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Abstract
Higgs boson pair production via vector boson fusion (VBF) in the HH → bb̄WW ∗ decay
channel allows a better understanding of the Higgs potential, which ultimately leads to a
better understanding of the Standard Model (SM) itself.
In this thesis, the decay mode of Higgs boson pairs in the HH → bb̄WW ∗ channel with one
leptonically decaying W boson is investigated using the VBF production mode. Precise
cross-section measurements of this process allow for constraints on the coupling strength
mediators between the Higgs boson and vector bosons.
Within the ATLAS detector at CERN, a large quantity of data is produced during mea-
surements. To separate the signal processes from the background, different machine learn-
ing models, namely a feed forward neural network and boosted decision trees, are proposed
in this thesis. Both models are trained on simulated data from the ATLAS experiment
at CERN. The clean classification of signal and background processes enables increased
sensitivity in the search for the VBF HH → bb̄WW ∗ process.

Keywords: Particle physics, Higgs boson pair production, Vector boson fusion, Machine
Learning, Neural network, Boosted decision trees
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1 Introduction

In 2012 scientists at the ATLAS and CMS experiment at CERN discovered the Higgs
boson [1][2], that was being theoretically predicted by Peter Higgs, François Englert and
Robert Brout in 1964 [3][4]. The Higgs boson has a mass of around 125 GeV[5]. It was the
last undiscovered particle, of the Standard Model (SM), which is a theory that describes
the weak, the electromagnetic and the strong force all at once.
To experimentally test the SM, particle colliders have been built at large scales. The
largest example for this is the proton-proton collider LHC at CERN. When two con-
stituents of the proton collide, they can produce other particles, including the Higgs
boson.
Currently, measurements of parameters such as the cross-sections, and with that the cou-
pling strength mediators of the Higgs potential that determine the shape of the Higgs
potential, are being conducted. For this, the Higgs boson pair production is of particular
interest. Here, the decay channel of HH → bb̄WW ∗ with one W boson decaying leptoni-
cally is investigated. The vector boson fusion (VBF) production for Higgs boson pairs is
in the focus of this thesis, as it allows the studying of the coupling between two vector
bosons and two Higgs bosons (HHVV). The leading order VBF Feynman diagrams are
shown in Figure 1.1.

Figure 1.1: Leading order Feynman diagrams for Higgs boson pair production via
VBF[6].
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1 Introduction

In this thesis, a neural network and boosted decision trees are trained on Monte Carlo
simulated data for the signal events and several background events, mainly tt̄ production.
Both machine learning models tackle the problem of separating the given events into
signal and background.
The structure of this thesis is as follows. First, the Standard Model is presented in Chap-
ter 2, then the applied machine learning models are introduced in Chapter 3. After that,
the LHC and the ATLAS detector is described in Chapter 4. The specific decay channel,
which is observed in this thesis is explained in Chapter 5. Finally, the optimisation of
the machine learning models is further implemented in Chapter 6. The thesis ends with
a conclusion in Chapter 7.
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2 The Standard Model and beyond

In this chapter, the theoretical framework of the Standard Model (SM) of particle physics
is introduced. The SM, as formulated by Glashow [7], Salam [8], and Weinberg [9],
provides a description of the strong, weak, and electromagnetic interactions of elementary
particles.
The model postulates the existence of fundamental particles, categorised into fermions
and vector bosons, along with the Higgs boson. A schematic representation of these
particles and some of their key properties is provided in Figure 2.1.
Furthermore, the SM predicts essential parameters governing particle interactions, includ-
ing transition amplitudes, cross-sections of various processes, and the strength of these
interactions, as determined by the coupling constants of the bosons with other particles.

2.1 Framework and content

The SM predicts certain particles, that are presented in this section and shown in Fig-
ure 2.1. The fermions, listed in the centre of Figure 2.1, all possess spin-1

2 . The six quarks
are grouped into three generational doublets: the up and down quarks, the charm and
strange quarks, and the top and beauty quarks. All quarks carry a colour charge, with
the up, charm, and top quarks having an electric charge of Q = 2

3 and the down, strange,
and beauty quarks having Q = −1

3 .
Quarks cannot exist alone, as colour charge must be neutral for any directly measurable
particle. Thus, quarks combine to form heavier composite particles, such as pions or
protons, or decay into lighter particles through one of the three fundamental interactions.
The leptons consist of the electron (e), muon (µ), and tau-lepton (τ), each paired with
its corresponding neutrino (νe, νµ, and ντ ). Unlike quarks, leptons do not carry colour
charge. The electron, muon, and tau-lepton each have an electric charge of Q = −1, while
the neutrinos are electrically neutral.
The gluon (g), the mediator of the strong interaction, is massless and electrically neutral
but carries two colour charges: one colour and one anti-colour. With three colours and
three anti-colours, there are eight possible charge combinations, corresponding to the
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2 The Standard Model and beyond

Figure 2.1: The image shows all particles predicted by the SM. They are all assumed to
be fundamental particles. In the upper half, all particles are shown before
the electroweak symmetry breaking, in the lower half after the symmetry
breaking. From left to right the particles are ordered due to their spin: first
the spin 0 Higgs boson, then the spin 1

2 fermions and thirdly the spin 1
gauge bosons.

generators of the SUc(3) group. The gluon couples to all particles with non-vanishing
colour charge, including quarks and itself.

The photon (γ) is massless and carries neither electric nor colour charge. It mediates
the electromagnetic force by coupling to the electromagnetic field and interacts with all
quarks, charged leptons, and the W ± bosons, but does not self-couple.

The W + boson carries a positive electric charge, while the W − boson carries a negative
electric charge, and the Z0 boson is electrically neutral. They all mediate the weak force.
None of these bosons possess colour charge, so they do not participate in the strong
interaction.

The Higgs boson (H), is a neutral scalar particle associated with the Higgs field. Un-
like the gauge bosons, it does not mediate a fundamental force but arises as a result of

4

https://upload.wikimedia.org/wikipedia/commons/7/73/Standard_Model_Of_Particle_Physics,_Most_Complete_Diagram.jpg


2.1 Framework and content

the mechanism of electroweak symmetry breaking. It carries neither electric nor colour
charge and therefore does not participate directly in the electromagnetic or strong inter-
actions. The Higgs boson couples to particles proportionally to their mass, interacting
with quarks, charged leptons, and the W ± and Z0 bosons. Through its non-vanishing
vacuum expectation value, the Higgs field generates the masses of the weak gauge bosons
and fermions, while leaving the photon and gluon massless.

Spontaneous symmetry breaking

In order to understand the implications of spontaneous symmetry breaking, it is useful
to recall the gauge structure of the Standard Model and its electroweak sector. The
pattern of symmetry breaking and the resulting particle spectrum are determined by the
underlying gauge symmetry. The symmetry group of the SM is [10]

GSM = SUc(3) × SUL(2) × UY (1) (2.1)

Before the spontaneous symmetry breaking, there are four massless gauge bosons for
the electro-weak unification: W 1, W 2, W 3 only coupling to left-handed particles, and B

coupling to the hypercharge. After the symmetry breaking of the electro-weak symmetry
group Gew = SU(2)Left×U(1)Y , the mass carrying W +, W − and Z0, as well as the massless
photon occur. The translation between these two states is described by

W ± = 1√
2
(
W 1 ∓ iW 2

)
, (2.2)Z

A

 =
cos θW − sin θW

sin θW cos θW

W 3

B

 (2.3)

where θW is the weak mixing angle.
The electroweak interaction is described by the gauge symmetry SU(2) × U(1), which
unifies the weak and electromagnetic interactions. The corresponding quantum numbers
are the weak isospin T , specifically its third component T3, the weak hypercharge Y , and
the electric charge

Q = T3 + Y

2 . (2.4)

Before electroweak symmetry breaking, weak isospin and weak hypercharge are conserved
quantum numbers, reflecting the invariance of the theory under SU(2)L and U(1)Y gauge
transformations. The symmetry is spontaneously broken by the Higgs mechanism,
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2 The Standard Model and beyond

SUL(2) × UY (1) −→ Ue(1), (2.5)

leaving electric charge Q as the conserved quantity after symmetry breaking.
As a consequence of electroweak symmetry breaking, three of the four gauge bosons
acquire mass. These are the charged weak bosons W ± and the neutral Z0 boson, while
the remaining massless gauge boson is identified with the photon γ.

2.2 Higgs mechanism and Higgs boson pair
production

In this section, the theoretical foundations of the Higgs mechanism within the SM are
explored. For that, the Higgs mechanism[10], as well as the Higgs boson pair production
is presented.
The shape of the Higgs potential [11]

V (ϕ) = µ2ϕ†ϕ + λ(ϕ†ϕ)2 (2.6)

is pictured in Figure 2.2. The Higgs boson is included in the SM particles on the left of
Figure 2.1.

2.2.1 Higgs mechanism

In the Higgs mechanism, the Higgs filed develops a non vanishing vacuum expectation
value (VEV) and the electroweak symmetry breaks spontaneously.
The Higgs term of the SM Lagrangian LHiggs with the Higgs potential V can be written
as

LHiggs = (Dµϕ)†(Dµϕ) − V (ϕ) (2.7)
= (Dµϕ)†(Dµϕ) − µ2ϕ†ϕ − λ(ϕ†ϕ)2, (2.8)

where ϕ is a complex scalar field in the representation of the SUL(2) group and Dµ is
the covariant derivative. Note that, if µ2 < 0 the ground state will not be in the centre
any more, and the Higgs field obtains a non-vanishing vacuum expectation value (VEV)
ϕ†ϕ = ν2

2 = −µ2

2λ
. Since the direction in which the symmetry is broken is physically

equivalent, the following ground state is chosen
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2.2 Higgs mechanism and Higgs boson pair production

⟨ϕ⟩ = 1√
2

0
ν

 . (2.9)

The electroweak symmetry group SU(2)L× U(1)Y breaks into the exact symmetry of
the electro-magnetic interaction, which possesses U(1)e symmetry. Considering a small
fluctuation around the ground state with a scalar function h : x 7→ h(x). The Higgs field
becomes

ϕ = 1√
2

 0
ν + h

 (2.10)

in the unitary gauge. Inserting this into the Lagrangian L, expanding all terms and
diagonalising the matrices, one obtains Equation 2.11 [12].

Figure 2.2: The image shows the Higgs Potential V (ϕ), where ϕ is complex. In the
middle, the Higgs boson in its initial state is shown. After the electro-weak
symmetry breaking, the Higgs fades to its second position, the ground state.
There, the Higgs boson obtains a VEV.

L(h) = −λv4

4 + 1
2(−2µ2)h2 + λvh3 + λ

4 h4 + g2
2v

2 W −
µ W +µh

+ g2
2
4 W −

µ W +µh2 + v

4(g2
2 + g2

1)ZµZµh + 1
8(g2

2 + g2
1)ZµZµh2 + · · · (2.11)

Here the first term is constant and therefore does not contribute to the dynamics and
mH = −2µ2. The second term represents the mass of the Higgs boson, while as the third
term contains the tri-Higgs coupling constant, which is proportional to λv. This coupling
constant can be measured in Higgs boson pair production and is therefore extremely

7
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2 The Standard Model and beyond

valuable for the further experimental approach to the Higgs boson. The other terms shown
in Equation 2.11 describe the Higgs couplings to the W and Z bosons, with coefficients set
by the electroweak gauge couplings g2, g1, and v. The obtained masses of the H, W and
Z bosons have been measured by the ATLAS experiment to be mH = 125.09 ± 0.24 GeV
[5] mW = 80.370 ± 0.019 GeV [13] and mZ = 91.1876 ± 0.0021 GeV [14].

2.2.2 Higgs boson pair production via VBF and gluon fusion

Higgs boson pair production gives great insight into the properties of the Higgs boson.
Certain parameters of interest are the self coupling constants of the Higgs boson, since
they contribute directly to the potential. Therefore, measurements of Higgs boson pair
production are essential to a better understanding of the Higgs potential. In general,
there are two quantities that can be measured: The cross-section of Higgs boson pair
production, and coupling modifiers. The coupling modifiers are defined as κV for H

coupling with one vector boson, κ2V for H coupling with two vector bosons, κλ Higgs
boson self coupling and κt for H coupling to the top quark. All modifiers are equal to 1 in
the Standard Model. The vertices of the corresponding couplings are shown in Figure 2.3.

Figure 2.3: Here, the Feynman vertices of the processes that the coupling modifiers
refer to are shown.

The Higgs boson can decay via different channels. The branching ratios for the most
likely decay channels are listed in Table 2.1
There are many other processes related to the Higgs boson pair production, but the gluon-
gluon-Fusion (ggF), and Vector Boson Fusion (VBF) are the production processes, that
are the most accessible experimentally. The SM prediction for cross-sections at 13 TeV
for mH = 125 GeV are [16].

8



2.2 Higgs mechanism and Higgs boson pair production

Decay channel Branching ratio
H → bb̄ 58.09% ± 0.52%

H → τ+τ− 6.271% ± 0.067%
H → µ+µ− 0.0218% ± 0.0003%

H → gg 8.57% ± 0.22%
H → γγ 0.227% ± 0.005%

H → ZZ∗ 2.637% ± 0.028%
H → WW ∗ 21.52% ± 0.26%
H → ZZ 2.64% ± 0.03%

Table 2.1: Standard Model Higgs boson branching ratios for mH = 125 GeV [15].

σggF(pp → HH) = 31.0+2.2
−2.4 fb, (2.12)

σVBF(pp → HH) = 1.73+0.04
−0.04 fb. (2.13)

The total Higgs boson pair production cross-section in the Standard Model at
√

s =
13 TeV is approximately

σ(pp → HH) ≈ 33 fb, (2.14)

with ggF contributing more than 90% of the total rate and VBF representing the second-
largest production mechanism [16].
For the ggF, there are two leading order Feynman diagrams are shown in Figure 2.4.

(a) Most probable decay of two gluons, fusing
via a top quark to a single Higgs boson off shell,
which then decays to two other Higgs bosons.

(b) Two gluons fusing via exchanging a top
quark to two other top quarks. Again, they ex-
change a top quark and thereby produce two sep-
arate Higgs bosons

Figure 2.4: The two leading order events for ggF producing two Higgs bosons. Both
processes interfere destructively. The important coupling constants for this
process are κλ and κt [6]

The process on the left is often referred to as the triangle ggF process, and on the right
as the box ggF process. The two interfere with each other destructively, which leads to a
lower cross section.
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2 The Standard Model and beyond

The Feynman diagrams of the three main processes of VBF production are shown in
Figure 2.5.

Figure 2.5: In all three VBF cases of leading order shown here, two quarks interact
with each other and the included gauge bosons produce one or two Higgs
bosons afterwards. The important coupling constants are the ones for V V H,
V V HH and HHH couplings, where V stands for the massive gauge boson.
[6]

This process involves two quarks interacting via vector bosons. Consequently, the VBF
production is sensitive to the coupling constant for vector bosons to the Higgs boson,
which are linked to the modifiers κV and κ2V . In particular, κ2V can only be investigated
in this production mode.

2.3 Limitations of the standard model and
extensions to the Higgs sector

Although SM is extremely successful in describing the electromagnetic, strong and weak
interaction, it does not include gravity [17], which remains unreconciled with quantum
field theory at high energies. It also fails to explain dark matter [18], despite strong
astrophysical evidence of its existence.
Extensions to the Higgs sector are proposed in many beyond-the-SM (BSM) theories,
suggesting additional Higgs bosons or modified potentials [19].
In Higgs boson pair production, setting the VBF coupling constant κ2V ̸= 1 increases the

10



2.3 Limitations of the standard model and extensions to the Higgs sector

HHV V coupling and enhances the cross-section. This process favours boosted topologies
and higher-energy events [20]. This is also shown for the simulated samples of this thesis
in chapter 9.
Currently, there are no experimental signs of any violation of the SM.
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3 Data science methods

In this chapter, the two machine learning models, namely the neural network (NN) and the
boosted decision trees (BDT)[21] are presented. To distinguish between signal and back-
ground processes, Monte-Carlo simulated samples are used to train the machine learning
models.

3.1 Neural networks

In this section, the general architecture of a neural network is explained. A feed forward
neural network [22] can be described as a composition of maps Rn0 → Rn1 → · · · →
Rnp → Rm, where n0 is the number of input features, n1 to np the number of neurons per
hidden layer and m the number of output classes. In the case of m = 2, one single output
neuron is sufficient, since the outputs of the two classes are linearly dependant on each
other. Each input vector of one event is mapped to an output vector with entries that
later correspond to the probabilities of the event being in a certain class.

One single neuron

The building blocks of a neural network are the neurons. Each neuron is fed a ni sized
vector x and acts on it with

f

 ni∑
j=1

xjθj + θ0

 = a (3.1)

where f is the activation function, θj are the weights of the network, θ0 is the bias and a

the 1-dimensional output of the neuron.

Activation functions

If only the biases and weights were to be considered, the neural network would not do much
more, than a matrix multiplication. Since one wants the neural network to learn nonlinear
relations, one must add a nonlinear function to it, which is the activation function. These

13



3 Data science methods

can differ for each layer of neurons. The two activation functions that are used in this
research are the leaky RELU function [23]

f(x) =

x for x ≥ 0,

αx for x < 0,
(3.2)

with default α = 0.01 and the SELU function [24]

f(x) =

λx for x ≥ 0,

λβ(ex − 1) for x < 0,
(3.3)

with default β = 1.67326 and λ = 1.0507. Both functions are plotted in Figure 3.1 (left:
RELU, right: SELU). The SELU function is used after the input layer, whereas after each
hidden layer, the LeakyReLU function is applied.

4 2 0 2 4
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2

3

4
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ak

yR
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U(
x)

LeakyReLU activation (negative_slope=0.01)
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1

2

3

4

5

SE
LU

(x
)

SELU activation function

Figure 3.1: The leaky RELU function (left) and the SELU function (right), both being
continuous at 0

Both functions were chosen because they are easy to compute. Leaky RELU was chosen
above RELU (f(x) = max(0, x) to avoid producing dead neurons by multiplying with 0.
The input layer consists of all input features, after that, several hidden layers of neurons
are stacked. The last layer with the number of output classes equal to the number of
neurons is called output layer. Figure 3.2 shows an example of a neural network structure.
In case of m = 2, the NN maps every event to a specific value in [0,1] in a continuous
way.

Loss function and Adam optimizer

The training process needs a clear numerical measure to show how different the network’s
predictions are from the correct target values. This is defined as the Loss function L. The

14



3.1 Neural networks

Figure 3.2: Schematic display of a feed forward neural network. The network is sepa-
rated into an input layer, several hidden layers and an output layer. Each
layer has a specific number of neurons, that are linked to the layers before
and after them.[25]

target of the neural network is to minimise the loss function L. In this research, the cross
entropy loss function [22]

L(q, p) = −
s∑

i=1
ωi (pi log(qi) + (1 − pi) log(1 − qi)) (3.4)

is used for two output classes (signal and background), where pi are the true classes and qi

are the predictions of the network after applying the sigmoid function. s is the number of
samples and ωi are the event weights. To minimize the loss function, the Adam optimizer
was used[26]. This optimizer determines how to update the weights and biases:

θt+1 = θt − mt√
vt + ε

· l, (3.5)

where l is the learning rate, ε is set to 10−8 to avoid dividing by 0 and mt and vt are
defined as

mt = β1

1 − β1mt−1 + ∂L

∂θt

(3.6)

vt = β2

1 − β2
vt−1 +

(
∂L

∂θt

)2

. (3.7)

The initial values at the start of the training are m0 = 0 and v0 = 0. The momentum
parameters are β1 = 0.9 and β2 = 0.999. β1 ensures a stable update direction by weighting
past gradients, while β2 adjusts the step size according to the historical variance of the
gradients, as this helps to stabilise and accelerate the optimisation process.
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3 Data science methods

Hyperparameters

The parameters that have direct impact on the structure or the calculation of the network
are called hyperparameters. All of these can be optimized based on the task and the
sample size.

Number of epochs gives the number of times the network trains with all the training
data.

Number of layers gives the number of (hidden) layers of neurons the network has.

Batch size gives the number of events per batch. The network trains on each batch
separately.

Learning rate is the factor that regulates how fast the weights are being altered.

Hidden size corresponds to ni, the number of layers in a hidden layer.

3.2 Boosted decision trees

In this section, the second machine learning model that is applied in this research is
presented. A boosted decision tree (BDT) [21] is also a supervised machine learning
method, based on the idea of decision trees. The BDT model used in this research is
XGBoost [27]. A decision tree f maps an event described by a vector x ∈ Ω = Ω1×· · ·×ΩM

(with xm ∈ Ωm being the input features) to a vector x̂ of the same size, that is called
a leaf. After the training of the tree, for every j leaves, the ratio of the two class labels
defines the weight θj of the leaf. The weights give the prediction value of a certain event
to be in a certain class, so f(xi) = θj(xi) where xi denotes one particular event. Now f

can be described as a composition of several indicator functions

1Am(xm) =

1 for xm ∈ Am

0 for xm /∈ Am

, (3.8)

where Am are subspaces of the input features spaces Ωm, splitting them into two real
intervals Am and Ωm\Am. A schematic display for a decision tree is shown in Figure 3.3.
The machine learning part comes in, when at a certain branch, the Am are chosen, in a
way that maximizes the gain

G = 1
2

(
G2

Am

HAm + λ
+

G2
Ωm\Am

HΩm\Am + λ
−

(GAm + GΩm\Am)2

HAm + HΩm\Am + λ

)
, (3.9)
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3.2 Boosted decision trees

Figure 3.3: The image shows the schematic display of a simple decision tree with three
different dicisions to put the input vector into one of the four leafs. In the
decision trees used for this research the trees are more complex but work in
the same way.

where GAm and GΩm\Am are the sums of the gradients, and HAm and HΩm\Am are the sums
of the Hessians of the loss function. The used data and features and the order in which
they occur are randomly chosen for each tree of the system of boosted decision trees.
In a system of boosted decision trees, several decision trees are stacked in a row. The
boosted decision trees measure the loss of the results via an objective function obj(θj, ft) =
L(θj) + Θ(ft) where in case of the used XGBoost model the L denotes the logarithmic
loss function and Θ denotes a regularization function that reduces the complexity of the
system. Namely:

obj(θj, ft) = L(θj) + Θ(ft) (3.10)

=
n∑

i=1
l(yi, ŷi) + 1

2λ
T∑

j=1
θ2

j (3.11)

=
n∑

i=1
l
(
yi, ŷi,(t−1) + ft(xi)

)
+ 1

2λ
T∑

j=1
θ2

j + const (3.12)

where yi denotes the labels of an event, n the number of events and K the number of
trees. The loss function can then be expanded via

l
(
yi, ŷi,(t−1) + ft(xi)

)
≈ l

(
yi, ŷi,(t−1)

)
+ gift(xi) + 1

2hift(xi)2 (3.13)

with gradient gi =
∂l
(
yi, ŷi,(t−1)

)
∂ŷi,(t−1) (3.14)

and Hessian hi =
∂2l

(
yi, ŷi,(t−1)

)
∂(ŷi,(t−1))2 . (3.15)
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3 Data science methods

The objective function can now be written as

obj(ft) ≈
n∑

i=1

[
gift(xi) + 1

2hift(xi)2
]

+ 1
2λ

T∑
j=1

θ2
j + const. (3.16)

with T being the number of leaves, and λ being a regularization parameter. These help
to repress overfitting via repressing high weights, and in the default case λ is set to 1.
Firstly, the best choice of weights that minimizes the objective function is

θ∗
j = −

∑
i∈Ij

gi∑
i∈Ij

hi + λ
, (3.17)

where Ij is the subset of events being in leaf j. The weights are then updated correspond-
ingly. Then the prediction of the model is updated with

ŷi,(t) = ŷi,(t−1) + η · ft(xi) (3.18)

with the learning rate η. And lastly, the next tree ft+1 is trained on the pseudoresiduals
ỹi = −gi, which are derived from the negative gradients of the loss function with respect
to the updated predictions ŷi,(t) = ŷi,(t−1) + η · ft(xi). These pseudoresiduals serve as the
new “labels” to correct the errors of the current ensemble.
In the end, the BDT maps every event to a value in [0,1] in a continuous way.
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4 LHC and the ATLAS detector

4.1 LHC

To explore the fundamental constituents of matter and the forces governing their inter-
actions, the Large Hadron Collider (LHC) [28] serves as a pivotal experimental facility.

The Large Hadron Collider (LHC) [28], operated by the European Organization for Nu-
clear Research (CERN) and situated on the border of France and Switzerland, is the
world’s largest particle collider. With a circumference of 27 km, the LHC is designed
to collide protons and heavy ions at a centre-of-mass energy of up to

√
s = 14 TeV and

a luminosity of L = 1034 cm−2s−1. Its primary purpose is to probe particle collisions,
enabling both the evaluation of Standard Model (SM) predictions and the search for
beyond-Standard-Model (BSM) phenomena. The distinct operational phases of the LHC
are referred to as runs: during Run 1, protons achieved centre-of-mass energies of

√
s = 7

to 8 TeV; in Run 2, this increased to
√

s = 13 TeV; and in Run 3, a centre-of-mass energy
of

√
s = 13.6 TeV was reached.

The acceleration of protons at the LHC follows a multi-stage process. Initially, protons are
accelerated in the Linear Accelerator 4 (LINAC 4) to an energy of approximately 160 MeV.
They are then transferred to the Proton Synchrotron Booster (PSB), where their energy
is increased to 2 GeV. Subsequently, the protons enter the Proton Synchrotron (PS),
reaching an energy of 26 GeV, before being further accelerated to 450 GeV in the Super
Proton Synchrotron (SPS). Finally, the protons are injected into the LHC, where they
attain their ultimate collision energy. This staged acceleration is essential to achieve the
high energies required for the experiments.

The protons are confined to a circular trajectory by a magnetic field of up to 8 T, produced
by superconducting electromagnets operating at a temperature of 2 K. Protons are put
into bunches with a bunch crossing interval of 25 ns and an event rate of 40 MHz. In Run
3, an average of 46.5 interactions occurred per bunch crossing.
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4 LHC and the ATLAS detector

4.2 ATLAS detector

To investigate the outcomes of high-energy proton collisions, the LHC relies on sophis-
ticated detector systems, primarily ATLAS[29], CMS[30], ALICE[31], and LHCb[32]. In
this thesis, the focus lies on the analysis of simulated events from the ATLAS detector.
For this, a detailed description of its design and functionality is presented here.
The ATLAS detector is cylindrical, with dimensions of 44 m in length, 25 m in height, and
a total weight of approximately 7000 t. It uses a right-handed coordinate system, where
the x-axis points toward the centre of the LHC ring and the y-axis points upward. The
kinematic information of a highly relativistic particle is put in a four-vector:

p ∈ R1,3, p =
E

p⃗

 . (4.1)

Due to the cylindrical symmetry of the ATLAS detector, it is advantageous to use the polar
angle θ and the azimuthal angle φ instead of Cartesian coordinates. The pseudorapidity

η = − log
(

tan
(

θ

2

))
, (4.2)

is conventionally used in particle physics because, for highly relativistic particles, the
difference of η remains Lorentz-invariant under longitudinal boosts. With this, the four-
vector can also be expressed in terms of the particle’s mass m, transverse momentum pT ,
azimuthal angle φ, and pseudorapidity η. The transformation between the two coordinate
systems is given by:

E =
√

m2 + p2
T cosh2(η) , (4.3)

px = pT cos(φ), (4.4)
py = pT sin(φ), (4.5)
pz = pT sinh(η). (4.6)

The transverse momentum pT is particularly useful because the observed processes are
invariant under rotations in φ for any given event.
To characterise and distinguish particles produced in high-energy collisions, the ATLAS
detector employs a combination of spatial and energy measurements. A key observable
in this context is the angular distance in the η-φ plane, defined as:

∆R =
√

(∆η)2 + (∆φ)2. (4.7)
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4.2 ATLAS detector

The ATLAS detector provides coverage up to |η| < 4.9 and comprises multiple subsystems,
each designed to measure different aspects of particle interactions. A transverse-plane
sector of the ATLAS detector is illustrated in Figure 4.1.

Figure 4.1: Sector of ATLAS in the transverse plane, showing the detector subsystems
and example particle interactions. The layout includes the inner tracking
detector, followed by an electromagnetic calorimeter, a hadronic calorime-
ter, and finally the muon spectrometer.

The Inner Detector (ID) serves as a tracking system, immersed in a 2 T magnetic field,
enabling the measurement of the transverse momentum pT and charge of particles within
|η| < 2.5. This pseudorapidity limit arises from the ID’s design, which restricts efficient
track reconstruction beyond this range due to reduced spatial resolution and coverage
at shallow angles relative to the beam axis. The ID integrates four components: the
Insertable B-layer (IBL), the Pixel detector, the Semiconductor Tracker (SCT), and the
Transition Radiation Tracker (TRT). The transverse momentum resolution of the ID is
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4 LHC and the ATLAS detector

σpT

pT

= 0.05% GeV−1 · pT ⊕ 1%. (4.8)

The Electromagnetic Calorimeter (ECAL) and Hadronic Calorimeter (HCAL) measure
particle energies up to |η| < 3.2. Their design alternates between active layers, which mea-
sure energy deposits, and passive layers, which induce particle showers. In the ECAL,
passive layers interact electromagnetically, primarily through bremsstrahlung with elec-
trons and positrons, creating cascades of particles until a critical energy is reached. The
ECAL has a total thickness of less than 22X0 with X0 being the radiation length. This is
sufficient to contain most electromagnetic showers. The energy resolution of the ECAL is

σE

E
= 10% GeV 1

2 · 1√
E

⊕ 0.7% (4.9)

for EM showers. In the HCAL, hadrons interact via the strong force, producing showers
dominated by hadronic particles and gluons. The HCAL has a thickness of 7.4λint, with
λint being the hadronic interaction length. For the central and end-cap regions (|η| < 3.2),
the HCAL energy resolution is

σE

E
= 50% GeV 1

2 · 1√
E

⊕ 3% (4.10)

for pion showers. In the forward region (3.1 < |η| < 4.9), the resolution goes down to

σE

E
= 100% GeV 1

2 · 1√
E

⊕ 10%. (4.11)

Together with the end-cap calorimeters, the ATLAS calorimeter system provides coverage
up to |η| < 4.9.
To detect and measure muons that are highly penetrating particles that interact mini-
mally with matter, the ATLAS detector incorporates a muon spectrometer. Muons, being
leptons, do not participate in strong interactions and, due to their high mass, only rarely
undergo electromagnetic interactions, primarily losing energy through minimal ionisation.
The muon spectrometer utilises gas-filled drift chambers immersed in a magnetic field of
approximately 1 T in the end-cap regions and 0.5 T in the barrel, providing coverage for
|η| < 2.7.
Since muons are electrically charged, the spectrometer measures their trajectories and
transverse momenta with high precision. For muons with high transverse momenta, the
momentum resolution of the spectrometer is approximately

σpT

pT

= 10% at pT = 1 TeV. (4.12)
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4.2 ATLAS detector

Given the LHC’s bunch crossing interval of 25 ns, the ATLAS detector generates roughly
60 TB/s of raw data. To manage this vast data stream, a sophisticated trigger system
[33] is employed to select events of high physical interest while discarding less relevant
collisions. The system comprises two main stages: a hardware-based Level 1 (L1) trigger
and a software-based High-Level Trigger (HLT). These triggers drastically reduce the data
rate, decreasing the event rate from 40 MHz at the collision level to 100 kHz after L1 and
further to about 3 kHz following the HLT stage.
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5 VBF HH → bb̄WW ∗ production in
the 1-lepton final state

After having presented the Higgs boson pair production in Chapter 2, this chapter focusses
on the exact decay channel that is the subject to this thesis.
To reconstruct and analyse the complex final states produced in high-energy collisions,
particles measured within a shower are grouped into composite objects known as jets. At
ATLAS, the clustering of particles into jets is performed using the anti−kt algorithm [34],
which sequentially combines particles based on their relative transverse momentum (pT )
and angular separation, defined by R =

√
(∆η)2 + (∆ϕ)2.

In scenarios where a decaying particle possesses a high transverse momentum pT , its decay
products are spatially close within the detector. In such cases, it is advantageous to merge
all decay products into a large-radius (LR) jet, typically with a cone size of R = 1.0 (in
contrast to R = 0.4 for standard small radius jets). This configuration is referred to as a
boosted topology.
However, this approach introduces challenges, as hadronic decay products from unrelated
particles or even pileup events may be incorrectly added into the jet even more than it is
the case for small radius jets.

5.1 Decay topology

To investigate the production and decay of Higgs boson pairs, this thesis focuses on
the HH → bb̄WW ∗ decay channel, specifically the scenario where one W boson decays
hadronically and the other leptonically, as illustrated in Figure 5.1. In this process, two
quarks interact via vector boson fusion (VBF) to produce a pair of Higgs bosons. One
Higgs boson subsequently decays into a beauty quark and its antiparticle (bb̄). When
the Higgs boson carries a large transverse momentum pT , its decay products are Lorentz-
boosted in the transverse plane, resulting in highly collimated quarks. For values of
κ2V ̸= 1, the decay topology is more likely to exhibit a boosted configuration[20].
Both beauty quarks hadronise and are detected as jets within the ATLAS detector. Due
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5 VBF HH → bb̄WW ∗ production in the 1-lepton final state

to their collimated nature, the two jets overlap significantly, making it impractical to
resolve their individual constituents. Thus, they are reconstructed as a single large-radius
jet with ∆R = 1. Given the Higgs boson mass of approximately mH = 125 GeV, the
invariant mass of the two quarks is expected to peak at this value.
In the bb̄WW ∗ decay channel, the second Higgs boson decays into a pair of W bosons.
Since the mass of the W boson is about mW = 80 GeV, and the Higgs boson mass is
about 125 GeV, at least one W boson must be off-shell. In this analysis, the hadronically
decaying W boson is favoured to be on-shell during preselection (as said in section 5.2),
so its decay products, a quark and an antiquark are also expected to form a jet with
an invariant mass close to mW . For this reason, the two quarks from the hadronically
decaying Whad are combined into a single large-radius jet.
This study restricts the bb̄WW ∗ channel to events with one lepton in the final state.
Consequently, the other W boson decays leptonically, producing either a lepton l− and
a right-handed antineutrino ν̄l, or an antilepton l+ and a left-handed neutrino νl. While
the lepton is directly measurable in the detector, the neutrino kinematics can only be
deduced through the missing transverse energy Emiss

T and its azimuthal angle φmiss
T . The

two quarks from the VBF process are emitted in opposite directions with polar angles
close to the beam pipe, resulting in two forward jets with high values of |η| and a large
pseudorapidity separation ∆η.

H
WW

ℓν qq

H

bb

p p

Figure 5.1: Decay topology of the HH → bb̄WW ∗ channel with one lepton in the final
state.
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5.2 Data preparation

5.2 Data preparation

To explore both Standard Model (SM) and beyond-Standard-Model (BSM) scenarios, this
thesis utilises Monte Carlo simulated data from the ATLAS experiment. The Monte Carlo
simulation models the physical processes of proton-proton collisions at the LHC, as well
as the response of the ATLAS detector. The dataset comprises simulated events for both
signal and background processes. The signal data includes vector-boson fusion (VBF)
Higgs pair production in the final state described in section 5.1, generated for different
values of the coupling modifier κ2V = 0, κ2V = 0.5, κ2V = 1, κ2V = 1.5, κ2V = 2, and
κ2V = 3. For the training of machine learning models, only signal events with κ2V = 2 and
κ2V = 3 are used. This selection is motivated by the fact that κ2V = 1 corresponds to the
SM prediction, while κ2V = 2 and κ2V = 3 represent BSM scenarios of one single leading
order VBF process (Figure 2.5 on the right). All available backgrounds and signals are
listed in Table 5.1 with the corresponding Monte-Carlo generators used in this research,
as well as the number of data points produced.

Event Monte-Carlo generator Number of simulated evens
signal Madgraph (ME) + Pythia 8 (PS) 10944 (κ2V = 2, 3)
W jets Sherpa 2.2.11 143692
Z jets Sherpa 2.2.11 74310

single top Powheg and Pythia 8 (PS) 7513
tt̄ Powheg and Pythia 8 (PS) 95570

dijet Pythia 8 (PS) 1166
diboson Sherpa2.2.14 68266
single H Powheg and Pythia 8 (PS) 69437

Table 5.1: Different physical processes, their corresponding Monte-Carlo generators and
the number of simulated events.

To effectively distinguish signal from background, this analysis focuses on the dominant
background process for VBF Higgs boson pair production: the tt̄ production channel.
While other background channels such as single Higgs boson decay, single top quark
decay, Z-jets, W -jets, and diboson decay contribute to the overall background, the tt̄

process is the most significant, as can be seen in the feature distributions in Chapter 8.
Thus, the training of the machine learning models is restricted to tt̄ events. A Feynman
diagram illustrating tt̄ production is shown in Figure 5.2.
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t W+

t W−

q

q

b

νℓ / q′

ℓ−/ q

q′ / ℓ+

q′ / νℓ

b

Figure 5.2: Feynman diagram of tt̄ decaying into bb̄WW ∗ with one lepton in the final
state [6].

For the specific tt̄ decay topology that mirrors the final state of the bb̄WW ∗ channel in
VBF Higgs pair production, two top quarks with a mass of mt = (172.95±0.53) GeV [35]
each decay into a beauty quark b and a W boson, respecting charge conservation. In
this analysis, the final state requires one W boson to decay hadronically and the other
leptonically, analogous to the signal process. This tt̄ decay channel thus reproduces the
same final-state particles as HH → bb̄WW ∗, except for the two forward jets character-
istic of VBF production. However, such jets can still arise in the detector from other
processes, such as pileup events, soft QCD radiation, or underlying events. To optimise
the identification of signal events, the preselection process assigns the highest transverse
momentum (pT ) b-tagged large-radius (LR) jet as the candidate for Hbb, while the highest
pT non-b-tagged LR jet is assigned as the hadronically decaying W boson (Whad). The
terms leading and subleading refer to the ordering of jets by their transverse momentum
pT . With prior knowledge of these decay topologies, a preselection of events can be ap-
plied to reduce the number of background events before the machine learning algorithms
begin training. The preselection criteria are as follows:

1. Exactly two large radius jets (2 LR jets) with pT > 200 GeV and m > 40 GeV

2. Transverse momentum of the charged lepton (electron or muon) is sufficiently large
(pT,lep > 10 GeV)

3. The lepton candidate passes identification criteria. For the electron tight ID and
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tight track only-varrad isolation is used, while for the muons tight ID and p flow
loose-varrad isolation is used.

4. Confirmed Hbb̄ LR jet. This happens via a cut of 0.94 on the b-tagging score. The
b-tagging algorithm combines impact parameter and secondary-vertex information
in a multivariate discriminant to separate b-jets from light-flavour jets, with 0.94
corresponding to a high-purity working point.

5. A pair of forward jets is required, satisfying the condition that both jets are stan-
dard sized, not overlapping with the LR jets (∆R(jet, LRjet) > 1.4) and are well
separated in pseudorapidity, with |∆η| > 3.5.

6. Hbb and Whad masses are above 40 GeV.

Given the mass selection criteria applied to Whad, signal events are more likely to feature
an on-shell decay of the hadronically decaying W boson.
With these preselections applied and using only LHC Run 2 simulated data, the dataset
comprises 95570 tt̄ background events and 10944 HH signal events for the coupling mod-
ifiers κ2V = 2 and κ2V = 3.
The properties stored in the event are the 4-vector kinematics of the

• leading large radius jet

• subleading large radius jet

• leading forward jet

• subleading forward jet

• leading small radius jet

• subleading small radius jet

• lepton jet

• hadronically decaying Higgs boson candidate

• hadronically decaying W boson candidate.

The data also includes information about the missing transverse energy Emiss
T , the angle,

where this energy is missing φmiss
T (which provides information about the neutrino), the

number of small radius jets NSR and the number of forward jet pairs N2f. In the decay
channel considered in this thesis, the charged lepton is restricted to either a muon or
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an electron, since the τ lepton would decay further. Each simulated event is labelled by
lepton flavour in order to distinguish between electrons and muons in the final state.
To ensure that simulated events accurately reflect both the expected physics and the
experimental conditions, each event is assigned an event weight ω. This weight is cal-
culated by the Monte Carlo simulation, taking into account the production cross-section
σ, the integrated luminosity L, the branching ratios of the relevant decays, Monte Carlo
weights derived from perturbative theory corrections, and scale factors that correct for
discrepancies between simulation and recorded data.
The Boosted Decision Tree (BDT) algorithm minimises a weighted loss function, assuming
non-negative event weights (ωi ≥ 0). When there are some negative weights, for instance
due to NLO corrections of the cross section, the empirical misclassification error,

ε =
∑

i ωiI(yi ̸= h(xi))∑
i ωi

, (5.1)

can fall outside the expected range [0, 1]. In gradient boosting, negative weights invert
the sign of the gradient contributions, causing the algorithm to maximise rather than
minimise the loss for these events. This reversal destabilises the boosting procedure,
leading to inconsistent and unreliable model performance, as the algorithm is no longer
optimising the intended objective.
The neural network is trained to minimise the weighted cross-entropy loss, defined as:

L(q, p) = −
s∑

i=1
ωi (pi log(qi) + (1 − pi) log(1 − qi)) , (5.2)

where pi ∈ {0, 1} are the true binary labels, qi ∈ [0, 1] the predicted probabilities from
the sigmoid output, s the number of samples, and ωi the event weights.
The contribution of each event to the loss is proportional to ωi. If there is only a small
number of negatively weighted events (especially in regions of low predicted scores, since
the ROC curve is plotted logarithmically), their statistical impact on the sums used in
the ROC calculation can cause fluctuations or sideways deviations in the ROC curve.
To avoid these problems, all negative event weights have been replaced by 10−6.
To ensure balanced learning between signal and background events, the event weight plays
a crucial role in guiding the machine learning model by indicating the relative importance
of each event during training. Given the inherent class imbalance where background
events significantly outnumber signal events the neural network (NN) tends to learn more
about the background than the signal, potentially biasing the model.
To mitigate this imbalance, the event weights are adjusted to incorporate the signal class
weight. Each event is assigned the updated event weight defined as

30



5.2 Data preparation

wi = wevent ·
(

1 +
∑

events wbkg∑
events wsig

· δi,sig

)
. (5.3)

This reweighting ensures that the NN gives appropriate importance to signal events, bal-
ancing the learning process. For the Boosted Decision Tree (BDT) implemented via XG-
Boost, this adjustment is unnecessary, as the algorithm internally computes and applies
class weights to handle imbalances.
For both models, the dataset is separated into training (80%), validation (10%), and
test (10%) samples. All performance evaluations and final assessments are conducted
exclusively on the test sample to ensure unbiased results.
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6 Separation of Signal and
Background

This chapter discusses the kinematic variables used to distinguish between signal and
background events in the analysed samples. The following sections outline the baseline
variables and their distributions, highlighting the differences between signal and back-
ground processes. After that, the machine learning models, namely the BDT and NN are
optimised to the different feature sets.

6.1 Kinematic Variables

The kinematic variables are essential for the discrimination of signal and background
events. The distributions of these variables are analysed to identify features that can
effectively separate the two classes.

Baseline Variables

Although the simulated dataset contains the mass m, transverse momentum pT , azimuthal
angle φ, and pseudorapidity η of the jets and charged lepton (item 5.2), the φ information
is effectively identical for all signals and backgrounds, thus training on this variable would
not be beneficial to separate signal from background.
The baseline set of feature variables is defined as the (m, η, pT ) information of all jets, the
lepton, the Hbb candidate, and the Whad candidate, as well as the missing transverse energy
Emiss

T . Additionally, the number of small-radius jets NSR and the number of forward jet
pairs N2f are included. Example distributions for these variables are shown in Figures 6.1
to 6.6, while the remaining distributions are provided in Chapter 8.
First, the mass of the leading large-radius jet, mLR

lead, is shown in Figure 6.1. The signal
events are divided into κ2V = 2 and κ2V = 3 samples, represented in dark blue and red
respectively, while the background events originate from tt̄ (blue), diboson, single H, di-
jet, single t, W , and Z production. The tt̄ background dominates the other background
processes, and there is no significant difference between the two signal categories. For
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clarity, the signal and background distributions are normalised to unity. The tt̄ distri-
bution peaks at approximately 80 GeV, suggesting that the leading large-radius jet in
tt̄ events likely originates from the hadronically decaying Whad. In contrast, the signal
distributions exhibit a strong maximum at around 125 GeV, corresponding to the Higgs
boson mass. This indicates that the Hbb is more likely to possess higher pT than the
decaying W boson, which is expected given that the topology becomes less boosted with
each subsequent decay. All distributions drop below 40 GeV due to the mass cut applied
to the large-radius jets. The significant differences between the signal and background
distributions in both Figure 6.1 and Figure 6.2 suggest that these feature variables will
perform well in the machine learning models.
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Figure 6.1: Number of normalised
events as a function of
the mass of the leading
large-radius jet in GeV.

50 100 150 200 250 300

mLR
sublead [GeV]

0.0000

0.0025

0.0050

0.0075

0.0100

0.0125

0.0150

0.0175

ev
en

ts
 n

or
m

al
iz

ed

tt
diboson
dijet
singleH
singletop
Z jets
W jets

2V = 2
2V = 3

Figure 6.2: Number of normalised
events as a function of the
mass of the subleading
large-radius jet in GeV.

Secondly, the mass of the subleading large-radius jet is shown in Figure 6.2. For the signal
distributions, a clear maximum is observed at the W boson mass of 80 GeV, with a smaller
local maximum at the H boson mass of 125 GeV. This is consistent with the features in
Figure 6.1. For the background distributions, the distributions again peaks at the W

boson mass, indicating little preference for which large-radius jet is leading or subleading.
There are no events with mLR

sublead < 40 GeV due to the mass cut on the large-radius jets.
Next, the transverse momentum of the lepton is considered. The distributions for the
signal and background processes are shown in Figure 6.3. Due to the cut plep

T > 10 GeV,
the distributions start at values of 10 GeV. In Figure 6.3, the distributions peak at around
60 GeV and then fade out. The signal distributions have a longer tail of events with high
transverse momenta, reflecting the boosted nature of the signal topology.
The transverse momentum of the tagged Hbb (Higgs boson decaying via bb̄) is shown in
Figure 6.4. The signal distributions show much higher values than the backgrounds, indi-
cating that HH production is significantly more boosted than the selected backgrounds.
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Figure 6.3: Number of normalised
events as a function of the
transverse momentum of
the lepton.
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Figure 6.4: Number of normalised
events as a function of the
transverse momentum of
the Higgs boson candidate
decaying via bb̄ in GeV.

Above 700 GeV, the events are predominantly signal, making this variable highly discrim-
inative. The pHbb

T distributions fall off at 200 GeV due to the applied cut.

The pseudorapidity η of the lepton is shown in Figure 6.5. The ATLAS detector is
centred around the interaction point. In the very central region, defined by |η| < 0.1,
the inner detector and the calorimeters have limited acceptance[29]. Therefore, leptons
produced in this region are not reconstructed by these subdetectors. Only the muon
spectrometer contributes in this region. In addition, in the region |η| ∈ [1.37, 1.52], which
corresponds to the transition between the barrel and end-cap calorimeters, the detector
performance is similarly reduced, resulting in another minimum for the distributions in
Figure 6.5. For high pT , the reconstructed objects tend to have low η, especially for the
signal distributions, due to the boosted topology of HH production.

Within the ATLAS detector at CERN, lepton reconstructions are considered to be reliably
reconstructed within the tracking acceptance of |η| < 2.5, as defined by the coverage of
the ID [36]. Thus, the distributions are shown in that region of η.

Finally, the pseudorapidity of the subleading forward jet is presented in Figure 6.6. Jets
in the forward region are reconstructed with reliable performance within the calorimeter
acceptance up to |η| < 4.5, consistent with standard ATLAS jet reconstruction criteria
[37]. Therefore, the distributions of the pseudorapidities of the subleading forward jet
ηfwd

sublead for signal and background are shown in that region. The leading forward jet,
by definition, has higher pT than the subleading forward jet, resulting in η peaking at 0
for the leading forward jet. Due to the preselection, the two forward jets must satisfy
∆η > 3.5, causing the ηfwd

sublead to peak at |η| ≈ 3.5.
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Figure 6.5: Number of normalised
events as a function of the
pseudorapidity η for the
lepton.
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events as a function of
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subleading forward jet.

6.1.1 Reasonable Features

To improve model interpretability and avoid redundancy, the next step is to restrict the
feature set to variables with clear physical significance. This not only aids in validating the
model’s predictions but also eliminates variables that are either redundant or irrelevant
to the underlying physics.
A physically reasonable feature set is thus defined as the (m, η, pT ) of the following:

1. leading and subleading forward jets,

2. leading and subleading large-radius jets,

3. lepton (including information about the lepton type).

Additionally, the missing transverse energy Emiss
T and the number of forward jet pairs

N2f are included. Information about the Hbb and Whad candidates is excluded, as it is
largely redundant with the information contained in the large-radius jets. To illustrate
this, Figure 6.7 shows the mass of the Whad candidate mWhad and Figure 6.8 shows the
mass of the subleading large-radius jet mLR

sublead.
Information about the small-radius jets is also excluded, as their relevance is limited. In
the VBF HH decay channel, two forward jets with small radius are produced. If the
leading or subleading small-radius jets correspond to these forward jets, the information
is redundant. Otherwise, these jets are random and irrelevant to the signal event.
To enhance the discriminative power of the feature set, six new composite feature variables
are introduced. The first new feature is ∆R2f , the angular distance between the two
forward jets shown in Figure 6.9 and defined as

∆R2f =
√

(∆η)2
2f + (∆φ)2

2f . (6.1)
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Figure 6.7: Number of normalised
events as a function of
the mass of the Whad
candidate.
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Figure 6.8: Number of normalised
events as a function of the
mass of the subleading
large-radius jet.

Due to the preselection criterion ∆η2f > 3.5, the distributions begin at 3.5. For back-
ground events, the forward jets are randomly selected within the detector from underlying
events or pileup, leading to lower ∆η2f values compared to the signal events, where two
distinct forward jets are measured.
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Figure 6.9: Number of normalised events as a function of the angular distance ∆R2f of
the leading and subleading forward jets.

The next feature is the angular distance between the lepton and the subleading large-
radius jet ∆Rlep, subleadLR shown in Figure 6.10. For the HH → bb̄WW ∗ decay, the
leptonically decaying W boson and thus the lepton should be near the hadronically de-
caying W boson due to the boosted topology of the channel. The signal distributions
peak at low ∆Rlep, subleadLR values, with an additional peak at π due to local maxima at
−π and π in the ∆φ distribution. This occurs when the subleading large-radius jet does
not correspond to the Whad, and ∆φ measures the angle between the lepton and the Hbb

candidate.
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Figure 6.10: Number of normalised events as a function of the angular distance between
the lepton and the subleading large-radius jet, ∆Rlep, subleadLR.

The invariant mass of the two leading forward jets mforward,

mforward =
√

(pf1 + pf2)µ(pf1 + pf2)µ

=
√

(Ef1 + Ef2)2 − (p⃗f1 + p⃗f2)2. (6.2)

where f1 and f2 denote the leading and subleading forward jets, is introduced as the
next feature. The corresponding distributions are shown in Figure 6.11. The signal
distributions exhibit higher invariant masses, as the Higgs boson pair production requires
substantial energy from the VBF quarks, that then further decay into forward jets. Thus,
the signal distributions indicate higher energies for the forward jets compared to random
jets from underlying events or pileup in case of the background samples. This is evident
in the distribution, where the signal peaks at higher values and exhibits a longer tail
compared to the background.

Next, the ratio of the leading and subleading large-radius jet masses, ζLRjet, is defined as:

ζLRjet = mleading LR

msubleading LR
. (6.3)

The corresponding distributions for signal and background are shown in Figure 6.12. For
the signal samples, mleading LR is typically the Higgs boson mass, and msubleading LR is the
W boson mass, resulting in a maximum at 125/80 ≈ 3/2, as can be seen in the plot. For
tt̄ events with a final state similar to the signal events, the one LR jet can contain the jets
of either a beauty quark or a beauty quark and a charged lepton. The other LR jet then
contains any combination of the jets of the second beauty quark and the decay products
from the hadronically decaying W boson. For many of these options, this leads to a mass
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Figure 6.11: Number of normalised events as a function of the invariant mass of the
two VBF quarks in GeV.

ratio of about ζLRjet ≈ 1 for the considered tt̄ events. Thus, a maximum can be seen in
the tt̄ distribution in Figure 6.12.
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Figure 6.12: Distribution of the ratio of leading and subleading large-radius jet masses,
ζLRjet.

The ratio of the leading and subleading forward jet transverse momenta, ζSRjet, given by

ζSRjet = pleading
T

psubleading
T

(6.4)

is shown in Figure 6.13. This feature tests for symmetry or asymmetry in the transverse
momenta of the forward jets. As shown in Figure 6.13, there is no significant difference
between the signal and background distributions, suggesting that this feature may not
improve model performance. No significant differences are observed between signal and
background distributions.
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Figure 6.13: Distributions of the ratio of leading and subleading forward jet transverse
momenta, ζSRjet.

Finally, the transverse mass of the leptonically decaying W boson

m
Wlep
T =

√
(Elep

T + Emiss
T )2 − (plep

x + pmet
x )2 − (plep

y + pmet
y )2, (6.5)

as shown in Figure 6.14 is implemented. Emiss
T refers to the missing transverse energy

attributed to undetected neutrino, and pmet
x and pmet

y are derived from the relations in
Equation 4.6. Since the neutrino’s 4-vector cannot be fully reconstructed, the transverse
mass m

Wlep
T is used. Due to preselection cuts, the leptonically decaying W boson of the

signal decay channel is often off-shell. For tt̄ decays, the Wlep mass is assumed to be
mW = 80 GeV, while for the signal, it is approximately mH − mWhad = 45 GeV. The
distributions in Figure 6.14 reflect the expected behaviour, with the signal peaking below
80 GeV and the tt̄ distribution peaking at 80 GeV. For the signal, the W boson decays off-
shell, causing the transverse mass to peak below 80 GeV, while the tt̄ distribution peaks
at 80 GeV.
With the baseline features, physically reasonable features, and new composite features
now defined, the next step is to train the neural network and boosted decision trees to
evaluate whether these theoretical considerations hold in practice. For a better clarity,
the feature sets are again summarised in Table 6.1

6.2 Model Evaluation and Optimisation

To assess the performance of the machine learning models, both a neural network (NN)
and a boosted decision tree (BDT) are trained and evaluated, with particular attention
to avoiding overfitting and ensuring robust generalisation.
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Figure 6.14: Number of normalised events as a function of the transverse mass of the
leptonically decaying W boson.

Feature set Constituents
baseline m, η and pT of all jets (SR jets, forward jets, LR jets,

Hbb and Whad candidates) and the lepton, Emiss
T , N2f,

NSR

new features ∆R2f , ∆Rlep, subleadLR, mforward, ζLRjet, ζSRjet, m
Wlep
T

physically reasonable fea-
tures

m, η and pT of the forward jets and LR jets and the
lepton, Emiss

T , N2f

Table 6.1: Constituents of the different feature sets.

The neural network is discussed first. The learning rate is set to 0.0001, which is lower
than the default value of 0.001 for the Adam optimiser. The network architecture consists
of 5 hidden layers, each with 100 neurons, following the guideline that the hidden size
should be more than twice the number of input features (32 baseline features + 6 new
features). The model is trained for 30 epochs, which is deemed sufficient for the given
requirements, and a batch size of 500 events per batch is used.
The boosted decision trees are configured with a learning rate of 0.01 and a maximum of
10, 000 trees. However, this maximum is rarely reached, as training automatically termi-
nates, if the loss function for the validation dataset does not decrease for five consecutive
boosting rounds. The evaluation of both models is conducted exclusively on the test
dataset.

6.2.1 Baseline evaluation for both models

The BDT and the NN are evaluated for the training on the baseline feature set.
In Figure 6.15 and in Figure 6.16, the training histories for the BDT and NN are shown.
The loss function value for the training and validation sample is plotted as a function of
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the number of trees for the BDT and as a function of the epoch for the NN.
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Figure 6.15: BDT loss function over
the number of trees for
the validation and train-
ing datasets.
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Figure 6.16: NN loss function over the
number of epochs for the
validation and training
datasets.

For the BDT, the training and validation loss decrease smoothly. This can be attributed
to the definition of the loss function, which adds a term for each tree. For the NN,
the training loss decreases while the validation loss fluctuates and decreases more slowly.
Setting the value of the learning rate to even lower values would likely suppress these
fluctuations but also degrade performance, as it would take much longer to converge to a
(local) minimum of the loss function. This would then need more computation time. The
fluctuations can be explained by the use of batches. When the total number of batches is
small (i.e. when the batch size is large), the loss function behaves more stable because the
gradient is computed from a limited number of aggregated components. However, this
also leads to reduced network performance, as the variability between individual samples
is less effectively represented in the training process. The training history and the ROC
curve comparison for the NN trained on the baseline feature set with a high batch size of
50000 are shown in Figure 6.17 and Figure 6.18 respectively.
The plots in Figure 6.19 and Figure 6.20 display the normalised number of events with
ordered outputs of the BDT and NN respectively between [0,1] for each event.
The BDT demonstrates better performance on the baseline features, as evidenced by
output distributions. The BDT’s output values at 0 and 1 peak much higher, indicating
greater confidence in its classifications.
In Figure 6.21, the signal efficiency, also known as the true positive rate (TPR),

TPR = TP
TP + FN , (6.6)
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Figure 6.17: Training and validation loss
over the number of epochs
for a NN trained on the
baseline feature set with
large batch size (bs =
50000).
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Figure 6.19: Event outputs for the BDT.
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Figure 6.20: Event outputs for the NN.

where TP is the number of true positives (correctly labelled signal events) and FN is
the number of false negatives (incorrectly labelled signal events), is plotted against the
background rejection, defined as the inverse of the false positive rate (FPR),

1
FPR = TN + FP

FP , (6.7)

where FP is the number of false positives (incorrectly labelled background events) and TN
is the number of true negatives (correctly labelled background events). A higher curve
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indicates better performance for given value of TPR, as the goal is to achieve both high
signal efficiency and high background rejection. The given integral values are calculated
as the area under curve for 1-FPR over TPR in the interval of [0.4,1].
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Figure 6.21: Background rejection over signal efficiency for the BDT and NN trained on
the baseline features in the interval [0.4, 1]. The integral value represents
the area under the curve in this interval for (1-FPR) over TPR.

Overfitting is a common concern for machine learning models. To evaluate this, the
Kolmogorov-Smirnov (KS) test is employed, which measures the difference between the
distributions of the test and training datasets. Two values are calculated: the statistical
value T ,

T := sup
z∈R

|Fn(z) − Gm(z)|, (6.8)

where Fn and Gm are the distributions for the training and test data with n and m

samples being the test and training samples respectively. T measures the maximum
absolute difference between the two distributions. The p-value gives the probability that
the observed difference between the two distributions is random, assuming F = G. Ideally,
the test and training distributions should be similar, resulting in a small T and a large
p-value. A sign of overfitting would be a large value of T and a small p-value, since the
training sample would have more distinct outputs. The default threshold of p = 0.05 is
chosen to limit the false positive rating to a probability of 5%. For the neural network,
TNN = 0.007 and pNN = 0.709. For the boosted decision trees, TBDT = 0.012 and pBDT =
0.128. The KS test does not indicate clear signs of overfitting in either case.
Another method to check for overfitting is to examine the training histories of the machine
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learning models shown in Figure 6.15 for the BDT and in Figure 6.16 for the NN. For
the BDT, there is no indication of overfitting, as both curves decrease throughout the
entire training process. Due to the heavy fluctuations, the training history of the NN
does not provide a definitive indication of overfitting. But since the KS test yielded small
differences in the test and training sample distributions, it is reasonable to assume that
the NN is not overfitting.
Now, considering the individual features in more detail: The feature correlation matrices
for the given samples are shown in Figure 6.22.
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Figure 6.22: Correlation matrix for BDT and NN trained on baseline feature set.

The higher correlation values can be categorised into three groups. The first group includes
correlations between the transverse momenta pT and masses m. For the forward jets and
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6 Separation of Signal and Background

the small radius jets, these correlations have no obvious physical reason. For the LR jets
on the other hand, the correlations can be explained, since the LR jet with higher mass is
more likely to be the Hbb candidate, which has more likely a higher pT value. The second
group includes correlations of pT or the mass m of the leading and subleading large-radius
(LR) jets with the Hbb and Whad.The connections between the subleading LR jets and
Hbb, as well as between the leading LR jets and Whad primarily originate from the tt̄

decay rather than the signals, where they are not expected to be highly correlated. This
type of correlation was anticipated and is the reason for training on only the physically
reasonable features. The last group of correlated features includes the pseudorapidities η

for the leading and subleading forward jets, as previously discussed in Figure 6.6, or the
correlation between the number of small-radius jets NSR and the number of forward jet
pairs N2f.
Next to the feature correlations, it is useful to know how important the individual features
are for the training of the applied machine learning models. This not only helps to optimise
the machine learning models, but also to compare the physical expectations with the
actual training. Starting with the feature importances of the BDT: Each importance is
calculated via the mean gain of applying the feature in all trees. The most important
features are pleading, LR

T , mHbb
, mWhad , and mleading, LR. All these variables share the property

that the signal and background distributions are sufficiently different to separate a large
number of events via a simple cut (Chapter 8).
The feature importances of the NN, calculated by permuting the features for the trained
NN and measuring the resulting performance loss, show a different pattern. The ranking
of feature importances is shown in Figure 6.23.
As can be seen in Figure 6.23, the most important features are pleading, LR

T , pWhad
T , mHbb

,
and pleading, f

T (Chapter 8). Surprisingly, pWhad
T features no significant difference in the

distributions for signals and backgrounds. Due to the method of calculation, some feature
importances have negative values. This is the case, for example, for Elep or pHbb

T . Negative
importances indicate that interchanging these features with other variables in the input
layer actually improves performance. Thus, these features negatively affect the NN. On
the other hand, if a feature is highly correlated, changing it could even be beneficial.
Although this is a borderline case, this effect could be possible for features like pHbb

T ,
where the distributions appear promising.

6.2.2 Optimisation via Features

To now optimise the performance of the models, the impact of using physically reasonable
features and newly implemented features is evaluated. All comparisons are made relative
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Figure 6.23: Feature importances for the NN trained on baseline features.

to the baseline feature set, which serves as the reference for assessing improvements or
degradations in model performance.

The ROC curve for the neural network (NN) trained on the physically reasonable fea-
tures is compared to the baseline in Figure 6.24. The baseline feature set yields higher
performance, indicating that the inclusion of all features is more effective than restricting
to physically reasonable ones. A similar trend is observed for the boosted decision tree
(BDT), as shown in Figure 6.25, where the background rejection as a function of the sig-
nal efficiency (ROC curves) for both feature sets are compared. The newly implemented
features are added to the physically reasonable feature set. For the BDT, as shown in
Figure 6.24, this addition improves performance, though not sufficiently to match the
baseline. For the NN, the ROC curves in Figure 6.25 indicate no significant performance
increase with the inclusion of the new features.

The physically reasonable feature set does not enhance the performance of either the
NN or the BDT in comparison to the baseline. Consequently, the BDT and NN are
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Figure 6.24: Background rejection as a
function of the signal effi-
ciency for the BDT trained
on the baseline, physically
reasonable, and physically
reasonable feature sets with
new features.
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Figure 6.25: Background rejection as a
function of the signal effi-
ciency for the NN trained
on the baseline, physically
reasonable, and physically
reasonable feature sets with
new features.

evaluated using the baseline feature set with the newly implemented features. As shown
in Figure 6.26, the BDT exhibits improved performance with the new features, whereas
the NN shows no significant change, as shown in Figure 6.27.
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Figure 6.26: Background rejection as a
function of the signal effi-
ciency for the BDT trained
on the baseline feature set
and the baseline feature set
with new features.
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Figure 6.27: Background rejection as a
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Given that the BDT operates through a series of optimised cuts, it is reasonable to
hypothesise that its performance would improve if only high-quality features were used.
To test this, the BDT is trained on the top 12 features, as determined by the gain of feature
importance from the physically reasonable feature set with new features. This set includes
(in order of importance) mforward, mleading, LR, pleading, LR

T , msublead, LR, δlep, µ, psublead, LR
T ,

pleading, f
T , ζLRjet, m

Wlep
T , plep

T , ∆Rlep, subleadLR, and ∆R2f (in order of importance). Notably,
five of the six new features (excluding ζSRjet) are among the top 12, with mforward being the
most important. However, the ROC curves in Figure 6.28 reveal that the BDT trained
on these top 12 features performs worse than when trained on the physically reasonable
features with the new features. This suggests that a larger feature set generally leads to
better results for the used samples.
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Figure 6.28: Background rejection as a function of the signal efficiency for the BDT
trained on the best 12 features, the baseline feature set, and the physically
reasonable feature set with new features.

6.2.3 Hyperparameter Optimisation

As stated before, the right choice of hyperparameters is essential to optimise a machine
learning model. Since the NN performance was in general lower than the performance of
the BDT, only the BDT hyperparameter optimisation is conducted. For that, the impact
of varying the learning rate for the BDT was examined. The maximum number of trees
was not adjusted, as it was never reached in previous training sessions. The Background
rejection as a function of the signal efficiency for the BDT trained on the baseline features
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with learning rates of 0.01, 0.05, and 0.001 is shown in Figure 6.29. There is no significant
performance difference between learning rates of 0.01 and 0.05, but performance degrades
at 0.001. This degradation occurs because the training process is prematurely stopped
after 10,000 trees, before convergence is achieved. Since adjusting the number of trees to
a higher value would lead to more computation time, a learning rate of 0.01 is optimal.
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Figure 6.29: Background rejection as a function of the signal efficiency for the BDT
trained on the baseline feature set with different learning rates.

6.3 Results

Having optimised the machine learning models through systematic feature selection and
hyperparameter tuning, the best-performing configuration is identified as the Boosted
Decision Tree (BDT) with a learning rate of lr = 0.01, trained on the baseline features
augmented with the newly implemented variables. For clarity, this is shown in Table 6.2.

machine learning model BDT
features to train on baseline features + new features

learning rate 0.01
maximal number of trees 10000

Table 6.2: Optimised model parameters

To further validate the robustness of this BDT model, its performance is evaluated on
extended test datasets. First, signal events with κ2V = 0, κ2V = 0.5 and κ2V = 1.5 are
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incorporated into the test dataset, which previously included only tt̄ events and signal data
with κ2V = 2, 3. This leads to 31351 signal events in total. As shown in Figure 6.30, the
BDT’s performance slightly improves with the inclusion of these additional signal events.
This adaptability is particularly advantageous for applications of ATLAS measurements,
as it demonstrates the model’s ability to generalise across different Beyond Standard
Model (BSM) predictions without degradation in performance.
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Figure 6.30: ROC curves of the BDT, trained on the baseline feature set with new vari-
ables, evaluated on the original test dataset and an extended test dataset
including signal events with κ2V = 0, 0.5, 1.5. The model’s performance
slightly improves with the inclusion of additional signal events.

Next, the BDT model is tested on a dataset that includes additional background channels:
single Higgs boson decay, single top quark decay, Z boson + jets, W boson + jets, and
diboson decay. As shown in Figure 6.31, the BDT model’s performance decreases when
evaluated on all these background samples.
The means of the outputs from the individual background are shown in Table 6.3. The
background class is assigned to the BDT output value of 0. The tt̄ events have the lowest
mean value, whereas all other background processes have higher values, with diboson
decay being the worst predicted background process.
While the degradation of the BDT’s performance for testing on all background samples
can be partially mitigated by retraining the model on the expanded dataset, including
both the new background and signal events, as depicted in Figure 6.32, this approach
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Figure 6.31: Background rejection as a function of signal efficiency for the BDT, trained
on the baseline feature set with new features, evaluated on a test dataset
that includes all additional background channels.

Background Events Weighted Mean
diboson 68266 0.080853
single H 69437 0.066829
Z + jets 74310 0.065782
single top 7513 0.063940
W + jets 143692 0.057973
dijet 1166 0.045940
tt̄ 95570 0.030956

Table 6.3: Mean BDT scores for all background processes.

incurs a significant computational cost, as the number of training events increases by a
factor of 3.
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Figure 6.32: Background rejection as a function of signal efficiency for the BDT trained
and tested on the baseline feature set with new features, including all
available signal and background data.
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7 Conclusion

In this thesis, the VBF production of Higgs boson pairs decaying via the HH → bb̄WW ∗

channel, with one lepton in the final state, was investigated.
For that, two machine learning models were proposed to separate signal from background
events for the investigated decay channel. The two machine learning models, namely a
feed forward neural network and boosted decision trees, were both trained on Monte-Carlo
simulated samples with tt̄ decays serving as background events and signal events using
BSM coupling modifier κ2V = 2, 3. The simulated dataset includes a set of features and
both the NN and the BDT were optimised using different subsets and extensions of this
feature set.
For that, six new features were implemented, both to link different objects and to boost
the quality of the feature set. These new features are ∆Rqq′ , ∆Rlep, subleadLR, mqq̄, RLRjet,
RSRjet and m

Wlep
T . All but the RSRjet were important features to increase the performance,

especially for the BDT.
The performance of the NN did not significantly increase when adding the new features
and even dropped when the feature variables, that were not part of the physically reason-
able set, were taken away.
The BDT generally performed better, when more features were used. Overall, the BDT
had a better performance than the NN for every tested feature combination, and the best
model included in this research was the BDT trained on the baseline feature set and all
newly implemented features. Therefore, this model was tested on all available background
and signal data from the Monte Carlo simulation. In case of adding additional background
sources in the test data set (single Higgs boson decay, single top quark decay, Z boson
+ jets, W boson + jets, and diboson decay), the performance slightly decreased again,
whereas for added signal samples with κ2V = 0 , κ2V = 0.5 and κ2V = 1.5 to the test
dataset, the performance even improved, likely because of more signal statistics to train
on in total numbers.
During the research process, the BDT had several other advantages. It was easier to
handle, the results were more understandable, and the computation time was much lower
than for the NN. However, the low performance of the NN can be explained by the low
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signal statistics.
It then may be helpful to give the background samples more weight, in order to ensure,
that the background samples different from tt̄ are also well separated from the signal
events. If computational resources permit, it may be advantageous to include additional
background samples in the training process, such as diboson decay samples or even gener-
ate more statistics for the signal and background processes to train the machine learning
models on. Especially the NN is highly dependent on the amount of data which is pro-
vided to it, and therefore might increase its performance with more statistics to match
the BDT’s performance.
The reliable separation of signal from background events is crucial for the precise de-
termination of the coupling constants within the SM, thereby contributing to a deeper
understanding of the underlying theory and enabling increasingly precise tests of the
theoretical predictions with experimental observations. The precise identification and
separation of signal and background processes in this channel explicitly are essential for
the measurement of Higgs boson self-coupling modifiers, which directly probe the Higgs
potential and therefore constitute a critical test of the SM.
Machine-learning-based approaches to signal discrimination are becoming increasingly
important, as they generally outperform traditional cut-based methods. Both machine
learning models that were investigated in this thesis performed well, but the BDT is
recommended for further research and also for the later applications on real measurements.
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Figure 8.1: Number of normalised events as a function of ∆η and ∆φ between the
lepton and the subleading LR jet
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Figure 8.2: Number of normalised events as a function of the number of forward jet
pairs (left) and the number of small radius jets (right)
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Figure 8.3: Number of normalised events as a function of the mass and η of the Hbb
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Figure 8.4: Number of normalised events as a function of the mass and transverse mo-
mentum of the subleading forward jet

200 400 600 800 1000 1200

plead,LR
T  [GeV]

0.000

0.001

0.002

0.003

0.004

ev
en

ts
 n

or
m

al
iz

ed

tt
diboson
dijet
singleH
singletop
Z jets
W jets

2V = 2
2V = 3

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
LR
lead

0.0

0.2

0.4

0.6

0.8

1.0

ev
en

ts
 n

or
m

al
iz

ed

tt
diboson
dijet
singleH
singletop
Z jets
W jets

2V = 2
2V = 3

Figure 8.5: Number of normalised events as a function of the transverse momentum
and η of the leading LR jet
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Figure 8.6: Number of normalised events as a function of the energy of the lepton (left)
and the missing transverse energy (right) corresponding to the neutrino
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Figure 8.7: Number of normalised events as a function of the mass and transverse mo-
mentum of the leading forward jet
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Figure 8.8: Number of normalised events as a function of η of the leading forward jet
(left) and the transverse momentum of the subleading LR jet (right)
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8 Appendix 1 - features
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Figure 8.9: Number of normalised events as a function of η of the subleading LR jet
(left) and the Whad candidate (right)
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Figure 8.10: Number of normalised events as a function of the transverse momentum
of the Whad candidate
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9 Appendix 2 - additional figures
and plots
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Figure 9.1: Score distributions for different backgrounds from the BDT trained on the
baseline feature set with new implemented features
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9 Appendix 2 - additional figures and plots
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Figure 9.2: Comparison of the back-
ground rejection as a func-
tion of signal efficiency for
the BDT.
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Figure 9.3: Comparison of the back-
ground rejection as a func-
tion of signal efficiency for
the NN, partially without
ζSRjet.
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Figure 9.4: Feature importances calculated via gain for BDT trained on baseline feature
set.

67



9 Appendix 2 - additional figures and plots
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Figure 9.5: Features importances for the BDT trained on physically reasonable features
with new features.
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Figure 9.6: Features importances for the NN trained on physically reasonable features
with new features.
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