.3 The Multilayer perceptron

The Multilayer Perceptron (MLP) is an extended version of the perceptron
model, which was developed by Frank Rosenblatt in 1957 [102]. The per-
ceptron is a linear classifier capable of classifying data into two categories.
The model uses a learning algorithm to adjust the weights at each neuron
edge based on misclassification, allowing the model to learn from data. This
model therefore became the foundation of the majority of neural network
models developed today. Currently, more than 50% of neural networks used
today are still MLPs.

The multilayer perceptron is a feed-forward artificial neural network, mean-
ing that connections between nodes do not form a cycle. Therefore, data
being input into the model, for training or inference, is processed linearly,
starting at the input layer and sequentially moving through each of the hid-
den layers to the output layer. An example feed forward structure of the

MLP is shown in Figure 4.9.
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FIGURE 4.9: Diagrammatic example of multilayer perceptron
architecture.

The MLP structure consists of at least three layers of nodes: an input layer,
hidden layer(s) and an output layer. The input layer consists of inactive
neurons and is often used to normalise the inputs. The hidden layers have
active neurons which are usually activated using the sigmoid function. The
neurons in the output layer are linear and use the sigmoid activation forcing
the model output to be a value in the range (0,1). Each neuron in a layer
following the input layer, computes a linear combination of the outputs of
the previous layer. The output of the neuron is thus a function of that com-
bination with specified activation function for the given layer. As a linear
combination of sigmoids can approximate any continuous function, and the
probability of training data conforming to each given category is known, the
MLP is able to learn to classify data with excellent success.

The MLP model is trained using the backpropagation algorithm, to modify
its weights and minimise the error of its predictions. This process is re-
peated for many iterations (or epochs) until the network’s predictions are

as accurate as possible.

There are a wide range of applications for MLPs in particle physics. They
are particularly useful for pattern recognition tasks, such as identifying par-
ticles or reconstructing events. This includes the application of interest,
where an MLP is trained to recognise specific patterns of data that corre-
spond to different types of particles.
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Despite their power and versatility, MLPs do have certain limitations. They
can suffer from overfitting, a problem where the network learns the training
data too well and performs poorly on unseen data. Techniques like regular-
isation, dropout, and early stopping are used to help mitigate this. MLPs
have difficulty dealing with temporal data, as they lack an inherent way to
deal with time-series data. Finally, MLPs require a large amount of labelled
training data, which can be expensive and time-consuming to produce. De-
spite these challenges, the multilayer perceptron remains a cornerstone of

machine learning and a powerful tool for classifying data.

4.54 Deep neural networks

Deep Neural Networks, DNNSs, represent the evolution of MLPs to handle
more complex problems with higher levels of abstraction [103]. The term
"deep" refers to the number of layers in the network, typically implying
three or more hidden layers. Deep learning models, as opposed to MLPs,
therefore have more complex structures with an unbounded number of lay-
ers of bounded size. This allows the model to retain theoretical universality,
under given conditions, while encouraging optimisation and practical im-

plementation [104].

The hidden layers of a DNN allow the network to learn features from the
data in a hierarchical manner. Early layers learn to detect simple patterns,
while subsequent layers combine these simple patterns to detect more com-
plex patterns. These layers can be heterogeneous and can therefore differ
from biologically informed models. Deep learning models can have tens or
even thousands of hidden layers and thus contain a very large number of
internal parameters, allowing the complex assemblage of layers to perform
complicated high dimensional tasks. A generalised DNN model structure

is shown in Figure 4.10.

The DNN model, like the MLP, uses non-linear activation functions. The
activation functions used in DNNs have a consequential impact on the net-
work’s performance and ability to converge during training. In order to
help mitigate issues, such as vanishing gradients during the training of the

network, the ReLU activation function and its variants are commonly used.
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FIGURE 4.10: Diagrammatic example of deep neural network
architecture with three hidden layers.

The training of a DNN involves the same backpropagation algorithm as
other neural networks. However, training DNNSs can be challenging when
confronted with issues such as the vanishing gradient problem. In order to
overcome this, more sophisticated optimization algorithms like Adam and

RMSProp are commonly used.

DNNs have demonstrated remarkable success in a wide range of particle
physics applications. They are especially useful for tasks that involve high-
dimensional data or require the extraction of complex features. The primary
use of DNNs in this research, and one of its most successful use cases, is as
a classifier. DNNs can be trained to classify collision events based on their
properties as well as identify different types of particles based on their inter-
action within the detector. These applications can be extended to improving
the precision of measurements and sensitivity of analysis by learning com-

plex relationships between variables and reducing systematic uncertainties.

Despite their abilities, DNNs have certain limitations. These include the
fact that they require large quantities of data and computational resources
to train. The "black box" nature of DNNSs, created by the large number of
internal weights, can make interpreting the models decision-making pro-

cess difficult. They are also susceptible to over-fitting and must be carefully
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trained and evaluated. In particle physics applications, an import require-
ment is that the model obeys the laws of physics. This means that the model
must be invariant to certain transformations and symmetries inherent in the
data. Various techniques are used to address these limitations such as regu-

larisation between layers, early stopping and dropout.

Although there are limitations to DNN models, they provide a powerful
tool for complex pattern recognition and data analysis problems in parti-
cle physics. Due to ongoing research, the DNNs capabilities are being ex-
panded, and its limitations are being addressed.

4.6 Monte Carlo and Generative Models

Data generation is an essential part of particle physics research and machine
learning. The LHC, introduced in Chapter 3, generates an immense amount
of data with each particle collision event. However, it is not feasible to store
all of this data due to technological and financial constraints. Thus, there is a
need to selectively record and analyse only the most promising events. Sim-
ulated data comes into play, aiding in the design of the triggers and filters
that decide which events to keep for further analysis. Moreover, accurate
and efficient simulation of these complex physical processes is crucial for
interpreting the results of the LHC experiments. Comparisons between ex-
perimental data, produced at the LHC, and data simulated using theoretical
models, allows for validation and/or exposes the limitations of the given
theoretical model. As a prime example, the discovery of the Higgs boson
relied heavily on the comparison of the observed data with high-precision
Monte Carlo simulations.

However, these detailed simulations are computationally expensive. More
recent machine learning based techniques promise to accelerate this process
dramatically while preserving the necessary details of the data. They also
have the potential to tackle the challenges posed by the planned upgrades
to the LHC, which will increase the collision rate and, consequently, the
complexity and volume of data [105].
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Data generation can play a crucial role in machine learning. It is used in the
training, validation, testing, and ultimately in the development of robust
models that can predict, classify, and recognise patterns effectively.

In this section, we will delve into the methods and techniques employed for
data generation. Firstly focusing on Monte Carlo event generation methods.
Before exploring the more recent Kernel Density Estimation (KDE), Genera-
tive Adversarial Networks (GANSs), and Wasserstein GANs (WGANs) ma-
chine learning based data generation models.

4.6.1 Monte Carlo event generation

The Monte Carlo, MC, method, named after the renowned casino due to its
inherent randomness, is a broadly used technique in physics and has gained
traction in the machine learning community [106]. This approach excels at
simulating complex systems and generating data, and has been crucial in
the domain of particle physics where it is used to simulate the interactions
of particles [107].

These simulations are vital for interpreting the results of the LHC experi-
ments, as they allow researchers to compare observed data with theoreti-
cal predictions. MC simulations generate events representing possible out-
comes of particle collisions. These events are built up from the initial hard
scattering process, where the high-energy collision occurs, followed by the
parton shower, hadronisation, and finally, the decay of unstable particles.
Each of these stages involves complex physical processes, and MC methods
are used to model these stochastic processes in a probabilistic way. Several
general-purpose event generators employ MC methods to simulate high-
energy physics events at the LHC, including Pythia, Herwig, Sherpa, and
MadGraph:

Pythia is one of the most widely used event generators. It provides a broad
range of processes for event generation, with a strong focus on the descrip-

tion of high-energy collisions involving heavy quarks and jets [108].
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Herwig, on the other hand, emphasises the soft and non-perturbative as-
pects of event generation, including multiple parton interactions, underly-

ing events, and beam remnants [109].

Sherpa is a versatile event generator designed to handle a wide variety of
processes and experimental setups. It features a flexible matrix element gen-
erator and a comprehensive set of parton shower algorithms [110].

MadGraph is an essential tool in particle physics simulations that comple-
ment the use of MC methods. MadGraph is a program for generating high-
energy collision events according to theoretical models. It uses Feynman
diagrams, which represent the mathematical expressions describing the be-
haviour of subatomic particles, to generate matrix elements for high-energy
physics processes [111]. The generated matrix elements can then be inter-
faced with event generators like Pythia and Herwig, which add the effects of
parton showering, hadronisation, and multiple parton interactions to pro-
duce a more realistic simulation of collision events. MadGraph is particu-
larly useful for new physics searches, as it allows users to implement their
theoretical models and generate events according to these models. This ca-
pability has become increasingly important with ongoing searches for new
physics beyond the Standard Model at the LHC.

4.6.2 Kernel density estimation

Kernel Density Estimation (KDE) is a non-parametric approach for estimat-
ing the probability density function of a random variable [112, 113]. It excels
in creating smooth approximations of data distributions, a valuable asset for
complex, high-dimensional datasets like those in particle physics. As an un-
supervised machine learning technique, KDE learns patterns and structures
directly from training data, without predefined models. Once trained, it can
generate new, large-scale event data, mirroring the learned patterns from its
training set, offering a distinct advantage over traditional Monte Carlo (MC)

methods.

KDE model training and data generation consists of three parts; fitting, den-

sity estimation and data sampling:
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1. Fitting: The first process consists of fitting a kernel, K(x; ), to each
data point of each feature of the training data, x. A kernel is a positive
function which is controlled by the bandwidth parameter, i. The ker-
nel function used is usually Gaussian but can be exponential, linear,
cosine or even a tophat function. The bandwidth parameter controls
the width of these kernels and therefore significantly affects the result-

ing estimate.

2. Density Estimation: The second process combines all the individual
kernels together to form a single smooth estimate of the data’s prob-
ability density function. This function describes the underlying dis-
tribution of the data. Given a kernel of the form K(x; 1), the density
estimate, px, for a single point, y, within a group of points, x;, is calcu-

lated as:
N

ox(y) = Z% K(y — xi; ). (4.25)
im

3. Data Sampling: To generate new data, also known as sampling, the
estimated density function is utilised. This function, when sampled
randomly, produces data points more frequently in areas of higher
density (where data points are densely packed) and less so in areas of
lower density (where data points are sparse). Consequently, by sam-
pling numerous events, a synthetic dataset encompassing thousands

of entries can be created.

In the case where the training dataset is multivariate, a multivariate kernel is
used. This is essentially a higher-dimensional version of the univariate ker-
nel. For example, a Gaussian kernel in two-dimensional data is bell-shaped.
The same kernel in three-dimensions becomes a bell-shaped volume. Sim-
ilarly, the bandwidth parameter in the multivariate case becomes a band-
width matrix rather than a single value. The diagonal elements of this ma-
trix control the width of the kernel in each dimension, and the off-diagonal
elements control the correlation between dimensions. This increased com-
plexity in higher dimensional data, increases the computational intensity of
the problem.
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FIGURE 4.11: Systematic diagram of a generative adversarial
network.

4.6.3 Generative adversarial network

The Generative Adversarial Network, GAN, is a neural network based data
generator that was first introduced in 2014 [114]. Since its inception the
GAN has emerged as a powerful class of generative models in machine
learning. The GAN is a deep-learning-based model that is trained to un-
derstand complex patterns in a dataset and generate new realistic sam-
ples [115-117]. GAN architecture consists of two neural networks. Namely,
the generator, G, and discriminator, D, networks which are engaged in a
game-theoretic framework. The generator network produces synthetic data
instances by mapping a source of noise, z, to the input space. The discrim-
inator evaluates the authenticity of both real, x, and synthetic, G(z), data
instances and learns to distinguish between the two. The goal of the gener-
ator is to produce data instances that the discriminator cannot distinguish
from real instances, and the goal of the discriminator is to correctly clas-
sify real and synthetic instances. The GAN architecture and interactions are
shown in Figure 4.11.

The loss function of the GAN can thus be defined as follows. Firstly to un-
derstand the generator’s distribution, pe, over the data, x, a prior on the
input noise variable can be defined as p,(z). The generator’s mapping to
the data space can then be represented as G(z;6;), where 6, is the internal

parameters of the generator neural network. Similarly, the discriminator
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model can be represented as D(x; 6,), where 6, is the internal parameters of
the discriminator neural network. The output of the discriminator, D(x) or
D(G(z)), is a single scalar value representing the probability that x or G(z)
is from the real data. The training of the GAN is therefore the simultane-
ous maximising of the discriminator output, to correctly label training and
generated samples, and the minimising the generator output with respect

to the discriminator’s ability to differentiate it. This can be expressed as:

mganaX L(D/ G) = IEXdim(x) [log(D(x))] + IEZNpZ(z) [log(l - D(G(Z)))]/
(4.26)

where E is the expected values for multiple data points. This expression is
derived directly from the binary cross-entropy loss, Equation 4.1, which is
the loss function used by both the generator and discriminator. The discrim-
inator network is trained as a fully-supervised model. During its training,
the generator’s weights and biases are fixed. The discriminator network is
therefore penalised when it incorrectly predicts that a generated sample is
real or real sample is generated. The discriminator loss function, Lp, can

therefore be expressed as:

Lp = max [lEprdm(x) [log(D(x))] + IEZNPZ(Z) [log(l - D(G(Z)))H (4.27)

On the other hand, the generator is an unsupervised deep neural network.
During the generator training iterations, the discriminator network’s inter-
nal weights and biases are kept fixed. The first term in Equation 4.26, be-
comes zero and the generator’s loss function, L, can therefore be written

as:

Lc =min E,_,, )[log(1 — D(G(z)))]. (4.28)

The training of the GAN is an iterative process. During each training iter-
ation, or epoch, updates are made to both the generator and discriminator
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networks. A common strategy is to update each network once per iteration.
However, as the system is limited by the discriminator’s ability to classify
samples, it has become standard practice to update the discriminator net-
work multiple times for every generator update. This allows the GAN to
be trained more quickly and provides more meaningful gradients for the
generator to learn from.

It is important to note that the balance between generator and discriminator
training is delicate. If the discriminator becomes too powerful, it may fail to
provide useful feedback to the generator, causing the generator’s learning
to stagnate. If the generator becomes too powerful, it might consistently
fool the discriminator, which also results in suboptimal learning.

Common limitations that must be considered when training a GAN include
the issue of vanishing gradients, which can lead to the generator training to
fail. Additionally, the issue of modal collapse, where the generator produces
samples with limited diversity or even the same sample, regardless of the
generator inputs. This means that the generator collapses to a few modes of
the training distribution and ignores the rest. Another issue is the potential
failure to converge due to the two networks falling into a cycle where they
continuously try to outsmart each other, leading to oscillation or divergence
of the model parameters. In order to address some of these limitations,
more advanced method such as using the Wasserstein loss mechanism and
applying penalties to the gradients can be used.

4.6.4 Wasserstein generative adversarial network with gra-
dient penalty

The Wasserstein Generative Adversarial Network with gradient penalty,
WGAN-gp, is a version of the GAN which adopts a Wasserstein distance
mechanism, in its loss function, and a gradient penalty, to improve the
model’s ability to converge, as well as addressing vanishing gradients [118].
The WGAN-gp model replaces the discriminator network of the GAN with
a critic network, C, which uses a gradient penalty, GP, to control its gra-
dients. The model’s training mechanism therefore involves the playoff be-

tween the generator trying to produce samples that the critic is unable to
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FIGURE 4.12: Systematic diagram of Wasserstein generative
adversarial network with gradient penalty.

differentiate from the real data, while the critic is being trained to discrim-
inate between real and generated events. An overview of the WGAN with

gradient penalty is shown in Figure 4.12.

Wasserstein GANs adopt the Wasserstein distance, W(gq, p), which can be
defined as the minimum cost of transporting mass in order to transform the
distribution ¢ into the distribution p. The discriminator is replaced in the
improved model with a critic, C, and the gradients are controlled using a
gradient penalty, GP, which penalises the norm of the critic gradients with

respect to the input. The generator loss, Lg, function is defined as:

Ly =min E [C(%)], (4.29)

i~Pg

where ¥ = G(z) and z is the latent space noise and [P, is the generator model
distribution, #. The critic loss, L., with gradient penalty is defined as:

L. =max E [C(x)]— E [C(X)]+AxGP, (4.30)

x~IP, xw]Pg

where A is the gradient penalty coefficient, IP; is the MC data distribution,
and the gradient penalty, GP, is defined as:
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GP = _E [([[V:C(%)]l2—1)7] (4.31)

This WGAN model structure takes advantage of neural networks to teach
itself the intricacies of a dataset and generate realistic, high quality events.
The ability of these machine learning based data generators has much po-

tential in HEP studies and must be further investigated.
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Chapter 5

Di-Lepton Final State Classifier

Supervision Study

5.1 Introduction

Semi-supervised machine learning classifiers provide an innovative method
to reduce model dependency in the classification of particle signatures at
the LHC. These state-of-the-art techniques, explored in Section 4.3.3, and
elaborated upon in Ref. [90], introduce their capabilities in the realm of high-
energy physics. However, to evaluate the full potential of these techniques,
further investigation is necessary. To delve deeper into the effectiveness of
semi-supervised methods, this chapter embarks on a comparative analysis
with fully supervised classifiers. Focusing on three leading classification
models in particle physics, the Boosted Decision Tree (BDT), Multi-Layer
Perceptron (MLP), and Deep Neural Network (DNN), the research contrasts
their performance under full and semi-supervised training regimes. This
comparison aims to shed light on the practical advantages and limitations

of semi-supervised learning in this advanced field.

Several studies from the ATLAS and CMS experiments have revealed no-
table deviations in multi-lepton final state data compared to SM expecta-
tions, as detailed in Refs. [29-32, 36]. These anomalies, suggestive of poten-
tial BSM physics, align well with interpretations offered by the 2HDM + S
model, as detailed in Section 2.3. The observed discrepancies, described by

this model, underscore the importance of investigating the H — Sh, SS*, S S/
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FIGURE 5.1: Feynman diagrams showing leading order pro-

duction modes for H decaying into Sh for (a) gluon gluon fu-

sion, gg¢F, (b) top pair associated production, ttH, and (c) sin-
gle top associated production, tH [34].

decay processes, particularly in a final state comprising leptons of differing
flavours and opposite charges: e*uT. This specific final state is predomi-
nantly influenced by the tf process, known for its significant cross-section,
thus providing a well constrained data sample rich in statistics conducive
for a rigorous analysis. Such a high-statistics environment is ideal for as-
sessing the efficacy of advanced machine learning techniques, especially
in distinguishing signal from background processes in H — Sh, S5*,SS’
searches. Consequently, the di-lepton dataset is shown to provide well con-
strained signal and background samples, ideal for the evaluation of the

semi-supervised machine learning technique.

The study concentrates on the H — Sh final states, with production modes
illustrated in Figure 5.1. These include the three main production mecha-
nisms: gluon fusion, top pair associated production and single top associ-
ated production.

In this Chapter, a di-lepton study together with a base analysis of semi-
supervised techniques are presented. Firstly, the di-lepton MC dataset used
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in this study is introduced, the signal and background regions of interest
are defined, and the selected kinematics are presented. Following this, the
methodology and resultant comparison of the semi- and fully supervised
techniques, using the BDT, MLP and DNN classifier models, are presented.
This analysis forms a baseline study for the efficacy of the semi-supervised
technique in classifying high energy particle signatures.

5.2 Di-Lepton Final State Dataset

5.2.1 Monte Carlo Dataset

The di-lepton final state Monte Carlo dataset is made up of an Electron,
e~, and a Muon, u*. This lepton pair has a transverse momentum greater
that 10 GeV, opposite charge and different flavour (ey 4 pe). The study was
conducted in context of three different processes being examined that pro-
duce the di-lepton signal dataset, H[240] — S[170]h, H[350] — S[240]h and
H[400] — S[240]h. Each provides a signal dataset of the di-lepton system.
The background samples are a combination of processes that include Higgs,
VV, Vv, tt, tV/ttV and W + Jets. This provides a good representation of
processes occurring simultaneously to that of the di-leptons and therefore

are viable background processes when classifying the di-lepton system.

The MC data is generated with PYTHIAS [108] using the NNPDF 2.3 lead-
ing order [119] for parton showering, with the Al4 tune [120], and with-
out considering detector effects. While the parameters of the model are
fixed, the kinematics of the final state are presented with mpg = 250 GeV
and mpy = 260 GeV, in addition to the nominal value. The H — Sh samples
are generated including WW, ZZ, Tt and 77y decay modes for the S and &
bosons to obtain the relevant final states with leptons, photons and jets for
this study. Finally, the SM V& events are generated for each Higgs boson
decay mode of interest separately.

The dataset includes variables of transverse energy, Et, missing transverse

energy, E7'%°, pseudo-rapidity, 77, transverse mass, mr, di-lepton invariant
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FIGURE 5.2: Distributions of the number of b-tagged jets

(a) and di-lepton transverse momentum after at most one b-

tagged jet requirement (b) for the SM background processes
and several H — Sh signals normalised to unity.

mass, myy, transverse momentum, pr, and weights. The data provides vari-
ables for both leading and sub-leading leptons as well as leading and sub-
leading jets.

5.2.2 Signal and Background Definitions

The H — Sh search strategy relies on the number of b-tagged jets to de-
fine both the signal and background (a top enriched region) regions. This
is exposed in Figure 5.2a which compares the b-tagged jet multiplicity in
e*uT events for signal and SM background processes from MC simulation.
Events with at most one b-tagged jet include approximately 90% of the total
H — Sh signal, and thus are selected to form the signal region. In addi-
tion, candidate events are required to satisfy a lower threshold on the di-
lepton transverse momentum: p%ﬁ > 30GeV to reject the Drell-Yan process,
a mechanism where a quark from one proton and an antiquark from another
proton annihilate to produce a lepton pair, as shown in Figure 5.2b. On the
other hand, events with exactly two b-tagged jets are dominated by ¢f pro-
cess and have a small signal contamination. This feature is therefore used to
define a top enriched region to validate the MC simulation and from which

to extrapolate the tf contribution to the signal region.

The extent of separation for several kinematic distributions, between the
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FIGURE 5.3: Kinematic distributions in the signal region from
MC simulation for several H — Sh signal and SM background
processes normalised to unity.

signal and SM background processes for simulated events in the signal re-

gion, is illustrated in Figure 5.3.

It can be extrapolated from Figure 5.3 that the H[240] — S[170]h signal sam-
ple has the largest separation power and therefore is selected as the signal
sample for this study.

The background sample is defined as a top control region (CR), a signal free
region enriched in top processes. This region can be defined using the in-
variant mass of the two b-tagged jets (my;) for the H — Sh signal and the
SM processes from simulation, as shown in Figure 5.4. By selecting top CR
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FIGURE 5.4: Distribution of the invariant mass of the two b-
tagged jets for the SM background processes and several H —
Sh signals normalised to unity.

events with at least two b-tagged jets and my;, > 150 GeV, orthogonality be-
tween the top CR and the signal region is ensured. The latter threshold on
myy further rejects the remaining H — Sh signal contamination in events
with two b-tagged jets. This provides the ideal background sample to eval-

uate machine learning classifiers.

Bound-state effects on top quark production

Several top-quark measurements by the ATLAS and CMS experiments re-
sult in an enhanced top-quark cross-section production [121]. In particular
several top-quark kinematic distributions, including the di-lepton invariant
mass, myy, and the angular separation between the leptons, A¢,s, present
shape differences at low my, and A¢y, regions. These discrepancies could
be interpreted as bound-state effects on top-quark production [122]. In light
of this, it is crucial to evaluate the possible implications on the tf bound-state
effects in the H — Sh search.

Figure 5.5 shows the tf invariant mass, m,;, distribution and compares dif-
ferent m,, spectra in four m,; regions for the e* u final state using ¢ process
from MC simulation. For the latter, there is a clear correlation between the
mean of the m distributions and the range of the m,; regions.
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FIGURE 5.5: Distributions of the tf invariant mass (left) and
di-lepton invariant mass for different m,; regions (right) from
tf MC simulation.

Figure 5.6 compares the number of b-tagged jets in different m,; regions for
the tt process from MC simulation. Three thresholds for the b-tagged jet
transverse momentum, p?}_j Et, have been considered: 20GeV, 25GeV and
30GeV. The lower pad in these distributions shows the ratio in each b-
tagged jet bin for the region with m;; < 400 GeV over the other m;; regions.
The highest discrepancy is observed for events with no b-tagged jets. The
observed differences are below 20%. The impact on the tf bound-state ef-
fects in the H — Sh search is expected to only be around a few percent since
the tf contribution in the 0 b-tagged jet bin represents around 10% of the
total background, as shown in Figure 5.4.

5.2.3 Kinematic Feature Selection and Cut Summary

Before the di-lepton dataset can be used for analysis, the Top control re-
gion must be analysed as the base background sample. The cuts required to
achieve this, discussed above, can be summarised as:

1. Ny >2,
2. my, > 150 GeV.

It is shown in Figure 5.7, that by making these cuts we are able to extract a
sample dominated by the tf background process as desired.



86 Chapter 5. Di-Lepton Final State Classifier Supervision Study

o 1= =) o T T T T T T T T T
(5 (9]
N | | N r 7
g Vs =13TeV — m,<400 GeV E r{s=13TeV —— m,<400 GeV 7
5 F —— 400<m, <500 GeV g 5 06— —— 400<m, <500 GeV -
=z | 500<m, <600 GeV i z r 500<m, <600 GeV 7
— m,>600 GeV r —— m>600 GeV 1
r 7 [ = ]
04— —
0.5 — L i
L EEES———— i L i
i 1 0.2 —
= 4
0 0 :
2 12 g 12E B
£ 11 £ 11
2 1 2 1 4
3 09 3 09fF 3
S o8 ¢ os8f =
0.7 )
3 4 9\7_ 7% 2 4
£ Nyjot 20GeV £ Nyt 25GeV
Vs =13 TeV —— m,<400 GeV

—— 400<m,<500 GeV
500<m, <600 GeV
— m>600 GeV

Normalized
o
(=)

0.4

0.2

0 2 4

m,<400GeV / others

Ny 30GEV

FIGURE 5.6: Distributions of the number of b-tagged jets in

different m;; bins from tf MC process using different b-tagged

jet pr thresholds: 20 GeV (top left), 25 GeV (top right) and

30 GeV (bottom). Distributions are normalised to unity for
easier comparison.

Optimal kinematic variables for the di-lepton system are selected to be used
for machine learning training. These include the invariant mass, m, trans-
verse mass, mr, transverse momentum of the leading and sub-leading lep-
tons, pr,, and pr,,, transverse momentum of the di-lepton system, pr, miss-
ing transverse energy, E"’*, the difference in the azimuthal angle between
the two leptons, A¢,y, the difference in the pseudo-rapidity between the two
leptons, Arys, and the distance in the 17 — ¢ space between the two leptons,
ARyy.
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5.3 Methodology

To assess the efficacy of semi-supervised techniques relative to fully su-
pervised methods, the following methodology is employed. Initially, this
involves the processing of the data and selection of kinematics to estab-
lish a well-defined and constrained analytical framework. Subsequently,
it involves the implementation, training, and optimisation of both the semi-

supervised and fully supervised models.

5.3.1 Data processing and kinematic selection

In the initial phase of the study, a comprehensive data processing and eval-
uation of the di-lepton dataset is undertaken. This crucial step involves a
detailed analysis of the dataset to ascertain the size and characteristics of
both signal and background samples, essential for accurate model compar-

ison.

The investigation begins with a thorough analysis of the di-lepton dataset,
focusing on the ratio and distribution of signal to background events. This
examination uncovers the fundamental structure of the data, which is es-
sential for the subsequent phases of classifier model implementation.
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Following this, the selection and assessment of kinematic variables are car-
ried out. This process involves a systematic analysis of various factors to
identify their relevance and impact on the study. The selection of variables
is driven by the objective to maximise the discriminative power of the classi-
tier models, choosing those that effectively differentiate between signal and

background events.

Upon identifying key variables, kinematic features are calculated. This step
refines the dataset, ensuring that the classifiers have access to the most rele-
vant and informative data. These features are rigorously evaluated to con-

firm their effectiveness in enhancing classifier performance.

Finally, event weighting is applied to both signal and background events, a
crucial step in ensuring the classifier models accurately represent real-world
physics phenomena. This weighting corrects potential imbalances or biases
in the dataset, ensuring that the results are not just statistically sound, but

also physically significant.

In summary, the process of data processing and kinematic selection is a mul-
tifaceted and meticulous procedure, optimising the dataset for the effective
implementation and comparison of various classifier models. This founda-

tion is vital for reliable and insightful analysis.

5.3.2 Model implementation, training, and optimisation

The efficacy of semi-supervised techniques in this context is assessed by first
establishing a robust baseline with fully supervised learning models. The
initial stage involves the meticulous development of supervised machine
learning algorithms, specifically tailored for the BDT, MLP, and DNN mod-
els. A critical aspect of this stage is the rigorous training, testing, and opti-
misation of each model. The primary objective here is to achieve high accu-
racy in distinguishing between labelled di-lepton signals and background

processes, which is fundamental for valid comparative analysis.

Upon successfully establishing the fully supervised baseline, a parallel and
equally thorough process is undertaken with semi-supervised techniques.
This involves adapting each of the BDT, MLP, and DNN models to operate
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in a semi-supervised framework. The unique challenge here is to train and
optimise these models to classify di-lepton signal samples within a mixture
of unlabelled signal and background events, using a set of labelled back-
ground samples as a guide. This step is crucial in demonstrating the via-
bility of semi-supervised methods in scenarios with incomplete labelling or
directly on LHC data.

The optimisation of each model is a meticulous process, involving not just
the adjustment of model architectures but also the careful tuning of hyper-
parameters to ensure optimal performance. This step is pivotal in enhancing
the models” ability to discern subtle patterns and distinctions in the data, a
task that is central to the success of classifiers.

For the implementation of all models, the study leverages the Toolkit for
Multivariate Data Analysis with ROOT (TMVA) [123]. TMVA offers a com-
prehensive suite of machine learning tools specifically developed for par-
ticle physics research, particularly suited to analyses involving LHC data.
Its sophisticated features and particle physics-centric design make it the op-
timal tool for this study, ensuring that the models are not only technically
sound but also aligned with the unique requirements of high-energy physics

research.

The final step involves a critical comparison of the optimised models, fo-
cusing on both their classification algorithms and supervision techniques.
To accomplish this, each model’s ability is quantitatively measured using
the resultant AUC score. Furthermore, the Kolmogorov-Smirnov test is em-
ployed to assess the extent of overtraining in each model. This dual ap-
proach ensures a comprehensive evaluation, allowing for a nuanced under-
standing of the performance and reliability of the models under different

supervision regimes.

In conclusion, the model implementation, training, and optimisation pro-
cess is designed to rigorously test the capabilities of semi-supervised learn-
ing in comparison with fully supervised methods, within the specific con-
text of high-energy physics and particle classification. The approach used
here, from model development to optimisation, underscores the commit-

ment to achieving accurate, reliable results that can significantly contribute
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to the understanding of semi-supervised learning in this field.

5.4 Model and Supervision Results

5.4.1 Setup and data preprocessing

This section details the setup and data preprocessing steps undertaken for
the analysis of the di-lepton final state dataset. The focus is on defining and
processing the signal and background regions, as well as the event samples,

to ensure a well-constrained dataset for the analysis.

Initially, necessary cuts are applied to delineate the signal and background
regions. This process is instrumental in refining the dataset, resulting in a
clearer segregation of signal and background events. The effectiveness of
these cuts is demonstrated by the quantitative breakdown of the signal and
background Monte Carlo events, as shown in Table 5.1. This table presents
the raw number of background events for each process, as well as the fi-
nal number of raw and weighted signal and background events after cuts,

offering a transparent view of how these cuts impact the dataset.

Following the event selection process, the study advances to the training
phase of the classifier models. A crucial step in this phase is the selection
of an optimal and well-constrained set of kinematic features. This selec-
tion process is not arbitrary; it involves a careful analysis of the kinematic
feature distribution separation as well as feature ranking during the model
implementation phase. The feature ranking, in particular, plays a vital role
as it reflects the extent to which the value of a feature influences a machine
learning model’s ability to classify data. The chosen features are those that
exhibit the most significant impact on the discrimination ability of the classi-
fication models, thereby maximizing their potential to accurately segregate

signal from background events.

In summary, the setup and data preprocessing steps lay a solid founda-
tion for the subsequent analysis. By defining the signal and background
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Number of Signal and Background Events

Signal

Process | Raw Events Weighted
X[240]—S[170]h | 1282 6410

Background
Process ‘ Raw Events ‘ Np; > 2 ‘ mpp > 150 GeV
Higgs 985203 10894 1046
WW 1444022 5430 1151
\'A% 1348938 9473 2643
Vy 9533 31 5
tt 7553172 | 2929354 1326976
Top 620381 | 169148 83544
Zy 1120628 5495 1850
W Jets 447 0 0
Total 13082324 | 3129825 1417215
Weighted Total 438396 | 114145 51825

TABLE 5.1: Number of signal and background events before
and after selection cuts for /s = 13 TeV.

regions, applying targeted selection cuts, and choosing the most influen-
tial kinematic features, the dataset is optimally prepared for the advanced

classification tasks ahead.

5.4.2 Model implementation and development

In the model implementation and development phase of this study, the fo-
cus is on optimising the architecture and hyperparameters of each of the
machine learning methods: BDT, MLP, and DNN. This optimisation is crit-
ical for enhancing the models” ability to effectively discriminate between
signal and background events in the di-lepton dataset.

To ensure a transparent and comprehensive understanding of this process,
a summary of the evaluated and final optimised hyperparameter values for
each model is provided in Tables 5.2, 5.3, and 5.4. These tables present a
detailed overview of the parameters considered for each model, the range
of values evaluated, and the optimal selections made based on the analysis.
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Boosted Decision Tree

Hyper-Parameter

| Evaluation Range | Optimised Selection

Boost Type — Gradient Boosting
Number of Trees [10, 1000] 100

Max Depth [1,10] 2

Min Node Size [0.01,0.1] 0.02
number of Cuts [100, 500] 200
Shrinkage [0.01,0.1] 0.04
Bagged Sample Fraction [0.1,1] 0.25

TABLE 5.2: BDT model hyperparameter optimisation.

Multilayer Perceptron

Hyper-Parameter

| Evaluation Range | Optimised Selection

Learning Rate [1-107%,1-1073] 1-1072
Epochs [10, 1000] 600
Neuron Activation [tanh, sigmoid] tanh
Hidden Layers [1,5] 2
Neurons per Hidden Layer [5,100] 80
Training Method [MLP, MLPBFGS, MLPBNN
MLPBNN] MLPBNN

TABLE 5.3: MLP model hyperparameter optimisation.

Deep Neural Network

Hyper-Parameter

| Evaluation Range | Optimised Selection

Learning Rate [1-1071,1-1073)] 1-1072
Batch Size [1,500] 256
Momentum — 0.9
Weight Decay [1-1072,1-1077] 1-10*
Epochs [10,2000] 800
Neuron Activation [tanh, ReLu] tanh
Hidden Layers [1,10] 5
Neurons per Hidden Layer [10,200] 128

TABLE 5.4: DNN model hyperparameter optimisation.

The optimisation of hyperparameters for each algorithm is guided by two
primary objectives: to maximise the area under the ROC curve (a measure of

background rejection versus signal efficiency), and to minimise the extent of
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overtraining. Overtraining can significantly reduce a model’s ability to gen-
eralise to new data, hence its mitigation is a key aspect of this optimisation
process.

To evaluate the extent of model overtraining, the Kolmogorov-Smirnov (KS)
test is used. This statistical test compares the output response distributions
of the training and validation datasets, providing a measure of their similar-
ity. Conducted concurrently with the generation of these distributions, the
KS test facilitates real-time monitoring and adjustment, ensuring maximal

generalisability of each model.

Overall, the model implementation and optimisation is crucial for ensuring
that each machine learning model is not only technically sound in terms of
its architecture and parameters but also effective and reliable in its perfor-
mance. The optimisation process undertaken here sets a strong foundation
for the final evaluation and discussion of the results in the subsequent sec-

tion.

5.4.3 Final results and discussion

The analysis of the resultant response distributions for each model, trained
under both fully-supervised and semi-supervised techniques, offers valu-
able insights into their respective abilities to differentiate between signal
and background events in the di-lepton dataset. This section delves into the
performance of the BDT, MLP and DNN models, scrutinizing their response

distributions and comparing their efficacy through ROC curves.

Starting with the BDT model, the response distributions for the fully super-
vised (Figure 5.8a) and semi-supervised (Figure 5.8b) approaches demon-
strate effective discrimination between signal and background events. Al-
though the separation is not optimal, the tendency of background events
to be labelled with response values tending towards zero in both methods

underscores their effectiveness.

Turning to the MLP model, its response distributions for both training tech-
niques are shown in Figure 5.9. The MLP responses, when compared to the

BDT, exhibit smoother distributions but with a lesser degree of separation.
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FIGURE 5.9: Response distributions of final optimised MLP
models.

Despite this, the MLP successfully distinguishes between signal and back-
ground events, although with a more significant overlap in responses than
that of the BDT.

The DNN model’s response distributions, presented in Figure 5.10, demon-
strate an exceptional ability to classify background events for both supervi-
sion techniques. The fully-supervised DNN model shows notable success
in classifying signal events, with the semi-supervised model’s separation
only slightly inferior. The semi-supervised response distributions illustrate
that, in semi-supervised training, the signal events more closely follow the
background dynamics then in the fully supervised method.
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For a direct comparison of the models and the effectiveness of the supervi-
sion techniques, the ROC curves, illustrated in Figure 5.11, are used. These
curves facilitate the computation of the area under the curve (AUC), pre-
sented in the legend of Figure 5.11, providing a quantifiable measure of each

classifier’s performance.

The AUC analysis reveals that the best-performing models are the fully su-
pervised BDT and DNN, with AUC scores of 85.9%. Their semi-supervised
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counterparts also exhibit strong performance, with the BDT and DNN scor-
ing 85.5% and 84.5%, respectively. The MLP model produced the least desir-
able separation with AUC scores for fully supervised and semi-supervised
of 0.783 and 0.812 respectively. The fact that the semi-supervised MLP pro-
duced better results than it’s fully supervised counterpart is likely an indi-
cation that the model was not successfully optimised.

Notably, the fully supervised technique outperforms the semi-supervised
method by a marginal difference of less than 3%. This finding underscores
the semi-supervised technique’s capacity to reduce model dependency, and

still maintain excellent classification efficiency for particle signatures.

Additionally, when assessing the extent of over-training, the DNN model
emerges as the most robust, followed by the BDT, with the MLP showing
the highest susceptibility to over-training. This hierarchy in over-training
resistance further influences the decision to prioritise the DNN model for
subsequent studies, given its superior balance of classification accuracy and

generalisability.
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Chapter 6

Measuring a Trials Factor in
Semi-Supervised Z7y Resonance

Searches

6.1 Introduction

Leveraging the powerful potential of machine learning classifiers for res-
onance searches at the LHC, opens up new possibilities for exploring the
fundamental constituents of the universe. These classifiers can learn intri-
cate patterns and nonlinear relationships from large and high-dimensional
datasets, providing a significant advantage when dealing with the LHC’s
complex and voluminous data. The utility of machine learning models in
this context is not limited to merely sifting through data but extends to
identifying and classifying potential resonance signals, often buried deep
within background noise. By enabling a more precise and efficient reso-
nance search process, classifiers can accelerate the discovery of new par-
ticles or exotic phenomena, pushing the boundaries of our current under-
standing of particle physics. Semi-supervised classifiers introduce a theo-
retical model independent methodology to identify new physics. In Chap-
ter 5, semi-supervised Neural Network (NN) models are shown to not only
reduce model dependencies, but also classify LHC data with comparable

success to standard fully supervised methods.

However, semi-supervised classifiers are not without their own challenges.
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The implementation of fully supervised models uses pre-defined signal and
background samples to train. Once trained, the predefined signal and back-
ground samples can be used to calculate the optimal response distribution
cut to maximise the signal extracted. This is not the case in semi-supervised
classifiers which do not have a predefined signal sample. Thus, in order to
determine the optimal response distribution cut, a scan is used. This scan
of the response distribution introduces an additional look-elsewhere effect
that can manifest itself as "fake signals". These fake signals can significantly
distort resonance patterns and influence the interpretations [1]. Hence, it’s
imperative to evaluate the probability of fake signals produced in the im-

plementation of these classifiers, and expose it in the form of a trials factor.

When conducting any resonance search, it is crucial to take into account the
look-elsewhere effect to arrive at a statistically meaningful result. This effect
refers to the increased probability of finding apparent signals (that are actu-
ally statistical fluctuations) when searching over an extended range, usually
mass. This effect can lead to unreliable results if not properly addressed.
Therefore, the look-elsewhere effect introduced by semi-supervised classi-
tiers has to be included on top of those measuring the probability of statis-
tical fluctuations over an extended mass range, and thus occurs even if the

mass of the new resonance is fixed (known).

This chapter presents the methodology and results of a frequentist study
aimed at estimating the prevalence of additional look-elsewhere effects in-
troduced by semi-supervised NN models, in the form of a trials factor. In a
frequentist approach, the sum of trials, conducted as pseudo-experiments,
estimates the probability of outcomes based on their relative frequency over
numerous repetitions. Motivated by the multi-lepton anomalies and the ex-
cess around 150 GeV, the simulated Z+ final state dataset, introduced in this
Chapter, is used. An additional component to the analysis is an evalua-
tion of ML-based data generators for scaling and sampling datasets in HEP
analyses.
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6.2 Final State Zv Searches

Asintroduced in Section 2.3, substantial evidence indicates that the scalar, S,
with a mass, mg, of approximately 152 GeV predominantly decays into the
77 final state, presenting a large excess in this channel. However, a more
subtle excess is observed in the S — Z+7 decay mode, a phenomenon that
remains largely unexplained [38, 53]. As a result, we search for S — Z1,
at the mass of 150 GeV. Such an inquiry is pivotal for understanding the
nuances of the S decay mechanisms and potentially uncovering new physics
beyond the Standard Model.

The dominant background source in the search for the S — Z decay mode
of new resonances is due to the non-resonant production of a prompt pho-
ton, v, and a Z boson. The Standard Model non-resonant Zv represents
more than 92% of total background [124]. A secondary smaller contribution
comes from the production of Z bosons in association with jets (Z+jets),
with one jet misidentified as a photon. The Z-+jets background is not con-

sidered in this study as its contribution is derived from real data at the LHC.

The production of the Higgs like heavy scalar decaying to Zy (pp —+ H —
Z+) events, where Z — ¢*{~. This means that the Z boson decay into two
leptons of opposite sign, either two muons, ™y, or two electrons, ete™.

The production of £* ¢~ v are exposed using Feynman diagrams, Figure 6.1.

6.2.1 Monte Carlo Event Generation

To thoroughly optimize and assess the strategy, a comprehensive simula-
tion of 110,000 Z+y events was carried out using MadGraph5_aMC@ONLO 2.6.7,
with Next-to-Leading Order precision in QCD [111]. The processes of par-
ton showering and hadronisation were executed with PYTHIA 8.2[126], em-
ploying the ATLAS A14 tuning and the NNPDF2.3 Leading Order parton

distribution functions [127].

Simulations were facilitated using Delphes3 [128], offering a fast simula-
tion approximating the ATLAS experiment’s current setup. The specific
generator-level criteria were applied to identify relevant events, necessitat-

ing photons to have a transverse momentum exceeding 25 GeV and the Zvy
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FIGURE 6.1: Feynman diagrams for ¢*¢~+ production: (a)

photon radiation from a quark leg; (b) final-state photon ra-

diation from a lepton; and (c, d) contributions from Z + q(g)

processes in which a photon is produced from the fragmenta-
tion of a quark or gluon [125].

invariant mass to lie within the 132 to 168 GeV range. The reconstruction of
hadronic jets was performed using the anti-k; algorithm [129], with a radius
parameter of R = 0.4, via the FastJet 3.2.2 [130]. Only jets with a trans-
verse momentum greater than 30 GeV and a pseudo-rapidity of |y| < 4.7
were considered. Furthermore, jets derived from bottom quarks were clas-
sified as b-jets using specific b-tagging methods [131]. Reconstructed jets
overlapping with photons, electrons, or muons within a cone of R = 0.4
were excluded. Electrons and muons were mandated to have a pr greater
than 25 GeV and a pseudo-rapidity within || < 2.5.

6.2.2 Invariant Mass Fixed Study

In the proposed theoretical model, we are interested in evaluating the Zvy
final state dataset as the primary background for the scalar, S, around the
motivated mass of 150 GeV.

This study therefore confronts mass window and side-band regions of the
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FIGURE 6.2: Invariant mass distribution highlighting the de-
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invariant mass, 1., spectrum. The mass window considers the mass range
around 150 GeV, where the signal is expected to be found. The side-band re-
gion considers the mass regions surrounding the mass window where only
background is expected.

The mass window is fixed to the range from 144 to 156 GeV. The side-band
is fixed to the range from 132 to 144 GeV excluding the mass window. The
invariant mass distribution exposing side-bands and mass window can be

visualised in Figure 6.2.

In order to best describe the background distribution and potential signal

resonances, functional fits are used.

Control region

The Z< invariant mass distribution, shown in Figure 6.2, is the control re-
gion (background contribution to the signal region of interest). In resonance
searches a pure background distribution represents the null hypothesis, for
the case where there is no signal resonances. A function must be selected to
best describe the background distribution. On initial inspection the shape
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| Exponential | Quadratic-Exp | Polynomial | Poly-Log-Exp

C0 | 49.289-10% 19.330 - 103 65.501 - 103 23.362

C1 | 34.342-1073 6.257 —735.161 1.054

C2 - —75-1073 2.115 648.860 - 1073
C3 - 0.14-1073 - -

x* | 3932-107° | 2502-107% | 2.858-107 | 2.454-1073

TABLE 6.1: Comparison of background functional fits on Zvy
invariant mass distribution.

of the distribution appears exponential. However, it is important to con-
sider more complex functional forms to best describe the distribution. The

functional forms considered are, an exponential function,
f(x) =co-e 7, (6.1)

a quadratic exponential function,
Fx) = cp- e, 6.2)
a polynomial function,
f(x)=C0+Cl'x+C2~x2, (6.3)
and a mixed poly-log-exponential function [132],

F(x) = (1 — x)0 - xerrezlog(®), (6.4)

Each of the background functional forms are evaluated by fitting them to the
invariant mass distribution of the entire MC dataset. The fit is done using 36
bins, one per GeV, using the entire dataset, 106,474 events. The success of
each fit is evaluated using the difference between the data and background
fit as well as the x? value. A tabulated summary and a visual comparison
of the resulting background functional fits are exposed in Table 6.1 and Fig-

ure 6.3 respectively.

The comparison of background functional forms, on the specified invariant
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mass range, affirms that the mixed poly-log-exponential function, selected
in Ref. [132], has the minimal x?, and is therefore selected as the optimal
background function for this analysis.

Signal region

In order to measure the amount of signal events found in the signal region, a
signal functional form is used. A Gaussian function is selected as the func-
tional form to expose signal events in this mass window. The Gaussian

functional form is shown in Equation 6.5, as:

(m—ps)?

gm) =cs-e 2%, (6.5)

where m is the mass, cs is a scalar measuring the curve’s peak, i is the
position of the centre of the peak, and o; is the standard deviation. In this
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analysis, the ys can be fixed at 150 GeV and c5 can be set to the search reso-
lution of 2.4 [124].

6.2.3 Kinematic Features

The key kinematic features of the Z+ final state dataset are categorised into
three groups. First, we consider the individual characteristics of the leading
lepton, ¢, sub-leading lepton, ¢», and the photon, . These include their

transverse momentum, Pt, azimuthal angle, ¢, pseudo-rapidity, 7, and en-

ergy, E.

Next, we examine the kinematics of the Z system as a whole, including

its invariant mass, My, transverse momentum, Ptgg,y, missing transverse

energy, E2*%, the azimuthal angle of the missing transverse energy, ®pis,
T

the number of jets, Nj, and the number of central jets, ch.

Finally, we assess the relational kinematic features. These include the dis-
tance ARy, which measures how far apart the two leptons are in the 7 — ¢
space'. We also consider the difference in the azimuthal angles of the two
leptons, A®,y, and the difference in azimuthal angle between the missing
transverse energy and the Zvy system, A®(E™*, Z~). The feature distribu-
tions of the Z MC dataset are shown in Figure 6.4.

6.3 Pseudo-Experiment Design

In this study, we employ the frequentist approach to quantify the prevalence
of additional look-elsewhere effect introduced in semi-supervised learning
models. Central to this approach is the rigorous repetition of a carefully
designed pseudo-experiment, conducted thousands of times to yield statis-
tically robust and accurate probabilities of outcomes. This methodological
rigour is essential for the reliable interpretation of results in the context of

semi-supervised learning.

The core structure of the pseudo-experiment, specifically tailored for this

study, comprises three primary components: data sampling or generation,

IThe distance AR is defined as AR = \/(A1,)% + (A )2
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FIGURE 6.4: Monte Carlo Z+ dataset kinematic feature distri-
butions.

semi-supervised training, and the measurement of signal significance. A
simplified visualization of the pseudo-experiment, contextualised within
the frequentist framework, is provided in Figure 6.5.

To further delineate the extent of false signals and uncover the look else-
where effect, the design of the pseudo-experiment is elaborated. The out-
put response of the trained semi-supervised classifier is scanned, producing
local samples of extracted events reflective of the process to optimise the ex-
traction signal events. Each of the local samples are then mapped to their
corresponding invariant mass, where signal and background fits reveal the
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FIGURE 6.5: Simplified diagram of the frequentist study,
pseudo-experiment.

significance of fake signals in each sample. The expanded overview and

detailed flow diagram of the pseudo-experiment is illustrated in Figure 6.6.

In the following sections, each component of the pseudo-experiment will
be expanded upon, providing a comprehensive exploration and detailed

analysis of their individual roles and interplay in the context of this study.

6.3.1 Data sampling and generation

Frequentist studies require a sufficient number of repetitions of an experi-
ment to have statistically meaningful results. For each pseudo-experiment
iteration, a sample of 80,000 events is used to train and evaluate the NN
classifier, in order for the results not to be limited by the MC statistics. How-
ever, repeatedly generating these samples of events with pure MC methods
would require substantial computational resources and time [133]. Fortu-
nately, machine learning-based data generators have recently emerged as
a novel and powerful tool for generating and scaling data samples [134,
135]. These advanced algorithms leverage the potential of ML and deep
learning to create realistic, high-quality simulated datasets. Such data gen-

erators utilise various architectures, most notably Generative Adversarial
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Networks (GANSs) and Variational Autoencoders (VAEs), each demonstrat-
ing unique capabilities and potential use-cases in particle physics.

An additional study, presented in Section 6.4, considers and compares the
KDE, GAN and VAE data generation methods. The optimal model is then
selected and used for the frequentist study to sample/generate statistically
accurate and independent datasets for each pseudo-experiment.

6.3.2 Semi-supervised neural network

The core component of the analysis is the evaluation of the semi-supervised
NN classifier. In this study, the NN model used is kept consistent with the
model used in Ref. [90]. The model architecture consists of an input layer,
three hidden layers and an output layer, shown in Figure 6.7. The input
layer consists of seven nodes corresponding to the input features. The hid-
den layers have 26, 26 and 13 nodes, respectively. The output layer consists
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FIGURE 6.7: Neural network model architecture.

of a single node that outputs the NN response. The neurons in the hid-
den layers each use the Tanh activation function. Finally, the output neuron
utilises the sigmoid activation function, forcing the output to a value be-

tween zero and one.

The training features are selected to reflect the Z+ kinematics excluding fea-
tures with direct correlation to the m,. To this end the features used to
train the NN are ARy, EZ*, Pemiss, Apu, AP(EH™S, Z+y), Nj, and N;.

The loss function implemented in the training of the semi-supervised NN
is binary cross-entropy. The binary cross-entropy loss function is described
using Equation 4.1. The model weights are optimised using the Adam opti-
miser, as described in Section 4.5.2.

The semi-supervised model is trained using two samples, as described in
Section 4.3.3. The samples are each defined on the my, distribution. The
pure background sample, sample 0, consists of events in the side-band re-
gion. The mixed signal and background sample, sample 1, consists of events
in the mass-window region. The mass-window and side-band regions are
defined in Section 6.2.2.
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6.3.3 Background rejection scan

Once trained, the NN output response distribution is analysed. Due to the
Sigmoid activation on the NNs output node, response values vary between
0 and 1. The NN model attempts to classify side-band events, sample 0, as
background with responses tending towards 0, and mass-window events,
sample 1, as signal with responses tending towards 1. Due to the fact that in
semi-supervision sample 1 contains signal and background events, only the
signal events should generate a response close to 1, while the background
events should not be differentiable from sample 0 events and classified as
such. The NN response distribution in the study is therefore expected to
show minimal separation between the samples, as there is no signal events
present in sample 1.

In the semi-supervised context, the extraction of signal events using the NN
response can rather be understood as the rejection of background events.
By rejecting background events, events with response tending to 0, we are
left with a local sample of signal events. The optimal background rejection
cut on the response distribution must therefore be determined to remove as

many background events as possible from the sample.

Fully supervised classifiers have predefined signal events, allowing for the
optimal response distribution cut to be selected. However, semi-supervised
classifiers do not have predefined signal samples and must use a scan to
determine the optimal background rejection cut. This scan may introduce
additional look elsewhere effects. In order to take this into account and
measure the extent of the effect, a background rejection scan is used. The
background rejection scan consists of extracting samples of events with an
increasing number of rejected background events. The amount of back-
ground events rejected in each sample is 0, 10, 20, 30, 40 and 50 percent
of the total events, respectively. The events from each background rejection
cut forms a local sample, and can be mapped to their respective invariant
mass for analysis. Figure 6.8 provides a visual example of the background
rejection scan and extraction of local event samples.

Performing a scan of the NN model’s response yields critical insights into
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the semi-supervised model. This process plays a pivotal role in optimiz-
ing signal efficiency and background rejection by identifying the most ef-
fective thresholds to enhance classification capabilities. It also provides a
comprehensive view of the model’s performance across various thresholds,
highlighting potential areas of over- or under-optimization and suggesting
necessary adjustments or refinements. Furthermore, scanning over the NN
response adds a layer of robustness against overfitting, ensuring that the
model remains generalizable and not overly tailored to the specific traits of
the training data.

Another vital aspect of the response scan is the evaluation of systematic
uncertainties. In fields like particle physics, where minor variations in input
parameters can significantly impact results, assessing how the NN response
is affected by these uncertainties is crucial. This sensitivity analysis helps
in understanding the reliability and stability of the model under varying

conditions.

Most importantly, particularly in the context of this study, the response scan
facilitates hypothesis testing. By generating localised samples for analysis,
it enables us to evaluate the significance of any signal present within these

samples, offering a robust method to test and validate our hypotheses.
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6.3.4 Invariant mass fits

In each background rejection sample, we observe a local analysis subset. For
a precise measurement of false signals within the signal region, events from
these samples are mapped to their corresponding invariant mass. The local
distributions of my, are then scrutinised using functional fits, a method
essential for revealing any signal presence in the mass-window region. The
functional forms employed for representing the background and signal are

detailed in Sections 6.2.2 and 6.2.2, respectively.

To synthesise the signal and background representations, we combine them
into a comprehensive model probability density function (PDF). This pro-
cess is central to our analysis and involves testing the background-only,
null hypothesis. By adopting this hypothesis testing approach, we assess
the probability of observing signal-like events purely as statistical fluctua-
tions within the background. This critical step aids in accurately identifying

true signal events against the backdrop of background noise.

In the analysis, we fit a combined PDF to the invariant mass data. This is
achieved by minimizing the negative log-likelihood. The fitting involves
comparing the model PDF with the observed data. For this purpose, the
ZFIT library is used [136]. ZFIT leverages the robust capabilities of the
ROOT framework, offering a sophisticated environment for both fitting and
statistical analysis. This combination of advanced tools enhances the accu-

racy of the fits and strengthens the hypothesis testing.

In Figure 6.9, we demonstrate this fitting process. It illustrates three key
components: the background-only model (dashed blue line), the combined
signal and background PDF model (dashed red line), and the signal compo-
nent in isolation (solid blue line). This representation clearly distinguishes
each element within the fitting procedure.

By combining meticulous fitting processes with comprehensive hypothesis
testing, the study aims to clearly distinguish genuine signal events from
statistical noise, thereby augmenting our understanding of false signals in

semi-supervised models.
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FIGURE 6.9: Example signal and background fits to the Zvy
invariant mass distribution.

6.3.5 Significance calculation

In the analysis of each local sample, the background and signal are modelled
through functional fits, optimised using the negative log-likelihood method.
This optimization facilitates the precise capture of any signal events within
the Gaussian function. Subsequent integration over the signal and back-
ground fits yields the respective numbers of events, denoted as Ns and Ny,
respectively. These event counts are pivotal for computing the significance
of the signal within the mass window, a crucial step in evaluating the po-
tential for discovery.

The concept of discovery significance, Z, is a statistical measure used to as-
certain the likelihood that the observed signal is not a result of background
fluctuations. In simpler terms, it quantifies the ‘'unusualness’ of the signal,
providing a benchmark to distinguish genuine discoveries from statistical
anomalies. The calculation of Z is grounded in the relationship between the
observed signal and the expected background.

A general formula for calculating discovery significance is:

(6.6)
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where N; represents the number of signal events and N, the number of
background events. However, this formula assumes an ideal scenario with

perfect background estimation and no additional systematic uncertainties.

In our study, we employ a more nuanced approach to accommodate the
complexities of real-world data. The significance is computed using an ex-
panded form of the above equation, which factors in the interplay between

signal and background events more comprehensively:

Z = \/2- ((Ns +N,) - log (1 + %) - NS). 6.7)

In this equation, the term log <1 + %Z) accounts for the relative proportion

of signal to background, providing a more accurate representation of the

significance.

Each pseudo-experiment conducted in the study generates six local signif-
icances, corresponding to each of the background rejection batches. These
significances are then analysed to understand the robustness of the detected
signal, and to ascertain whether what is observed is indeed indicative of a

genuine physical phenomenon or merely a statistical fluctuation.

6.4 Machine Learning Data Generation Evaluation

In order to effectively generate sufficient quantity and quality of data for
the given frequentist analysis, a comprehensive evaluation of various ma-
chine learning data generation techniques was undertaken. This assessment
focused on three advanced methodologies: the Kernel Density Estimation
(KDE), the Generative Adversarial Networks (GAN), and the Variational
Auto-encoder (VAE). Each of these approaches offers distinct capabilities
in producing large volumes of high-fidelity data. This section delineates the
comparative analysis conducted on these methods, elucidating their respec-
tive strengths and limitations in the context of the specific data generation
needs.
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6.4.1 Evaluation of different data generators

Each data generation method evaluated required a base training dataset.
The Z final state MC dataset introduced in Chapter ??, is used to train and
evaluate each model. The dataset is constrained to the mass range of the
frequentist study and a wide selection of features are used to provide an in-
depth understanding of the capabilities of each model to produce realistic
particle events. The selected features for the data generation study, defined

in Section 6.2.3, are Mepys PTyyr PTyor PTys En, Ev, Ey, 101, 102s s Q10 Pr2s Py
ARZ@, E?“SS’ (PE]r{/iss, N], and NC]

The quality of data produced using each method is evaluated both visu-
ally and using selected metrics. The success of each model is firstly as-
sessed in terms of the generated feature distributions. The success of the
model to produce feature distributions reflecting those of the MC training
dataset, is evaluated visually, using the bin-wise relative difference and the
Kolmogoroc-Smirnov score [137]. In addition to feature distributions it is
vital that the generated events reflect the feature-wise correlation of the MC
events. To this end the feature correlation is also compared visually, using
the Spearman correlation [138] (coefficient and p-value) and the absolute
correlation difference metrics. The visual and metric comparisons serve a
dual purpose in our analysis. Firstly, they establish a criterion for success,
which is pivotal in the optimization process of the models. Secondly, these
metrics create a benchmark, enabling a systematic evaluation and compari-

son of the results produced by each model.

A comprehensive introduction of the evaluation metrics, as well as model

development and optimisation strategies are presented in Appendix A.

6.4.2 Data generation results

Each of the data generation models were carefully constructed, trained and
optimised to generate Z+ events. The model architectures, training mech-
anisms and considerations, as well as the resultant feature distribution and
correlation plots, for each of three methods, are exposed in Appendix A.
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The three most successful methods identified were the Wasserstein GAN
(WGAN), the VAE with an additional discriminator (VAE+D), and the KDE.
Each of these models was used to generated 80, 000 events per iteration. To
facilitate a comprehensive comparison, the average result of 500 generated
samples, using each method was evaluated. These results are presented in
Table 6.2.

Evaluation Metric| WGAN | VAE+D | KDE
Relative 2.67 x 1073 442 x 1073 321 x107%
difference (£31x107°) | (£22x107°) | (£1.6x107°)
Kolmogorov- 2.67 x 1072 5.55 x 102 4.50 x 1072
Smirnov score (£2.89 x 107%) | (£3.04 x 107%) | (£2.18 x 107%)
Spearman corre- 6.96 x 107! 6.23 x 107! 9.38 x 107!
lation coefficient | (£5.99 x 1073) | (£7.07 x 1073) | (£1.37 x 107?)
Spearman 3.43 x 10723 1.38 x 10717 8.95 x 10754
p-value (£5.19 x 10723) | (£1.67 x 10717) | (£1.84 x 107?)
Correlation 2.14 x 1072 2.62 x 1072 2.47 x 1073
difference (£2.84 x 107%) | (£3.27 x 107%) | (£2.11 x 107%)

TABLE 6.2: Resultant comparison of the WGAN, VAE+D, and

KDE data generation methods. The evaluation metrics value’s

mean (standard deviation) are calculated for 500 generated
samples of 80,000 events.

This comparative analysis quantifies the ability of each data generation tech-
nique. The three best performing methods where found to be the WGAN,
VAE+D, and KDE methods. Each method demonstrates a high proficiency
in accurately simulating Z<y events. Within the scope of this research, which
concentrates on investigating semi-supervised classifiers, the KDE approach
is identified as the most appropriate. The selection of the KDE method is pri-
marily due to its exceptional performance in delivering high-quality results.
Notably, compared to other methods, KDE introduces significantly less po-
tential error. This aspect is crucial, particularly in influencing the outcomes
of frequentist study results. The method’s remarkable accuracy and reduced
error propensity make it ideal for our research. These attributes render the
KDE method particularly beneficial, aligning seamlessly with the specific

objectives and methodological rigour of the study.
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6.5 Frequentist Study Results

In order to measure the extent of look-elsewhere effects introduced by semi-
supervised NN classifiers, the pseudo-experiment was repeated 125,000
times and the results were analysed. In this section, the resulting compo-
nents of an example pseudo-experiment are first explored before the final

frequentist study results are presented and discussed.

6.5.1 Pseudo-experiment results

In this study, 125, 000 independent pseudo-experiments are conducted. Be-
fore the final study results can be evaluated, each component of the pseudo-

experiment must be assessed.

Data sampling

The first component of the experiments is the sampling or generation of a
statistically accurate and independent dataset. The evaluation and final se-
lection of the model used to achieve this is presented in Section 6.4. The
KDE model was selected as the method to generate samples for each exper-
iment in this study. Therefore, for each given pseudo-experiment, the KDE
is used to generate 80,000 independent Z+ events. An example of the fea-
ture distributions and event-wise correlation plots of generated events are
exposed and compared to the MC training dataset in Figures 6.10 and 6.11,

respectively.

Semi-supervised NN training

The generated dataset is used to train the semi-supervised NN classifier.
The NN is trained on all the generated features except the invariant mass
which is used to define the signal and background regions as well as for the
resonance search. As there is no signal introduced when training the model,
the model is expected to find no significant discrimination between mass-
window and sideband events. This is shown in Figure 6.12a, where the
signal (mass-window) and background (side-band) response distributions

show negligible separation. This is reinforced by the ROC curve presented
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FIGURE 6.11: Example generated feature correlation compar-
ison for pseudo-experiment using the KDE method.

in Figure 6.12b, that shows an AUC of 52%. This AUC exposes that the
model is approximately as likely to label an event as signal or background.

Furthermore, the features selected for the training of the NN must be evalu-
ated in terms of their influence on the NN model. Features with high model
influence may be correlated to the invariant mass, which would enable the
NN to distinguish between the signal and background regions. In order
to assess the feature influence, the SHapley Additive exPlanations (SHAP)
feature ranking is used [139]. Figure 6.13 exposes that the final selected
kinematic features have negligible SHAP scores and therefore have no sig-

nificant correlation with the invariant mass.
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FIGURE 6.12: Example pseudo-experiment response distribu-
tion (a) and ROC curve (b) for the trained semi-supervised
neural network.

Invariant mass fits

For each local background rejection sample, the invariant mass distribution
is fit with the background (null hypothesis) and signal+background PDF
(alternative hypothesis) models. The minimising of these fits exposes any
signal found in the mass window of each sample. Figure 6.14 shows an
example of the local fits for a single pseudo-experiment iteration.

The example pseudo-experiment’s local background rejection fits, expose
expected distributions with minimal signal significance. The likelihood of
attaining fluctuations in the fitting data around 150 GeV should occur at
normal probabilities. The local signal significance values in all conducted
pseudo-experiments ranges between —3.5¢ and 3.5¢.

6.5.2 Final results and discussion

In order to measure the additional look-elsewhere effect originating from
the implementation of the semi-supervised classifier, a frequentist approach
is used. To this end, the pseudo-experiment is repeated 125,000 times to
obtain necessary statistics. This means that for each pseudo-experiment
the KDE model, pre-trained on the Zy MC-generated dataset of 110,000
events, is used to generate a new sample of 80, 000 statistically independent
events. These events are then used to train the semi-supervised NN. Once
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trained, the event samples for the background rejection cuts of 0%, 10%,
20%, 30%, 40% and 50% are extracted via the NN response distribution.
The invariant mass distributions of these samples are then used to calculate
the significance of a narrow resonance at 150 GeV. Therefore, each pseudo-
experiment will produce six local significances, corresponding to each of the
background rejection thresholds.

This methodology, similar to mass scans in high-energy physics, segments
our analysis through the use of background rejection samples, where each
threshold acts as a local category. This approach facilitates an examination
of the impact of background rejection levels on our results, enabling a nu-
anced understanding of their influence on our findings. The resulting dis-
tributions of the local significances for each of the background rejection cuts
(BR) are shown in terms of their probability density function (PDF), f(Z)gr,
in Figure 6.15a. These distributions have an approximately Gaussian shape,
however with a standard deviation between 0.65 and 0.71. This decrease in
variation, with respect to the standard Gaussian, is due to the constraints on
the resonance fit imposing a priori via the shape of the resonance and the
side-bands. Note that the peak of the distributions shifts to the right with
increasing background rejection. Such a shift emerges from the interplay
between signal and background modelling, amplified by the diminishing
event counts in samples subjected to higher background rejection cuts.
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FIGURE 6.15: Analysis of local frequentist study results. Dis-

tribution of local signal significance values for each local back-

ground rejection sample (a) and local p-values (converted to

significance) for each local background rejection sample com-
pared to a standard Gaussian (b).

To further interpret these results and quantify the deviations from a Gaus-
sian shape, the probability of getting a local significance of up to 1c, 2¢ and
30 can be calculated for each BR cut sample. For this, we consider only
positive values of the significances for an excess at 150 GeV, as only they
can reflect instances where a fake signal is generated. The corresponding

normalised probability density function is:

_ (@)
Jo f(2)dz’

where BR is a label indicating the local background rejection cut. We then

fH(Z)r for Z > 0, (6.8)

compute the probability that, for each background rejection cut, a signifi-
cance of up-to a value Z = 1¢, 20 and 3¢ is obtained via the cumulative
distribution function (CDF):

ZT
F(ZT)gr = /0 FH(Z)srdZ. 6.9)

Therefore, the corresponding p-values calculated as 1 — F(ZT)pR, quantify
the probability of detecting an excess of up-to Z. These p-values can be
converted to significance, before being directly compared to Z”, correspond-
ing to if the distribution was normally distributed. This relationship is
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shown in Figure 6.15b, where one can see that the local samples conform
to a large degree with expected probabilities from a Gaussian distribution.
Only at higher significance thresholds above ~2.5¢ slight deviations from
the diagonal are seen. It is also shown that for background rejection cuts
of 0% and 10%, no 3¢ significance excesses were found during the 125’000

iterations.

To understand the extent of additional look-elsewhere effect introduced, the
0% BR sample can be used as a baseline. This inclusive sample contains all
the events classified by the NN without any cuts applied, and therefore pro-
vides a sample unaffected by the influence of the classifier and its response
scan. The additional look-elsewhere effect can thus be revealed through a
comparison of the samples that include the influence of the NN, from re-

sponse cuts, to the inclusive baseline.

The “global” sample which consists of the statistics from all background

rejection categories is calculated as:

6
f(Z)giobal = Y, f(Z), (6.10)
i=1

where i represents the different background rejection cuts. It is shown in
Figure 6.16 from where one can see that it approximates a Gaussian distri-
bution with a standard deviation of 0.69 centred around a mean of 0.15. The
corresponding global p-value is calculated as

+z7

Pglobal(ZT) =1- f+(Z,)globale/r (6.11)

0
where fT is defined analogously to Equation 6.8.

The comparison of the p-values from the different BR cuts sample and the
corresponding global PDF are compared to the 0% BR cut p-value to quan-
tify additional look-elsewhere effects. This means a trials factor is defined as
the ratio of these p-values, as shown in Figure 6.17. For lower significances,
up to approximately 1.5¢0, the trials factor is close to 1, implying minimal
inflation in the observed significance. However, at higher significances, of
greater than 20 thresholds, the trials factor displays elevations, indicating
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FIGURE 6.16: Distribution of the significance from the global
sample, i.e. ensemble of outcomes across all background rejec-
tion cuts.

an inflation of significance due to the NN procedure.

Therefore, despite the inherent challenges for resonant searches using weak
supervision, the depicted results demonstrate the efficacy of these semi-
supervised techniques and their ability to maintain additional LEEs within
acceptable bounds. This means that the extent of false signals introduced

by the NN are under control.

With the trials factor established, we adjust the global significance levels
for the LEE to accurately assess the rate of false discovery. In the statistical
analysis of experimental data, particularly when multiple hypotheses are
tested simultaneously, the need to control for the inflation of Type I error is
paramount. The Type I error, or the false positive rate, is the probability of
incorrectly rejecting a null hypothesis when it is in fact true. The inflation
of this error rate is a concern when multiple comparisons are made because
the likelihood of observing at least one statistically significant result due
to chance alone increases with the number of comparisons. This necessi-
tates the use of adjustments to maintain the overall error rate at a desired
significance level. Two such adjustments are the Bonferroni correction and
the Gross-Vitells adjustment, each with its own methodology and context of

application.

The Bonferroni Correction is one of the simplest and most conservative

methods to control the family-wise error rate, which is the probability of
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making one or more Type I errors among all the hypotheses being tested.
The Bonferroni method involves dividing the desired overall alpha level
(the probability of a Type I error) by the number of hypotheses tested. For
instance, if an experiment involves testing 100 hypotheses and the desired
alpha level is 0.05, the Bonferroni correction would adjust the significance
threshold for each individual test to 0.0005. This method ensures that the
cumulative probability of making at least one Type I error across all tests
does not exceed the overall alpha level. However, the conservative nature
of the Bonferroni correction can lead to a decrease in statistical power, which

is the probability that the test correctly rejects a false null hypothesis.

The Gross-Vitells adjustment, on the other hand, is a more sophisticated
technique that considers the spatial structure of the statistical tests. Origi-
nating from the field of random field theory, the Gross-Vitells method takes
into account the correlation between test statistics across the search space,
which is often the case in high-dimensional datasets like those analysed in
particle physics. This method uses the expected Euler characteristic of the
excursion sets above a certain threshold to estimate the effective number
of independent tests, which is generally smaller than the actual number of
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tests due to correlations. The adjustment made by the Gross-Vitells method
is less stringent than the Bonferroni correction and can lead to higher power
while still controlling the family-wise error rate. The Bonferroni and Gross-
Vittels adjusted global significances are compared to the unadjusted signifi-
cance in Figure 6.18. This exposes the rate of false discovery, while account-
ing for the LEE.
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FIGURE 6.18: Comparison of unadjusted global significance
to Bonferroni and Gross-Vitells adjusted global significance as
a function of local significance.

In Figure 6.18, the blue line represents the unadjusted global significance,
which rises linearly with local significance. When we apply the Bonfer-
roni correction (red line), the global significance values are significantly
reduced. The Gross-Vitells method (green line), offers a less conservative
but more nuanced adjustment, suggesting that some significance can be
retained without inflating the Type I error rate as much as the Bonferroni
method does.

At low local significances, the Bonferroni adjustment displays a divergence
from the unadjusted significance by up to 0.9¢, suggesting a highly con-
servative approach that may overestimate the probability of error. As the
local significance increases, this deviation lessens, reaching a minimal dis-
parity of 0.3¢ at high local significances. This pattern indicates that although
the Bonferroni method is robust in controlling the family-wise error rate, it
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could diminish the test’s sensitivity to detect true effects, especially when

local significance is low.

Conversely, the Gross-Vitells adjusted global significance, illustrated by the
green line in Figure 6.18, ascends more incrementally with local significance.
This adjustment, by accounting for correlations inherent in the data, offers
a nuanced moderation of the error rate. It diverges from the unadjusted
global significance by no more than 0.40 at low local significance levels, re-
ducing to a marginal 0.3c, as local significance grows. These values demon-
strate the Gross-Vitells method’s effectiveness in accounting for the LEE
without unduly compromising the error rate. The approach underscores
the efficacy of semi-supervised models in maintaining reasonable control
over LEE and error rates, essential for robust statistical inference in high-

dimensional data analyses.

In conclusion, this frequentist study meticulously evaluates the LEE and
the prevalence of false signals during the semi-supervised NN classifiers’
training for Zy final state signal isolation. The local and global significance
distributions maintain alignment with Gaussian distributions, highlighting
the minimal introduction of false signals throughout the training process.
Our analysis demonstrates that the LEE is negligible at lower levels of sig-
nificance, affirming the classifier’s reliability in these regions. However, as
local significance intensifies, the LEE becomes significant, underscoring the
necessity for proper adjustments. The incorporation of the trials factor into
our analysis has been instrumental in providing critical insights into the
scale of adjustment required to accommodate the LEE. It reveals a persis-
tent adjusted difference of +0.35¢ and a slight increase in LEE at low local
significance levels, emphasizing the impact of high-significance local fits on
the trials factor results, as depicted in Figure 6.17.

Furthermore, the convergence of the empirical data with theoretical adjust-
ments via the Gross-Vitells method highlights the robustness of the ana-
lytical approach. It controls the potential for false signals attributed to the
LEE, thereby ensuring the results” significance is not overstated. The Gross-

Vitells adjustments not only provide a refined assessment of the LEE but
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also uncover the intricate relationship between LEE and the observed signif-
icances. This dual analysis of the trials factor and the adjusted significance
levels constructs a comprehensive framework that guards against the over
interpretation of the observed phenomena, thus bolstering confidence in the
veracity of the potential discovery of true signals. The study, through its
nuanced consideration of LEE adjustments, reinforces the semi-supervised
model’s efficacy in classifying Zv events and underscores the importance of

such statistical considerations in high-energy physics research.
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Chapter 7

Conclusions

The quest for understanding the fundamental constituents of the universe
and their interactions has been a driving force for theoretical and experi-
mental physics. Central to this pursuit is the LHC at CERN, where the AT-
LAS detector serves as one of the primary instruments probing the frontiers
of our knowledge. This dissertation has presented a detailed study within
this context, focusing on searches for new bosons, using semi-supervised
classifiers. This research is motivated by the multi-lepton anomalies found
at the LHC, and focuses on the S(150) — Z< final state.

While model-dependent searches are crucial, they inherently rely on specific
theoretical assumptions that may not encompass the full spectrum of pos-
sible new physics scenarios. This recognition has spurred the exploration
of model-independent searches, which aim to be less reliant on theoretical
preconceptions and more inclusive of unexpected phenomena. An innova-
tive approach within this paradigm is the application of semi-supervised
machine learning techniques. These techniques leverage both labelled and
unlabelled data, making fewer assumptions about the underlying model,
thereby providing a more general strategy for new physics searches. This
dissertation has not only implemented these semi-supervised techniques
within the context of the 2HDM + S model but has also critically assessed
their efficacy and robustness. It is evident that these methods offer a re-
duced model dependency, opening a wider aperture for potential discover-

ies.
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This concluding chapter will reflect on the journey taken through the AT-
LAS data within the 2HDM + S landscape, highlighting the novel appli-
cation of semi-supervised learning. It will discuss the key findings, their
implications for the field, and the potential pathways that future research

could take to discover new physics BSM.

The base investigation into semi-supervised learning, as reported in Chap-
ter 5, stands as a cornerstone of this thesis. Here, a rigorous comparison
was drawn between semi-supervised and fully-supervised machine learn-
ing classifiers, with a focus on the classification of di-lepton signals. The
analysis employed three prominent machine learning architectures: BDT,
MLP and DNN, each renowned for their prowess in pattern recognition
tasks. Key findings reveal that both BDT and DNN models excel in their
respective techniques, showcasing AUC scores of 0.855 and 0.845 in semi-
supervised settings, against 0.859 in fully-supervised ones. The proximity
in performance between the semi- and fully-supervised approaches under-
scores the potential of semi-supervised methods to closely match the pre-
dictive strength of their fully-supervised counterparts while utilizing less

model dependency.

Although both BDT and DNN models demonstrate strong performance,
the DNN was selected for ongoing work due to its marginally better re-
sistance to overfitting and its inherent flexibility in model architecture —
advantages that, while modest, are nonetheless valuable in the high-stakes
pursuit of potential new physical phenomena. The consolidation of this
research into semi-supervised methods, particularly within the realm of
DNNs, not only demonstrates their viability but also sets the stage for their
more widespread adoption in particle physics research.

For the intricate tasks associated with HEP analysis, particularly those con-
cerning the evaluation of systematic uncertainties and the look-elsewhere
effect, the generation of sufficient and realistic synthetic physics data is of
paramount importance. This necessity was addressed by evaluating sev-
eral advanced data generation techniques, and comparing their abilities to
generate events. The results of this comparison, presented in Section 6.4,
compare the KDE, WGAN-gp, and VAE+D. Each of the methods are shown
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to generate high quality synthetic datasets that mimic the statistical proper-
ties of genuine physics events.

However, the focus on the precision required for frequentist study method-
ologies led to the conclusion that KDE, with its minimal error introduction,
was the most appropriate choice for this thesis. Despite the more sophis-
ticated generative capabilities of WGAN, the KDE provides the balance of
accuracy and computational efficiency needed for the rigorous evaluation of
false signals and LEE in semi-supervised classifiers. The specific attributes
of KDE that contributed to its selection include its simplicity, interpretabil-
ity, and lower propensity to introduce systematic errors into the analyses,
which are critical when conducting precise statistical studies.

The frequentist methodology developed and utilised within this research
critically evaluated the efficacy of semi-supervised NN classifiers within the
realm of narrow resonance searches in high-energy physics, gauging their
tendency to produce additional look-elsewhere effects in the form of fake
signals. This additional look-elsewhere effect, originating from the scan of
the NN response distribution, can be considered a consequence of model
independent searches. In this study, the semi-supervised NN classifier, was
developed and analysed to identify false signals and measure the LEE in
high-energy physics, particularly for S(150) — Z+ final state signal isola-
tion. The methodology was tested using 125,000 pseudo-experiment iter-
ations, yielding significant insights into the behaviour of local and global
significance distributions and the impact of LEE on statistical analyses.

The frequentest study results expose local significance distributions gener-
ally follow a Gaussian pattern, but shift right with increased rejection of
background events. At higher significance levels, particularly around 2.5
and 30, the results indicated potential deviations due to insufficient statis-
tics, emphasizing the rarity of such high significance levels.

The global significance, computed as a sum of local distributions, was found
to be normally distributed around zero. However, when considering the
LEE through a comparative analysis of local and global p-values, it became
evident that global p-values show reduced significance, indicating an infla-
tion in observed significance due to multiple testing, especially at higher
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levels.

To address this, we employed a trials factor, as the ratio of global to inclusive
p-values. While the methodology demonstrates that this effect is very small
at lower significance values, it is enhanced with decreasing p-values. De-
spite these complexities, the difference between the baseline with 0% BR cut
and p-values for higher BR cuts remain limited, showing the method’s pro-
ficiency in classifying events. Critically, the results corroborate that semi-
supervised NN classifiers introduce controlled fake signals, cementing their
viability in HEP analyses.

The analysis was further refined by applying the Bonferroni and Gross-
Vitells adjustments to control for Type I error inflation. The Bonferroni
method, while conservative, significantly reduced global significance val-
ues, potentially affecting the test’s sensitivity. Conversely, the Gross-Vitells
method provided a more balanced approach, showing less deviation from

unadjusted significances and better accounting for data correlations.

The analysis demonstrates the effectiveness of semi-supervised models in
controlling LEE and error rates in high-dimensional data analyses. The in-
tegration of the trials factor and the application of statistical adjustments
like the Gross-Vitells method have been crucial in understanding the im-
pact of the LEE. These approaches ensure that the significance of results is
not overstated, thus maintaining the reliability and accuracy of the statisti-

cal inferences in the search for true signals in high-energy physics.

In conclusion, the study underscores the importance of considering LEE and
statistical adjustments in high-energy physics research. It highlights the ro-
bustness of semi-supervised NN classifiers in handling complex datasets,
and their potential in aiding the discovery of true signals, while minimising
model dependency thereby contributing significantly to the field. The re-
sults presented in this thesis therefore establishes a comprehensive founda-
tion for future studies to more critically evaluate the use of machine learning
classifiers and thus implement these semi-supervised techniques in extract-

ing subtle signals from data produced at the ATLAS experiment.
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Appendix A

Evaluation of the WGAN data

generation model

A.1 Introduction

This appendix extends the Monte Carlo and data generation methods intro-
duced in Section 4.6. Section 6.4 is dedicated to a comprehensive evalua-
tive comparative study, assessing the efficacy of various machine learning
data generators in synthesizing LHC data. The introduction of this chap-
ter introduces the foundational concepts and methodologies underpinning
the Kernel Density Estimation (KDE), Variational Autoencoders (VAE), and
Generative Adversarial Network (GAN) models, alongside the metrics used

for their evaluation.

The second segment of the chapter is devoted to an in-depth exploration
of the Wasserstein GAN with gradient penalty (WGAN). This section aims
to offer a detailed analysis of the development, optimization, and results of
the WGAN model. This comprehensive examination is pivotal in under-
standing the model’s applicability and efficiency in generating high-energy
physics data, thereby contributing to the field of machine learning in scien-

tific data generation.

A.1.1 Kernel Density Estimator

The Kernel Density Estimator (KDE) introduced in Section 4.6.2 is selected
as a promising unsupervised fitting method. As the KDE model is fit to
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the training dataset, the only requirement when implementing the method
is to select the optimum bandwidth and kernel function. When comparing
different kernel functions on Z+ feature distributions, it was determined
that the Gaussian function was optimal. The bandwidth parameter was
selected by scanning over a large range of bandwidths to determine the best

value.

A.1.2 Variational Auto-Encoder

The development and optimisation of the VAE and VAE+D was conducted
in parallel. The architecture, hyperparameters and training strategies are
summarised in Ref. [140]. The VAE+D provides a GAN like VAE model
that utilises a discriminator network, which not only enhances the model’s
ability to generate high-fidelity data but also improves its performance in
learning complex data distributions. This integration leads to a more effi-
cient and effective generative model, capable of tackling a broader range of
applications compared to its traditional counterparts.

A.1.3 Generative Adversarial Network

The Generative Adversarial Network with focus on its variation that in-
cludes the Wasserstein loss and gradient penalty, was selected as the ma-
chine learning based data generator with the most potential for this appli-
cation. The GAN and WGAN-gp are introduced in detail in Sections 4.6.3
and 4.6.4, respectively. This Chapter provides an in-depth analysis of the
implementation and optimisation of the training and testing of the WGAN-

gp model.

A.1.4 Evaluation metrics

Evaluation metrics are selected to measure and compare the success of each
data generation method on the Z+y dataset. The evaluation metrics consider
success as generated events that accurately reflect the real particle events
feature distributions and correlations. To evaluate the success of each of
the generated feature distributions to reflect real physics the relative dif-
ference and Kolmogorov-Smirnov test are employed. The analysis of the
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generated invariant mass, 1, is of specific interest as it will be used as the
base of signal and background fits. The quality and shape of the generated
mye, distribution must therefore be smooth and consistent. Furthermore, as
the study will confront sidebands with mass window, the distributions of
each feature can use a more focused comparison between MC and gener-
ated events in the mass-window and sideband respectively.

The Relative Difference serves as a metric for relativistic comparison be-
tween the binned feature distributions of MC data and generated data. This
measure quantitatively assesses the divergence between the two distribu-
tions. The relative difference is calculated using the formula:

pmc — PG
s Al
max(puic) (A1)

where p)c represents the binned feature distribution of the MC data, and
pc corresponds to that of the generated data. This formulation normalises
the difference by the maximum value in the MC distribution, providing a

scaled perspective of the discrepancy between the distributions.

The Kolmogorov-Smirnov Test (KS), in its two-sample variant, is used to
determine if there is a significant difference between two empirical distribu-
tions, which are denoted as p;c and p¢. This test is especially valued for its
non-parametric nature, meaning it does not rely on assumptions about the
form of the underlying distributions. The KS test compares the cumulative
distribution functions (CDFs) of the two distributions, identified as F,,.(x)
for ppc, and Fp (x) for pg:

D = sup |Fy,c(x) = Fpe (x)]. (A.2)

Here, the KS statistic D is defined as the supremum of the absolute differ-
ences between the CDFs of pyic and pg over all values of x. The supre-
mum function, denoted as sup,, effectively captures the largest difference
between Fy,,.(x) and F,.(x). This approach quantifies the extent of diver-
gence between the two empirical distributions, with the KS test focusing

on the maximum discrepancy across the entire range of the combined data
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set. The KS test is implemented using the SciPy library [141] which follows
Hodges’ treatment [137].

Although these two tests provide statistics on the success of the generated
feature distributions, generated events must reflect the accuracy of the fea-
ture wise correlation. Therefore, in order to evaluate if the feature correla-
tion of events is reflective or real physics the absolute correlation difference

and Spearman correlation test are employed.

The Absolute Correlation Difference is measured as the absolute differ-
ence between the feature correlation of the MC data minus the generated
data. This provides a general measurement of the extent to which the gen-
erated data feature correlation presents real physics. It also exposes the
features with the highest and lowest correlation difference, providing an

in-depth feature wise evaluation of the generated event correlation.

The Spearman Correlation Test is a rank-order correlation coefficient used
to evaluate feature correlations between the generated data events and the
MC events. This non-parametric measure of rank correlation assesses the
monotonic relationship between features, offering insights into the predic-
tive consistency of generated data against MC events. Its suitability for han-
dling non-linear relationships and outliers is advantageous for the complex
HEP data. The test is implemented using the SciPy library [141], and is

critical for understanding feature correlations.

A.2 Wasserstein Generative Adversarial Network

The Wasserstein Generative Adversarial Network (WGAN), introduced in
Section 4.6.4, is an extended version of the GAN to generate superior qual-
ity data while reducing the effects of vanishing gradients. The model uses
two competing neural networks to converge on one being able to gener-
ate realistic data and the other to classify if an event reflects real physics or
not. The complexity of training the WGAN originates in the fact that the
optimisation of each of the two networks influences the ability of the other.
Therefore, the two models must be optimised simultaneously, increasing the
complexity of optimisation multifold.
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The implementation of the WGAN-gp model is executed using the PyTorch
library, a powerful and flexible deep learning framework in Python [142].
This model is based on the architecture of the WGAN described in the
Ref. [118].

To ascertain the viability of WGAN in simulating LHC events, a meticulous
optimisation of the model is imperative. This includes an in-depth analysis
of the model’s results and the influence of parameters on that result. This
section will firstly present the development process of the model, outlining
the strategies employed for its optimisation, and discusses the major factors
influencing its performance. Following this, we present a detailed exposi-
tion of the final model that was chosen after rigorous evaluation.

A.2.1 Model development and optimisation

Despite the interdependent training of the Critic and Generator models, it
is imperative to enhance each model’s structures and architectures indepen-
dently for optimal performance. This section delves into the multifaceted
journey of model development for the WGAN, involving many training it-
erations evaluating various architectures, hyperparameters, training mech-
anisms, and data processing techniques. A summary highlighting the most
impactful modifications, will be presented.

The base components of the implemented model are the dataloader, critic
model, generator model and the main WGAN-gp or trainer model. The
dataloader facilitates storing and preprocessing the training dataset as well
as sampling batches of data during training. The critic and generator mod-
els are neural networks configured to classify and generate synthetic events
respectively. Finally, the trainer model is used to initialise and implement
the WGAN-gp training using the dataloader and neural network models.

To monitor and evaluate the training process of various model configu-
rations, key metrics such as loss are meticulously tracked using Tensor-
Board [143]. This tool enables the detailed visualization of training dynam-

ics, facilitating insightful comparisons across different model runs.
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Additionally, the model saves progress distribution and correlation plots
at regular intervals, providing a visual representation of its learning trajec-
tory. To further refine and optimise the WGAN-gp model, for generating
Zy data, a systematic approach is employed. This involves controlled scans
of various parameters and configurations, allowing for precise adjustments
and enhancements to the model. Through this methodical process, the aim
is to incrementally improve the model’s performance and adaptability in
generating high-fidelity Z+ data, ensuring it meets the specific requirements
and standards of the application.

Building upon the foundational setup for monitoring and optimizing the
WGAN-gp model, it is crucial to understand the training cycle of the base
model, particularly focusing on the concept of an epoch. An epoch in the
context of training a GAN, like the WGAN-gp, represents one complete cy-
cle through the entire training dataset. During each epoch, the WGAN-gp

trainer model undergoes a single training iteration.

For a given epoch the WGAN trainer model uses the dataloader to sample
the entire training dataset in batches. The size of these batches is determined
by the hyperparameter, batch-size. Each batch of training events is used for

a critic training iteration and a generator training iteration.

During a critic training iteration, the gradient penalty and critic loss are
calculated for the current critic and generator outputs using Equations 4.31
and 4.30. The critic model weights are updated using the selected optimiser
on the calculated loss.

During a generator training iteration, the generator loss is calculated for
the current critic and generator output using Equation 4.29. The generator
model weights are updated using the selected optimiser on the calculated
loss. In initial training epochs the generator model is only trained once for
every five critic training iterations. This allows the critic model to discrimi-

nate with sufficient quality to best inform the generator model updates.

Using this base model, various optimisation scans of architectures, activa-
tions, hyperparameters and algorithms can be assessed. The key results
to these experiments are presented in Section A.2.2. One such experiment,
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to evaluate the influence of increasingly complex architectures will be ex-
posed.

Example WGAN architecture optimisation

In the example experiment, four different configurations of hidden layers
and nodes of increasing complexity where designed for the generator and
critic models independently. These are summarised in Table A.1.

Configuration Number of nodes per hidden layer
Critic \ Generator
1 [D, D, D] [D, D, D]
2 [D,2-D,D] [D,2-D,D]
3 [D,2-D,2-D,D] [D,2-D,2-D,2-D,D]
4 [D,2-D,4-D,2-D,D] | [D,2-D,4-D,-DD, D]

TABLE A.1: Table showing example WGAN architecture opti-
misation for increasing complexity of hidden layers. Where D
is the input dimension selected as 256 for given example.

The critic and generator model configurations influence the training of one
another and therefore to gauge the influence of the different configurations,
each combination of generator and critic combinations must be tested. Each
model combination is trained using the same fixed hyperparameters for 500
epochs. Each combination is denoted as G;Cy, where j and k are the genera-
tor and critic configurations respectively. The trained models are then eval-
uated and compared on their; critic loss, generator loss, gradient penalty,
generated feature distributions, and generated feature correlations.

The critic loss per epoch serves as an indicator of the critic model’s conver-
gence. Typically, critic loss values are negative and approach zero as they
converge. Figure A.1 illustrates the critic loss per epoch for each model.
In the initial 50 epochs, each model’s critic loss reaches its maximum neg-
ative value. Models with more complex critic networks exhibit larger dips,
whereas those with simpler networks show minimal troughs. Post reach-
ing their peak negative values, the critic loss in all models tends towards
zero. Notably, models with higher complexity demonstrate a more gradual

convergence, while simpler models converge more rapidly.
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FIGURE A.1: Plot comparing example model critic loss per
epoch.

A detailed comparison, as depicted in Figure A.1, reveals significant in-
sights about the critic model configurations. Configurations 1 and 2, lacking
in complexity, converge swiftly but only to a mediocre level of quality. Con-
figuration 4, despite its large initial dip indicating substantial learning, has
difficulty converging successfully, suggesting a potential limit to beneficial
complexity. Finally, configuration 3 emerges as the most effective, striking
an optimal balance with its gradual convergence and achieving the highest
quality in the resultant models. This underscores that an intermediate level
of complexity in the critic network, as seen in configuration 3, provides the
most favourable outcomes for accurately classifying events in this context.

The generator loss per epoch similarly serves as an indicator of the gener-
ator model’s convergence. The generator loss values are positive and form
an initial peak, for early epochs, before tending towards zero and conver-
gence. Figure A.2 compares the example model configurations in terms of

the generator model loss per epoch.

In the comparative analysis of generator loss as depicted in Figure A.2, sev-
eral patterns emerge, highlighting the performance of different model con-
tigurations. Notably, the configurations G3C; and G4C;, depicted by green
and blue lines respectively, display loss values consistently below zero. This
suggests an insufficiency in the critic model, potentially limiting the effec-

tiveness of training.
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FIGURE A.2: Plot comparing example model generator loss
per epoch.

Additionally, the middle dark blue line, representing the G; V> configura-
tion, demonstrates a notable inability to converge. Its loss trajectory di-
verges from the expected stabilization path, indicating potential issues in

its parameter settings or training approach.

In contrast, the light blue (G1C4) and orange (G,C4) configurations exhibit
the largest initial peaks in generator loss, due to a combination of low com-
plexity generator model and high complexity critic model. Despite this,

they show tendencies towards decent convergence.

Among the models analysed, the grey (G,C3) and light blue (G1C4) configu-
rations stand out for their efficient performance. These models maintain loss
values within an optimal range, steadily approaching convergence. This
consistent performance suggests a well-calibrated balance in the generative
adversarial network, highlighting their effectiveness in the model configu-

ration.

The implementation of gradient penalty in training WGANSs serves as a crit-
ical mechanism for enforcing the Lipschitz constraint on the critic. By pe-
nalizing the gradient’s norm deviating from a target value, typically set to 1,
the gradient penalty ensures a smoother and more stable training process.
The analysis of gradient penalty per epoch offers insights into the critic’s

performance throughout the training. Higher penalty values suggest more
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Gradient Penalty

FIGURE A.3: Plot comparing example model gradient penalty
per epoch.

significant deviations from the Lipschitz constraint, indicating potential is-

sues in model training or architecture.

In the model comparison of gradient penalties as illustrated in Figure A.3,
several key observations can be made. Firstly, the gradient penalty trends
largely mimic those of the critic loss. This parallel indicates a close correla-
tion between the critic’s effectiveness in enforcing the Lipschitz constraint

and the overall model performance.

Among the various configurations, the pink line, corresponding to the G3Cy4
configurations, exhibits the largest initial peaking in gradient penalties. This
suggests an initial struggle to adhere to the Lipschitz constraint, potentially
due to aggressive critic training or suboptimal parameter settings. Follow-
ing closely are the light blue (G1Cy), red (G1C3), and orange (G,C4) configu-
rations, each showing significant but slightly lesser initial peaks compared
to G3Cy4.

A common trend observed across most models is the convergence of gradi-
ent penalties around the value of 1, with a range typically between 0 and
3. This convergence signifies the models’ increasing adherence to the Lip-
schitz constraint as training progresses, reflecting an improvement in the

critic’s performance.

Notably, as models improve and stabilise, there is a discernible decrease in
the amount of gradient penalty. This decrease is indicative of the models’
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FIGURE A.4: Plot comparing example model mean relative
difference per epoch.

enhanced ability to maintain the Lipschitz constraint naturally, reducing the
need for penalization. This trend underscores the effectiveness of the gra-
dient penalty mechanism in guiding the models towards more stable and
reliable training outcomes in the context of WGAN:S.

Using the evaluation metrics detailed in Section A.1.4, the mean relative
difference and Kolmogorov-Smirnov score are used to assess the quality
of the generated feature distribution during the training of WGAN:.

An analysis of the mean relative difference per epoch, as shown in Fig-
ure A4, clearly shows that the quality of generated data improves as the
number of epochs increase. This improvement suggests that the models are
progressively learning to better replicate the real data distribution. Among
the various configurations, the orange (G,Cy), grey (G2Cs3), and light blue
(G1C4) models demonstrate the best performance. These models show a
consistent reduction in relative difference over epochs, and the best conver-
gence ability, underscoring their effectiveness in closely mimicking the real
data distribution.

Similarly, the Kolmogorov-Smirnov score, as depicted in Figure A.5, affirms
that the quality of generated data consistently improves across epochs. The
KS score decreases over time, indicating an improving match between the
generated and real distributions. The orange (G2Cy), grey (G2C3), and light
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Kolmogorov-Smirnov Score

FIGURE A.5: Plot comparing example model mean
Kolmogorov-Smirnov score per epoch.
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FIGURE A.6: Plot comparing example model mean Spearman
Correlation score per epoch.

blue (G1C4) configurations again emerge as the best performers. The de-
clining trend in their KS scores across epochs suggest that these models are
increasingly successful in generating data that closely aligns with the real
distribution, validating the effectiveness of their generative capabilities.

Finally, the Spearman Correlation Test, is used to evaluate the generated
feature correlations. The Spearman score and p-value provide insights into
how well the generated data replicates the feature-wise correlations present
in the real data.

The mean Spearman Correlation score per epoch, as presented in Figure A.6,

demonstrates a clear trend of improvement in feature-wise correlation of
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FIGURE A.7: Plot comparing example model mean Spearman
Correlation p-value per epoch.

the generated data over the training epochs. This enhancement reflects the
increasing ability of the models to capture and replicate the intricate rela-
tionships between features in the real data. Among the models, the orange
(G2Cy), grey (G2C3), and light blue (G1C4) configurations stand out for their
superior performance. These models exhibit a consistent improvement in
their Spearman scores, indicating their effective replication of real data cor-

relations.

The mean Spearman Correlation p-values, illustrated in Figure A.7, typi-
cally trend towards zero as models approach convergence. This is an ex-
pected behaviour, confirming the statistical significance of the correlation
scores. However, notable exceptions are observed in the dark red (G3(y)
and dark blue (G3C;) models. These models exhibit higher p-values, sug-
gesting difficulties in achieving convergence due to possibly insufficient
complexity in their critic models. The persistently higher p-values in these
configurations signal a failure to adequately capture the real data’s feature-
wise correlations, reflecting a critical area for model improvement or re-

design.

Early Stopping

In the study of optimizing WGAN data generators, the above example re-
lied on a fixed number of epochs for model training. However, as the com-

plexity of the models increased, it became evident that a larger number of



146 Appendix A. Evaluation of the WGAN data generation model

epochs was necessary to achieve convergence. This variability in epoch re-
quirements across different model complexities posed a challenge in con-
ducting fair comparisons. To address this issue, the strategy of early stop-
ping was implemented. Early stopping serves as a mechanism to terminate
the training process of a model, not arbitrarily after a set number of epochs,

but once it meets a predefined convergence criterion.

The general criterion for convergence in this context was defined based on
the performance of the generator and critic. Specifically, training would
cease when there was no further improvement in the loss of both the gener-
ator and critic networks over a designated number of epochs. This method
allowed for a more adaptive approach to training, ensuring that each model
was allowed sufficient time to converge without the risk of overfitting due

to excessive training.

Building upon this concept, a more nuanced early stopping mechanism was
developed, particularly for complex physics-based WGAN models. This
advanced form of early stopping went beyond simply monitoring the loss
values. It incorporated the introduced evaluation metrics, offering a more
comprehensive and dynamic approach to determining the optimal point
for halting training. This innovation in the early stopping methodology
not only enhanced the efficiency of the training process but also ensured
a higher degree of accuracy and reliability in the model’s output, tailored to

the intricate needs of complex physics simulations.

A.2.2 Summary of important model optimisations

The model development and optimisation exposed how models can be eval-
uated and compared. In this section, a summary of the model optimisation
considerations and experimental resulting insight is provided. These can
be broken down into the following categories: data distributions and trans-
formations, activation functions, and hyperparameters. This section will
explore each of these categories.
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Data distributions and transforms

The first consideration when training a machine learning based data gen-
erator, is the feature distributions of the training data. Data generators
including the WGAN have difficulty generating uniformed distributions,
such as the ¢ distributions. They similarly have difficulty with uniformed
exponential, of the important 11/, distribution, and the rounded 7 distribu-
tions. In order to provide more optimal training distributions, transforms
are used. In this study, the Scikit framework was used to perform data
transforms [144]. This study explored various data transformation tech-
niques to optimise the training distributions for the data generator. The
transforms considered include MinMaxScaler, QuantileTransform, Power-
Transform, and LogTransform. These transformations were evaluated not
only on individual features but also on the entire dataset, aiming to identify

the most effective method for enhancing the generator’s performance.

When applying each data transform to the training data, it was crucial to
store the transform scalars. This ensured that the inverse transformation
could be consistently applied to the output generated data, maintaining uni-

formity and comparability between the training and generated datasets.

Through this evaluation process, each transform demonstrated varying de-
grees of potential in improving the data distributions. However, it was ob-
served that the LogTransform and PowerTransform consistently led to infe-
rior results compared to the other methods. The QuantileTransform, while
slightly enhancing the outcomes, did not significantly impact the quality
of the generated data. On the other hand, the MinMax Scaler transform
emerged as the most effective, consistently yielding better results. Conse-
quently, the MinMaxScaler was selected as the preferred data transforma-
tion method for the entire training dataset. This choice was based on its
demonstrated ability to consistently improve the quality of the data distri-

butions, thereby facilitating more effective training of the WGAN model.

Additionally, to improve the quality of the output distributions, with focus
on the invariant mass distribution, it was found that by increasing the range

provides a buffer region on the low and high mass values. This extended
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region is removed post generation, providing smoother and more accurate

distributions at the minimum and maximum masses.

Activation functions

In the process of optimizing the WGAN data generator, a detailed exam-
ination of activation functions for both the critic and generator networks
was conducted. These networks were treated independently, allowing for a
more focused and effective optimization strategy. Various activation func-
tions were considered, both individually and in combination. This analysis
included ReLU, Sigmoid, Tanh, LeakyReLU, ELU, and Softmax. For the
critic network, the most effective configuration was found to be the exclu-
sive use of ReLU between layers. Although combinations of Sigmoid and
Tanh with ReLU showed promise, they did not match the performance of
ReLU alone.

For the generator network, a similar trend was observed, with ReLU emerg-
ing as the most effective activation function. Notably, the implementation
of batch normalization (BatchNorm) layers significantly improved the qual-
ity of generated data. This improvement was also accompanied by a re-
duction in the number of epochs required for convergence, illustrating the
synergistic effect of BatchNorm with the network’s batch size hyperparam-
eter. Additionally, the use of the Sigmoid function as the output node of the
generator network, in combination with min-max normalization, was con-
sidered. This approach aimed to constrain the output data within a 0 to 1

range, adhering to the min-max normalization principles.

The analysis revealed a predominant advantage in models using ReLU for
both the generator and critic networks. The combination of BatchNorm
with ReLU particularly stood out in enhancing the generator’s performance.
However, the inclusion of Sigmoid functions, even at the output node of
both networks in conjunction with MinMax normalization, did not yield
any substantial improvement in results. This comprehensive study under-
scores the critical role of tailored activation function selection in optimizing
neural network architectures, particularly in the context of generative ad-

versarial networks.
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Hyperparameters

Following the detailed exploration of activation functions in the WGAN
data generator optimization, attention was shifted towards the fine-tuning
of various hyperparameters. Key hyperparameters under scrutiny included
the latent dimension, batch size, learning rate, A (gradient penalty constant),
B1,and B,. These parameters play a crucial role in the performance and effi-
cacy of the generative models, making their optimization vital for achieving

the best possible results.

The selection of optimal hyperparameters was carried out for each opti-
mization iteration and experiment. One of the significant findings was re-
garding the latent dimension, where a value around 8 was identified as op-
timal. This dimension size proved to be particularly effective in balancing
the model’s complexity and its ability to generate high-quality data. Ad-
ditionally, the batch size, especially when used in conjunction with batch
normalization in the generator network, showed optimal performance in
the range of 258 to 768 events. This range was found to strike the right
balance between computational efficiency and the model’s capacity to learn

from the data.

The learning rate, another pivotal hyperparameter, was dynamically ad-
justed over the epochs. Initially set around 1- 1073 to allow for larger weight
updates in the early stages of training, it was gradually decreased to as low
as 1-107° as the model neared convergence. This strategy facilitated fine-
tuning of the model, enabling more precise updates and thereby enhancing
the quality of convergence. For the parameters A, 81, and B, fixed values
were found to be most effective, as 1-1072, 0, and 0.9 respectively. These
fixed values provided a stable framework within which the model could
reliably learn and adapt to the data, further contributing to the overall opti-
mization of the WGAN data generator.

A.2.3 Final optimised WGAN model and results

The culmination of the optimization process for the WGAN data generator
is presented in this final section, where we showcase the best performing

model after extensive experimentation and refinement. This final model
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FIGURE A.8: Diagram of final optimised critic network archi-
tecture.

incorporates a series of preprocessing steps on the training data, including
the application of the MinMax transform to feature distributions and an

extension of the invariant mass range.

For the critic model, the architecture of the final optimised version is de-

tailed in Figure A.8, providing a comprehensive visual representation.

The generator models architecture, which has been meticulously refined

through the optimization process, is presented in Figure A.9.

The final selection of hyperparameters for this optimised model includes a
latent dimension of 8, a batch size of 512, and a learning rate that dynami-
cally adjusts from 1e=3 to 1e° in accordance with the early stopping crite-
rion. The gradient penalty weight (1) is fixed at 1- 1073, and the values for
B1 and B, are fixed at 0 and 0.9, respectively. It's noteworthy that the critic
model undergoes training five times for each generator training iteration,
ensuring robustness and efficacy in the learning process.

The model’s training can be exposed through the evaluation metrics per



A.2. Wasserstein Generative Adversarial Network

151

Inter-Layer Activation Functions:

BatchNorm, ReLu /Z \
7/
/ﬂ/{/////; \\
77 /AN
/ //,,M,/ NN
7 R\
7 e LN
/AN
AN O
‘:3\\\\\\
CQANNY 00
NNV 7
O = O s \;: 7 7 O
= = AN = Z
O <z E,O'i::‘:_\ 10 - O
XIS SEH 7 S 12
OS==& O ae ¢ 0)
= % @
© < g N § ;O 2oLl g X, ;‘ O
=< o o o =245 o =)
N — & oo S 2 Y SN
S : Vi Sa
U v \ N\ g ; NN\
i o™ /) <
H g b 5};}/’ O
M “ 7/ W, 9 G
g ) 0 5 7 e s
o o - N> b /i'ﬂ// > > 0
© © © N ) > >
- — NRY 7
- N W :b 5;4/// —
5 G g NN ) < )
= 3 ko] e ‘B /M 9 5
=) g ko) i°} / 7/ S Q,
- 5 A N C N/ ’ in
2 g 7 a 5
< < g | % = 5

FIGURE A.9: Diagram of final optimised generator network
architecture.

epoch. Figure A.10, exposes the model improvement per epoch for the fea-
ture distributions, in Figures A.10a and A.10b, and the feature correlations,
in Figures A.10c and A.10d.

The results of this optimised model are visually represented through feature
distribution plots and feature correlation plots, comparing the generated
data with the training data. These results are encapsulated in Figures A.11
and A.12.

The feature distributions, shown in Figure A.11, exposes how generated
data distributions mimic those of the MC data. However, the limitations
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FIGURE A.10: Evaluation metrics per epoch for best per-

forming WGAN model with (A) Relative difference; (B)

Kolmogorov-Smirnov score; (C) Correlation difference; and
(D) Spearman correlation score.

of the generated data is shown in the form of additional peaks and asym-
metries in ¢ distributions, as well as minor fluctuations in the 7 distribu-
tions. It is important to note that the ., generated data follows the MC
distribution extremely well.

The feature correlations in Figure A.12, firstly shows that the maximum dif-
ference between the MC and generated feature correlation is approximately
0.06. This demonstrates the model’s success in providing realistic correla-
tion in event features. The features correlations with the most substantial
differences are the correlations between the ARy, and 7,,; the E?*5 and 7,;
and the categorical N; and N,;.

These results underscore the WGAN's capability to realistically produce Zvy
physics events, demonstrating the success of the optimization process in
enhancing the model’s accuracy and reliability. This achievement marks a
significant step forward in the field of generative modelling for complex
physical phenomena.
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Appendix B

Contributions to Modelling the
COVID-19 Pandemic

B.1 Introduction

The COVID-19 pandemic, caused by the SARS-CoV-2 virus, marked a sig-
nificant turning point in global health, societal norms, and economic struc-
tures. The virus, initially identified in Wuhan, China, during December
2019 [145], quickly spread globally, leading the World Health Organisation
(WHO) to declare it a Public Health Emergency of International Concern in
January 2020, and subsequently a pandemic on March 11, 2020 [146].

The SARS-CoV-2 virus, a novel coronavirus, belongs to the same family as
the SARS and MERS viruses, which were responsible for severe respiratory
syndrome outbreaks in 2002-2003 and 2012 respectively [147].

COVID-19, an abbreviation for "coronavirus disease 2019," predominantly
presents with respiratory symptoms, ranging from mild cold-like symp-
toms to severe pneumonia. The virus can also affect multiple organ sys-
tems and has a diverse range of clinical manifestations, making it a complex
disease to manage [148]. Additionally, asymptomatic and presymptomatic
transmission played a significant role in the spread of the disease, adding to
the challenge of containment.

COVID-19 spread rapidly, reaching nearly all corners of the world. By early
2020, many countries started reporting their first cases, and by the end of

the year, the pandemic had led to millions of infections and hundreds of
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thousands of deaths globally. In addition to the direct health impact, the
pandemic has led to extensive societal and economic disruption. The speed
of its spread led to unprecedented pressure on healthcare systems world-
wide, necessitating extraordinary measures like city-wide lockdowns and

widespread travel restrictions.

In response to the pandemic, a global initiative was undertaken to model
its progression, aiming to enhance the decision-making process for public
health policies [149]. Numerous research teams and national response units
delved into the investigation of intervention strategies tailored to specific
countries, exploring their influence on the virus’s transmission rate. Addi-
tionally, these studies have assessed how the unique characteristics of each

country prior to the pandemic affect the spread of the virus [150, 151]

Simultaneously, a global race to develop effective vaccines began. Through
an unprecedented collaboration and investment, the first vaccines received
emergency use authorisation by the end of 2020. Vaccine distribution, how-
ever, has raised further challenges, with issues such as equitable access and

vaccine hesitancy becoming prominent global concerns.

As of mid-2023, the COVID-19 pandemic continues to evolve. Variants of
the virus, differing in their transmissibility and disease severity, are causing
renewed waves of infection in many parts of the world. Global cooperation,
scientific research, public health measures, and vaccination remain crucial

in managing the ongoing crisis.

B.1.1 The South African COVID-19 pandemic

On the 5" of March 2020, South Africa registered its first COVID-19 case,
followed three weeks later by a comprehensive government-mandated lock-
down, on the 27" of March [152]. This lockdown was a critical part of
a broader, multi-level strategy designed to correspond with varying risk
levels, as detailed in Ref. [153]. A detailed timeline of the nation’s adjust-
ments in lockdown levels is presented in Table B.1. The initial wave of the
South African pandemic persisted until October 2020, after which the num-

ber of cases became more manageable. However, by late November 2020,
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Alert Wave Start Date Total Recoveries | Fatalities
Level Cases
5 1 27 March 2020 927 12 0
4 1 1 May 2020 5951 2382 116
3 1 1 June 2020 34357 17291 705
2 1 18 August 2020 592144 485468 12264
1 2 21 September 2020 | 661936 591208 15992
3 2 29 December 2020 | 1021451 858456 27568
1 2 1 March 2021 1513959 | 1431336 50077
2 3 31 May 2021 1665617 | 1559337 56506
3 3 16 June 2021 1774312 | 1620317 58223

TABLE B.1: South Africa’s COVID-19 pandemic dynamics, in-
cluding alert level progression for the first, second and third
wave.

the country experienced a resurgence in cases, marking the onset of the pan-
demic’s second wave. The implemented risk-adjusted strategy facilitated a
dynamic approach to reopening and closing the economy. This strategy was
influenced by several factors, including the rate of virus transmission, the
number of active cases, the healthcare system’s capacity, the effectiveness of
public health measures, and the broader economic and societal impacts of

ongoing restrictions.

The University of Witwatersrand, in collaboration with iThemba LABS, has
played an important role in the Gauteng Premier’s COVID-19 Advisory
Committee, contributing detailed analyses of the pandemic’s progression
in the province [154]. The involvement in this committee primarily centres
around modelling efforts that equip government officials with crucial data.
This data serves as a statistical foundation for decision-making processes,
guiding the adjustment of alert levels and the allocation of resources. Our
models offer a robust statistical basis, facilitating informed and effective re-

sponses to the evolving pandemic situation.

In this section an overview of the data driven methodologies that were used
to understand and inform policy decisions in Gauteng. Firstly the epidemi-
ological modelling of COVID-19 will be introduced and the most important
extensions and implementations presented. Secondly the methodology and
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implementation of a geo-spacial COVID-19 hot-spot model is presented.

B.2 Epidemiological Modelling

Epidemiological modelling is a critical tool for informing public health, em-
ploying mathematical and statistical techniques to understand, predict, and
control the spread of infectious diseases. These models simulate disease dy-
namics, taking into account various factors like transmission rates, recovery
rates, and population susceptibility. By offering insights into potential epi-
demic trajectories and the effectiveness of intervention strategies, epidemi-
ological models are indispensable for informed decision-making in public
health policy and response planning.

B.2.1 Epidemiological data

In epidemiological modelling, as with any data-driven research, the accu-
racy and detail of the outcomes heavily depend on the quality and granular-
ity of the available data. The foundational data for epidemiological models
typically include counts of susceptible, infected, recovered individuals, and
fatalities related to the virus, as depicted in Figure B.1. This dataset is es-
sential for constructing SIRD (Susceptible, Infected, Recovered, Deceased)
models. To enrich these models and provide deeper insights, additional
data sources are often integrated. These include detailed hospital data (cov-
ering aspects like occupancy rates, admissions, ward types, fatalities, and
comorbidities), statistics on excess fatalities (which may not be directly at-
tributed to the virus), and geolocation data. Such comprehensive data inte-
gration enables a more nuanced understanding and modelling of the pan-
demic’s spread and impact.

B.2.2 Compartmental di-SIRD COVID-19 model

In an effort to understand and mitigate the impact of the COVID-19 pan-
demic, and to provide valuable insights for policymakers, a compartmental
di-SIRD (Dual Infectious-Susceptible-Infected-Recovered-Deceased) model
was developed. A detailed introduction and explanation of this model is
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FIGURE B.1: Diagram of di-SIRD model with unobserved la-
tent dynamics [155].

provided in Ref. [155]. This model is specifically designed to address the
unique aspects of the COVID-19 pandemic, particularly the phenomenon
of asymptomatic yet infectious individuals [156]. The di-SIRD model in-
corporates both observable and latent variables to accurately represent the
dynamics of the current outbreak, thereby facilitating effective control mea-
sures and informed decision-making. The latent and observable contribu-

tions and interactions in the di-SIRD model is shown in Figure B.1

To effectively implement an epidemiological model, it is crucial to under-
stand its underlying mathematical equations. A fundamental equation rep-
resenting the dynamics of the entire pandemic posits that the total popula-
tion (N) is equal to the sum of the numbers of susceptible (S), infected (I),
latent infected (I;), latent recovered (R}), recovered (R), and deceased (D)
individuals:

S+I+I.+R,+R+D=N. (B.1)
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The temporal evolution of these compartments is captured through first-
order derivatives, as expressed in Equation B.1, yielding the following rela-
tionship:

oS dI OR 9D
E—i-g—i-ﬁ—l—g—& (B.2)

To predict future trends using this model, we employ derivative equations,
taking into account the interrelations depicted in Figure B.1 and the overar-

ching equation in B.1. The derivative equations are formulated as follows:

?)_‘j:_ﬁf.%, (B.3)
%:@(.%_7.1, (B.4)
%:47-1—5-1—7-1, (B.5)

%_I::ry.], (B.6)
%_?:5,1, (B.7)

where 7 is the recovery rate, ¢ is the infection rate, 4 is the fatality rate and
B is the kernel function incorporating intervention strategies. These equa-
tions collectively form the mathematical backbone of our epidemiological

model, enabling predictions and analyses of pandemic trends.

The kernel function, f is conditioned on the control measure p. This control
measure takes into account that the implementation of nationwide control
measures against COVID-19 is influenced by random variations in both the
timing of execution and the level of public compliance. These factors de-
pend on the specific execution plan and the general attitude of the popula-
tion. To model this, the kernel function can be written as:
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FIGURE B.2: The transmission rate kernel function depicting
the typical adjustment rate, B, and final transmission rate f.
The control index p affects the total reduction in transmission.

Br(t) = Bo+ (1—exp By as - p(t), (B.8)

where By models the initial transmission rate before the application of the

control measure and b, is the typical rate of adjustment.

Here, p represents the Stringency Index of the non-pharmaceutical interven-
tions (NPIs), adapted from the Oxford COVID-19 Government Response
Tracker (OxCGRT), specifically for South Africa’s five-level alert system.
This index quantifies the extent of social distancing enforced by NPIs. The
parameter as; denotes the efficiency of the NPlIs, reflecting the degree of
adherence to social distancing measures. A higher index value indicates

greater adherence, with this parameter being derived from empirical data.

B.2.3 Alertlevels and inclusion in model

The stringency index, p(t), for each alert level was calculated by scoring
the indicators appropriately based on the description of the Alert Levels
provided by the government. The development and integration of the strin-
gency index is exposed in detail in Ref. [157]. The alert levels therefore show
the extent of government implemented NPI. The stringency index is directly
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COVID-19 Predictions: Gauteng
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FIGURE B.3: Influence of South Africa’s alert levels on SIRD
model predictions.

related to the alert levels, and therefore influences the model’s prediction, at
a given time, via the § parameter, as shown in Figure B.3. By decreasing the
stringency of government implemented intervention (low alert levels) leads
to an initial high rate of infection and active cases that decreases slowly.
However, as the stringency increases (higher alert levels) the rate of infec-

tion slows, leading to a decreasing number of active cases at the wave peak.

The implemented alert level must therefore be carefully selected by the
stakeholders to allow for sufficient hospital resources to cope with the pan-
demic wave, while limiting the negative effects on the socio-economic dy-

namics caused by the interventions.

The stringency index is dependent on time and must be adjusted accord-
ingly to implement interventions as affectively as possible. Figure B.4 ex-
poses the implemented stringency index for Gauteng Province during the
2021 period.

B.2.4 Calibration of predictive model

Before implementing the epidemiological model, the model must be cali-
brated on the specific virus dynamics. At a basic level this includes the
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FIGURE B.4: Gauteng Province stringency index for March to
August 2021.

calibration through fitting of the fatality rate, A, the recovery rate, 7y, and
the infection rate, B, with rate of social adherence, «.

The parameters are calibrated on the most recent and informative data avail-
able to provide parameters that accurately represent the local pandemic.
The calibration of the infection rate includes the stringency index and simul-
taneously calibrates the level of adherence using Equation B.8. The s - p(t)
term is expanded to «; - p;(t) — as - ps(t) where subscript i represents the pre-
vious stringency and adherence, and subscript s represents the calibration
parameters of interest. Figure B.5, exposes the calibration of the infection
rate for the month preceding the 21% of May 2021.

B.2.5 Predicting the spread of COVID-19

Once the model parameters are calibrated to the best available data, the
model can be used to predict the dynamics of the current/next wave of the
pandemic. The prediction exposes the number of cases, recoveries, fatali-
ties and susceptible population over time. This exposes data driven insight
into both the scale and timeframe of a wave. This includes the growth and
estimated peak number of cases as well as the date that the wave reaches
its peak. The example prediction on Gauteng’s third pandemic wave active
cases is shown in Figure B.6. The plot exposes the predicted active cases
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FIGURE B.5: Example infection rate calibration for May 2021
in Gauteng province.

over time together with the actual number of active cases, allowing valida-
tion of the prediction as the data follows the prediction.

Furthermore, Figure B.7 exposes further predicted dynamics, including the
total number of cases, the total number of recoveries, the number of active
cases, and the total number of fatalities. The figure demonstrates the predic-
tive model’s ability to model the entire virus dynamic, through the extent

that the data is following the prediction.

B.2.6 Extending models for hospital occupancy

One of the most important extensions to the model is to expose the predicted
number of hospital occupancies. This is achieved through combining an in-
depth analysis of the hospital data. Hospital data includes hospitalisation
dates, hospital ward information, patient comorbidities, patient age, patient
recovery/fatality, and private/public hospitalisations. Therefore, through
titting and projecting specific hospital dynamics, as shown in example Fig-
ure B.8, they can be combined with the SIRD projection to predict specific

progressions.

These predictions include the predicted number of occupancies in the gen-

eral ward, high care, and intensive care unit respectively. It can be further
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FIGURE B.6: Active cases model prediction vs data for the
third wave in Gauteng.

used to expose required alert level adjustments, to be made by policymak-
ers, to limit the number of occupancies at the peak of a pandemic wave to
be within the limited number of beds available. Additional hospital analy-
sis are used to expose which comorbidities in combination with COVID-19
cause increased need for hospitalisation. An example of the predicted num-
ber of hospital occupancy for the ages of 50 to 59 during the period of the
fourth pandemic wave, is presented in Figure B.9.

B.2.7 Extending models for vaccinations

As vaccinations became accessible to the public, the predictive model must
absorb the effect of people who are vaccinated. To this end the vaccination
data is fit to predict the changing number of vaccinations into the future,
as shown in Figure B.10, in order for it to be absorbed into the predictive

model.

B.3 Geo-spacial Hot-Spot Modelling

In order to expose the location specific COVID-19 dynamics within a given

area, a geolocation based model was developed. The unsupervised model
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FIGURE B.7: Full model prediction vs data for the third wave
in Gauteng.

is implemented in conjunction with an intricate analysis to produce a gran-
ular insight into the location specific virus dynamics with emphasis on its
severity. The methodology and results are presented in this section and are
published in Ref. [158].

B.3.1 Geo-spacial pandemic data

The granularity of data required for precise hot-spot geo-localisation ne-
cessitated detailed datasets, such as the anonymised data supplied by the
Gauteng Department of Health. This dataset was comprehensive, encom-
passing variables like Case ID, test date, recorded address, and precise geo-

localisation coordinates (latitude and longitude).

The National Institute of Communicable Diseases (NICD) played a pivotal
role by aggregating and disseminating daily updates on COVID-19 cases
tested across both public and private sectors throughout South Africa. Their
reports, providing a detailed provincial breakdown, were integral to this
study.
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FIGURE B.8: Fit to number of general ward cases as a percent-
age of total cases.
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FIGURE B.9: Hospital occupancy prediction for Gauteng’s
fourth wave.

This data, upon acquisition by the Gauteng Department of Health, under-
went a geocoding process to assign accurate geolocations to each case. En-
suring confidentiality, the data was anonymised prior to distribution to ex-
ternal analysts. Prior to the analytical phase, a thorough data cleansing was

conducted to eliminate any records with incorrect or unprocessable address
data.

Throughout the first wave of the pandemic, from March to October 2020, a
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FIGURE B.10: Fit to weekly number of vaccinations.

total of 218,720 geocoded cases were scrutinised. The second wave, extend-
ing from November 2020 to February 2021, saw the analysis of an additional
191,750 case samples. It is important to note that post-May 2021, access to
such geocoded case data was discontinued.

B.3.2 Clustering cases by geolocation

To effectively dissect the spatial distribution of COVID-19 cases, artificial
intelligence techniques are employed with notable efficiency. Our research
leverages the capabilities of the unsupervised machine learning method of
Gaussian Mixture Models (GMM), which are instrumental in identifying
and grouping cases based on geographic coordinates. This methodology
facilitates the detailed analysis of case clusters, providing insights into the

spatial dynamics of the viral spread within predefined locales.

The practical execution of this clustering involved generating GMM distri-
butions and the subsequent visualisation of these clusters on detailed web-
based maps. This process was carried out using Python, in conjunction with

the Scikit-learn API package [159], which is renowned for its comprehensive
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FIGURE B.11: Map visualisation of Gaussian Mixture Model
clustering of COVID-19 cases in Gauteng: (a) Input case data.
(b) Clustering results.

suite of machine learning tools that simplify data mining and data analysis

initiatives.

Gaussian mixture model clustering

In our analysis of COVID-19’s geographic impact within Gauteng, we ap-
plied Gaussian Mixture Models (GMM) to cluster cases based on residential
coordinates. These clusters are subsequently scrutinised to classify areas as
either hot-spots or otherwise.

GMMs were preferred over other unsupervised machine learning methods,
such as k-means, for their probabilistic foundation. They excel in situations
where clusters have the potential to intersect, a realistic aspect of the spatial
dynamics of a pandemic. Each cluster is assigned a weight, ¢, reflecting its
relative prominence and aiding in distinguishing genuine hot-spots from
spurious ones. The application of these models is graphically represented
in Figure B.11, depicting both the input case data and the clustering results.

The GMM algorithm, when operational, estimates a set of k 2-dimensional
Gaussian distributions — each defined by its mean, y;, covariance, ¥;, and
weighting, ¢;. The probability of a new case, p(x), occurring at a given point
x is a linear combination of probabilities from all the generated clusters:

Z ¢iN X|,‘M], ), (B.9)
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FIGURE B.12: Visual comparison of GMM clustering with dif-
ferent cluster counts: (a) 10 clusters. (b) 50 clusters. (c) 1500
clusters.

where N symbolises the normal distribution. To optimally fit the known
case coordinates, the Expectation-Maximisation algorithm is used. This it-
erative process involves computing the likelihood of each data point be-
longing to a given cluster (expectation step) and updating the parameters
of the clusters accordingly (maximisation step), as shown in Equations B.10
and B.11:

= ¢;N (xilpj, Zj)
! 25:1 ‘PjN(xiquZq)

(B.10)

Y Nivyijx;

SN dryij (o — pj) (x — )T
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YN ivij

1y 9.
9=y Livi 1= ;=

(B.11)

For our specific study of Gauteng, determining the optimal cluster count
was paramount. A fine balance was struck with 1500 clusters, enabling pre-
cise spatial resolution (1.9km? per cluster) and an average of 146 cases per
cluster. This configuration, depicted in Figure B.12, was most effective for
representing the virus’s transmission patterns.

Susceptible-infectious curve

With the latent parameters (weights, means, standard deviations) of the
Gaussian probability distributions derived from COVID-19 case data in
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FIGURE B.13: Fit of the SI curve to cumulative COVID-19 case
data within a cluster.

Gauteng, the next step involves distinguishing the highly infectious zones,
or hot-spots, within the clusters identified. This differentiation is based
on an examination of the time series data of COVID-19 cases, wherein the
cumulative number of cases is plotted against the onset date of each case

within the cluster.

The primary analytical model used here is the Susceptible-Infectious (SI)
Curve, which predicts the growth of infections within a susceptible popula-

tion over time, t. This model is encapsulated by the logistic function:

SI(t) = — 2l

= TS (B.12)

Here, SI) denotes the estimated total cases in a cluster at the infection’s sat-
uration point, SIj is the infection rate, and SI, represents the time until the
outbreak’s peak. The SI model is a solution to the logistic growth differential
equation and is well-suited for epidemics; it forecasts a slow initial growth
in infections, a subsequent rapid increase, and eventually a plateau as the
population of susceptible individuals declines. This behaviour is visualised
in Figure B.13, where the SI Curve is fitted to the cumulative case count of a

representative cluster.

The fitting of an SI Curve to each cluster’s epidemic curve provides localised
parameters indicative of the virus’s spread dynamics within that cluster. A



172 Appendix B. Contributions to Modelling the COVID-19 Pandemic

poor fit suggests that the cluster may not exhibit the characteristic progres-
sion of a hot-spot.

Upon completing the clustering and curve fitting, each cluster’s profile in-
cludes its Total Cumulative Cases (N7(), areas within one and two standard
deviations (A1, and Ajpy), SI model parameters (Sly, SIj, SI), and the as-
sociated ward and municipality. This comprehensive analysis allows for
an in-depth understanding of the spatial distribution and progression of
COVID-19 in Gauteng, thereby facilitating targeted public health interven-
tions.

B.3.3 First wave clustering and hot-spot definition

To elucidate the spread and intensity of COVID-19 at the cluster level within
Gauteng, we have employed the Gaussian Mixture Model (GMM) cluster-
ing technique as detailed in the previous section. The data corresponding
to the first wave has been meticulously analysed using this model to form
distinct clusters. For each cluster, we computed the Susceptible-Infectious
(SI) parameters based on Equation B.12, representing the evolution of case
numbers over time.

Leveraging these parameters, alongside the cluster attributes derived from
the calibration data set, we established specific criteria to discern and clas-
sify clusters as hot-spots. This criterion, crafted using the entire data set
from the first wave, serves as a baseline for recognising and interpreting
subsequent waves. The first wave data comprises 218,720 case entries,
which equates to an average of 146 cases for each of the 1,500 clusters iden-
tified.

This foundational work sets the stage for the following detailed analyses,
which will refine our understanding of the pandemic’s impact and guide
future public health strategies.

Hot-spot classification on density

The distribution of case densities within the first wave’s clusters in Gauteng
is illustrated in Figure B.14. This distribution reveals a Gaussian-like pattern
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FIGURE B.14: Distribution of cluster densities during Gaut-
eng’s first COVID-19 wave.

in the lower density regions ranging from 0 to 350 cases/km? and exhibits
a long, sporadic tail stretching to densities greater than 30,000 cases/km?.
A significant observation is that clusters with low densities tend to follow
the predicted pattern of growth. By setting a cut-off threshold at the one
standard deviation, ¢, mark, we establish a density threshold, p;;,, at 196.05
cases/km?. Clusters that have densities surpassing this threshold demon-
strate rapid and non-stochastic proliferation of cases, distinguishing them as
hot-spots. Consequently, a hot-spot cluster is defined as any cluster whose
density is in excess of py,.

Hot-spot cluster activity definition

To assess the current state of a hot-spot cluster, it is essential to determine
whether it has surpassed it’s peak or reached a plateau in its case trajectory.
The level of activity within a cluster at any given time can be quantified by
the ratio of its total cases at that time, N1 (#), to the cluster’s total predicted
cases, Sly. This ratio is defined in Equation B.13:

Nrc(t)
— < Ly, B.13
5lo th (B.13)
In this context, Ly, signifies the activity threshold, which delineates the up-
per limit for the growth phase of clusters. The assumption is that post the
first wave, only 1% of clusters continue to exhibit growth, with the remain-

der reverting to a baseline dynamic. The activity threshold for Gauteng,
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FIGURE B.15: Cluster activity distribution during the first
wave in Gauteng.

based on empirical data from the first wave, is established at 0.85, as illus-
trated in Figure B.15.

Risk index definition

The risk index (RI) is a critical parameter for assessing the potential devia-
tion of cluster behaviour from the expected single-wave pattern, providing
a metric for the risk of non-stochastic progression in subsequent waves. The
RI is mathematically articulated in the following criteria, outlined in Equa-
tions B.14 and B.15:

A(t) =100 (NTC(;)IO_(t‘)SIO(t)) ) B(t) —10- (1 + SIO(t) )_1’ (B.14)

- { A(t) + B(t), %fB(t) > 8, (B.15)
A(t), if B(t) < 8.

Here, Nrc(t) denotes the total number of cases and SIy(t) represents the
predicted total cases in the cluster for time, t. The application of Crite-
rion B.15 to hot-spot and stochastic clusters yields the distribution seen in
Figure B.16. The RI threshold is established on the premise that merely 1%
of clusters pose a high risk in the aftermath of the first wave, accounting
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FIGURE B.16: Risk index distributions for the first wave in
Gauteng. The distributions are categorised into hot-spot and
stochastic clusters for the first wave period.

for the associated proportional error. Figure B.16 displays the RI value that

qualifies a cluster as a high-risk entity within the Gauteng Province.

Thus, for subsequent waves in Gauteng, a hot-spot cluster with an RI ex-
ceeding 11 is deemed a high-risk hot-spot. Similarly, a cluster not previ-
ously identified as a hot-spot that registers an RI above 20 is regarded as an
emergent high-risk cluster.

B.3.4 Subsequent wave clustering and hot-spot definition

The identification of clusters as hot-spots, and the subsequent definitions of
activity and risk index, hinge on the calibration of historical data. Within
the scope of this research, the calibration is based on the data from the first
wave. With the onset of subsequent waves, clustering of cases is conducted
in real-time with the incoming data, utilising the pre-calibrated criteria. As
fresh data continues to be reported, clustering and the associated analyses
are iteratively applied to the new dataset. It is crucial to note that for each
new iteration, the data pertaining to the current analysis period are clus-

tered anew, without being influenced by clusters previously identified.

This methodology affords a continuous and current assessment of the evolv-
ing landscape, pinpointing the locations, tracking the temporal dynamics,

and gauging the intensity of active hot-spots. Furthermore, it facilitates the



176 Appendix B. Contributions to Modelling the COVID-19 Pandemic

early recognition of clusters that exhibit a high probability of escalating into
hot-spots. The key points to this approach are:

¢ Clustering of new cases is performed iteratively with each new batch
of data.

e Previous clusters are not used as a reference; each new data set is anal-
ysed independently.

¢ The approach enables real-time monitoring and analysis of disease

progression during subsequent waves.

¢ It provides the ability to dynamically identify and evaluate the sever-
ity of active and potential hot-spots.

B.3.5 Results and discussion

Analysis of Cluster Definition Calibration on Gauteng Province’s First
Wave

The calibration of the density criterion was anchored to the first wave of
COVID-19 case data in Gauteng Province. We denote p.j,sr(t) as the case
density for a specific cluster at time, t and py, as the established density
threshold that characterises a cluster as a hot-spot. Out of 1,500 clusters
examined, 607 were classified as hot-spots post the application of the den-
sity threshold criterion, while the remaining 893 were considered normal
clusters.

The validity of this classification was scrutinised by juxtaposing the
susceptible-infection parameters of the designated hot-spot clusters against
those classified as stochastic or non-hot-spot. As illustrated in Figure B.17,
the average number of total cases in hot-spot clusters was observed to be
higher by £180, in contrast to £90 in stochastic clusters. Furthermore, the
hot-spot clusters exhibited a marginally higher exponential growth period
of +£10 days, as opposed to =11 days for stochastic clusters.

To further substantiate this definition, we analysed the distribution of total
cases within stochastic and hot-spot clusters throughout the first wave. As
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FIGURE B.18: Number of hot-spot cases over time during the
first wave.

portrayed in Figure B.18, approximately two-thirds of the cases reported in

Gauteng were localised within hot-spot clusters.

The distribution of cases was highly consistent with first wave projections
made using a di-SIRD linear control model [155]. Figure B.19 delineates
this correlation, exemplifying that the unexpected emergence of hot-spots in

June 2020 deviated from the anticipated stochastic progression of the virus.

Conclusively, the density threshold of 196 cases/km?, employed to demar-
cate hot-spot clusters, proved efficacious in segregating clusters with rapid
and irregular growth from those exhibiting a more stochastic, randomised
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FIGURE B.19: Comparative analysis of the Di-SIRD model’s
stochastic predictions against actual data for June 2020 in
Gauteng.

pattern of expansion.

Hot-spot activity analysis

The temporal evolution of newly identified hot-spots and the reversion of
existing hot-spots to stochastic behaviour during the first wave can be inves-
tigated utilising Criterion B.13. These dynamics are depicted in Figures B.20
and B.21.

To elucidate the expansion of hot-spot clusters, an SI curve is fitted to the
cumulative data of hot-spot clusters as shown in Figure B.20. The apex of
daily hot-spot cluster increments is pinpointed in mid-July, corroborated
by the SI, parameter which denotes the shift from exponential growth on
July 10th, 101 days after the 1st of April. The plateau in the accumulation of
hot-spot clusters synchronises with South Africa’s transition from lockdown
level 3 to level 2, during which time 594 out of the total 1,500 clusters had
evolved into hot-spots. The SI model fitted to the cumulative hot-spot data
prescribes the exponential growth phase to span roughly 12 days, SLIl

Moreover, Figure B.21 elucidates not only the emergence but also the regres-
sion of hot-spot clusters as they revert to stochastic dynamics, as defined by

Criterion B.13. Post mid-July, a predominant number of hot-spot clusters
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FIGURE B.20: First wave cumulative and emerging COVID-19

hot-spot clusters in Gauteng. Top: The emergence of new clus-

ters transitioning into hot-spots. Bottom: The total number of

clusters identified as hot-spots throughout the first wave in
Gauteng.
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FIGURE B.21: Daily number of active hot-spot clusters. Top:

The flux of clusters developing into active hot-spots and those

reverting from hot-spot status. Bottom: The cumulative count
of clusters evolving into active hot-spots.

attain their peak and consequently regress to stochastic profiles. By the con-
clusion of August, a pinnacle of 39 hot-spots is observed, and by the end of
September, all but 21 clusters have regressed to their baseline dynamics.
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FIGURE B.22: Number of hot-spot cases over time during the

second wave. The figure delineates a comparative analysis of

hot-spot and stochastic growth via the number of cases per
day.

Implementation of hot-spot definition on Gauteng’s second wave

The refined cluster definitions derived from historical data were employed
in the examination of subsequent waves. Given that hot-spots predomi-
nantly emerge during pandemic waves, it is crucial to apply the analysis to
data from a specific wave. This section utilises first wave definitions to scru-
tinise the second wave data. Throughout the second wave, clustering and
analysis were conducted on a weekly basis upon the receipt of new data,
assessing a total of 191,750 cases. Figure B.22 illustrates the distribution of
cases between hot-spots and normal clusters, indicating that nearly 60% of

cases were linked to hot-spots during the second wave.

Out of the scrutinised clusters, 461 were designated as hot-spot clusters,
while 1039 exhibited normal growth patterns, as depicted in Figure B.23.

As the second wave initiated on 11 November 2020, 48 clusters were active
hot-spots. By the second wave’s conclusion on 15 March 2021, 7 hot-spots
persisted, with 454 reverting to normalcy.

Examining the clusters through the lens of their risk index revealed that
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FIGURE B.23: Second wave cumulative and emerging

COVID-19 hot-spot clusters in Gauteng. top figure: the emerg-

ing new clusters transitioning into hot-spots. Bottom figure

totals the hot-spot clusters identified throughout the second
wave in Gauteng.

313 hot-spot clusters were earmarked as high-risk, and 263 stochastic clus-
ters were emerging clusters. Over 90% of the clusters initially identified
as emerging evolved into hot-spots during the second wave. This risk in-
dex served to apprise local stakeholders of wards and municipalities corre-
sponding with severe hot-spot clusters. The most acute wards during the
second wave included ward 74804016 in Merafong City, wards 79700088
and 79700005 in Ekurhuleni, wards 74201033, 74201007, 74201008, 74201036,
74201010, and 74201024 in Emfuleni, wards 79900105, 79900082, and

79900061 in the City of Tshwane, and wards 79800053 and 79800061 in the

City of Johannesburg municipalities.
With real-time analysis of cluster activity, severity, and location during the

second wave, both provincial and municipal stakeholders were equipped to

visualise and identify clusters of interest, thereby unveiling location-specific

virus dynamics.
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TABLE B.2: Summary of hot-spot model specifications for clas-
sified clusters.

Hot-Spot Classification | Cluster Activity | Risk Index

If cluster can be The time-dependent | The severity of
defined as a hot-spot progression of the infection rate and scale
or not cluster of clusters

Exposure and applications of hot-spots:

The delineation and parameterisation of clustered cases afford several appli-
cations that aid stakeholders in their decision-making concerning COVID-
19 interventions and preventive actions. This section explores two principal
applications. The first, and arguably most critical, is the identification of
locations experiencing extreme viral dynamics to guide intervention strate-
gies, promote social awareness, and encourage the adoption of appropri-
ate behaviours. The second application involves incorporating hot-spot dy-

namics into epidemiological models.

The fundamental impetus for classifying COVID-19 Hot-Spots is to pinpoint
clusters or areas exhibiting anomalous, exponential growth. Utilising the
hot-spot cluster definition established in this study, clusters can be effec-
tively categorised, and their progression and dynamics can be tracked. Ta-
ble B.2 presents a summary of the descriptive parameters for a classified

cluster.

These parameters provide stakeholders with comprehensive insights into
areas deemed high-risk for COVID-19 proliferation, including the duration
of cluster activity and the intensity of the cluster’s spread. These can be
visualised on an interactive map, as depicted in Figure B.24, with the colour

coding indicating severity based on the RI.

Spatio-temporal hot-spot analysis is vitally important for public health pol-
icymakers and decision-makers. It provides unique insights that cannot be
achieved with other methods, allowing for the identification of specific clus-

tering patterns in districts and areas that might otherwise be considered low



B.3. Geo-spacial Hot-Spot Modelling 183

° " d v Qy'“ Q (& iz +
U " 0 " Oy a _
()
~f ’ < &Rl B
s y @
p .
9
0 v . U FOY
. U}
w Y v 0
U U >
9
N v
b U
forp ’ 3 Réfdburg g VR 0 i g
ol sarlty 0
U Ve o0
0 POY
’ S
0
) ' U v
o “
. A
= v
O SeRoodepgort
e 0 )
U . o 0 0 > 0
= ", * 0 TN o =
0 0 0
)
o & o, " wlcn 4
"
*) Johgnnesb * e o
© {J EkuPhuleni Boksburg »
0 o
Sowelo @ Melr‘opu\(’an * "
@ N * Municipality "
0. O ® " v =
Ward \ > al & 9
Q - [‘/,/‘ ) 0 QO Ao -
< PO o — = 0 = oL ocRuARLE A © bl © Opnsratisap improve this map

FIGURE B.24: Hot-Spot visualisation on gpcoronavirus.co.za.
Courtesy of IBM South Africa.

risk for COVID-19 spread. Hot-spot analysis complements traditional epi-
demiological and surveillance strategies by illuminating the spatio- tempo-
ral progression of COVID-19 and potential future trends, while simultane-
ously facilitating the visualisation of data for stakeholder accessibility and

informed decision-making.

One challenge in modelling the COVID-19 pandemic is the stochastic nature
of SIRD models, which assume random spread (B) through a susceptible
population. Yet pockets of cases often in densely populated regions, expe-
rience rapid, independent infection rates that deviate from broader models.
These micro-system clusters, or hot-spots, exhibit distinct non-stochastic
dynamics. To classify a group of cases as a hot-spot, the cases must first
be aggregated and their attributes modelled, using the resulting character-
istics to define a hot-spot cluster.

Hence, to generate actionable forecasts for policymakers and decision- mak-
ers, such as estimates of hospital bed occupancy, ICU ward usage, and peak
timing — hot-spot cluster cases must be isolated from the data on which the
stochastic SIRD model is calibrated. This adjustment allows the model to
accurately track the progression of COVID-19 without the skew introduced
by the non-standard hot-spot cases.

This isolation is achieved by separating the daily proportion of stochastic
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cases from the total cases in all clusters and adjusting the reported data be-

fore its utilisation in the model:

I
I =— I, B.16
stoch I + Ihs d ( )
where I, represents the stochastic active cases, I is the active cases in
stochastic clusters, I, denotes the active cases in hot-spot clusters, and I; is

the recorded active cases.

B.3.6 Conclusions

Hot-spot analysis embodies a sophisticated statistical methodology that

proves invaluable for the analytics and visual representation of outbreaks. It
endows public health policymakers and decision-makers with the tools for
a contemporaneous, precise appraisal of pandemic patterns and prospective
trajectories. Additionally, this analysis augments traditional epidemiologi-
cal investigations by revealing patterns otherwise overlooked and deemed
low-risk. In summation, hot-spot analysis has shown immense utility in
rapidly pinpointing high-risk clusters, thereby enabling the timely imple-
mentation or modification of public health strategies. Given the dynamic
and ever-evolving nature of epidemics, it is reasonable to forecast that hot-
spot analysis will continue to empower stakeholders to formulate informed,
substantiated, and data-oriented decisions amidst epidemic waves and dur-

ing critical initiatives such as vaccine distributions.
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