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Zusammenfassung
Das Standardmodell der Teilchenphysik ist das erfolgreichste physikalische Modell. Den-
noch ist bekannt, dass es unvollständig ist. Mit der Entdeckung des Higgs-Bosons im
Jahr 2012 wurde das Standardmodell vervollständigt. Dies führte zu zahlreichen Studien,
die seine Eigenschaften mit den Vorhersagen des Standardmodells vergleichen. Da das
Higgs-Boson an Masse koppelt, bietet es Möglichkeiten, nach Physik jenseits des Stan-
dardmodells zu suchen.
Diese Arbeit konzentriert sich auf die resonante Produktion von Higgs-Boson-Paaren im
bbWW ∗-Zerfallskanal mit einem geladenen Lepton im Endzustand unter Verwendung
simulierter Atlas Run 3-Daten. Die hohe Masse der skalaren Resonanz führt zu ei-
ner „boosted“ Topologie, bei der die Zerfallsprodukte des Higgs-Bosons, das in ein bb-
Quarkpaar zerfällt, sowie die Zerfallsprodukte des hadronisch zerfallendenW -Bosons nicht
einzeln aufgelöst werden können. Außerdem überlappt das geladene Lepton mit einem
der large-R Jets, die aus diesen hadronischen Objekten rekonstruiert wurden. Dies macht
die Topologie einzigartig, aber auch schwierig in der Rekonstruktion.
Das Ziel dieser Arbeit ist es, eine neue Analyse für diesen Zerfallskanal zu konzipieren,
wobei zunächst eine Vorselektion etabliert werden soll, um anschließend die Ergebnisse der
auf Schnitten basierenden Selektion mit einer Klassifikation auf Basis eines Feedforward
Neuronalen Netzes zu vergleichen.

Stichwörter: Teilchenphysik, Masterarbeit, Higgs Boson Paarproduktion, Neuronale
Netze

Abstract
The Standard Model of Particle Physics is the most successful physics model in describing
fundamental physics phenomena. Still, it is known to be incomplete. With the discovery
of the Higgs boson in 2012, all Standard Model particles have been observed. This led
to many studies testing its properties against the Standard Model prediction. Since the
Higgs boson couples to mass, it can provide opportunities to search for physics beyond
the Standard Model.
This thesis focuses on resonant Higgs boson pair production in the bbWW ∗ decay channel
with one charged lepton in the final state using simulated Atlas Run 3 data. The large
mass of the scalar resonance leads to the boosted topology, in which the decay products
of the Higgs boson decaying to a bb quark pair as well as the decay products of the
hadronically decaying W boson cannot be resolved. The charged lepton also overlaps
with one of the large-R jets reconstructed from these hadronic objects. This makes the
topology unique but challenging to reconstruct.
The aim of this thesis is to conceptualise a new analysis for this decay channel, focusing
on first establishing a preselection to then compare the performance of the cut-based
selection with a feed-forward neural network based classification.

Keywords: Particle Physics, Master thesis, Higgs boson pair production, Neural Net-
works
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1. Introduction

The Standard Model of particle physics (SM) [1–4] is a highly precise and successful
model. It is widely accepted and intensively tested. Since the discovery of the Higgs bo-
son in 2012 [5, 6], many studies have been performed to test the Higgs boson’s properties
against Standard Model predictions. In particular, a direct measurement of the Higgs
self-coupling is important to characterise the Higgs potential. This coupling strength
could be measured in Higgs boson pair production, motivating the search for such pro-
cesses, although, the SM predicted cross section σSMHH = 31.05 fb [7–9] is very small, due
to destructive interference.
Furthermore, it is known that there must be physics beyond the SM (BSM) as the SM fails
to account for the existence of dark matter and other observed phenomena [10]. Many
BSM theories predict additional, highly massive narrow-width particles, X, which can
decay to two Higgs bosons, H, enhancing the Higgs boson pair production cross section.
Since the mass of X is not predicted by theory in this approach, a wide range of masses,
mX , is considered, resulting in various decay topologies.
This Master’s thesis focuses on the boosted topology of the BSM decay channel
X → HH → bbWW ∗ in the 1-lepton final state. In this context, ”boosted” means that
the two Higgs bosons have large kinematic energies of several hundred GeV, resulting
in their respective decay products being highly collimated. The aim of this thesis is to
develop an analysis for this decay for Run 3 data recorded by the Atlas detector from
2022 until 2025 with an expected integrated luminosity of

∫ Ldt = 150 fb−1. A few years
ago, Peer Drescher showed in his Bachelor’s thesis [11] for the Run 2 analysis that using a
model based on a neural network for the separation of signal and background outperforms
a cut-based approach. Given these results, a similar model should be developed for Run
3.
In chapter 2 of this thesis, the theoretical foundations are first discussed, where an
overview of the Standard model of particle physics, as well as a brief explanation of
the Higgs mechanism with a BSM extension, is given. Afterwards, in chapter 3, an in-
troduction to Machine Learning and neural networks is given. Then, in chapter 4, the
experimental setup of the Lhc and the Atlas detector with all its subdetectors is de-
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1. Introduction

scribed. In chapter 5, the studied decay channel, the analysis objects and the data samples
used for this analysis are explained in detail. In chapter 6, the baseline signal selection
for the analysis as well as the neural network model are presented. Lastly, in chapter 7,
the results of this Master’s thesis are summarized and an outlook is provided.
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2. Theoretical Background

In this chapter, the theoretical background of this Master's thesis is covered. First, the

Standard Model of Particle Physics (SM) [1�4] is described in detail, including three of

the four known fundamental forces. The Higgs boson was the last discovered particle from

the SM [5, 6]. The Higgs mechanism [12�17], which gives mass to particles, is explained

in detail as well. After that, Higgs boson pair production is discussed.

2.1. The Standard Model of Particle Physics

There exist four fundamental forces in the universe: the gravitational, the electromagnetic,

the weak and the strong force. Einstein's General Theory of Relativity [18] explains the

gravitational force, while the other three interactions have been uni�ed into quantum �eld

theory known as the SM. It also describes all known elementary particles as excitations

of quantum �elds.

2.1.1. Particles and Forces

The elementary particles in the SM can be split into two categories: fermions with spin-1
2

and bosons with integer spin. Fermions are the elementary particles that make up matter

and bosons are the mediators of the fundamental forces and the Higgs mechanism.

There are twelve fermions and �ve bosons in the SM. In Figure 2.1, all elementary parti-

cles of the SM and some of their properties are listed. The twelve fermions can be further

split into quarks and leptons, each consisting of six particles in three generations. Each

generation includes two quarks and two leptons in weak isospin doublets with di�ering

masses. There are electrically charged leptons with an electrical charge of� 1 and also

neutral leptons called neutrinos. The quarks can be further divided into up-type quarks

with an electrical charge of+ 2
3 and down-type quarks with an electrical charge of� 1

3 .

Quarks also carry the charge of the strong interaction called colour. The three distinct

values of the colour charge are red, blue and green. While the charges stay the same over

the three generations of fermions, their masses and �avours change. To every fermion

there exists an anti-particle with exactly opposite charges.

3



2. Theoretical Background

Figure 2.1.: The elementary particles of the SM. In the upper half the quarks and in the lower
half the leptons are shown. Both are grouped into the three generations with particles from higher
generations increasing in mass and decreasing in lifetime. The gauge bosons that mediate the three
fundamental forces are to the right of the fermions. The Higgs boson is also depicted in grey. Their
colours correspond to the mediated force, indicated by coloured corners for each particle. Also the
electric charge, the spin and the particle masses are given. Taken from Ref. [1].

The fermions in the �rst generation are stable, while particles from the second and third

generation have increasingly higher masses and decay into fermions of lower masses. The

three lepton �avours are called electron (e), muon (� ) and tau (� ), each having a cor-

responding neutrino of their respective �avour. Quarks have six di�erent �avours. The

up-type quarks are called up (u), charm (c) and top (t) while the down-type quarks are

called down (d), strange (s) and bottom (b).

All bosons but the Higgs boson are spin1 gauge bosons. These are called gluon (g),

photon (
 ), W � boson,W + boson andZ boson. The gluon mediates the strong force,

the photon the electromagnetic force, and the twoW bosons as well as theZ boson

mediate the weak force. The last boson, the Higgs boson, is a spin0 Goldstone boson.

Goldstone bosons stem from spontaneous symmetry breaking of massless particles (see

Section 2.1.2). The interaction with the Higgs �eld generates masses to the SM particles.

4



2.1. The Standard Model of Particle Physics

Quantum Electrodynamics

The quantum �eld theory describing the interaction between electrically charged parti-

cles via photon exchange is Quantum Electrodynamics (QED) [19]. The electromagnetic

Lagrangian for a massive fermion and a massless spin-1 photon �eldA � is

L QED =  (i
 � @� � m)  + ge 
 �  A � �
1
4

F �� F�� ; (2.1)

where =  y
 0 is the adjoint spinor, 
 � are the gamma matrices,m is the particles mass

and

F�� = @� A � � @� A�; (2.2)

denotes the electromagnetic �eld strength tensor. The second term of the electromagnetic

Lagrangian introduces interactions between the photon and the fermion with a coupling

of ge.

Furthermore, the electromagnetic Lagrangian is invariant under localU(1) transforma-

tions with a phase� :

 !  
0
= ei�  ; A � ! A

0

� = A� +
1
ge

@� �: (2.3)

Quantum Chromodynamics and Electroweak Uni�cation

The quantum �eld theory describing the interaction between particles carrying colour

charge via gluon exchange is Quantum Chromodynamics (QCD)[20, 21]. In analogy to

QED, the Lagrangian can be written as

L QCD = qi

�
i
 � (D � ) ij

�
qj �

1
4

G�� G�� ; (2.4)

with Ga
�� = @� Ga

� � @� Ga
� + gsf abcGb

� G� and

(D � ) ij = @� � ij � igs (Ta) ij Ga
� ; (2.5)

representing the kinematic terms of the eight gluon �eldsGa
� . Here gs denotes the

coupling strength of the strong interaction and the indicesi and j correspond to the

colour state of the quarksq. QCD has an underlyingSU(3) symmetry with respect to

the colour charge, meaning it is invariant under localSU(3)C gauge transformations.

QCD has some special properties. As the gluon itself also carries a colour charge, it can

interact with itself resulting in the coupling constant becoming larger for smaller energies

[22, 23]. This means that increasing the distance between quarks leads to the creation of

quark-antiquark pairs because the energy in the coupling increases. This process is called

5



2. Theoretical Background

hadronisation. Another interesting phenomenon of QCD is the fact that a free quark has

never been observed, this phenomenon is called colour con�nement [24]. This means that

hadronised quarks only exist in colour neutral states, either by three di�erently coloured

quarks forming a bound state called baryon or by a quark anti-quark pair with the same

colour forming a bound state called meson.

Finally, there is the weak interaction. It is transmitted by the either positively or

negatively charged W boson or the neutral Z boson. It is the only force that neutrinos

interact with, as they neither have an electric charge nor a colour charge.

The Glashow-Salam-Weinberg (GSW) Theory [2�4] allows the simultaneous description

of electromagnetic and weak interaction through introduction of the hypercharge

Y = 2
�
Q � I (3)

w

�
; (2.6)

whereQ denotes the electric charge andI (3)
w the third component of weak isospin. This

leads to the description of the photon �eldA � and the Z boson �eldZ � via a new boson

�eld B � :

A � = B � cos� W + W (3)
� sin� w (2.7)

Z � = � B � sin� W + W (3)
� cos� w ; (2.8)

with � w being the weak mixing angle. It is apparent that the photon �eldA � and the Z

boson �eld Z � are superpositions ofW (3)
� and B � . In a similar way, the W � bosons are

superpositions of theW (1)
� and W (2)

� �elds:

W �
� =

1
p

2

�
W (1)

� � iW (2)
�

�
: (2.9)

2.1.2. The Brout-Englert-Higgs Mechanism

The combined SM Lagrangian

L SM = �
1
4

Ga
�� G��

a �
1
4

W a
�� W ��

a �
1
4

B �� B ��

| {z }
kinematics of gauge �elds

+  
f
L i
 � D �  f

L +  
f
R i
 � D �  f

R| {z }
kinematics and interactions of fermions

(2.10)

with

D �  = ( @� � igsTaGa
�| {z }

SU(3) C

� ig2TaW a
�| {z }

SU(2) L

� ig1TB�| {z }
U(1) Y

) ; (2.11)
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2.1. The Standard Model of Particle Physics

contains all previously discussed quantum �eld theories and is invariant under

SU(3)C � SU(2)L � U(1)Y symmetry. For both gauge bosons and fermions, the SM La-

grangian does not contain mass terms to preserve this invariance. Thus neither gauge

bosons nor fermions should have masses if the Lagrangian was complete. But particle

masses are clearly observed for various elemental particles.

The mass terms can be achieved through the Higgs mechanism, developed by Brout, En-

glert, Guralnik, Hagen, Higgs and Kibble [12�17], which introduces a doublet of complex

scalar �elds � . The Langrangian of� is given by

L Higgs = ( D � �) y (D � �) � V (�) ; (2.12)

and the Higgs potential is

V (�) = � 2� y� + �
�
� y�

� 2
: (2.13)

In Figure 2.2 the Higgs potential is sketched for� > 0 and � 2 < 0. Under such conditions,

the Higgs potential has an in�nite number of minima around the origin at� y� = v2 =

� � 2=� , wherev is the vacuum expectation value. Due to the rotational symmetry of the

Higgs potential, when expanding the �eld around the minimum, the ground state can

arbitrarily be chosen to be real:

h� i =

0

@
0

v

1

A : (2.14)

Figure 2.2.: Illustration of the Higgs potential for� > 0 and � 2 < 0.

The �eld expansion

� =
1

p
2

0

@
� 1(x) + i� 2(x)

v + H (x) + i� 3(x)

1

A (2.15)

results in three massless Goldstone bosons� i (x) and one massive Higgs bosonH (x).
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2. Theoretical Background

Applying unitary gauge, the Goldstone bosons are absorbed by the longitudinal degrees

of freedom of theW and Z bosons and vanish. The �eld takes the form

� =
1

p
2

0

@
0

v + H (x)

1

A (2.16)

and the Lagrangian can be written as

L Higgs =
1
2

@� H@� H � �v 2H 2 � �vH 3 �
1
4

�H (2.17)

+
1
8

�
v + H 2

� �
W 1

� W 2
� W 3

� B �

�

0

B
B
B
B
B
B
@

g2 0 0 0

0 g2 0 0

0 0 g2 gg0

0 0 gg0 g2

1

C
C
C
C
C
C
A

0

B
B
B
B
B
B
@

W 1
�

W 2
�

W 3
�

B �

1

C
C
C
C
C
C
A

: (2.18)

The terms in the �rst line of the Lagrangian describes a free massive scalar with cubic

and quartic self-interactions, where the interaction strength is proportional to� . The

second line describes the interaction of theW� and B � �elds with the scalar Higgs �eld.

The second line of the Lagrangian also gives rise to a massless photon and massiveW � ,

Z and Higgs bosonH with masses

mH =
p

2�v 2, mW =
gv
2

, mZ =
v
2

q
g2 + g02 and mA = 0: (2.19)

From Equation (2.18), it can be seen that the couplings of the gauge bosons to the Higgs

boson are proportional to the squared mass of the gauge bosons. Thus, the more massive

the gauge boson, the greater the coupling to the Higgs boson.

The Higgs �eld also generates masses for fermions via the Yukawa coupling. Both the

Higgs �eld and the fermions form a SU(2) doublet. In unitary gauge, the Higgs doublet

projects onto the T3 = � 1=2 part of the weak isospin doublet of the fermion. Thus,

the fermion masses are generated separately for down-type quarks together with charged

leptons and for up-type quarks together with neutrinos, according to their weak isospin

properties. For down-type quarks as well as charged leptons, the Lagrangian density

includes terms such as

L d = �
gf v
p

2

�
dL dR + dRdL

�
�

gfp
2

H
�
dL dR + dRdL

�
: (2.20)

The fermion mass arises in the �rst term as

mf = gf
v

p
2

; (2.21)
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2.2. Higgs Boson Pair Production

wheregf is the Yukawa coupling constant [4, 25, 26]. The interaction of the fermion with

the Higgs �eld is described by the second term. For up-type quarks and neutrinos the

Lagrangian density includes

L u = �
gf v
p

2
(uL uR + uRuL ) �

gfp
2

H (uL uR + uRuL ) ; (2.22)

giving the same result as for down-type quarks and charged leptons.

2.2. Higgs Boson Pair Production

(a) box diagram (b) cubic self-coupling

Figure 2.3.: Dominant Feynman diagrams for SM Higgs pair production.

In pp collisions at a centre-of-mass energy of
p

s = 13:6 TeV, SM Higgs boson pair pro-

duction without any additional particles occurs predominantly via two production mech-

anisms at hadron colliders [27], both initiated by gluon-fusion processes. The Feynman

diagrams for both processes are shown in Figure 2.3. For both processes, the Higgs boson

pair production is non-resonant and the mediating Higgs boson can have an o�-shell mass.

The two processes interfere destructively, reducing the overall cross section. The cross

section is [7�9]

� gg! HH = 31:05+2 :2%
� 5:0% fb: (2.23)

This cross section is three orders of magnitude smaller than the single Higgs gluon-gluon

fusion cross section, making a discovery at Lhc challenging.

While SM Higgs boson pair production is solely possible in a non-resonant mode, beyond

the Standard Model (BSM) theories allow the resonant production of Higgs boson pairs

by introducing a heavy particle X that can decay into Higgs bosons. A possible BSM

theory to describe this extra scalar particle is brie�y discussed.

The two-Higgs-doublet model [28] introduces a second complex scalar doublet� 2. The

9



2. Theoretical Background

potential for two complex scalar doublets is

V = m2
11�

y
1� 1 + m2

22�
y
2� 2 � m2

12

�
� y

1� 2 + � y
2� 1

�

+
� 1

2

�
� y

1� 1

� 2
+

� 2

2

�
� y

2� 2

� 2
+ � 3� y

1� 1� y
2� 2

+ � 4� y
1� 2� y

2� 1 +
� 5

2
[
�
� y

1� 2

� 2
+

�
� y

2� 1

�
];

(2.24)

which becomes minimal for

h� 1i =
1

p
2

0

@
0

v1

1

A ; h� 2i =
1

p
2

0

@
0

v2

1

A : (2.25)

Due to doubling the number of doublets with respect to the SM, the extension around the

vacuum expectation values yields double the amount of �elds, totalling in eight �elds. In

analogy to the SM case, three of those �elds are absorbed when applying unitary gauge

resulting in the masses of theW � and Z bosons. The remaining �ve �elds are all physical

scalar �elds: two neutral scalar particles (light and heavy HiggsH , X ), two charged scalar

particles (H � ) and one neutral pseudoscalar particle (A). All these scalar particles couple

to each other. For this thesis, the heavy scalar Higgs bosonX and the light scalar Higgs

bosonH are of interest. The light scalar Higgs boson should have very similar properties

to the SM Higgs boson to re�ect the good agreement of the Higgs signal rate to the SM

prediction.

Figure 2.4.: Higgs pair branching ratios formH = 125 GeV [29].

The Higgs boson has a decay width of� H = 4:097 MeV [29] and thus a lifetime of

� H = 1:6 � 10� 22 s. It decays too quickly to reach the detector, such that only its de-

cay products are visible in the detector. Figure 2.4 lists the branching ratios of Higgs

pairs. As the Higgs coupling strength is proportional to the mass of particles, it is more
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2.2. Higgs Boson Pair Production

likely for the Higgs boson to decay into heavy particles.

The decay toW + W � and ZZ boson pairs are kinematically suppressed though, as the

invariant mass of such systems surpasses the Higgs boson mass. For these decay modes to

occur, one gauge boson must be o�-shell. This makes the decay of a Higgs boson pair into

the bbbb �nal state most likely with 33 %. But this decay channel is hard to separate from

background making it di�cult to identify. The decay channel with the second highest

branching ratio is bbWW� , which is the channel of interest for this Master's thesis, with a

branching ratio of 25 %. The W boson then has a32:75 %chance of decaying leptonically.

If it does not, it decays into a pair of quarks. This analysis focuses on the 1-lepton �nal

state, meaning oneW boson decays leptonically and the other hadronically. All other

decay channels have signi�cantly lower branching ratios.
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3. Fundamentals of Neural Networks

In recent years, machine learning has become increasingly popular in the Atlas , Cms,

and high-energy physics communities. Researchers have used machine learning techniques

such as neural networks to better separate signal events from background noise [30]. The

performance of neural networks has improved due to new training methods and more

e�cient use of computing resources.

This chapter discusses the fundamentals of neural networks. Neural networks excel in

recognising and learning patterns, making them applicable for a variety of di�erent tasks,

such as image or speech recognition and even complex scienti�c analyses. The pattern

recognition ability makes neural networks invaluable to particle physics research as they

have no problem with processing large amounts of data. In this thesis, neural networks

are used to classify signal and background events.

First, a short introduction into the large �eld of machine learning is given. Afterwards,

neural networks will be discussed in detail focusing on classi�cation problems.

3.1. Introduction to Machine Learning

The term machine learning was �rst used by an IBM programmer, who was a pioneer

in the �eld of arti�cial intelligence, in 1959 [31]. In machine learning, an algorithm is

created and adapted for learning some kind of statistical model and make decisions based

on what it learned. This is di�erent from the �classical� approach, where an algorithm is

given explicit instructions to solve a speci�c problem. The machine learning algorithm

solves a problem without explicit instructions.

This requires training of the algorithm. There are three di�erent training approaches used

for training depending on the task at hand. The �rst approach is supervised learning [32],

the algorithm is presented with vast amounts of data which were already divided into

di�erent classes by a human. The algorithm is supposed to learn properties of the input
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to di�erentiate between the classes.

The second approach is unsupervised learning [32], were the algorithm is presented with

data without any labels applied. The algorithm is supposed to �nd its own structure in

the presented input. This learning technique can uncover hidden patterns in data.

The third and �nal learning approach is the reinforcement learning [33]. It is a completely

di�erent approach in which the idea is to reward or punish the algorithm for the action

it takes. Simple examples for reinforcement learning are self-driving cars or non-playable

characters in video games.

Independently of the training approach, the more data is presented to the algorithm

during training, the better the training results are. After the training, the algorithm is

confronted with new data and is now supposed to apply what it learned.

In this thesis, a neural network is trained using the supervised training approach. The

training process is explained in detail in Section 3.3.

3.2. Neural Networks

The origin of Neural networks dates back to the late 1950s. They are a class of machine

learning algorithms that mimics the neural structure of human brain cells. A neural

network made up of a single layer is called a perceptron [32, 34]. Figure 3.1 shows a

schematic of a perceptron.

x2

x1

x0

...

xn

P

P n
i =0 wi x i + b

b

w2

w1

w0

...
wn

y

inputs

weights

activation function

bias

Figure 3.1.: Illustration of a perceptron. Information travels from the input layer towards the binary
output y.
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Perceptrons are the basis of neural networks. They are able to solve linearly separable

problems. This works by summing overn weighted input variablesw� x and adding a bias

b. Applying the activation function f to the biased sum, which provides the possibility

to describe non-linear relations between di�erent variables, leads to the output

y = f

 nX

i =1

wi � x i + b

!

: (3.1)

Many perceptrons running in parallel are called a layer. A layer takesn inputs and runs

them through m perceptrons to producem outputs. Thus, a layer can be expressed by

the weights matrix W, the bias vector~b and an activation function:

~y = f
�
W~x + ~b

�
(3.2)

Applying multiple perceptrons after one another creates a multi-layer perceptron (MLP),

also known as neural network. MLP are able to solve non-linear separable problems if the

right structure for the given problem is chosen. The MLP consists of several layers and

several nodes within one layer. First is the input layer, where the data enters the neural

network. After that comes one or more hidden layers, which take the outputs of the input

layer or the preceding hidden layer as input. Finally there is the output layer, which gives

one binary output for a simple binary classi�cation problem. For a multi-class problem,

multiple outputs are needed. The number of nodes and layer can be chosen freely. In

general, it is better to have more hidden layers than needed rather then too few, as the

neural network could not be �exible enough to be able to deal with the non-linearities

in the data. Extra weights that form excess hidden units vanish when applying �tting

regularisation.

A MLP is a fully connected neural network. Each node in one layer is connected with

every node in the preceding and following layer. In Figure 3.2, a schematic of a MLP

with one hidden layer is shown.

The choice of activation function is crucial to the performance of a neural network. It has

direct in�uence on the network's ability to learn and classify datasets [35]. Non-linear

activation functions enable the network to learn complex relations within the data

and handle high-dimensional datasets. Additionally, the activation function should be

di�erentiable (almost everywhere) due to the gradient based optimisation of neural

networks. In Figure 3.3, some common activation functions are depicted.
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I 1
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I 3
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Hidden Layer
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O1

Figure 3.2.: Illustration of a Multi-Layer Perceptron consisting of an input layer, one hidden layer
and the output layer with a single node. Each node in the hidden layer represents a perceptron.

The sigmoid activation function [32]

� =
1

1 + e� x
(3.3)

is a widely used activation function for binary classi�cation problems with binary vari-

ables. It transforms the input values into the range[0; 1].

The preferred activation for most use cases is the Recti�ed Linear Unit (ReLU)[36]:

ReLU(x) = max(0 ; x): (3.4)

It hinders negative outputs to propagate through the network further. By that it also is

more e�cient than other activation functions as it causes only a subset of nodes to acti-

vate at the same time, reducing computational complexity. However, when the gradient

becomes zero, it can be problematic and lead to training instabilities. To counter this

problem, similar, but fully di�erentiable functions have been developed [37].

The softmax activation function

Sof tmax (x i ) =
ex i

P
n exn

; (3.5)

wherex i denotes the output for classi , is the activation function of choice for multi-class

classi�cation problems. It is an extension of the sigmoid function converting the network

output into a probability distribution over all possible classes. The softmax activation

function is usually applied to the output layer of a multi-class classi�cation neural network

to obtain the �nal class probabilities.
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Figure 3.3.: Common activation functions.

Depending on the way nodes are connected, di�erent types of neural networks exist. The

most commonly used type of neural network is the Feed-forward neural network (FNN).

In FNNs, information is only passed forward through the network layers, from the input

to the output layer without looping back.

Deep neural networks (DNNs) are a type of neural network with multiple hidden layers,

making them more complex compared to conventional neural networks. There is a variety

of DNN architectures, such as Recurrent Neural Networks (RNNs) [38], Convolutional

Networks (CNNs) [38] and Graph Neural Networks (GNNs) [39].

3.3. Neural Network Training and Optimisation

To train and evaluate a neural network, the data is split into three groups: training,

validation and testing. The training dataset contains the data used to train the neural

network. During training, the validation dataset is used to cross check the performance

of the neural network. Finally, the test dataset is used to evaluate the performance of

the network after training. Thus, the test data cannot be visible to the model during

training.

Neural network training is done in epochs. An epoch refers to one complete iteration of

the entire training dataset through the learning algorithm. This means that when all the

data passed through the neural network, one epoch is completed.

During training, over�tting can occur if the training dataset is too small or the model is

not well optimised. In such cases, the neural network performs well on the training data
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but not on the test data. It has thus learned the training data too well. In contrast,

an under�t model is unable to properly learn the training data and performs poorly in

general.

In this section, the loss function, the main metric to evaluate neural network training, is

explained in detail. Some optimisation techniques are also presented.

3.3.1. Loss Function

Neural networks are trained by minimising a loss function [32]. The choice of loss func-

tion has a huge impact on the model training. Loss functions describe how much the

model output and the actual target value deviate from each other. They also o�er the

means to evaluate model performance during training and provide a metric for the model

optimisation. For this, the loss function should be di�erentiable almost everywhere and

furthermore it should have a global minimum. Many di�erent functions obeying these

conditions are used as loss functions in machine learning. For classi�cation problems with

n classes the Cross-Entropy-Loss

Cross-Entropy(p; t) = �
nX

i =1

t i � logpi (3.6)

is commonly used. Herepi denotes the model prediction for classi and t i the truth label

for classi . Combining the Cross-Entropy-Loss with a softmax activation function in the

output layer, ensures that the output isp 2 [0; 1]n . In this special case the Cross-Entropy-

Loss becomes the categorical Cross-Entropy-Loss. Due to its logarithmic nature, the

Cross-Entropy-Loss mitigates large deviations from the desired value. Also, minimising

the Cross-Entropy-loss is equivalent to maximising the likelihood, which is a well known

and often used statistical optimisation technique [32].

In this analysis, the categorical Cross-Entropy loss is used together with the softmax

activation function.

3.3.2. Optimisation techniques

For developing e�cient and high accuracy neural networks, optimisation plays an impor-

tant role. Optimisation depends highly on the network's task and the data provided. In

this context, optimisation describes the �ne-tuning of various network parameters with

the goal to �nd the best performing model. Especially in complex applications, opti-

misation techniques are essential to obtain high-quality results. Optimisation of neural

networks is a challenging and time-consuming task, highly bene�ting from experience of
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working with neural networks.

Hyperparameters

Parameters that are �xed before the network training are called hyperparameters. The

following hyperparameters de�ne the training stability and performance of an FNN:

ˆ Number of layers : de�nes the depth of the neural network.

ˆ Number of nodes per layer : de�nes the width of the neural network.

ˆ Activation functions used per layer : in�uences layer output and network usage.

ˆ Loss function : measure of the training performance. The aim is to minimise the

loss during training.

ˆ Optimiser : enhances the speed and accuracy of training by adjusting the models

weights based on gradients. The optimiser's learning rate determines the variation

of weights during optimisation. The ADAM [40] optimiser is favoured for its adapt-

ability and e�ciency. It is an �rst-order gradient-based optimiser that is named

after Adaptive Moment estimation.

Learning Rate based Optimisation

The learning rate of the optimiser can be set to a constant value or varied during training

through scheduling methods. Learning rate scheduling techniques reduce the learning rate

over time and theReduceLearningRateOnPlateau(see Appendix A.1.3) method lowers

the learning rate when the training loss does not change more than a de�ned value over

a set number of epochs, which helps to improve the training accuracy.

Early Stopping

Early stopping is a method in neural network training to manage computation resources

more e�ciently. It also prevents over�tting by monitoring the validation loss. If it diverges

from the training loss for a set number of epochs the training is stopped and reverted to

the point of divergence.
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In this chapter, the machines that allow us to study thebbWW� channel are discussed in

detail. This includes an overview of all the accelerators leading up to the Large Hadron

Collider (Lhc ) in Section 4.1. The Lhc provides accelerated protons for collision in the

Atlas detector, which is described in detail in Section 4.2. There, the properties of the

particles generated in the collision, such as momenta, energies and charges, are recorded

through multiple detection layers.

4.1. The Large Hadron Collider

Figure 4.1.: Schematic of the full acceleration complex of the Lhc [41].

The Large Hadron Collider is a synchrotron accelerator with a circumference of27 km

based at Cern in Geneva [42]. It is designed as a proton-proton (pp) as well as heavy

ion collider with a current pp-collision centre-of-mass energy of13:6 TeV. To achieve

such high energies, the protons need to be accelerated through a series of acceleration

steps seen in Figure 4.1. The start is the Linear Accelerator 4 (LINAC4) where negative

hydrogen ions are accelerated to160 MeVand passed to the Proton Synchrotron Booster

(PSB). The PSB strips away the electrons, leaving only the protons, which are after that

21



4. Experimental Setup

accelerated further to2 GeV and passed to the Proton Synchrotron (PS). The protons

then reach energies of26 GeV before being injected into the Super Proton Synchrotron

(SPS), which accelerates the protons to energies of250 GeV. Following that, the protons

are passed to the Lhc . In the Lhc , it takes roughly 20 minutes for the protons to reach

their �nal energy. At that point, the protons travel at almost the speed of light.

Figure 4.2.: The average number of interactions per bunch crossing through Run 1 (2011-12) to
Run 3 (2022-23) [43].

Two proton beams, going in opposite directions, are accelerated in this way. The dipole

magnets used for forcing the protons onto a circular orbit need �eld strengths ofB = 8 T .

Hence, the magnets are superconducting and need to be cooled down to2 K. The beams

are focused via quadrupole and higher order multipole magnets. The protons travel

through the accelerator in bunches of1:15� 1011 protons per bunch. Bunches follow one

another with a time interval of 25 ns. Collisions take place with a rate of40 MHz. Every

time the two beams cross, many interactions occur. For Run 3, there are on average

46:5 interactions per bunch crossing, as can be seen in Figure 4.2. The �gure shows the

recorded luminosity with respect to the mean number of interactions per crossing for Run

1, Run 2 and Run 3.

From the frequency of the bunch crossingsf , the particle number per bunch in both

beamsN1 N2, the number of bunchesnb, the transverse beam dimension� x=y;i and a

reduction factor S, the luminosity delivered by the Lhc can be determined by [44]

L =
N1N2nbfS

2�
q

� 2
x;1 + � 2

x;2

q
� 2

y;1 + � 2
y;2

: (4.1)

During operation, the proton beams lose protons due to collisions and beam losses, such
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that after approximately 15 h the beams are dumped and new beams are created.

An experiment is situated at each of the four beam crossings of Lhc . The two large

experiments are Atlas [45] and Cms [46], both general purpose experiments focusing on

precision measurements and search for BSM physics. The Lhc b [47] experiment focuses on

b-physics and the Alice [48] experiment studies lead-lead collisions, providing conditions

that mime the state of the universe shortly after the Big Bang.

The Lhc in not running constantly. In between run periods there are long shutdown

phases where the machine is maintained and upgrades are installed. The Lhc started

operation in 2010 with lower luminosity of36 fb� 1 and a centre-of-mass energy of 7 to

8 TeV. In Run 2, from 2015-2018, both luminosity and centre-of-mass energy increased

further to an integrated luminosity of 140 fb� 1 and
p

s = 13 TeV. In the current Run 3

period, which is scheduled from 2022 to 2025, the target integrated luminosity is250 fb� 1,

nearly double the amount of Run 2, and the centre-of-mass energy is at13:6 TeV. As

of now, roughly 80 fb� 1 of integrated luminosity have been accumulated for Run 3. The

long-term aim is to repair and upgrade the Lhc and Atlas in the next long shutdown to

reach an integrated luminosity of3000 fb� 1 in Run 4.

4.2. Atlas Detector

Since this Master's thesis analyses simulated data of the Atlas experiment, an overview

of the detector is provided based of Ref. [45].

The Atlas (A Toroidal LHC ApparatuS) [45, 49] detector is the largest particle detector

at the Lhc with a length of 46 m and a diameter of25 m. It weighs 7000 t. It has

a cylindrical shape and the beam axis corresponds to its symmetry axis. The detector

covers nearly the full solid angle. As it is a general-purpose detector, it comprises of several

detector layers in an onion like structure with di�erent tasks each. It can be divided in

three main detector parts: the Inner Detector (ID), focusing on tracking information, the

Calorimeter System, focusing on energy measurements, and the Muon Spectrometer for

muons which do not deposit enough energy in the previous detector parts to be stopped

and thus, are measured again. Figure 4.3 shows a schematic illustration of the Atlas

detector.

The detector components are described in more details in the following including the

detector coordinate system and the most common variable de�nitions used in this thesis.

Coordinate System

The Atlas detector is a cylindrical detector with an orthogonal right-handed coordinate
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