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and Other Resulting Applications

by Finn STEVENSON

This dissertation focuses on the use of semi-supervised machine learning for
data generation in high-energy physics, specifically to aid in the search for
new bosons at the Large Hadron Collider. The overarching physics analy-
sis for this work involves the development of a generative machine learning
model to assist in the search for resonances in the Zγ final state background
data. A number of Variational Auto-encoder (VAE) derivatives are devel-
oped and trained to be able to generate a chosen Monte Carlo fast simulated
dataset. These VAE derivatives are then evaluated using chosen metrics and
plots to assess their performance in data generation. Overall, this work aims
to demonstrate the utility of semi-supervised machine learning techniques in
the search for new resonances in high-energy physics. Additionally, a result-
ing application of the use of machine learning in COVID-19 crisis manage-
ment was also documented.
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Chapter 1

Introduction

Applications of machine learning have resulted in significant progress in
numerous industries, including particle physics. Applications in particle
physics include but are not limited to classification for jet tagging [6]–[8],
regression for pileup mitigation [9]–[11], anomaly detection for new physics
searches [12]–[14], and data generation for fast simulation [15]–[17]. This dis-
sertation concentrates on the application of machine learning for data gen-
eration in particle physics. Generative machine learning models are often
used to mimic data in order to allow for larger-scale research and analysis
concerning that data. At the LHC, generative models are valuable resources
that have been harnessed to increase the scale and efficiency of analyses and
reduce CPU hours required for certain tasks. Monte Carlo (MC) data simula-
tion takes up a large amount of the total ATLAS CPU hours. Pressure on CPU
resources could be alleviated by using trained generative machine learning
models as an alternative production mechanism to traditional MC produc-
tion mechanisms. The luminosity of detectors at the LHC will increase over
time therefore the need for MC simulations or alternative methodologies will
only increase over time. In 2012 the ATLAS and CMS collaborations reported
the discovery of the Higgs boson with a mass of 125 GeV [18], [19]. Although
the discovery of the Higgs boson completed the Standard Model, SM, of par-
ticle physics, there is substantial evidence of phenomena that cannot be ex-
plained by the SM. These include Dark Matter, matter-anti-matter asymme-
try, the origin of neutrino mass and a number of theoretical problems. There-
fore, the search for new bosons is motivated by these experimental discrep-
ancies with the SM. The main concentration of this work is the assessment of
different variations of VAEs for data generation to aid in the search for new
bosons.

1.1 Standard Model of Particle Physics

The Standard Model (SM) of particle physics is currently the most complete
and widely accepted model to best describe the nature and properties of all
elementary particles and their interactions [20]. The SM has been developed
over many years of collaboration and iterative adjustment through the 20th
century. One of the most significant developments in the field of particle
physics in recent times has been the discovery of the Higgs boson. The SM
guides much of the experimental particle physics research that is undertaken
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globally. The SM is a great success in modern physics research and remark-
ably describes most experimental results. Figure 1.1 shows all the composite
quarks, leptons, and bosons of the SM.

FIGURE 1.1: Diagram showing all of the fundamental building
blocks of the Standard Model.

The SM breaks up all currently known particles into categories of either
matter particles or force-carrying particles. Quarks (protons and neutrons
building blocks) and leptons (including electrons) are matter particles and
therefore make up all known ordinary matter in the Universe, excluding dark
matter and dark energy. Whilst bosons are forces carrying particles that in-
fluence the matter particles, through known interactions. The SM particles
are classified based on their spins, masses, and charges. These classifications
are used to identify how we understand how the particles interact with each
other. Fermions are divided into quarks and leptons and have a spin 1/2.
Quarks are more granularly divided into the up quark (charge of 2/3) and
the down quark (charge of -1/3), the charm quark (charge of 2/3), strange
quark (charge of -1/3), top quark (charge of 2/3), and bottom quark (charge
of -1/3). Quarks interact through the strong force and are distinguished us-
ing the "colours" classification. Leptons include the electron (charge of -1),
muon (charge of -1), and tau ( charge of -1). Each lepton has an associated
neutrino, which is neutral with no charge: the electron neutrino, muon neu-
trino, and tau neutrino, respectively. All of these particles have antiparticles,
which have opposite charges. Unlike quarks leptons interact through the
weak force. Bosons, photons and gluons are force mediators. Vector bosons
(spin of 1) mediate electromagnetic, strong, and weak interactions. The pho-
ton mediates the electromagnetic force, the gluon mediates the strong force,
and the W and Z bosons mediate the weak force. The photon and gluon are
massless, while the W and Z bosons are massive. Currently, the SM incorpo-
rates and explains three of the four known fundamental forces that govern
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the Universe; electromagnetism, the strong force, and the weak force, how-
ever, gravity is not yet understood.

1.2 Beyond the Standard Model

Although the SM is profoundly useful in both experimental and theoretical
physics analyses, there are still some limitations of the SM, which motivate
beyond the SM searches. Beyond the Standard Model (BSM) searches at-
tempt to discover phenomena that cannot be explained by the current Stan-
dard Model of particle physics. A number of the phenomenon that the Stan-
dard Model cannot explain are the existence of dark matter, the observed
matter-antimatter asymmetry in the Universe, and the inability to quantify
gravity as a force in the Universe. BSM searches aim to find evidence for new
particles, interactions, and phenomena that could help expand our under-
standing of the fundamental makeup of the Universe. BSM searches are typ-
ically carried out using high-energy particle accelerators, such as the Large
Hadron Collider at CERN. These accelerators produce high-energy collisions
that can produce new particles that are not predicted by the Standard Model.
By studying the products of these collisions evidence of new phenomena can
be searched for.

1.3 CERN

European Council for Nuclear Research (Conseil Européen pour la Recherche
Nucléaire, CERN) is a scientific laboratory located outside of Geneva, Switzer-
land. At CERN, the fundamental properties of the basic constituents of mat-
ter in our Universe are explored in an attempt to deepen our understand-
ing of our physical world. CERN started as a joint scientific collaboration
between countries and now has 23 official member states. The main instru-
mentation at CERN are particle accelerators and detectors used to collide
particles with other particles in motion or stationary targets. The detectors
are extremely complex pieces of technology that collect data on the various
parameters of the sub-atomic particles observed during a collision.

1.3.1 The Large Hadron Collider
The Large Hadron Collider (LHC), located beneath Geneva, is the world’s
most powerful and biggest particle accelerator, with a circumference of 27
kilometers. The collider consists of a ring of superconducting magnets that
aid to correct the track of the accelerated particle and a number of acceler-
ating systems to boost the energy of the particles as required. Along the
circumference, there are a number of different experiments that take differ-
ent approaches in terms of their apparatus design in order to maximize the
possibility of uncovering new physics or precise measurement by not relying
on solely one methodology for measurement or detection.
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FIGURE 1.2: Diagram of the Large Hadron Collider and exist-
ing experiments.

1.3.2 The ATLAS Experiment

The ATLAS experiment is one of the particle physics experiments located at
the Large Hadron Collider (LHC) at CERN. The experiment was designed
for the purpose of both precise measurement and Beyond Standard Model
(BSM) exploration, the experiment aims to exploit the full discovery poten-
tial of the LHC. The detector was built to identify almost all of the final state
particles produced during high energy pp collisions. The ATLAS detector
consists of a wide range of sensory apparatus to measure all valuable pa-
rameters during a collision. A diagram of the ALTAS detector sub-systems
can be seen in figure 1.3[21]. The ATLAS experiment apparatus is the largest
of all the experiments at CERN, and by volume, the largest particle detector
ever built. The detector is a composition of multiple different sub-detectors
that are arranged concentrically outwards from the collision point. The main
components of the ATLAS detector are the Inner Detector (ID), the calorime-
ters, the Muon Spectrometer (MS), and the magnet system (a central solenoid,
a barrel toroid and two end-cap toroids). The design of all the sub-detector
systems and their cumulative measurement ability allow for the detection of
all established SM particles except neutrinos. Neutrinos have a small inter-
action with hadronic matter, however, their presence can be determined by
looking at the momentum imbalance between all of the observed particles.
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FIGURE 1.3: Diagram of the Atlas Detector.

This plethora of sensory apparatus results in copious amounts of data ac-
cumulated during data taking. This data can then be used in analyses for
precision measurement or beyond SM searches. This research focuses on an-
alyzing the anomalies between the experimental data produced at the ATLAS
experiment and the Monte Carlo simulations of particle physics based on the
standard model.

The Inner Detector

The ID, as suggested by the name, is the most inner detector closest to the
beam path, and the first part of the detector apparatus that the particle emerg-
ing from the collision will interact with. It is composed of several different
detector technologies, each of which provides important information about
the particles produced in the collisions. The ID functions to track the charged
particles by mapping out their interactions with the different layers of the
ID. The pixel detector is made up of layers of silicon pixel sensors that pro-
vide precise position information for charged particles. The semiconductor
tracker consists of layers of silicon strip detectors that provide additional po-
sition and momentum information. The transition radiation tracker uses de-
tectors that detect the transition radiation produced when high-energy parti-
cles pass through a radiator, providing information on the velocity of charged
particles. The track that the charged particles follow outwards from the colli-
sion point is reconstructed by using the different interactions of the particles
with the different ID layers. The track of the charged particle is helical be-
cause of the axial magnetic force that exists in the detector. The ID is able to
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detect particles through the generation of ionising radiation when the parti-
cles interact with the ID, due to this, only charged particles can be measured
using this sub-detector. Figure 1.4 shows a representative diagram of the ID.

FIGURE 1.4: Diagram of the Inner Detector of ATLAS.

The Calorimeters

The calorimeters are the second array of detectors in the ATLAS apparatus
moving radially outwards from the collision point. The calorimeters are used
for particle identification and energy measurement of electrons, photons,
jets and other hadrons. The overall calorimeter component is made up of
three sub-calorimeters, the Electromagnetic calorimeter (ECal), the Hadronic
calorimeter (HCal) and the Forward calorimeter (FCal). The three calorime-
ters work in the same way to measure the energies of incoming particles.
The calorimeters contain layers of high-density metal which absorb energy
from incoming particles. In between each layer of high-density metal, there
are active materials (liquid argon) which are used to record the shape of the
particle shower and the total amount of deposited energy. The ECal uses
the electromagnetic force as a reference force to measure the energies of the
lighter particles. The HCal measures particles which interact via the strong
force and pas through the Ecal. Hadronic showers take up much larger vol-
umes because of the larger distance between nuclear interactions. The HCal
is designed to make sure that no particle or shower reach the muon spec-
trometer. Lastly, the FCal is located close to the beam pipe, used to take both
electromagnetic and hadronic measurements of particles ejected with η up to
4.9.
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FIGURE 1.5: Flow diagram of ATLAS Calorimeters.

The Muon Spectrometer

The Muon Spectrometer (MS) is the outermost sub-system of the ATLAS de-
tection apparatus. Unlike most of the other stable particles, muons are able
to traverse the calorimeters because of their large mass and the fact that they
do not emit bremsstrahlung radiation. The MS is therefore used to measure
the position of the muons that are emitted from the collision. The tracks
of the emitted muons are bent by an array of magnets in which the MS re-
sides. There are four main sub-components of the MS other than the magnets,
the Cathode Strip Chambers (CSCs), the Monitored Drift Tubes (MDTs), the
Resistive-Plate Chambers (RPCs) and the Thin-gap Chambers (TGCs). The
MDTs and the CSCs are used for high-precision position tracking, whilst the
RPCs and the TGCs are used for triggering data capture.
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FIGURE 1.6: Diagram of the ATLAS Muon Spectrometer.

The ATLAS Trigger System

The ATLAS trigger system is the sub-system that is responsible for isolat-
ing and recording valuable events during a collision. The LHC produces a
large number of collisions every second, but only a small fraction of these
collisions are interesting from a physics perspective. The total number of
recorded events is only a small fraction of the overall collisions that occur.
The Trigger System is used to identify these interesting events and send them
to the data acquisition system for further analysis. The trigger system has
been designed carefully to make efficient and precise decisions regarding the
importance of a particular collision. This is a crucial process in the working
of the detector as it is physically impossible to retain and store the data from
all of the collisions due to long-term storage resource limitations. The Trig-
ger System of ATLAS consists of several levels of triggers, each of which is
designed to select events based on different criteria. The level one trigger is
a hardware-based trigger taking input from both the muon triggers and in-
formation from the calorimeters. The level one trigger functions by filtering
events for high pT electrons, muons, photons and jets. Additionally, events
with high missing transverse energy will also pass the level one trigger fil-
ter. The High-Level Trigger (HLT) is a software-based trigger and has inputs
from all the detector trackers and calorimeters. The HLT uses advanced re-
construction algorithms to decide whether the events that pass the level one
trigger should be transferred to permanent storage. Figure 1.7 shows a flow
diagram of the ATLAS trigger system, including both the level on the trig-
ger and the HLT. The Trigger System plays a crucial role in the operation of
the ATLAS experiment, allowing researchers to efficiently select interesting
events for further study.
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FIGURE 1.7: Flow diagram of the ATLAS data-taking trigger
systems.

1.4 Semi-supervised Machine Learning in the Search
for New Resonances

ML methods that are fully supervised are often used as binary classifiers in
high-energy physics. These models are trained on fully labelled data where
each event is labelled either 0 (background event) or 1 (signal event). For a
given event, x⃗i, the model produces an output response, ŷi ∈ (0, 1). Dur-
ing training, the loss function is minimized, meaning the difference between
the targets and responses is made as small as possible. In the case of semi-
supervised learning, models are trained on partially labelled datasets. For
example, using a deep neural network as a semi-supervised classifier, the
model is only trained on events labelled as 0 (background events). Any
events not recognized as background by the model will be labelled as 1 (sig-
nal events). Searching for new resonances is crucial in understanding physics
beyond the standard model. If there are new resonances hidden in the data,
the signals may be subtle due to the absence of inclusive signals. These res-
onances may be missed in certain unexplored or poorly searched areas of
phase space. Semi-supervised machine learning can help address this issue
by detecting differences in the phase space where new physics may exist,
compared to the baseline model used. Weak supervision does not require
any prior knowledge about the topological features of the signal. By train-
ing a weakly supervised machine learning model on sideband background
data, the model may be able to detect differences in topology between the
potential signal region and the sidebands. Although it may be more difficult
to train semi-supervised models to classify between known and unknown
data, it can provide an advantage in detecting new resonances if trained cor-
rectly. Machine Learning based semi-supervised classifiers require a large
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amount of background data to be trained on. This means that either Monte
Carlo computation is required to generate sufficient data, or as suggested in
this work, other machine learning based data generation models can be used
for background data generation. There are many different types of semi-
supervised machine learning models used in resonance searches, including
data generation models and signal classification models.

1.4.1 Machine Learning Data Generation In Particle Physics
Machine learning based data generation has become an important tool in
high-energy physics. One of the main avenues of use of machine learning in
recent years both in and outside of particle physics has been for data gener-
ation tasks. Generative machine learning models are used to mimic chosen
data in order to allow for larger-scale research and analysis concerning that
data. The LHC produces a vast amount of data, and traditional methods for
simulating and generating this data can be computationally expensive and
time-consuming. At the LHC, semi-supervised generative machine learning
models are a crucial resource that can be fully harnessed to increase the scale
and efficiency of analyses and reduce CPU hours required for certain tasks.
Machine learning-based data generators can be used in conjunction with
traditional Monte Carlo (MC) generation to scale datasets. This synthetic
data can then be used to train and validate other machine-learning mod-
els, such as those used for particle detection and classification. Advanced
deep generative neural network models such as Generative Adversarial Net-
works (GAN) and Variational Auto-Encoders (VAE) are examples of semi-
supervised machine learning methodologies commonly used in industry to
scale data. Some promising attempts to generate data for high energy physics
with GANs have already been completed, for example for top pair produc-
tion in the paper ’How to GAN LHC Events’ [22]. Once trained these models
are able to generate events with sufficient accuracy at scale with minimal re-
quired computational resources. Monte Carlo (MC) data simulation takes up
a large amount of the total CPU hours at the LHC, see Figure 1.8. This large
pressure on CPU resources could be alleviated by using trained generative
machine learning models as an alternative production mechanism to tradi-
tional MC production mechanisms. By using machine learning-based data
generation, the rate of research progression can be sped up drastically. A
number of different machine learning and deep learning based models could
be assessed for this data generation task. VAEs, GANs, and Transformer
models are three examples of deep learning models that could be evaluated
for this task. VAEs use autoencoders to learn a probabilistic latent represen-
tation of data, whilst GANs use adversarial training to generate data, most
commonly used for high-quality image generation. Transformer models uti-
lize self-attention mechanisms for generation tasks, usually for natural lan-
guage tasks. VAEs are effective with continuous data, while GANs excel in
visual fidelity. Transformers are best in language generation but are limited
to sequential data tasks. Understanding their strengths and weaknesses aids
in selecting the appropriate model for specific applications. The VAE model
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will be further evaluated in this work as the architecture lends itself to excel
with the continuous data used in this work.

FIGURE 1.8: Graph Showing Usage of CPU Resources for Dif-
ferent Tasks at the LHC in 2022 [23].

The luminosity of detectors at the LHC is continuing to increase over
time, this means that the need for MC simulations or alternative-based method-
ologies will only be increasing over time.

1.4.2 Machine Learning Signal Classification In Particle Physics

Classification and anomaly detection has long been a field heavily influenced
by the uptake of machine learning algorithms [24]. The LHC produces a vast
amount of data, and accurately identifying and classifying the various sig-
nals within this data is a crucial task. In the field of particle physics classifica-
tion techniques are often used to attempt to identify abstract signals against
known background data. This is a crucial process in BSM searches, and in
this case, searches for new bosons. Traditional methods for signal classifi-
cation can be time-consuming and error-prone, but machine learning algo-
rithms, especially semi-supervised, have the potential to quickly and accu-
rately classify the various signals present in the LHC data. By using machine
learning for signal classification, the time taken for analysis can be reduced
and more accurate insights can be extracted from the data. An example of
a machine learning framework for classification used in high energy physics
is the CWoLa paradigm, in which common statistical mixtures of classes in
collider physics are classified without labels [25].
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1.5 Scope and Structure

The scope of this research is concentrated on the evaluation of VAE model
derivatives for specifically the data generation task. Therefore, the main
scope includes:

• Literature review of Machine Learning

• Selection of the VAE model derivatives to be assessed

• Selection of evaluation metrics and plots for the data generation task

• The detail of the greater Zγ physics analysis

• Pre-processing of the Zγ background data, including kinematic vari-
able selection

• Training of the VAE derivative models including the hyper-parameter
optimisation of each of the models specifically for the data generation
task

• Evaluation of the trained models for the data generation task using the
selected evaluation metrics and plots

• Showcase of resulting application of using machine learning for crisis
mitigation in South Africa during the COVID-19 pandemic

• Discussion and conclusions related to the use of the trained models for
data generation

• Conclusions on the use of the semi-supervised VAE model derivatives
for use in the greater Zγ study
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Chapter 2

Physics Analysis

In order to elaborate on some of the currently unexplained phenomena ob-
served in the Run 1 Large Hadron Collider (LHC) data, a 2HDM+S model
was used in Ref. [26], [27]. Using this model, the heavy scalar, S, decays into
Zγ, here we consider the rare decay carefully. The full lagraingian includ-
ing all relevant terms can be found in Ref. [28]. The leading order Feynman
diagrams for this process can be seen in Figure 2.1.

FIGURE 2.1: The leading order Feynman diagrams of massive
boson S to Zγ final state.

The model exhibits multi-lepton anomalies verified in Refs. [29]–[32] as
well as a possible candidate for the singlet S, reported in Ref. [33]. If the
model is complemented by a Dark Matter candidate [34], multiple anomalies
found in astrophysics can be expressed. Additionally, the model can be fur-
ther extended to account for various other anomalies, which include the g− 2
muon experiment reported by Fermilab [35]–[37]. A full review of anomalies
can be found in Ref. [38]. The aforementioned model and applications mo-
tivate further searches for heavy scalar resonances. In the greater physics
analysis related to this dissertation, the search of S → Zγ with Z → ℓℓ and
ℓ = e, µ is investigated. The investigation uses a semi-supervised deep neu-
ral network to classify topological features, as suggested in Ref. [39]. The
machine learning technique of semi-supervised learning (see more detail in
the machine learning section) is used to reduce training biases by training the
model on a partially labelled dataset. However one must be cautious when
using semi-supervised classifiers due to the fact that background events can
be falsely classified as signals due to the possibility of over-training. The
extent to which this miss-classification occurs should be quantified. These
falsely labelled signals are caused by over-fitting in training semi-supervised
models that incorporate side-bands and the signal regions. The methodol-
ogy of the implementation of the semi-supervised technique, together with
the detailed methodology for the investigation of the over-training within
semi-supervised machine learning models, is described in detail in Ref. [40].
In the semi-supervised over-training study, a single run can be defined as
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the process of calculating the extent of falsely classified signals by the model
when trained on a batch of pure background training data. Therefore to com-
plete the study, a frequentist approach must be taken by logging the output
of many runs and performing deductions on the overall result. In a high-
energy physics analysis, a frequentist study is often used to calculate the sta-
tistical significance of an observed phenomenon, such as the discovery of a
new particle. This involves comparing the observed frequency of the phe-
nomenon in a sample of data to the expected frequency of the phenomenon
under the null hypothesis. The null hypothesis is a statistical model that as-
sumes that the phenomenon is not present in the population. By comparing
the observed and expected frequencies, it is possible to calculate a p-value,
which is a measure of the statistical significance of the observation. A low p-
value indicates that the observation is unlikely to have occurred by chance,
and is therefore considered statistically significant. To complete a frequentist
study, a dataset with enough events and statistics is required to extract many
hundreds of statistically independent batches of data for training the model.
A very large dataset is also necessary to overcome the "look elsewhere effect"
when analysing local and global resonances [41]. Which can be defined in
searches for resonances within a given mass range, as the probability of ob-
serving a significant local excess of events, elsewhere within the range. This
motivates the use of machine learning-based generative models in combina-
tion with traditional Monte Carlo production mechanisms to increase statis-
tics for the successful evaluation of over-training. In the case of this research,
VAEs are used as a generative model to expand statistics. A flow diagram of
the physics motivation of this work as well as the applications of the trained
VAE model in the overarching physics analysis can be seen in Figure 2.2.

2.1 Zγ final State Background Data Monte Carlo
(MC) Production

The Monte Carlo method is a computational technique that uses random
sampling to solve problems. In the context of high-energy physics, a Monte
Carlo method can be used to simulate events according to the Standard Model.
This involves generating random numbers that represent the energies, mo-
menta, and other properties of the particles involved in the event. These ran-
dom numbers are then used to calculate the probability of the event occurring
according to the rules of the Standard Model. This process can be repeated
many times to produce a large sample of events that can be analyzed to study
the properties of the particles involved. Monte Carlo methods are commonly
used in high-energy physics to simulate the effects of detector resolutions
and other experimental effects on the data. The MC events corresponding
to the Zγ sample in this analysis have been generated using Madgraph5 [42]
with the NNPDF3.0 parton distribution functions [43]. In the electron (muon)
channel, Z + makes up 0.90 (0.91) of the total background events [44]. In this
work, since fast simulation data is utilised, the Z + jets background is approx-
imated using data driven methods as it is difficult to accurately simulate the
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FIGURE 2.2: Research Necessity Flow Diagram.

jets as they can be miss-classified as photons. Here we have utilized the Stan-
dard Model (SM) of particle physics for which the UFO model files required
by the Madgraph are obtained from FeynRules [45]. The parton level gener-
ation is followed by the parton showering and hadronization by Pythia [46]
and then the detector level simulation is performed using Delphes(v3) [47].
The jets at this level has been constructed using Fastjet [48] which involves
the anti-KT jet algorithm with PT > 20 GeV and radius R = 0.5. While gen-
erating the sample we decayed the Z boson to leptons. We also have applied
some baseline cuts on the leptons and photons at the Madgraph level to en-
hance the statistics.

2.2 Zγ Background Data Kinematic Variable Se-
lection

The H → Zγ with Z → ℓℓ and ℓ = e, µ Monte Carlo data produced has been
further processed by selecting kinematic variables for the study. The analysis
focuses around the centre of mass of 150GeV (132GeV< mℓℓγ < 168GeV).
The kinematic features used in the study are Zγ invariant mass, mℓℓγ; the
transverse momentum, azimuthal angle, pseudo-rapidity and energy of the
leading lepton, sub-leading lepton and photon respectively, Ptℓ1|ℓ2|γ, Φℓ1|ℓ2|γ,
ηℓ1|ℓ2|γ and Eℓ1|ℓ2|γ; missing transverse energy Emiss

T and it’s azimuthal angle,
ΦEmiss

T
; the number of jets, Nj, the number of central jets, Ncj; and ∆Rℓℓ (∆R ≡√

(∆ηll)2 + (∆ϕll)2), Ptℓℓ/mℓℓγ, ∆Φℓℓ and ∆Φ(Emiss
T , Zγ). The following table
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shows the kinematic variables selected accompanied by a short description
of each variable.

Kinematic Variable Variable Description
mℓℓγ Invariant mass of di-lepton with a photon.
Ptl1 Transverse momentum of leading lepton.
ηl1 Pseudo-rapidity of leading lepton.
Φl1 Azimuthal angle of leading lepton.
El1 Energy of the leading lepton.
Ptl2 Transverse momentum of the sub-leading lepton.
ηl2 Pseudo-rapidity of the sub-leading lepton.
Φl2 Azimuthal angle of the sub-leading lepton.
El2 Energy of the sub-leading lepton.
Ptγ Transverse momentum of the photon.
ηγ Pseudo-rapidity of the photon.
Φγ Azimuthal angle of the photon.
Eγ Energy of the the photon.
∆Rℓℓ

√
(∆ηll)2 + (∆ϕll)2.

Emiss
T Missing transverse energy.

ΦEmiss
T

Azimuthal angle of missing transverse energy.
Nj Number of jets
Ncj Number of central jets

TABLE 2.1: Kinematic Feature Selection.

Figure 2.3 shows the distribution graphs of the chosen kinematic variables
associated with the leading lepton.
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FIGURE 2.3: Distribution graphs of the selected kinematic fea-
tures of the 1st lepton.

Figure 2.4 shows the distribution graphs of the chosen kinematic variables
associated with the sub-leading lepton.
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FIGURE 2.4: Distribution graphs of the selected kinematic fea-
tures of the 2nd lepton.

Figure 2.5 shows the distribution graphs of the chosen kinematic variables
associated with the photon.
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FIGURE 2.5: Distribution graphs of the selected kinematic fea-
tures of the photon.

Figure 2.6 shows the distribution graphs of the following chosen kine-
matic variables, mℓℓγ, ∆Rℓℓ, Emiss

T and ΦEmiss
T

.
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FIGURE 2.6: Distribution graphs of the selected kinematic fea-
tures.

Figure 2.7 shows the distribution graphs of the chosen kinematic variables
associated with the number of jets.

FIGURE 2.7: Distribution graphs of the selected kinematic fea-
tures related to the number of jets.
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From the above distribution graphs, it can be seen that there are many
different types of distributions that the selected variables follow. This selec-
tion of types of distributions will serve well to test the generative capability
of the chosen model.

2.3 Zγ Final State Resonance Searches

Resonance searches are a type of search performed in high-energy physics
experiments to look for evidence of new particles or phenomena. The spe-
cific search related to this work involves looking for resonances in MC fast
simulation data in which a Z boson and a photon are produced in the final
state. During a collision at the LHC, new particles that are not predicted by
the Standard Model of particle physics could be created and the evidence of
their presence can be shown by an apparent resonance. By using machine
learning to study the products of these collisions, searches for evidence of
new particles and phenomena can be completed. Resonance searches have
led to many discoveries in recent years. For example, the discovery of the
Higgs boson at the LHC in 2012 provided evidence for the existence of a new
type of particle that decays into a Z boson and a photon. Further Z/gamma
final state resonance searches have can be focused on looking for evidence of
new particles that could help explain the nature of dark matter, the matter-
antimatter asymmetry of the universe, and other unexplained phenomena.
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Chapter 3

Machine Learning

Machine learning was conceived in an attempt to give machines the abil-
ity to learn like the human brain. The origin of ML as we know it today
comes from the work of psychologist Frank Rosenblatt who led a research
group that initially built a machine to serve as a classifier to recognise letters
of the alphabet, known as the perception [49]. The perceptron became the
foundation of Artificial Neural Networks (ANNs) as they exist today. The
original perceptron machine worked using both analogue and digital signals
and a threshold to convert the analogue signals to discrete digital ones. The
perceptron was the first example of a machine that was able to learn simi-
larly to that of human or animal learning. Although the perceptron machine
was a foundational step forward in control engineering, the original machine
did not prove as successful in identifying many different classes of patterns.
Single-layer perceptrons, like the initial machine, are only capable of learning
linearly separable patterns. However, the addition of more layers and nodes
was the next step in the progression of the perception creating the multi-layer
perceptron, able to classify more complex patterns.

3.1 The Perception

In modern applications, the perceptron can be used as a threshold function
binary classifier, where an input value is mapped to a binary output based
on an imposed threshold:

f (x) =
{

1 w · x + b > 0
0 else (3.1)

Where w is a vector of weights and x · w is the dot product ∑m
i=1 wixi, m is

the number of inputs going into the perceptron node and b is the bias.
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FIGURE 3.1: Diagram of the Perceptron compared to a human
brain element from [50].

3.2 Artificial Neural Networks (ANNs)

Artificial neural networks are a further advancement in the progression of the
original perceptron machine, also developed to mimic the biological brain.
An ANN is a collection of interconnected nodes or neurons, similar to a
synapse in the brain. Signals are transferred through the ANN between the
neurons. The output of each of the neurons as the signal is passed forward
through the network is computed as some non-linear function of the sum
of its inputs. The connection between each of the connected neurons has
a weight attached to it. This weight value is found during the training of
the neural network and it allows for the weighting of the importance of the
output of that specific node. Neurons also might have a threshold or acti-
vation attached to the output so that the output can be further tuned and
non-linearised according to its value (see activation function section below).
The training of a neural network is the updating of weights based on the
information that the network can derive from the combination of input and
desired output pairs and a chosen loss function that describes the relation-
ship between the achieved network output and the desired output.

3.2.1 Activation Functions
Activation functions in machine learning models are used to define the out-
put of a node based on the input. The purpose of having activation functions
is to help decide how important the input value at that node is to the overall
result of the model. There are many different types of activation functions
that can be used, and most of them include a piece-wise type function. The
following section will outline the main activation functions used in modern
machine learning, and more specifically in this research.
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FIGURE 3.2: Diagram of Activation Functions [51].
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FIGURE 3.3: Diagram showing the formulae for the activation
of a single node in the first hidden layer

Figure 3.3 demonstrates how the activation function σ is applied to the
output of the first node of the first hidden layer of a neural network.
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3.2.2 NN Training
The training of a neural network has been designed to mimic the learning
of the human brain. In practice, this is undertaken through the use of three
main components of the network, the loss function, backpropagation and
the optimisation algorithm. The loss function is a formula that can be calcu-
lated after each forward pass of the network that will quantify the error of
the results of that forward pass. This loss function can then be used in con-
junction with the optimizer and back-propagation to calculate the gradient
of the weights of the neural network and then update them appropriately to
edge towards convergence. There are several important considerations when
training a neural network, including the quality and quantity of the training
data, the choice of network architecture and hyper-parameters, the use of
regularization techniques to prevent over-fitting, and the selection of an ap-
propriate loss function. It is also important to have a good understanding
of the problem being solved and the desired outcome in order to choose the
most appropriate neural network for the task. Additionally, ensuring that
the training process is efficient and effective is crucial to the success of the
model. This may involve the use of techniques such as batch normalization
and gradient descent with momentum.

FIGURE 3.4: Diagram of the Training of a Neural Network: A
look at a single node in the final layer.

Back-propagation

Back-propagation is an algorithm for calculating the gradient of a loss func-
tion with respect to the learned variables of a model, the weights, using the
chain rule. Backpropagation calculates the gradient of the weights of the
model with respect to the loss function using partial derivatives and the
chain rule, working backwards from the output to the respective weights.
How back-propagation works can be demonstrated by zooming into a single
node in an output layer and understanding how the gradients of the input
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weights to that node are calculated in relation to the output of the node, as
seen in Figure 3.5.

FIGURE 3.5: Diagram of Back-propagation on single node in
output layer [52].

In Figure 3.5, output h1 and output h2 are the outputs from nodes in the
previous hidden layer, w5, w6 are the weights associated with the connection
between the node undergoing back-propagation and the nodes of the previ-
ous layer, and b2 is the bias associated with this specific node. neto1 is the
output of the node before activation and outo1 is the output of the node after
activation. In the formula in Figure 3.5, it can be seen that the chain rule is
used to determine the partial derivative of the loss function Etotal relative to
the w5 weight. This is done for all the weights with respect to the Etotal to
calculate the overall gradient matrix of all the weights.

Optimization Algorithms

Once the weight gradients have been calculated using back-propagation or
other automatic gradient calculation algorithms, an appropriate optimizer is
then used to adjust weights in a manner that attempts to edge the model to-
wards convergence. One of the most popular optimizers in machine learning
is the stochastic gradient descent algorithm. The algorithm works by itera-
tively searching for local minima in the gradient space. SGD minimises the
loss function L(θ) parameterised by the model’s weights and biases, R, by
updating the parameters in the reverse direction to the gradient of the loss
function with respect to the parameters, θ. The learning rate is used to deter-
mine how big the steps are that the model takes down the gradient function
towards the minima. The stochastic gradient descent algorithm can be de-
scribed by the following steps:

1. Obtain gradients from back-propagation

2. Pick random initial values of parameters

3. Update gradient with new parameters
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4. Calculate the step size down the gradient function using the learning
rate multiplied by the gradient.

5. Calculate the new parameters by subtracting the step size from the old
parameters

6. Redo steps 3-5 until local minima reached

Figure 3.6 is a diagram showing a visual representation of the descent of
a gradient function using SGD.

FIGURE 3.6: Diagram of Visual Representation of Descent of
Gradient Function using SGD [53].

ADAM (Adaptive Moment Estimation) optimizer is another optimisa-
tion algorithm that is based on the foundation of stochastic gradient descent.
ADAM is an extension of the stochastic gradient descent (SGD) algorithm,
and it can be seen as a combination of two other algorithms: RMSProp and
momentum. One of the main benefits of ADAM is its ability to adapt the
learning rates of the model parameters independently, based on the past gra-
dient values, unlike SGD where the same learning rate is used for all model
parameters. This can make ADAM more effective than SGD because it can
automatically tune the learning rates to be well-suited for the problem at
hand. ADAM also makes use of momentum to accelerate the convergence
of the optimization process. Momentum is a technique that helps the op-
timization algorithm to "pass over" local minima and avoid getting stuck in
sub-optimal minima. Overall, the ADAM optimization algorithm is a power-
ful tool for training machine learning models. It can be used in a wide range
of applications, and it can often provide faster and more stable convergence
than other optimization algorithms.

Loss Functions

The loss function of a neural network is also known as the objective function.
It is the mathematical expression that results in a metric that can quantify the
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success of the model. This metric, the loss, is often some form of a measure
of the difference between the expected output value of the model versus the
actual value obtained. The loss function is used during the training of the
model to evaluate the success of weight and bias parameters during a for-
ward pass. There are many different loss functions that are used for different
outcomes, models and training configurations. A number of the more com-
mon loss function components and more relevant loss functions to this work
will be explained in this section.

Mean Square Error:

LMSE =
∑D

i=1(xi − yi)
2

n
. (3.2)

LMSE is a loss function used often in regression-based tasks and is the
average of the squared distances between the predicted values and the actual
values. The squaring utilised within the mathematical formulation penalizes
values heavily that are further away from the actual value. The LMSE loss
function also has good mathematical properties in terms of the continuity of
the function which makes gradients easier to compute.

Binary Cross Entropy:

LBCE = −(y log(p) + (1 − y) log(1 − p)). (3.3)

LBCE is a type of loss function used in classification tasks, where the func-
tion will output as a classification value indicating one of two classes. This
loss function is used in conjunction with the sigmoid activation function.

Kullback–Leibler Divergence:

LKL = KL(ŷ||y) =
M

∑
c=1

ŷc log
ŷc

yc
. (3.4)

The LKL loss function is useful for estimating the difference between two
given distributions, often referred to as the statistical distance. LKL can be
understood as the negative sum of the probability of each event in y multi-
plied by the log of the probability of the event in ŷ over the probability of the
event in y.

3.2.3 Machine Learning Supervision
When training a machine learning model there are a number of different
strategies in which the machine learning model can be supervised to learn.
Traditionally the most common form of supervision is full supervision. Full
supervision refers to the scenario where the model is trained on a dataset
that consists entirely of labelled examples. Each unique example passed to
the model during training has both input features and a corresponding cor-
rect output label. The goal of the model is to make accurate predictions for
new, unseen examples by learning the patterns in the training data. In unsu-
pervised learning, the input data that the model is trained on is completely
unlabeled and the model works by uncovering patterns and relationships
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that exist in the input data and using these findings to output useful infor-
mation about the data, for example, clusters of similar data points. Lastly, in
semi-supervised learning portions of labelled data and unlabeled data can be
used during training and inference of the model. This strategy helps to pro-
vide the model with a foundation of knowledge, and then use the unlabeled
examples to help the model generalize and make better predictions.

3.3 Deep Neural Networks (DNNs)

A deep neural network can be simply defined as an ANN with multiple hid-
den layers between the input and output layers. The term ’deep’ refers to
the added complexity in the model in terms of the number of hidden layers
and the number of nodes in each layer. Deep neural networks are often op-
timal for large datasets as the added complexity of the network affords the
network the ability to capture higher levels of patterns that exist in the data.
There are many different neural network architectures that exist, each used
for different purposes and types of datasets. A brief overview of some of the
main DNN derivatives will be detailed in this section.

3.3.1 Multi-Layer Perceptron (MLP)

Multi-layer perceptrons are the most basic form of NNs. MLP are types of
feed-forward network that have a number of fully connected hidden layers
between the input and the output layers. Fully connected is a term that is
used to describe that all of the nodes in consecutive layers are connected
to each other. Feed-forward is a term used to describe that the input data
is only propagated forward through the network and not cycled back. The
architecture of the MLP network forms the foundation of many of the more
complex neural network architectures.
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FIGURE 3.7: Diagram Showing Neural Network Structure of
MLP.
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3.3.2 Convolutional Neural Network (CNN)
CNNs are a class of NN most frequently used with image-based data. The
main ability of a CNN that differentiates the architecture from a standard
DNN is the convolution that is implemented during the forward pass. A
convolution effectively is a systematic mask or crop on the data entering the
network as to only concentrate on a smaller subset of the input data/image
for the particular forward pass. This gives the network the ability to identify
which sections or patterns in the input data are most relevant to obtaining the
desired prediction. This convolutional functionality is what makes CNNs so
successful with image data.
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0 0 1 1 1 0 0
0 0 0 1 1 1 0
0 0 0 1 1 0 0
0 0 1 1 0 0 0
0 1 1 0 0 0 0
1 1 0 0 0 0 0
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∗
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1 2 3 4 1
1 3 3 1 1
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×1 ×0 ×1

×0 ×1 ×0

×1 ×0 ×1

FIGURE 3.8: Diagram shows how the convolution in a CNN
works, showing a visual representation o the matrix multipli-

cation that occurs.

3.3.3 Recurrent Neural Network (RNN)

RNNs are NNs where the output of a specific layer is fed back into the input
to help predict the next output. This methodology was developed for prob-
lems where data is sequential, this includes time-series data as well as natural
language processing-based text data. This configuration allows information
to be passed between adjacent nodes, as some information is retained from
the previous time step. Though standard RNNs are often used in time series
prediction, the standard architecture suffers from the problem of vanishing
gradients, which hinders the learning of long-period relationships and pat-
terns in data sequences. RNNs with LSTM solve the issue by deliberately
adding long-term memory [54], [55]. RNNs with LSTM have two memory
cells, one for long-term memory and another for short-term memory to solve
the problem. The equations below describe the LSTM RNN block. Ct is re-
sponsible for long-term memory and ht for short-term memory. The intro-
duction of the Forget gate vector, proposed by Felix A. Gers et al. in 1999,
has also improved the accuracy of the prediction by allowing the adjustment
of long-term memory [56]. More in detail, the Forget gate vector, ft, con-
trols how much information is discarded from long-term memory, Ct−1. The
new long-term memory cell, Ct, is created by adding information from the
input gate vector, it, and the new short-term memory cell, ht is decided by
the output vector, ot and the long-term memory, Ct (Figures 3.9–3.11).



32 Chapter 3. Machine Learning

FIGURE 3.9: Recurrent Neural Network (RNN) structure.

FIGURE 3.10: Details of the Simple Recurrent Neural Network
(RNN) Block.

FIGURE 3.11: Details of the Long Short-Term Memory (LSTM)
Recurrent Neural Network (RNN) Block.

ft = σ(W f · [ht−1, xt] + b f ) (3.5)
it = σ(Wi · [ht−1, xt] + bi) (3.6)

C̃t = tanh(Wc · [ht−1, xt] + bc) (3.7)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (3.8)
ot = σ(Wo · [ht−1, xt] + b0) (3.9)
ht = ot ⊙ tanh(Ct), (3.10)

where ⊙ represents the Hadamard product.
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3.3.4 Auto-encoders (AEs)
Variational autoencoders (VAEs) are a type of generative model that was first
introduced in 2013 by Diederik Kingma and Max Welling. VAEs combine
the strengths of both generative models and autoencoders, allowing them to
generate new data samples that are similar to the training data, while also
being able to compress the data into a lower-dimensional latent space. VAEs
are based on the idea of using a neural network to approximate the complex
distribution of the data, and they have become a popular tool in many ar-
eas of machine learning, such as image generation, speech recognition, and
natural language processing. In recent years, VAEs have been further devel-
oped and improved, and they continue to be an active area of research in the
field of deep learning. A Variational Auto-encoder (VAE) is a type of neural
network that is similar to a classic autoencoder (AE) but with slight archi-
tectural changes and an additional component added to the loss function.
These modifications allow for regularized training to prevent overfitting and
improve the model’s generative capabilities by ensuring appropriate latent
space properties. The VAE architecture consists of two main networks: an
encoder and a decoder. It is trained to minimize the loss between the in-
put data (kinematic variable events) and the encoded-decoded output (re-
constructed event). However, unlike an AE, which encodes an input event
as a single vector, the VAE encodes the input as a distribution over the latent
space. This regularizes the latent space. Variational inference is a mathemat-
ical technique used to approximate complex probability distributions using
simpler distributions. In the context of a VAE, it is used to approximate the
complex data distribution using a simpler distribution that can be learned
by the model. The KL divergence loss term is a measure of the difference
between two probability distributions. In a VAE, it is used to measure the
difference between the approximate distribution learned by the model and
the true data distribution. This loss term is then used to train the model to
minimize the difference between these distributions, improving its ability to
generate data. By combining variational inference and the KL divergence
loss term, a VAE can learn a compact representation of the data distribution
that can be used to generate new samples similar to the original data. This
makes the VAE a useful tool for data generation and unsupervised learning
tasks.
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FIGURE 3.12: Diagram of VAE Base Architecture, showing en-
coder network, decoder network and learned latent space.

These latent space distributions are normal so that the encoder can be con-
figured to return latent space vectors that represent the mean and the covari-
ance of the normal Gaussian distributions. As a result of encoding an input
event to a distribution rather than a single vector, it is possible to express the
latent space regularisation. The loss function that is minimised when train-
ing a VAE is composed of a reconstruction loss component that is responsible
for forcing the output of the decoder to be as close to the input, and secondly,
a regularisation loss component, that serves to regularise the organisation of
the latent space by making the distributions returned by the encoder close
to a standard normal distribution. The loss function also contains a coeffi-
cient for the KL-Divergence loss term. This can be used during optimisation
to weight the importance of the KL-Divergnce loss term against that of the
reconstruction loss term. The VAE loss function can be written as:

LVAE = Eqϕ(z|x) [log pθ(x|z)]− βV ∗ DKL
(
qϕ(z|x)||pθ(z)

)
.

The first term in the VAE loss function, Eqϕ(z|x) [log pθ(x|z)], is the re-
construction loss, which measures how well the VAE is able to reconstruct
the input data. The second term, DKL

(
qϕ(z|x)||pθ(z)

)
, is the regularization

loss, which encourages the VAE to learn a compact and meaningful latent
space representation. More generally as:

LVAE = LR + βV ∗ LKL, (3.11)

and the loss function sub-components can also be rewritten in terms of
the in-code format as follows:

LR = ((X′ − X)2), (3.12)

where X is the input event and X′ is the reconstructed event.

LKL = ∑ (σ2 + µ2 − log σ − 1) (3.13)
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Where µ is the mean of the latent space variable and σ is the variance
of the latent space variable. The Kullback-Leibler divergence between two
Gaussian distributions has a form that can be directly expressed in terms of
the means and the covariance matrices of the two distributions.
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Chapter 4

VAE Model Development
Methodology

The following section will specifically concentrate on the machine learning
methodology. This includes the detail of the model selection, overall model
and model component descriptions, model hyper-parameter optimisation,
machine learning library detail and additional software development detail.

4.1 Model Description

A VAE architecture has been selected as the base architecture because of its
proven capacity to be used as a generative model for complex data. A VAE
can be viewed as a modified classic autoencoder (AE) with slight architec-
tural changes and an additional component added to the loss function that
allows for regularised training and introduces the generative capability of
the model by ensuring appropriate latent space properties.

4.1.1 Variational Auto-encoder (VAE)

The encoder network of a VAE serves to translate input data from its origi-
nal dimensionality into a different feature representation, usually of a lower
dimensionality called the latent space. The decoder network is used to de-
code a latent space representation back into its original representation. The
latent space is the representation of the input data once the data has been
fed-forward through the encoder. Different types of AEs have different la-
tent space formats. The VAE has a latent space that is forced to be normal
and Gaussian, whilst the latent space of an AE has no such constraint and is
rather a single vector representation.
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FIGURE 4.1: Diagram VAE architecture.

4.1.2 Variational Auto-encoder + Discriminator (VAE+D)

A Variational Autoencoder plus discriminator has been used as an alterna-
tive option to the classic VAE in this research. The addition of a discrimina-
tor network helps in the training of the VAE encoder-decoder network and
provides an additional method for completing classification tasks. Figure
4.2 shows the architecture diagram of the VAE+D model. The addition of
the discriminator network was inspired by the use of such a network in the
training of a Generative Adversarial Network (GAN). During the training of
the network, there is a balance that needs to be achieved between the training
of the discriminator to be able to differentiate MC events from reconstructed
events and generated events, and the training of the VAE to be able to re-
construct and generate valid events. This makes the training of the VAE+D
somewhat more complex than the already infamously difficult-to-train VAE.
The discriminator network is a classic MLP network with a single output
node. The output value of this final node is activated with a sigmoid activa-
tion function as to achieve a classification score. The VAE+D loss functions
are slightly different to the VAE, whilst still including the main loss compo-
nents of the original VAE. Unlike the VAE, the VAE+D has a loss function for
each individual network, the encoder, decoder and discriminator and each
network’s weights are updated individually at different times during a for-
ward pass of the overall VAE+D. Similar to a GAN, the discriminator and the
VAE are trained simultaneously, with the discriminator learning to differen-
tiate fake events from real events and the VAE learning to reproduce real
events accurately. The VAE+D loss functions and components are as follows:

Ldisc = BCEreal + BCErecon + BCEgen (4.1)

Ldec = γ ∗ LossR − Lossdisc (4.2)

Lenc = LossKL + γ ∗ LossR (4.3)
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Where LossR and LossKL are as defined in 3.3.4. BCE is the binary cross
entropy between either the actual data against actual data, reconstructed data
or generated data. The final discriminator loss function, Ldisc is obtained as
the sum of the three BCE based losses. γ is a similar variable to the varia-
tional beta in the standard VAE, however, instead is a coefficient of the re-
construction loss instead of the KL divergence like in the VAE. More detail
on the training iteration of this model configuration can be seen in 4.3.

FIGURE 4.2: Diagram VAE+D architecture.

4.1.3 Normalising Flows (NF)
An NF model is a type of ML model that is used to learn complex probability
distributions. Similarly to VAEs, NFs are used in generative modelling tasks,
where the goal is to generate new data that is similar to the original data.
Normalising Flow (NF) models are likelihood-based generative models and
consist of a series of bijector, invertible transformations that can be applied to
an input distribution to change the distribution to be more complex. Normal-
ising flows can be applied on top of the Gaussian latent spaces of a VAE to
make the learned latent space distributions more complex and therefore able
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to retain more complex patterns and relationships that exist in the data. An
NF model builds a probability distribution of u by applying bijective func-
tions to a known distribution z. These bijective functions keep the proba-
bility mass normalised and can be used to transform and inverse transform
as they have well-defined inverses [57]. The change of variables formula is
used to find the probability distribution of x, this requires a function inverse
and jacobian. Deep flow models can exist by chaining multiple bijectors to-
gether. These bijector functions have trainable parameters. Once trained, a
normalizing flow model can be used to generate new samples by sampling
from the learned distribution and then applying the inverse transformations
to the samples to transform them back into the original space. This allows
the model to generate new samples that are similar to the original data.

z0 z1
f1(z0) zi zi+1

fi+1(zi). . . zk. . . = x

z0 ∼ p0(z0) zi ∼ pi(zi) zk ∼ pk(zk)

FIGURE 4.3: Diagram of Normalising Flows.

The key to normalizing flow models is the use of the change of variable
formula, which allows us to transform random variables in a way that pre-
serves the probability distribution. Specifically, if we have a random variable
X with a probability density function (PDF) p(x), and we apply a bijective
transformation f (x) to X, the resulting random variable Y will have a PDF
given by:

p(y) = p(x) |det (Jac( f )(x))|
,

where Jac( f )(x) is the Jacobian matrix of the transformation f (x) at x.
This formula allows us to transform random variables in a way that preserves
the probability distribution, which is important for generating samples from
the target distribution.

Types of Normalising Flow Algorithms Used

In this work, previously developed NF algorithms have been utilised in-
stead of developing novel algorithms. The following NF algorithms were
utilised, planar, radial, householder and nice. Each of these NF models work
slightly differently and have advantages and disadvantages. The type of
NF model and the flow length (number of bijector transformations applied
sequentially) are included as hyper-parameters in our model development.
Transformational forms of the chosen NF models can be seen below:
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1. Planar flow transformation form:

y = x + u tanh(wTx + b)

, where x ∈ Rd is the input, y ∈ Rd is the output, u ∈ Rd, w ∈ Rd, and
b ∈ R are learnable parameters.

2. Householder flow transformation form:

y = x − 2uuTx

, where x ∈ Rd is the input, y ∈ Rd is the output, and u ∈ Rd is a
learnable parameter.

3. Radial flow transformation form:

y = x +
u
|x|

, where x ∈ Rd is the input, y ∈ Rd is the output, and u ∈ Rd is a
learnable parameter.

4. Nice flow transformation form:

y = x + u ⊙
(

sin
(π

2
x
))

, where x ∈ Rd is the input, y ∈ Rd is the output, and u ∈ Rd is a
learnable parameter.

4.1.4 Variational Auto-encoder + Discriminator + Normalis-
ing Flows (VAE+D+NF)

Another VAE model variation that was evaluated in this research was the
composite model achieved as the result of the addition of a normalising flow
model to the VAE+D model. The NF model is inserted just after the gaussian
latent space of the VAE. This transforms the stored latent space distributions
using the bijectors of the NF. This allows for more complex distributions to
store latent space information, whilst still incorporating the training benefits
related to the addition of the discriminator network.
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FIGURE 4.4: Diagram VAE+NF+D architecture.

4.2 Data Pre-processing

Data preprocessing is a step in the machine learning pipeline that involves
cleaning and transforming the input data before it is used to train a machine
learning model. Data preprocessing is an crucial step when implementing
machine learning models, and it can have a significant impact on the perfor-
mance and generalization of the model. The goal of data preprocessing is to
make the input data more suitable for training the specific model and to im-
prove the performance of the model. There are several common techniques
used in data preprocessing for machine learning models, including:

• Data cleaning: This involves removing or correcting errors and incon-
sistencies in the input data, such as missing values, outliers, and dupli-
cate records.
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• Data transformation: This involves applying mathematical transforma-
tions to the input data to make it more suitable for training the model,
such as scaling or normalizing the data, or applying transformations to
extract features and patterns from the data.

• Data splitting: This involves dividing the input data into separate train-
ing and test sets, which are used to train and evaluate the performance
of the model.

The sklearn library data transformations that were assessed for this work
can be seen in Table 4.1.

Scalar/Transformation Transformation Description
StandardScalar Standardize features by removing

the mean and scaling to unit variance.
MinMaxScalar Scales feature ranges to desired

range (default [0,1]).
RobustScalar Removes the median and scales the

data according to the quantile range
(defaults to IQR: Interquartile Range)

PowerTransformer Apply a power transform featurewise
to make data more Gaussian-like.

QuantileTransformer Transform features using quantiles
information.

TABLE 4.1: Types of Sklearn Transformations Assessed

It was found that the best scalar for the data preparation is the MinMaxS-
calar.

4.3 Model Training

The VAE is trained on pure Zγ final state background data on batches de-
livered by a custom data loader. During this training, the VAE learns to re-
construct the input events and furthermore regularises the latent space by
minimising the loss function.

4.3.1 Important Training Parameters

Learning rate:
The learning rate is a standard machine learning hyper-parameter that de-
termines how drastically the model changes its weights each iteration in an
attempt to minimise the loss function and achieve convergence. The learning
rate always has a drastic effect on the ability of the model to converge and
achieve a favourable final model. A learning rate that is too large will cause
the model to pass over a local minima in the gradient function, however,



44 Chapter 4. VAE Model Development Methodology

a learning rate that is not large enough could take long to converge or con-
verge in a local minimum that is not the overall actual minima of the gradient
function. It is therefore essential to tune the learning rate for the model.

FIGURE 4.5: Local minima in gradient function.

Batch size:
The batch size used when training a VAE refers to the number of training ex-
amples used in one iteration of the model. In this use case, a training example
is a single event with all the respective features. For example, if the batch size
was 1, a single event is passed through the model before the weights are up-
dated through the use of the optimizer. In contrast, if the batch size was 512,
512 events would be passed through the VAE before updating the weights
using the average loss value for all the events passed through in that batch.

Batch Normalisation:
Batch normalization is a technique used to normalize the activations of hid-
den units in a neural network, improving performance and stability. It nor-
malizes the activations of each hidden unit across a mini-batch by subtract-
ing the mean activation and dividing by the standard deviation, reducing
the internal co-variate shift during training. It is commonly used in modern
deep-learning models and is a key component of many state-of-the-art archi-
tectures. The use of batch normalization in a VAE can help to improve the
performance and stability of the model.

Variational Beta:
As previously mentioned in the VAE model description section the loss func-
tion contains a coefficient for the KL-Divergence loss term, βV . This can be
used during training to weight the importance of the KL-Divergnce loss term
against that of the reconstruction loss term. The effect of different values of
βV during training will prioritise the reconstruction of the events fed through
the VAE against regularising the latent dimension of the VAE, which is im-
portant for generating realistic events.

Parameter γ:
The γ parameter is similar to the variational beta parameter, except is the
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coefficient of the reconstruction loss term instead of the KL divergence loss
term.

4.3.2 Model Specific Loss Functions and Training Iteration
The following section outlines the specific loss functions of each model vari-
ation as well as the structure of the training iterations.

VAE

During training a VAE’s weights are adjusted by the optimization function to
minimise the loss function, Equation 3.11, after each iteration of the training
loop. VAEs have hyper-parameters that need to be optimised in order to
achieve a satisfactory model. Algorithm 5 shows the flow of a single forward
pass of the VAE network during training.

Algorithm 2 Algorithmic representation showing forward pass of VAE.

eventbatch → VAE → µ, σ2, reconstructed
zp → Decoder → generated
Lossrecon → ((reconstructed − eventbatch)2).mean()
LossKL → 1 + σ − µ2 − eσ

LossVAE → Lossrecon + βvLossKL
VAE backward step
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FIGURE 4.6: Flow diagram of VAE training iteration with loss
functions.



4.3. Model Training 47

VAE+D

The VAE+D loss functions are slightly different to the VAE, whilst still in-
cluding the main loss components of the original VAE. Figure 4.7 shows the
flow diagram of the input event batch during a forward pass and the result-
ing loss parameters and backward passes.

Algorithm 4 Algorithmic representation showing forward pass of VAE+D.

eventbatch → VAE → µ, σ2, reconstructed
zp → Decoder → generated
eventbatch → Diss → dissreal
dissrealvs.1slabel → criterionBCE → ErrD−real
reconstructed → Diss → dissrecon
dissreconvs.0slabel → criterionBCE → ErrD−recon
generated → Diss → dissgen
dissgenvs.0slabel → criterionBCE → ErrD−gen
Lossdisc → ErrD−gen + ErrD−recon + ErrD−real
Discriminator backward step
Lossrecon → ((dissrecon − dissreal)

2).mean()
ErrDecoder → γ ∗ Lossrecon − Lossdisc
Decoder backward step
LossKL → 1 + σ − µ2 − eσ

ErrEncoder → LossKL + γ ∗ Lossrecon
Encoder backward step
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FIGURE 4.7: Flow diagram of VAE+D training iteration with
loss functions.
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VAE+NF

The VAE+NF forward pass algorithm is similar to that of the VAE forward
pass, except the NF model is incorporated in between the traditional VAE
latent space and the decoder network.

Algorithm 6 Algorithmic representation showing forward pass of VAE+NF.

eventbatch → VAE → µ, σ2, reconstructed
µ, σ2 → NF → zs
zp → Decoder → generated
Lossrecon → ((reconstructed − eventbatch)2).mean()
LossKL → 1 + σ − µ2 − eσ

LossVAE → Lossrecon + βvLossKL
VAE+NF backward step

VAE+NF+D

The VAE+NF+D forward pass algorithm is similar to that of the VAE+D for-
ward pass, except the NF model is incorporated in between the VAE+D tra-
ditional latent space and the decoder network.

Algorithm 8 Algorithmic representation showing forward pass of
VAE+NF+D.

eventbatch → VAE → µ, σ2, reconstructed
µ, σ2 → NF → zs
zp → Decoder → generated
eventbatch → Diss → dissreal
dissrealvs.1slabel → criterionBCE → ErrD−real
reconstructed → Diss → dissrecon
dissreconvs.0slabel → criterionBCE → ErrD−recon
generated → Diss → dissgen
dissgenvs.0slabel → criterionBCE → ErrD−gen
Lossdisc → ErrD−gen + ErrD−recon + ErrD−real
Discriminator backward step
Lossrecon → ((dissrecon − dissreal)

2).mean()
ErrDecoder → γ ∗ Lossrecon − Lossdisc
Decoder backward step
LossKL → 1 + σ − µ2 − eσ

ErrEncoder → LossKL + γ ∗ Lossrecon
Encoder backward step

4.3.3 Hyper-parameter Optimization

VAEs are particularly sensitive to hyper-parameter, and in order to achieve
favourable results, optimisation of hyper-parameters is crucial. A number
of phases of hyper-parameter optimisation were completed throughout the
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research. The first iteration of hyper-parameter optimisation was somewhat
more manual than the latter iterations because the possible parameter val-
ues had large variances in order to understand the correct rough ranges of
specific hyper-parameters. Within the manual optimisation loops, which
randomly loop through chosen values of each hyper-parameter, classes and
functions are called to; build the VAE with the parameters of the current loop
iteration, train the VAE, evaluated the results and save relevant log-able in-
formation and metrics and create plots. The created log files can then be
referenced for the performance of each combination of hyper-parameters.
The information of the runs can be sorted by the loss function and other
performance metrics to obtain the best parameters. Plots can then be ref-
erenced for confirmation of performance. After the initial exploration of
hyper-parameters, a second, more refined selection of hyper-parameter val-
ues were selected in order to have a selection of possible values that were
more plausible in achieving better results. Table 4.2 shows the secondary
hyper-parameter optimisation value options chosen.

VAE+D Hyper-parameter Optimisation
Hyper-parameter Value Options Applicable

Model
Learning Rate [0.01, 0.001, 0.0001] All
Batch Size [64, 256, 512, 1024] All
Activation function [elu, relu, sigmoid] All
Optimiser [ADAM, RMSprop] All
Latent Dimension Size [8, 12, 16, 18, 32] All
Number of Hidden Layers in VAE [2, 3] All
Number of Hidden Layers in Dis-
criminator

[2, 3] VAE+D,
VAE+NF+D,
CVAE+D

Number of Nodes in the Hidden
Layers of VAE

[128, 256, 512] All

Number of Nodes in the Hidden
Layers of Discriminator

[128, 256, 512] VAE+D,
VAE+NF+D,
CVAE+D

γ [1, 10, 100, 500, 1000,
2000]

VAE+D,
VAE+NF+D,
CVAE+D

Variational Beta [1, 0.1, 0.01, 0.001,
0.0001]

VAE, VAE+NF

NF Type [planar, radial, house-
holder, nice]

VAE+NF,
VAE+NF+D

TABLE 4.2: Table showing VAE Selected Hyper-parameters and
value options.

It must be noted that the hyper-parameter optimisation process took an
extensive amount of time as the training of a single model for evaluation
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takes roughly 8 hours. That means that if all the possible options of hyper-
parameter combinations for the base VAE were assessed it would be impos-
sible to complete due to a lack of time and training resources. This is why the
random selection of hyper-parameter values for each iteration was necessary
instead of iteratively looping through every value in each hyper-parameter
array. Values of specific hyper-parameters that produced obviously bad re-
sults when used were also removed from the value options as soon as this
could be concluded. For example, it became clear that the learning rate
used with the VAE+D model was definitely best around the 0.0001 range and
therefore the other options were removed from further optimisation tests.

4.4 Use of the trained decoder and latent space for
Zγ Data Generation

Once the VAE has been trained on the Zγ final state background data, we
can use the latent space and decoder components to generate new events
that mimic the Zγ input data. Figure 4.8 shows a graphical representation of
how the latent space normal distributions can be sampled from in order to
generate new events.

FIGURE 4.8: Diagram showing VAE components during Data
Generation.

4.5 Use of the trained model for Classification

Although out of the scope of this research, the VAE derivative models trained
for the data generation task in this research could also be used in a number
of ways for signal/event classification. The following table outlines the main
ways each model could be used for signal classification.
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Model Primary classification Secondary classification
VAE Monitoring of reconstruction loss Latent space proximity
Derivatives analysis
VAE+D Use of trained discriminator network Monitoring of reconstruction
Derivatives loss, Latent space

proximity analysis

TABLE 4.3: Mechanisms of signal classification.

A VAE trained for generative purposes can potentially be used as a clas-
sification system for classifying signal events against known background
events by monitoring the reconstruction loss term against a previously de-
termined threshold. If the signal data is significantly different enough to the
background data on which the VAE was trained, the reconstruction loss can
be monitored and a threshold can be applied to indicate a reconstruction loss
value high enough to identify an input event as a signal event rather than the
known background events. This threshold can be determined by feeding a
test set of background data through the trained VAE, storing the reconstruc-
tion loss values for each of the events fed through the network from the test
set, and finally, choosing a threshold value that separates the two reconstruc-
tion loss distributions created by the background data and the signal data.
Additionally, plots of the latent space can be used as a secondary measure
to asses the classification using the reconstruction loss. Distribution of each
latent space variable plots and principle component plots of the latent space
can also be used to identify ’outliers’ (signal). A signal event might not be in
close proximity to other points within the latent space. The discriminator in
the VAE+D could be used for classification purposes as it is trained to recog-
nise background data. When an event that is not background is fed through
the trained discriminator network, the binary output will indicate that it is
not a background event. However, as stated, the classification capabilities of
the VAE derivative models will not be assessed in this work because of the
chosen scope of the research and the fact that the chosen variables for the
research are not variables that are valuable for the successful separation of
background and signal events at the centre of mass of 150 GeV.

FIGURE 4.9: Diagram showing the signal classification mecha-
nisms of the VAE derivative models.
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4.6 Software Development Methodology

The following section will outline the development of the software required
for this research.

4.6.1 Machine Learning Frameworks and Libraries
TensorFlow and PyTorch are two popular open-source machine-learning frame-
works that are commonly used for developing and training machine-learning
models. Both frameworks provide a rich set of tools and libraries that make
it easier to develop, train, and deploy machine learning models. One of
the main differences between TensorFlow and PyTorch is the way they han-
dle computation. TensorFlow uses a static computational graph, where the
model is defined and compiled before training, and the computations are
performed on the graph. PyTorch, on the other hand, uses a dynamic com-
putational graph, where the model is defined and compiled on the fly, and
the computations are performed on the fly as well. This makes PyTorch more
flexible and easier to use for some types of models and tasks. Another dif-
ference between TensorFlow and PyTorch is the way they handle data. Ten-
sorFlow uses a dataflow-based programming model, where the data is trans-
formed and passed through the computational graph in a series of steps. Py-
Torch, on the other hand, uses a tensor-based programming model, where
the data is represented as a set of tensors, which are manipulated directly by
the model. This makes PyTorch more intuitive and easier to use for some
types of data. Overall, TensorFlow and PyTorch are both powerful and pop-
ular machine learning frameworks, and they each have their own strengths
and weaknesses. Which framework is best for a particular task will depend
on the specific requirements and goals of the project.

4.6.2 Operational Software Development
The following section details the development of additional software tools
that were required in the training, evaluation, and inference of the various
VAE derivative models.

Data Loader

A machine learning data loader is a software component that is used to load
and prepare the input data for a machine learning model. The data loader is
typically responsible for reading the input data from a storage device, such
as a disk or a database, and then transforming and organizing the data in a
way that is suitable for training the model. A machine learning data loader
typically performs a number of tasks, including:

• Reading the input data from a storage device and loading it into mem-
ory
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• Transforming the input data, such as by scaling or normalizing the data,
or applying transformations to extract features and patterns from the
data

• Organizing the input data into batches, which are small subsets of the
data that are used to train the model

• Shuffling the data, which is the process of randomly rearranging the
data to prevent the model from overfitting to any particular patterns in
the data

A machine learning data loader is an important component of a machine
learning pipeline, and it can have a significant impact on the performance
and generalization of the model. Properly designing and implementing the
data loader can help ensure that the model is trained on clean, high-quality
data, and can improve its ability to make accurate predictions on new data.

Model Evaluation

It is crucial to choose appropriate evaluation processes to assess how success-
ful the VAE and other model derivatives are for data generation and secondly
signal classification. The evaluation strategy involves the selection on vari-
ous metrics, on top of the loss metrics, related to distribution and correlation
comparison between the generated and the MC data. The selected metrics
for the data generation evaluation can be seen below.

Evaluation Metrics
Evaluation Met-
ric

Evaluation
Type

Brief Description

Kolmogorov-
Smirnov

Distribution A non-parametric test of the equality of contin-
uous or discontinuous one-dimensional proba-
bility distributions that can be used to compare
a sample with a reference probability distribu-
tion.

Scaled Difference Distribution (Real data binned frequency for each bin -
Generated data binned frequency for each
bin)/(Real data binned frequency for each bin)2

Absolute Corre-
lation Difference

Correlation Absolute difference between the correlation
matrices of the MC data and the generated data

Pearson Correla-
tion

Correlation A test statistics that measures the statistical as-
sociation between two variables.

Pearson p value Correlation Test statistic indicating the probability that you
would have found the current result if the cor-
relation coefficient were in fact zero (null hy-
pothesis).

TABLE 4.4: Table showing selected evaluation metrics.

In addition to the evaluation metrics, distribution plots and correlation
comparison plots are used to compare the generated distributions and vari-
able correlations against the MC distributions and variable correlations.
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Model saving, performance logging and training continuation

In order to undertake the model evaluation, it is crucial to have appropriate
model saving, metric logging and model training continuation code. Ten-
sorBoard was utilised to log loss function values and chosen performance
metrics for each epoch of each run. The values of these logged metrics and
loss values can then be viewed in the Tensorboard dashboard. An example
of what the Tensorboard dashboard looks like is shown in Figure A.1 in Ap-
pendix A. Additionally, every 20 epochs, the PyTroch library’s .save function-
ality was utilised to save model state dictionaries, loss function values, met-
ric values, optimizer state dictionaries, run hyper-parameters and the epoch
number. This saved file was then utilised for later inference of the model as
the required point where convergence was achieved and for the continuation
of training should the training have been interrupted.

GPU Usage

The use of a GPU in order to train the VAE models was essential in order to
complete this research in a reasonable time frame. GPU resources on Google
Colaboratory were harnessed to reduce training time. A Google Colab pro
account was acquired in order to be able to have a powerful enough GPU
and remove some time limitations on the usage of the GPU. The Google Co-
lab computational resources available with the pro subscription are up to
32Gb of RAM and a Nvidia Tesla P100 or a Nvidia V100 Tensor Core GPU
depending on the availability of resources, however, the resource availability
is subject to the demand created by all Google Colab subscribers and might
be cut off due to overload.

Code Structure Framework Design

Figure 4.10 shows the structural design of the overarching python classes
developed and the connections between them.

FIGURE 4.10: Diagram showing developed classes and func-
tions.
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Chapter 5

Results

The following section will consider the results of the data generation of the
Zγ final state background data, shown in the form of feature distribution
and correlation graphs. The following section shows the results for each
chosen VAE model derivative for the data generation task. For each model
type, the best model hyper-parameters were chosen on the basis of the hyper-
parameter optimisation loop that was completed. The use of different VAE
derivatives with different training mechanisms and latent space properties
helped in determining the most appropriate VAE derivative for generating
the Zγ final state dataset. The VAE showed decent generation results in
terms of the distribution comparison plots for the variables that were nor-
mally distributed, or the right skewed variable distributions. The VAE seem-
ingly struggled with generating variables with uniform distributions, likely
due to the fact that its latent space is Gaussian, making it challenging to
transform Gaussian variables to uniform distributions. The VAE+NF showed
somewhat of an improvement in the distribution results, however, the gen-
erated distributions for the uniformly distributed variables had multi-modal
spikes which varied from the Zγ final state dataset. The VAE+NF+D deriva-
tive was found to be the best overall performer, as it allowed for a more
flexible and complex latent space through the addition of the NF model and
improved training convergence with the discriminator network. The hyper-
parameter optimised VAE proved to be a decent base model for the research.
In terms of the correlation comparison, the VAE+NF+D far out performed
the other models in terms of the max correlation difference with an achieved
value of 0.12, with the others in the range [0.2 − 0.5].

TABLE 5.1: Comparison of models using evaluation metrics.

Metric VAE VAE+D VAE+NF VAE+NF+D
Relative Difference 0.010701 0.004422 0.009670 0.003230
Kolmogorov-Smirnov score 0.067512 0.051637 0.055487 0.034702
Spearman correlation coefficient 0.333721 0.557210 0.623028 0.674031
Correlation difference max 0.511256 0.072731 0.026247 0.012071
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5.0.1 VAE

FIGURE 5.1: Distribution Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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FIGURE 5.2: Correlation Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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5.0.2 VAE+D

FIGURE 5.3: Distribution Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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FIGURE 5.4: Correlation Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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5.0.3 VAE+NF

FIGURE 5.5: Distribution Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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FIGURE 5.6: Correlation Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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5.0.4 VAE+NF+D

FIGURE 5.7: Distribution Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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FIGURE 5.8: Correlation Plots of the Generated Kinematic Fea-
tures Against MC Kinematic Feature Data
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Chapter 6

Applications beyond Particle
Physics

6.1 Applications beyond Particle Physics

The following section outlines the methodology of research outside of the
particle physics realm that resulted from the expertise gained, in combating
COVID-19 in South Africa.

6.1.1 COVID-19 Management in South Africa Resulting Ap-
plications

This section of the dissertation documents the work carried out using ma-
chine learning to developed an early alert system for an additional wave of
COVID-19 cases in South Africa for the Gauteng government, full detail of
this work can be found in the published paper [1]. A neural network-based
early alert/detection system was developed to predict the daily confirmed
cases of COVID-19 in South Africa by utilizing Big Data and Artificial In-
telligence. The system is based on an LSTM RNN model that is trained on
mobility indices, stringency indices, and epidemiological parameters for all
provinces in South Africa during the period between the first and second
waves of COVID-19 cases. The chosen prediction parameter for the model
was the daily change in cases, dTCt. While the model was able to accurately
predict daily cases during the interim period, it struggled to recognize the
behavior of the features in relation to the prediction parameter dTCt dur-
ing a COVID-19 case peak. This weakness was intentionally built into the
model to create an early detection system for additional waves of COVID-19
cases. When the relative difference between the actual and predicted daily
cases exceeds a province-specific threshold value, known as the Risk Index
Metric (RIM), a warning is issued to notify the government and the pub-
lic. The model was calibrated using data from the first and second waves of
COVID-19 cases in South Africa and was verified using data from the second
wave. The model was then used to monitor the third wave in South Africa,
with the aim of developing a functional alert system for additional waves of
COVID-19 in specific regions. The main constraints for this early detection
algorithm are related to the availability of mobility and epidemiological data,
with reports from Google and Facebook only being updated on Sundays with
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a week’s worth of data. Figure 6.1 shows the total period used for training
the model between the first and second peaks for the Gauteng province.
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FIGURE 6.1: Appropriate test-train period for Gauteng
Province, South Africa.

The output of the trained RNN model with LSTM is a 14-day prediction of
new daily cases, dTCt. The first day of this prediction is a Monday, which is
6 days earlier than the actual date that the model is run due to data availabil-
ity constraints from external sources. As a result, the prediction only covers
the next 7 days from the date it is generated. The model also provides a sec-
ondary output on a daily basis, which is the relative difference between the
prediction and the actual recorded value. This relative difference is calcu-
lated using the formula:
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FIGURE 6.2: AI Early Alert System Flow Diagram.

RD =
(dTCtA − dTCtP)

dTCtP
, (6.1)

where dTCtA is the daily change in actual total cases and dTCtP is the
daily change in predicted total cases. The relative difference is used as the
Risk Index Metric (RIM) for an alert of an additional wave of COVID-19
cases. The model is recalibrated and a new 14-day dTCt prediction is gener-
ated every Sunday, covering the dates from the Monday before to the Mon-
day after. The data from the second wave of COVID-19 cases was excluded
from the training data for the model. It is important to note that the alert
system functioned as a surveillance system for the third wave of COVID-19
in South Africa, aiding in the management of the pandemic in the country. A
flow diagram of the functioning of the AI powered early alert system devel-
oped can be seen in Figure 6.2.
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6.1.2 Example Prediction Result During Non-peak Period
Figure 6.3 shows the final LSTM RNN model’s ability to predict dTCt during
non-peak times.

FIGURE 6.3: Graph showing 14-day prediction of dTCt during
a non-peak period.

6.1.3 Verification of the Alert System Using Second Wave Data

Using the appropriate threshold discovered by comparing non-peak and peak
RIM distributions for each province in South Africa, the alert system was
tested by comparing the system’s predicted start date of the second wave
against the actual case data. For each province, the model alerted the start of
the additional wave at an appropriate date.

TABLE 6.1: Province Specific Second Wave Start Date.

Province 2nd Second Wave Start Date
Gauteng 2020-12-07

Western Cape 2020-11-11
Eastern Cape 2020-10-21

KwaZulu-Natal 2020-12-01
Free State 2020-12-19

Mpumalanga 2020-12-15
Limpopo 2020-12-01

North West 2020-12-23
Northern Cape 2020-12-23

Figure 6.4 shows all the last halves (last week of the 2 week prediction
period) of the RD values generated from each week’s prediction joined for a
date period that extends into the second wave period for Gauteng province.
The blue line indicates the date when the model identified a wave starting
for Gauteng.

6.1.4 Third Wave Surveillance

Below is a screenshot of the final output of the model for third-wave surveil-
lance and was available on a COVID-19 monitoring website. The model
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FIGURE 6.4: Graph showing all last halves of RD values joined:
Gauteng.

shown on the site was updated weekly and the relative difference value was
calculated automatically as new daily case data became available (Fig. 6.5).
Notably, at the time of writing, the system was successful in detecting the be-
ginning of the 3rd wave in the provinces in South Africa. During the COVID-
19 pandemic South African policymakers engaged with the created RIM on a
weekly basis during the Gauteng government COVID-19 command council
meetings.

FIGURE 6.5: Graph showing the 14-day prediction of dTCt and
rd values for surveillance of the 3rd wave.

6.1.5 Resulting Applications - COVID-19: Discussion and Con-
clusions

This research exploits the multivariate, multi-time-step time-series predic-
tive capabilities of an RNN with LSTM to predict daily change in cases dTCt
in South African provinces. Ten features were chosen as inputs to the RNN
model. These features include mobility measures, stringency indicators and
epidemiological parameters. The model was trained over the interim period
between COVID-19 case waves within each province. This configuration
caused the model to perform well over the interim period, however, when
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another COVID-19 case wave is reached, the system is unable to predict the
dTCt values accurately. The intentional pitfall of the model to predict dTCt
during a peak has been taken advantage of to create an alert system by moni-
toring the relative difference RD between the prediction and the actual value
on a daily basis. When the RD value is consistently above a calculated thresh-
old for at least 2 days, the probability of an additional wave is high. The
thresholds for each province are calculated by analysing the distributions of
RD values generated as a result of the predictions overtime during peak and
non-peak times. The threshold was chosen by selecting an RD value that en-
capsulated the whole non-peak distribution. This work demonstrates that in-
corporating Google-outputted mobility data resulted in a significantly higher
predictive power of COVID-19 cases. Using this methodology, the dates of
the start of the second wave of COVID-19 cases in South African provinces
were accurately estimated. Noteworthy, the dates generated by the model
would not have been able to be achieved confidently by simply monitoring
the daily change in cases only. Furthermore, the model has been successful
in identifying the start of the third wave of COVID-19 cases in South African
provinces and has proved a valuable tool to South African policymakers.
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Chapter 7

Discussion and Conclusion

7.1 Data Generation Discussion and Conclusions

The VAE architecture performed well as a base generative architecture. Al-
though the training of VAEs can be temperamental, with appropriate hyper-
parameter optimisation it is possible to achieve the desired model training
convergence. The incorporation of a number of VAE model derivatives that
incorporate different training mechanisms and latent space properties proved
to be a useful strategy in assessing what VAE derivative is most appropriate
for the generation of the Zγ final state dataset. The best overall perform-
ing VAE derivative was found to be the VAE+NF+D. The addition of the NF
model allowed for a more flexible and complex latent space to be achieved
and the addition of the discriminator network, with optimised hyper-parameters,
improved the training convergence specifically of the VAE component, less
so of the discriminator network. It should be noted that the VAE base model
and VAE derivatives struggled the most with the generation of the variables
with uniform distributions. This is could be due to the fact that the latent
space of a VAE is Gaussian and the transformation from a variable that is
Gaussian to a uniform distribution through the decoder layers is more chal-
lenging to learn than a transformation from Gaussian to a non-uniformly
distributed variable.

There were a number of model configurations and hyper-parameter choices
that resulted in significant improvement in the results in terms of the data
generation task.

1. The value of the βvar in the standard VAE based models (VAE, VAE+NF),
and similarly the value of the γ parameter in the VAE+D models (VAE+D,
VAE+NF+D). Both these parameters are related to the weighting of
each of the loss terms against each other that make up the overall loss
function. The optimisation of these parameters was somewhat more
simple than that of other parameters such as number of nodes in hid-
den layers because of the large effect that the value had on the data
generation results. It was trivial to conclude that the best value of the
βvar parameter was around the magnitude of 0.0001 and the best value
for the γ parameter was around 500.

2. The addition of the batch normalisation layers in between hidden lay-
ers of the constituent networks has a significant in the time it took the
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model to get to reasonably close to the final convergence value (i.e. the
loss function curves dropped quicker initially).

3. The use of a sigmoid activation function at the end of the deocder in-
stead of a relu activation had a large effect on the results in terms of the
distribution. With the use of the relu function, there was often a peak at
the beginning of the distribution as a result of the relu function always
being 0 if the value before the activation is less than 0.

4. The chosen learning rate also as expected had a significant effect on the
overall convergence of the model. This is due to the fact that choosing
a learning rate too large would cause the optimiser to ’jump over’ the
desired minima in the gradient function and choosing a learning rate
too small would cause the optimizer to settle on a local minima in the
gradient function that is not actually the desired minima.

5. There were a number of architectural configurations that also caused
great improvements in the results. The choice of a architecture for the
encoder that expands from the 18 feature input dimension to a large
number of nodes in the hidden layers (256/512) and then dropped back
down to a latent dimensionality lower or equal to the input dimension
was found to be optimal for this generation task.

6. The use of the MinMax data transformer before the data is inputted to
the model improved the results drastically. The MinMax scalar is used
to scale the data to a range between 0-1.

Although significant progress was made to achieve the best VAE-based
data generative models, which produce sufficient generated data in terms
of the comparison plots and the chosen metrics, the models will need to be
further evaluated by using the generated data to train a semi-supervised clas-
sifier and a frequentist study completed.

Additionally, in terms of the resulting applications of machine learning in
COVID-19 crisis management for the Gauteng government, this work demon-
strated the successful use of a recurrent neural network (RNN) with long
short-term memory (LSTM) to develop an early alert system for an addi-
tional COVDI-19 case waves in South African provinces. This work demon-
strates that incorporating Google-outputted mobility data as input features
to the model, resulted in a significantly higher predictive power of COVID-
19 cases. The resulting model has been successful in identifying the start of
the third wave of COVID-19 cases in South African provinces and proved a
valuable tool to South African policymakers.



75

Appendix A

Additional Figures

This appendix contains additional figures related to the training configura-
tion and metric logging.

FIGURE A.1: Snapshot of Tensorboard Dashboard.
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FIGURE A.2: Flow diagram of steps to initiate model training.
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