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Abstract

Die CP-Symmetrie der Yukawa-Kopplung des Higgs-Bosons an Fermionen ist bislang ex-
perimentell nur schwach beschränkt. Aufgrund seiner hohen Masse ist das Top-Quark
besonders geeignet, um diese Kopplung am Large Hadron Collider zu untersuchen. Diese
Arbeit analysiert tt̄H-, tHjb- und tWH-Produktion im voll-hadronischen Zerfallskanal
H → ττ . Zur Klassifikation der Ereignisse in Signal- und dominante Untergrundprozesse
wird ein Hypergraph-Neuronales Netz (HGNN) eingesetzt. Die Sensitivität CP-empfind-
licher Observablen in den Signalprozessen wird untersucht. Auf Basis dieser Variablen
werden für die Prozesse tHjb und tt̄H jeweils binäre Klassifikatoren auf der Grund-
lage von Gradient Tree Boosting trainiert, um das Standardmodell-Szenario einer CP-
symmetrischen Kopplung von CP-gemischten Szenarien zu unterscheiden, die durch das
Higgs Characterisation Model beschrieben werden. Ihr Ergebnis wird in den zuvor durch
das HGNN definierten tHjb- und tt̄H-Signalregionen für verschiedene CP-Mischungs-
winkel analysiert. Zuletzt wird die Klassifikationsleistung des HGNN in zusätzlichen,
durch die CP-Klassifikation definierten Signalregionen untersucht.

Stichwörter: Higgs-Boson, Top-Quark, CP-Symmetrie, Yukawa-Kopplung, Hypergraph
Neuronales Netz, Gradient Tree Boosting, Large Hadron Collider

Abstract

The CP symmetry properties of the Yukawa coupling of the Higgs boson to fermions
are not yet strongly constrained. Due to its large mass, the top quark provides an ideal
probe of this coupling at the Large Hadron Collider. This analysis investigates tt̄H, tHjb

and tWH production in the full-hadronic H → ττ decay channel. A multi-class Hyper-
graph Neural Network (HGNN) is employed to classify events into the main signal and
background processes. The performance of CP-sensitive observables is studied for each
signal process. Using these observables as input features, binary Gradient Tree Boost-
ing classifiers are trained separately for the tt̄H and tHjb signal processes to distinguish
the Standard Model scenario with a CP-symmetric coupling from CP-mixed scenarios
described by the Higgs Characterisation model. The classifier outputs are evaluated in
the HGNN-defined tHjb and tt̄H signal regions for different CP-mixing scenarios. Lastly,
the performance of the HGNN is assessed in additional signal regions defined by the
CP-classification output.

Keywords: Higgs boson, top quark, CP symmetry, Yukawa coupling, Hypergraph
Neural Network, Gradient Tree Boosting, Large Hadron Collider
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1. Introduction

At the European Organization of Nuclear Research, known as Cern, research in funda-
mental particle physics seeks to advance our understanding of the constituents of mat-
ter and the interactions governing their behaviour. Experiments conducted at particle
accelerators such as the Large Hadron Collider (Lhc), currently the world’s largest and
highest-energy particle accelerator, are employed to test predictions of the Standard Model
(SM) of Particle Physics, a quantum field theory generally considered the most successful
theory to describe particles and their interactions to date. A more detailed description of
the SM is provided in Chapter 2.1.

The Atlas (A Torroidal Lhc ApparatuS) experiment is one of four major detectors built
to study proton-proton collisions at the Lhc. In 2012, results from the Atlas experi-
ment and the Cms (Compact Muon Solenoid) experiment independently discovered the
existence of a previously unobserved elementary particle consistent with the Higgs boson
predicted in 1964 [1–6]. Subsequent precision measurements have further demonstrated
this consistency and the discovered particle is now widely accepted as the Higgs boson
within the SM framework. In the SM, the Higgs boson interacts with fermions via the
Yukawa coupling, with a coupling strength proportional to the fermion mass. The top
quark is the heaviest particle in the SM and therefore provides a particularly sensitive
probe of the Yukawa coupling. Among the various Higgs boson production mechanisms
at the Lhc, the thesis will focus on production in association with a single top quark,
specifically the tHjb process in which a top quark and a Higgs boson are produced along-
side a bottom quark and additional jets.

The SM does not contain sufficient charge-parity (CP) symmetry violation to explain the
observed baryon asymmetry of the universe [7, 8]. Searches for new CP-violating interac-
tions, e.g. in the couplings of the Higgs boson, are therefore important research targets at
the Lhc. While the coupling of the Higgs boson to heavy vector bosons (W, Z) has already
been highly constrained in previous analyses, there are not yet many tests of the coupling
to fermions. In the SM, the coupling of the Higgs boson to the top quark is predicted to
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1. Introduction

be CP-even (i.e. symmetric under charge-parity transformation). Deviations from that
prediction would cause a discrepancy between the predicted and measured cross sections
for processes involving such a coupling. The production of a single top quark along with
a Higgs boson (tH production) has not yet been observed at the Lhc, primarily due to its
small predicted cross section. However, with the increasing data volume from the recent
data-taking period (extending to June 2026) and the high-luminosity upgrade scheduled
to commence in 2030, observations of this process appear plausible in the near future.
Therefore, its analysis is of great scientific interest.

This thesis investigates the performance of CP-sensitive observables constructed from
kinematic quantities of objects measured with the detector and trains machine learn-
ing models that are based on these CP-sensitive observables and employ Gradient Tree
Boosting to separate a CP-symmetric from a CP-symmetry-violating top-quark Yukawa
coupling to the Higgs boson. The models are integrated into existing graph neural net-
work architectures used for event classification, aiming to detect possible deviations from
the SM prediction of a CP-even Yukawa coupling between the top quark and the Higgs
boson in future analyses of tH production, particularly in tHjb processes. As additional
signal processes, tt̄H (top quark pair production in association with a Higgs boson) and
tWH (tH production with an associated weak vector-boson) are studied.
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2. Theoretical Background

In this Chapter, the theoretical framework underlying the topic of the thesis is introduced,
starting with an overview of the Standard Model of Particle Physics in Section 2.1, the
currently best-fitting theoretical description for elementary particles and their interac-
tions. The Brout-Englert-Higgs mechanism and the Yukawa coupling of the top quark
and the Higgs boson, as well as the relevant Higgs boson production and decay channels,
are explained in detail in Sections 2.2 and 2.3.

2.1. The Standard Model of Particle Physics

The Standard Model (SM) of Particle Physics [9–21] is a theoretical model containing all
known elementary particles and a description of three of the four fundamental forces as
interactions between the particles. Mathematically, it is a renormalisable quantum field
theory based on a set of fields (and corresponding quantum numbers) and the gauge sym-
metries SU(3)C × SU(2)L × U(1)Y . The subscripts denote the corresponding charges: C

refers to the colour charge governing the strong interaction, L specifies the coupling of the
left-chiral component of fermions to the weak interaction, and Y denotes the weak hyper-
charge associated with the electroweak (EW) sector (see Section 2.2.1). The Lagrangian
density is then fixed by requiring it to be locally gauge-invariant and renormalisable. It
can be written as a sum of four terms [22],

LSM = LGauge + LMatter + LYukawa + LHiggs . (2.1)

The first component LGauge is a pure gauge Lagrangian corresponding to the kinetic en-
ergy and self-interaction of the gauge fields associated with the gauge bosons (also known
as vector bosons) of spin 1. They mediate three of the four fundamental forces. The eight
gluons are massless and carry a colour and an anti-colour charge, the quantum num-
ber mediating the strong force as described by the theory of Quantum Chromodynamics
(QCD) [23, 24]. Noether’s first theorem yields eight possible linearly independent linear
combinations of colour charges, resulting in eight gluons. The photon is the massless and
neutral gauge boson that mediates the electromagnetic interaction, interacting only with

3



2. Theoretical Background

charged particles [25–32]. The weak force is mediated by the charged W ± bosons and the
neutral Z0 boson [11–13].

The second term LMatter contains the kinetic energy of the spin-1/2 particles of the SM,
the fermions, and their interactions with the gauge fields. Fermions can be separated into
six flavours (types) of leptons, which do not undergo strong interactions, and six flavours
of quarks, which do. Both groups are divided into three generations. Each generation of
leptons contains a charged lepton (electron e−, muon µ− and tau lepton τ−) with third
weak isospin component I3 = −1

2 and a neutral and massless lepton, their respective
neutrino (νe, νµ, ντ ) with I3 = 1

2 . Together, the charged lepton and its neutrino form a
weak isospin doublet. Importantly, only the left-chiral components of the fermion fields
transform as weak isospin doublets under SU(2)L, whereas the right-chiral components
are singlets under the symmetry and therefore do not interact weakly. Each quark gen-
eration consists of a quark of charge +2

3 (up-type: up, charm and top quark) and I3 = 1
2

and a quark of charge −1
3 (down-type: down, strange and bottom quark) and I3 = −1

2 ,
again forming weak isospin doublets.

The next term LYukawa describes the Yukawa interaction of the Higgs field [1–6], corre-
sponding to the spin-0 Higgs boson, with fermions and will be described in Section 2.2.2.
The last term LHiggs contains the kinetic energy of the Higgs field and a potential term.
It describes the mass and interaction terms for the gauge bosons and the Higgs boson and
is further explained in Section 2.2.1.

Associated with each of the particles described previously, there is an antiparticle carrying
the reversed sign on all additive quantum numbers, such as electric charge, and the same
properties otherwise. Consequently, there exist particles that are their own antiparticles,
such as the Higgs boson. A summary of the SM is shown in Figure 2.1.

To date, the SM is the most successful attempt at describing our universe at the smallest
scales. Nonetheless, it cannot explain gravity, dark energy or dark matter. Dark matter
is a postulated type of matter that would explain observed rotation velocity curves of
galaxies, which cannot be explained by the visible matter and the particle content of the
SM. A lot of theories predict dark matter particles light enough to be created at the Lhc.
Even though such a particle cannot be detected directly, if it were created, measurements
of missing energy and momentum could provide a hint at its properties. One of the main
objectives of the Lhc and future colliders will be further tests of SM predictions.
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Figure 2.1.: The elementary particles predicted by the SM. Data from the Particle Data
Group [33], figure reproduced from [34].

2.2. Higgs Mechanism and Yukawa Coupling

This Section provides an overview of the Brout-Englert-Higgs mechanism, which explains
how mass terms for the W ± and Z0 gauge bosons arise through electroweak symmetry
breaking. Furthermore, the Yukawa interaction which gives rise to fermionic mass terms
and its CP symmetry properties as predicted by the SM will be introduced [10, 35–37].

2.2.1. The Brout-Englert-Higgs Mechanism

Experiments have confirmed both the W and Z boson to be massive particles. However,
the gauge Lagrangian itself does not contain a mass term, as directly adding one would
break the required invariance under SU(2)L ×U(1)Y . One solves this problem by defining
a complex spin-0 four-component scalar field ϕ(Tw = 1

2 , YW = 1), where TW denotes the
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2. Theoretical Background

weak isospin, the generator of SU(2)L, and YW the weak hypercharge defined as

YW = 2(Q − T 3
w) and T i

W = σi/2 , (2.2)

where σi are the Pauli matrices. The field ϕ defined as

ϕ =
ϕ+

ϕ0

 =
 1√

2(ϕ3 + iϕ4)
1√
2(ϕ1 + iϕ2)

 (2.3)

forms a doublet of SU(2)L and is known as the Higgs field. Here, the ϕi are real scalar
fields. The Higgs Lagrangian LHiggs is then defined as

LHiggs = (Dµϕ)†Dµϕ + µ2ϕ†ϕ − λ(ϕ†ϕ)2, where λ > 0, µ2 > 0 . (2.4)

Here Dµ is the covariant derivative and µ and λ are real numbers. As a result from the
choice of sign for the mass term, the potential part of LHiggs given by V (ϕ) = −µ2ϕ†ϕ +
λ(ϕ†ϕ)2 no longer has a minimum at ϕ = 0, but at any non-zero ϕ fulfilling ϕ†ϕ = −µ2/2λ

as seen in Figure 2.2. After spontaneous symmetry breaking and choosing the unitary
gauge, the Higgs field can be written as

ϕ =
 0

1√
2(v + h(x))

 , (2.5)

where ⟨ϕ0⟩ = µ/
√

2λ = v/
√

2 is the non-zero vacuum expectation value (VEV) of the
Higgs field and h is the physical Higgs boson field describing quantum fluctuations around
the VEV. Substituting into Equation (2.4) yields the mass and interaction terms given
by

LHiggs =1
2∂µh∂µh − 1

2(2λv2︸ ︷︷ ︸
m2

H

)h2 + 1
2

g2
1v2

2︸ ︷︷ ︸
m2

W

W −
µ W +µ + 1

2
v2

4(g2
1 + g2

2)︸ ︷︷ ︸
m2

Z

ZµZµ

−1
4λh4 − λvh3 + (vh + h2

2 )(g2
1
2 W −

µ W +µ + ZµZµ

4(g2
1 + g2

2))︸ ︷︷ ︸
interaction terms of the Higgs boson with the W, Z bosons and itself)

.

(2.6)

Here W ±
µ and Zµ denote the gauge fields corresponding to the W ± and Z bosons, re-

spectively. The constants g1 and g2 are the gauge coupling constants of the SU(2)L and
U(1)Y gauge groups.
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Figure 2.2.: Spontaneous symmetry breaking in the Higgs potential. Figure created using
TikZ code adapted from J. Riebesell (MIT License).

2.2.2. Top-Higgs-Yukawa Coupling and CP Symmetry

The Yukawa interaction term LYukawa completes the SU(2)L × U(1)Y part of the La-
grangian, giving rise to fermionic mass terms and interaction terms of fermions with the
Higgs field. The Lagrangian is given by

LYukawa,f = −vgf√
2

(f̄LfR + f̄RfL) − gf√
2

(f̄LfR + f̄RfL)h , (2.7)

where fL and fR denote the left- and right-handed chiral components of the fermion field
f (or anti-fermion field f̄ = f †γ0 for f̄L and f̄R). The strength of the Yukawa coupling is
described by gf and mf = vgf√

2 is the mass of the fermion. The resulting Lagrangian for
the Yukawa coupling between the top quark and the Higgs boson in the SM is

LtH−Yukawa = −mt

v
tt̄h , (2.8)

with tt̄ representing the respective fermion fields. As such, the interaction is predicted
by the SM to be symmetric under a combined charge conjugation parity (CP) transfor-
mation (CP-even). A modified Lagrangian for the coupling allowing CP-mixing (adding
an antisymmetric or CP-odd component) is provided by the Higgs Characterisation (HC)
model [38],

LtH−Yukawa,CP−mixing = −mt

v
κtt̄(cos(α) + i sin(α)γ5)th . (2.9)

Here α ∈ (−π, π) is the mixing angle of the CP-even and CP-odd states and κt ≥ 0 is a
scaling parameter for the coupling strength [39]. For α = 0 and κt = 1, Equation (2.9)
reduces to the SM Lagrangian as written in Equation (2.8). In the case of a CP-mixed
top-Higgs-Yukawa coupling, different cross sections for various processes involving the
top-Higgs-Yukawa coupling would be obtained as shown in Table 2.1.
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2. Theoretical Background

Table 2.1.: Next-to-Leading-Order (NLO) QCD predictions for the cross section of tt̄H,
tHjb and tWH processes in pp collisions for different CP scenarios at√

s = 13.6 TeV simulated with the HC model [40].
Cross sections (pb)

κt α ttH tHjb tWH
1 0 (SM, CP-even) 0.516 0.077 0.024
1 15 0.497 0.081 0.025
1 30 0.444 0.096 0.030
1 45 (CP max mixing) 0.371 0.125 0.039
1 60 0.299 0.172 0.051
1 75 0.247 0.242 0.066
1 90 (CP-odd) 0.227 0.333 0.085
-1 0 – 0.858 0.175
0.5 0 – 0.122 0.018
2 0 – 0.275 0.120
2 45 – 0.245 0.137

2.3. Higgs Boson Production and Decay

The production of a Higgs boson alongside other particles in proton-proton collisions at
the Lhc occurs through various processes. The cross sections predicted by the SM for
processes involving the production of a Higgs boson as a function of the centre-of-mass
energy

√
s are shown in Figure 2.3.

At high-energy hadron colliders such as the Lhc, the SM Higgs boson is prevalently pro-
duced through gluon-gluon fusion (ggF) mediated by a virtual quark loop with σggF =
51.66+4.7%

−7.5% pb (N3LO QCD + NLO EW, NNLO PDF4LHC), vector boson fusion (VBF)
with σVBF = 4.109+2.5%

−2.4% pb (N3LO QCD + NLO EW) and vector-boson-associated Higgs
production with σWH = 1.464+1.9%

−2.0% pb and σZH = 0.947+3.3%
−3.1% pb (both at NNLO QCD +

NLO EW) as shown in Figure 2.4 [42–48]. In contrast to that, due to destructive interfer-
ence between different amplitudes, the cross section for t-channel Higgs boson production
along with a single top quark, is at a much lower level of only σtH/t−ch. = 0.0853+6.7%

−15.6% pb
(NLO QCD) [42–44, 49, 50]. The corresponding tHjb events, which are the focus of
this analysis and have a final state consisting of a top quark, a Higgs boson, a bottom
quark and at least one additional jet, have therefore not been observed yet. Furthermore,
tWH (single-top Higgs production with a W boson) with σtW H = 0.0174+6.0%

−7.4% pb and
tt̄H (tt̄ pair production with a Higgs boson) with σtt̄H = 0.592+3.3%

−3.7% pb are considered
as signal processes. All values were computed at

√
s = 13.6 TeV and the Higgs mass

mH = 125.09 GeV. Feynman diagrams of the three signal processes and the remaining
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Figure 2.3.: The cross sections for SM processes involving the production of a Higgs boson
in pp collisions as a function of
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s [41].

s-channel tH production are shown in Figures 2.5 and 2.6.
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Figure 2.4.: Representative Feynman diagrams for the three dominant Higgs boson pro-
duction processes: gluon fusion (ggF), weak vector-boson fusion (VBF) and
weak vector-boson-associated Higgs production (VH).
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A SM Higgs boson with a mass of 125 GeV has a total decay width of ΓH ≃ 4.1 MeV which
corresponds to a lifetime of about 1.6 × 10−22 s [51]. The most dominant decay channel is
H → bb̄ with a branching ratio of (5.82±0.10)×10−1. In the thesis, the H → τ+τ− decay
with a branching ratio of (6.27 ± 0.15) × 10−2 will be considered [51]. The tau leptons
can each decay hadronically (τhad) or leptonically (τlep) as shown in Figure 2.7, leading
to three possible combinations in the final state of the Higgs boson. This analysis will
focus on the full-hadronic decay H → τhadτhad which occurs in approximately 42% of all
ττ decays [51].

W −

τ−

q̄′

q

ντ

W −

τ−

νℓ

ℓ−

ντ

Figure 2.7.: Feynman diagrams for the leptonic (left) and hadronic (right) decay of a tau
lepton.
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To address the challenge of distinguishing small signals from a large background, recent
analysis routines employ supervised machine learning (ML) in training neural networks
(NNs). Furthermore, the analysis employs boosted decision trees (BDTs) to distinguish
different scenarios for the CP-symmetry of the top-Higgs-Yukawa interaction. Therefore,
the basic concepts of these ML architectures are introduced in this Chapter.

3.1. Structure of a Neural Network

A single-layer neural network, the perceptron, was first designed by Rosenblatt in 1957 [52,
53]. In the perceptron, a set of inputs xi is assigned weights wi and then mapped to an
output y by using an activation function σ,

y = σ(b +
∑

i

wixi) , (3.1)

where the bias b assigned to the perceptron is functioning as a constant offset. The
activation function introduces non-linearity to the neural network. Typical activation
functions are, for instance, the sigmoid function

σs(x) = 1
1 + e−x

(3.2)

or the Rectified Linear Unit (ReLU) function ReLU(x) = max{0, x}[54]. The output
layer of the perceptron is the only computational layer, so the computation is visible to
the user. Multi-layer neural networks, on the other hand, contain multiple computational
layers of neurons between the input and the output layer which are referred to as hidden
layers. Successive layers feed into one another in the forward direction, meaning that the
outputs xi of the neurons in one layer are the inputs of the next layer, and the weights
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wij describe the weight of input xj to the output yi of node i (with bias bi), leading to


y1

...

yn

 = σ




w11 ... w1m

... ...

wn1 ... wnm

 ·


x1

...

xm

+


b1

...

bn


 . (3.3)

The output layer can also consist of multiple nodes.

3.2. Training and Validation

The training process of a neural network minimises the loss function L by optimising a set
of learnable parameters θ (usually the weights and biases of the neurons). The function
provides a mathematical description of the deviation between a model’s prediction and
the known true values for the training data. There are many types of loss functions
suited for different tasks. Existing analysis routines on this topic often use the Binary
Cross-Entropy (BCE) function defined as

L =
∑

n

−wn[yn · ln(pn) + (1 − yn) · ln(1 − pn)] . (3.4)

Here, wn is the weight of event n, yn is the true binary (0 or 1) class of the event also
known as the target output, and pn is the prediction of the network mapped to the range
(0, 1) through an activation function. In the forward phase of the training, the model is
given training data as input and calculates the output, out of which the loss is calculated
by comparing to the known results. In the backward phase, the gradient ∇⃗θ of the loss
with respect to the set of learnable parameters θ is calculated in the backward direction
(from output to input layer) applying the chain rule of differential calculus. The result
provides a local optimisation of the parameters, which is used to update the learnable
parameters, which is, in the simplest case, done according to

θk+1 = θk − η · ∂θL , (3.5)

where η is the learning rate, a hyperparameter of the model. A modified version for
updating the parameters is used by the Adam optimiser [55] and given by

θk+1 = θk − η


√

1 − βk
2

1 − βk
1

· mk√
vk

 . (3.6)

12



3.2. Training and Validation

Here β1 and β2 are hyperparameters known as decay rates and mk,vk are defined as

mk = β1mk−1 + (1 − β1)∂θL and vk = β2vk−1 + (1 − β2)(∂θL)2. (3.7)

This strategy is known as backpropagation or gradient descent [56]. With the updated
parameters, the procedure is then repeated several times until the iterations converge
towards a minimum in L.

The training set is usually divided into several batches, on which the model is consecu-
tively trained. One training epoch is defined as a pass through the entire training data.
Training a model for too many epochs can lead to overfitting: it can cause the model
to become overly specialised to the training data, leading to poorer performance on un-
seen data. To mitigate the issue, the original data set is usually split into three samples:
training, validation and test data. Throughout the training process, the model is fitted
exclusively to the training data. After each epoch, the loss function is evaluated on the
training and validation sets. As training progresses, both losses generally decrease, how-
ever, at a certain point, the loss on the validation data begins to increase again while
the loss on training data continues to decrease. This divergence indicates the onset of
overfitting, and training should be stopped at this stage to preserve the model’s generali-
sation performance. The final model’s performance is then evaluated on the test data [54].

To mitigate the issue of low statistics, k-fold cross validation, allowing for the usage of all
events in training, is applied in this analysis. The dataset is split into k = 4 statistically
independent subsets of equal size (blocks B0-B3) by generating an integer in the range
[0, k − 1] with the TRandomRanluxpp generator from the ROOT framework, initialised
with a seed given by the sum of the event number and a fixed integer offset. The offset
avoids potential issues with variables based on algorithms that use the event number as
a seed for the training of underlying models, such as the b-tagger. Of the k blocks, one is
retained as the test set, one is used as the validation set and the remaining two form the
training set. Using each block as the test set exactly once, k separate folds of the model
are trained. Each fold is then evaluated on its respective test set. A schematic overview
of the k-fold cross validation for k = 4 is provided in Figure 3.1. When applying the
model, each event is assigned to fold m using the same procedure that was employed for
the assignment to blocks described above.
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Fold 0 Fold 1 Fold 2 Fold 3
B0 Test Validation Training Training
B1 Training Test Validation Training
B2 Training Training Test Validation
B3 Validation Training Training Test

Figure 3.1.: Schematic overview of the employed k-fold cross validation procedure with
k = 4. Once all four folds are trained, the complete dataset is obtained by
combining all four testing sets.

3.3. Dropout and Layer Normalisation

In the training of an NN, the use of regularisation techniques is needed to prevent over-
fitting. This can be done using dropout in certain layers, which are then called dropout
layers. In each training step, a probability that randomly selected nodes are dropped,
which means they do not get any inputs and thereby do not produce any outputs, is
introduced. This probability is independent of previous dropouts, so the dropout can also
affect multiple layers back-to-back. This stops the network from focusing on only some
aspects, as it is forced to use all of its nodes to keep the loss low even if important nodes
drop out. The dropout is only used in training as the network should be able to use its
entire architecture in evaluation, testing and application.

Layer normalisation is a strategy that stabilises and accelerates the training, as it ensures
the activations of each layer stay within a stable range, thereby smoothing gradients. It
normalises all input features in a layer for each node according to

x′ = x − x̂

var(x)γ + β , (3.8)

where the gain γ and bias β are learnable parameters, x is the input feature with the
mean value x̂ and variance var(x).

3.4. Hypergraph Neural Networks

In contrast to traditional neural networks described previously, graph-based convolutional
neural networks (GNNs) can encode graph-structured data and show superiority on rep-
resentation learning due to their ability to employ pairwise connections between data
[57, 58]. A graph is defined as a pair G = (V, E) with V being the set of nodes and E the
set of unordered pairs {v1, v2} of v1, v2 ∈ V whose elements are called edges. While the
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degree (number of connected nodes) for all edges is fixed to be two in a graph, a hyper-
graph can encode higher-order data correlations through degree-free hyperedges (that can
connect more than two nodes). A hypergraph NN (HGNN) handles these higher-order
correlations in the hypergraph-structured input data through hyperedge convolution op-
erations as described in Reference [59]. The analysis employs a trained HGNN for event
classification as described in Section 6.3 that was developed as part of an internship [60]
following up on a BSc thesis [61], further explanations are found in the given references.

3.5. Gradient Tree Boosting

A tree ensemble model uses the idea that many weaker models (in this case, binary decision
trees) can form a stronger predictor when combined. Given a data set D = {xi, yi}
(|D| = n and yi ∈ R) with n examples xi ∈ Rm and m features, the tree ensemble model
predicts the output from K additive functions:

ŷi =
K∑

k=1
fk(xi), fk ∈ F (3.9)

where F = {f(x) = wq(x)}(q : Rm → {1, ...T}, w ∈ RT ) denotes the space of Classification
and Regression Trees (CART). Each fk is an independent tree structure q with T leaves,
which are the terminal output nodes of the tree structure, and weight wi representing the
score on the i-th leaf. Gradient boosting builds the ensemble of trees iteratively. Let ŷ

(t)
i

be the prediction of the i-th instance at the t-th iteration. At boosting iteration t, a new
tree ft is added in order to minimise the regularised loss function

L(t) =
∑

i

l(yi, ŷ
(t−1)
i ) + ft(xi) + Ω(ft) where Ω(f) = γT + 1

2λ∥w∥2 . (3.10)

Here l is a differentiable convex loss function that evaluates the accuracy of the prediction
and Ω(ft) penalises the complexity (many leaves or large leaf weights) of ft [62]. Second-
order approximation of the loss function around the current prediction ŷ

(t−1)
i yields

L(t) ≃
n∑

i=1
[l(yi, ŷ(t−1)) + gift(xi) + 1

2hif
2
t (xi)] + Ω(ft) (3.11)

where gi = ∂ŷ(t−1)l(yi, ŷ(t−1)) and hi = ∂2
ŷ(t−1)l(yi, ŷ(t−1)) are first- and second-order gra-

dients of l w.r.t. the current prediction. Let Ij = {i|q(xi) = j} be the set of training
instances of leaf j. Removing the constant terms, substituting ft(xi) = wj for all i ∈ Ij
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and expanding Ω = γT + 1
2λ
∑T

j=1 w2
j , a simplified objective at step t

L̃(t) =
T∑

j=1
[(
∑
i∈Ij

gi)wj + 1
2(
∑
i∈Ij

hi + λ)w2
j ] + γT (3.12)

is obtained. Substituting ft(xi) = wj for all i ∈ Ij yields a quadratic function of the leaf
weights wj for the objective. Minimising the expression w.r.t. wj gives the optimal weight
w∗

j of leaf j

w∗
j = −

∑
i∈Ij

gi∑
i∈Ij

hi + λ
. (3.13)

Substituting these optimal weights back into the objective gives a scoring function L̃(t)(q)
to measure the quality of a tree structure q by

L̃(t)(q) = −1
2

T∑
j=1

(∑i∈Ij
gi)2∑

i∈Ij
hi + λ

+ γT . (3.14)

As it is usually not feasible to consider all possible tree structures q, the tree is grown
from a single leaf using an iterative greedy algorithm. At each iteration, the algorithm
considers candidate splits, i.e. binary partitions dividing the instances I of a node into
left and right child nodes with instance sets IL and IR, where I = IL ∪ IR. The loss
reduction obtained by introducing the split is given by

Lsplit = 1
2

[
(∑i∈IL

gi)2∑
i∈IL

hi + λ
+ (∑i∈IR

gi)2∑
i∈IR

hi + λ
− (∑i∈I gi)2∑

i∈I hi + λ

]
− γ . (3.15)

Among all possible split candidates, the split with the largest loss reduction is selected
and the procedure is repeated recursively until a stopping criterion is reached [63].
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Understanding the process of data acquisition is a necessary prerequisite to performing
data analysis in any field, and in particular for complex processes such as those that
occur at particle collider experiments, where a great number of particles produced during
a collision have to be identified, and their properties measured as accurately as possible.
Therefore, an overview of the Large Hadron Collider (Lhc) as well as a description of the
Atlas detector and in particular the components most relevant to the thesis’ subject is
provided in this Chapter.

4.1. The Large Hadron Collider

The Large Hadron Collider (Lhc) at Cern is the world’s largest and highest-energy
proton-proton collider with a circumference of about 27 km and a centre-of-mass energy
of 13.6 TeV during the latest data taking period from 2022 to 2026 (Run 3). Through
a system of dipole, quadrupole and higher multipole magnets and radiofrequency (RF)
cavities, two bunched proton beams are focused and kept on a bent trajectory (travelling
in opposite directions). At four primary collision points, the two beams are crossed at
a nominal rate of 40 MHz corresponding to a bunch crossing every 25 ns [64]. During
the data-taking period from 2022 to 2025 (Run 3 until the present point), every crossing
produced on average 56 independent pp collisions, depending on the exact data-taking
conditions [65]. Tight proton bunching allows for high luminosities. The production rate
of a process is given by the product of its cross section σp and the instantaneous luminosity
L as

dNp

dt
= σpL , (4.1)

where the time-integrated luminosity L =
∫

Ldt similarly results in the total number of
events produced for a given process as Np = σpL. The four collision points correspond to
the four major experiments at Lhc: Atlas (A Large Toroidal LHC ApparatuS) and Cms
(Compact Muon Solenoid) as general-purpose detectors, Alice (A Large Ion Collider
Experiment) focusing on heavy-ion physics and Lhcb (Large Hadron Collider beauty)
investigating hadrons containing bottom quarks.
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4.2. The ATLAS Detector System

The multi-purpose Atlas detector is a combination of several concentric cylindrical lay-
ers that operate on different detection mechanisms to allow for track reconstruction and
precise energy and momentum measurements of most particles and their decay products.
Certain particles, most notably neutrinos, cannot be detected and are instead inferred
from calculations on missing transverse momentum. It is nominally forward-backward
symmetric with respect to the interaction point with a diameter of about 25 m and a
length of 44 m [66]. A schematic view of the detector is shown in Figure 4.1.

A right-handed coordinate system with its origin defined at the nominal interaction point
is used in Atlas. The z-axis is defined along the beam direction, the x-axis points to the
centre of the accelerator ring and the y-axis points upwards. The transverse momentum
pT, transverse energy ET and missing transverse energy (MET) are defined in the x-y
plane. Spherical coordinates are commonly used, where ϕ denotes the azimuthal angle
around the beam axis and θ is the polar angle to the z axis which is commonly expressed
in terms of the pseudorapidity η defined as

η = − ln
(

tan θ

2

)
= 1

2 ln
(

∥p∥ + pz

∥p∥ − pz

)
. (4.2)

Here p is the particle’s momentum with the component pz along the beam axis. At high
energies, the pseudorapidity is approximately equal to the rapidity y given by

y = 1
2 ln

(
E + pz

E − pz

)
. (4.3)

The difference between rapidities is invariant under Lorentz boosts along the beam axis.

As evident from its name, the Atlas detector’s magnetic system consists of one barrel
and two end-cap large superconducting toroid magnets arranged in an eight-fold azimuthal
symmetry and providing a magnetic field of 3.5 T field strength, used to deflect muons
in the outer part of the detector, the muon chambers. Furthermore, a system of four
thin superconducting solenoids provides a nearly homogeneous magnetic field in the z-
direction of up to 2 T in the Inner Detector [66, 68]. The field causes charged particles
to follow curved trajectories through the influence of the Lorentz force, directly relating
the particle’s momentum with its charge and the radius of its trajectory [69]. As a highly
energetic incoming particle creates electron-hole pairs in a semiconductor by ionisation, or
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Figure 4.1.: A schematic illustration of the Atlas detector system, with human figures
to scale [67].

electron-ion pairs in a gas, respectively, the resulting charge is collected through electrodes
and measured as a signal providing information about the particle’s trajectory (track).

Around the Inner Detector follows the calorimeter system designed to measure the en-
ergy of particles. The electromagnetic calorimeter is sensitive to photons, electrons and
positrons. The incoming highly energetic particle creates a cascade of particles through
Bremsstrahlung (emission of a photon by an e±) and pair creation (γ → e± in the field
of a nucleus), called an electromagnetic (EM) shower. The number of particles grows un-
til the average energy of the particles reaches the critical energy, below which ionisation
becomes more likely. The induced signal is proportional to the number of particles in
the shower maximum, which in turn directly correlates with the energy of the incoming
particle. Hadronic showers follow the same principle: the hadrons interact through the
strong force and new hadrons are created. They are more complex since the hadrons also
induce EM showers overlapping with the hadronic part.

Muons are 200 times heavier than electrons, and therefore emit much lower levels of
Bremsstrahlung. They are therefore, along with possible leakage from the calorimeters,
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the only particles detected in the outermost part of the detector, the muon chambers.
Due to the toroidal field geometry of the outer magnetic field, combining the tracks in the
muon chambers with the backwards-reconstructed tracks of muons in the Inner Detector
can also function as a method to correct errors in the track reconstruction that are caused
by imperfections in the cylindrical detector geometry [70].

4.2.1. The Inner Detector

The Inner Detector (ID) consists of three subsystems and is sensitive to particles with
|η| < 2.5 [66, 71–73]. Directly around the beampipe are layers of finely segmented Sili-
con (Si) Pixel Detectors, achieving a spacepoint resolution of 10 µm and thereby making
high-precision momentum measurements possible. Surrounding the Pixel Detector is the
Semiconductor Tracker (SCT) which consists of Si microstrip modules and further tracks
charged particles with a spacepoint resolution of 17 µm. The Transition Radiation Tracker
(TRT), the ID’s outermost part, consists of drift tubes filled with a Xenon-based gas.
There, a charged particle ionises the gas atoms by transferring enough energy for a shell
electron to escape the atomic potential and ionise other gas atoms, a process called charge
avalanche, creating a signal collected at the spatially separated readout electrodes. The
interspace between drift tubes consists of polyethylene. If a relativistic particle above
a specific threshold for γ = E/m crosses the interface, transition radiation is emitted,
providing a way to distinguish particles that would leave identical traces in other detector
parts, such as electrons and charged pions for energies in the range of 1−100 GeV [74, 75].

4.2.2. The Calorimeter System

Enclosing the ID, the calorimeter system measures the energy of particles within the range
of |η| < 4.9. It consists of two nested calorimeters: the inner electromagnetic calorime-
ter (ECAL) system based on Liquid Argon (LAr) and the outer hadronic calorimeter
(HCAL) system, which uses scintillation tiles in addition to LAr. Both are designed as
sampling calorimeters, a type of calorimeter with alternating layers of distinct active and
passive media. The active layers measure the deposited energy through ionisation (LAr)
or scintillation (tiles), whereas the shower is developed further in each layer of the passive
material [76, 77].

Electromagnetic Calorimeter System

The ECAL system consists of a barrel region covering |η| < 1.475, two endcap regions on
each side (1.375 < |η| < 3.2) and the Copper/LAr Forward Calorimeter (3.1 < |η| < 4.9).
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A LAr presampler (|η| < 1.8) measures the energy loss before the ECAL, which is relevant
for calibration. An accordion geometry of the absorber material and the LAr provides
full 2π coverage in the azimuthal angle ϕ. Lead is used as the absorber material in all
parts [66]. The ECAL measures energies of photons and electrons through their particle
showers.

Hadronic Calorimeter System

The central part of the HCAL system detector is the barrel region divided into a cen-
tral barrel part (|η| < 1.0) and two extended barrel parts (0.8 < |η| < 1.7). It uses
scintillating tiles to detect hadronic showers and absorbent steel as the passive medium.
Furthermore, there are two Copper-Tungsten/LAr endcap calorimeters (1.5 < |η| < 3.2)
and the previously described Copper/LAr Forward Calorimeter (3.1 < |η| < 4.9) [66].

4.2.3. The Muon Spectrometer

Muons are minimum-ionising particles and therefore only deposit a small fraction of their
energy in the calorimeters. The Muon Spectrometer (MS) is the outermost layer of
the Atlas detector and is responsible for high-precision measurements of the trajectory
(track) of muons, and thus their momentum and charge, in about 4,000 individual muon
chambers. The magnetic field caused by the toroidal magnets surrounding the barrel
region [78] and two toroidal end-cap systems [79] deflects the muons according to the
Lorentz force. This enables track measurements in a region of |η| < 2.7, with Monitored
Drift Tubes (MDT) performing momentum measurements for |η| < 2.0 and Cathode Strip
Chambers (CSC) covering the remaining range. The New Small Wheel (NSW) system
installed after the end of Run 1 of the Lhc contributes to the muon tracking in the range
of 1.3 < |η| < 2.7 and reduces the acceptance of fakes [80]. Other subsystems of the MS
provide further information for L1 trigger decisions.

4.2.4. Trigger and Data Acquisition

The nominal bunch crossing rate of 40 MHz at the Lhc leads to data production at a
scale that vastly exceeds available storage capacity. However, since the vast majority of
processes have been studied in great detail and are not of particular scientific interest, the
amount of data that needs to be saved for further analysis can be reduced greatly through
a two-level trigger system. The Level 1 (L1) trigger searches for relevant event signatures
such as hadronically decaying tau leptons, using information from a subset of detectors
and reducing the event rate to approximately 100 kHz. The software-based High Level
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Trigger (HLT) is then seeded by Regions-of-Interest, as provided by the L1 trigger, and
applies an event filter, selecting event data at a rate of approximately 3 kHz to be stored
for further analysis [81].
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5. Data and Simulated Event
Samples

Simulated Monte Carlo (MC) event samples are used to model the tHjb, tWH and
tt̄H (H → τhad.τhad.) signal processes and the SM background contributions. Additional
signal samples are modelled with different CP-mixing scenarios of the top-Higgs coupling
as described by the HC model in Equation (2.9). The simulations correspond to the
Atlas detector data taking period from 2022 to 2024 in pp collisions at an integrated
luminosity of approximately 161 fb−1 with 1.9% uncertainty [82] and 13.6 TeV centre-of-
mass energy [83]. The generator configurations are summarised in Table 5.1.

Table 5.1.: Generator configurations used in the production of signal and background sam-
ples with the mass of the top quark and SM Higgs boson set to 172.5 GeV and
125 GeV, respectively. Matrix element (ME) order refers to the perturbative
order in the strong coupling constant αs. Tune denotes the parton shower
tune, either A14 with the NNPDF2.3lo set for Pythia 8 or the default tune
for Sherpa. Leading-logarithm photon emission is included in all samples and
either modelled by the parton shower generator or by Photos [84].

Physics process Event generator ME order Parton shower PDF (ME) Tune
tt̄H Powheg Box v06-03 NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
tHjb Madgraph5_aMC@NLO NLO Pythia 8 NNPDF3.0nnlo A14 NNPDF2.3lo
tWH Madgraph5_aMC@NLO NLO Pythia 8 NNPDF3.0nnlo A14 NNPDF2.3lo
CP-mixed samples Madgraph5_aMC@NLO NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
tt̄ Powheg Box v2 NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
tW Powheg Box v2 NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
Single top (s-, t-ch.) Powheg Box v2 NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
tt̄Z/γ∗ Madgraph5_aMC@NLO NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
tt̄W Sherpa 2.2.14 MEPS@NLO Sherpa NNPDF3.0nnlo Sherpa
ggF H production Powheg Box v06-03 NNLOPS Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
VBF H production Powheg Box v06-03 NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
qq → WH/ZH, gg → ZH Powheg Box v06-03 NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo
V + jets Sherpa 2.2.14 MEPS@NLO Sherpa NNPDF3.0nnlo Sherpa
Diboson (V V ) Sherpa 2.2.14 MEPS@NLO Sherpa NNPDF3.0nnlo Sherpa
gg → ZZ → 4ℓ Powheg Box NLO Pythia 8 NNPDF3.0nlo A14 NNPDF2.3lo

The SM tt̄H samples are modelled at NLO QCD in the five-flavour scheme with Powheg
Box v.06-03 [85–89] with the NNPDF3.0nlo parton density function (PDF) set [90]. The
renormalisation and factorisation scales are set to 3

√
mT(t) · mT(t̄) · mT(H). The events
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are interfaced to Pythia 8.310 [91] for parton showering, hadronisation and the under-
lying event with the A14 tune [92] and NNPDF2.3lo PDF set [90]. The SM tWH and
tHjb samples are produced by Madgraph5_aMC@NLO with the CT10 PDF set [93] and
interfaced to Pythia 8.309 with the A14 tune [92]. Signal samples for the CP-mixed hy-
potheses are generated with Madgraph5_aMC@NLO and interfaced to Pythia 8.308.

Jet-associated Vector boson production (V + jets) including the dominant Z → ττ back-
ground is modelled using the Sherpa 2.2.14 [94] generator with the MEPS@NLO prescrip-
tion [95–98]. LO MEs for up to four partons and NLO MEs for up to two partons are cal-
culated with the Comix [99] and OpenLoops 2 [100–102] libraries. The NNPDF3.0nnlo
PDF set [90] is used and the samples are normalised to the NNLO prediction [103]. Top
quark backgrounds are modelled at NLO QCD in the five-flavour scheme with the damping
parameter hdamp = 1.5 mt [104] with Powheg Box v2 [85–88] and interfaced to Pythia
8.308 [91]. Additional backgrounds from tt̄V , diboson production and other Higgs boson
production modes (ggF/VBF) are generated as listed in Table 5.1.

All MC samples produced with Powheg Box and Madgraph5_aMC@NLO are inter-
faced to Evtgen v2 [105] for the decays of bottom and charm hadrons. Additional pp

collisions (pile-up) are generated with Pythia 8.186 [106] (A3 tune [107], MSTW2008LO
PDF set [108]) and overlaid onto the hard scattering. All samples are processed through
the standard Atlas detector simulation [109] based on Geant4 [110], and a subset fur-
ther employs the Atlas fast calorimeter simulation. A unique Dataset Identifier (DSID)
is assigned to each sample. The samples are split into the MC23a, MC23d and MC23e pro-
duction campaigns, simulated with the detector and pile-up conditions present at Atlas
data-taking in 2022, 2023 and 2024. The event weights are defined as

wevent = wmc · wpileup · SJVT · Sflavour−tagSID(τ1) · SID(τ2) · L · σ∑
i wmc,i

, (5.1)

where wmc is the generator-level MC statistics weight, wpileup accounts for pile-up effects,
SJVT and Sflavour−tag are scale factors for the jet vertex tagger and flavour tagger, SID(τk)

are scale factors derived for the τ lepton identification, L is the integrated luminosity of
the simulated data-taking period and σ the cross section of the simulated process. Truth-
level information from TopCPToolkit [111] is used for the tt̄H samples. At the time of
this analysis, the tHjb and tWH samples with α = 45◦ are only available for the MC23a
and MC23d campaigns. The DSIDs of all analysed samples are listed in Appendix A.
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6. Object Definition and Event
Selection

To reconstruct an event from the signals measured by the Atlas detector, object def-
initions that specify how the analysis attributes signals to physics objects are given in
Section 6.1. To focus on events with signatures matching those expected of the primary
signal process (tHjb) and corresponding decay channels of interest, preselection criteria
are applied as defined in Section 6.2. The categorisation of events into two signal (tHjb

and tt̄H) and two main background (Z → ττ and dileptonic tt̄ or tW ) processes using a
HGNN is described in Section 6.3.

6.1. Object Definitions

Dedicated algorithms perform the reconstruction of physics objects such as electrons or
jets from the measured energy deposits in the calorimeters and individual hits in the
tracking detectors and the muon spectrometer. The resulting information for each ob-
ject is a reconstructed four-momentum (requiring dedicated calibrations) and additional
properties, e.g. the charge. In the following text, the terms leading and sub-leading refer
to the object with the highest and second-highest transverse momentum.

The flight trajectories of charged particles traversing the Inner Detector are reconstructed
as tracks from individual hits in the silicon pixel and strip detectors, as well as drift cir-
cles in the Transition Radiation Detector. To identify the location of the hard-scattering
interaction, the primary vertex is reconstructed from at least two tracks and defined as
the vertex with the highest sum of p2

T of the associated tracks.

Due to the colour confinement imposed by QCD, described by the large value of αs at
low energy scales, coloured particles such as quarks and gluons hadronise and produce
collimated streams of colour-neutral hadrons. These jets are reconstructed by applying
the anti-kt algorithm [112, 113] with a jet radius R = 0.4 to topological energy clusters in
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6. Object Definition and Event Selection

the calorimeter and tracks processed with a particle-flow algorithm [114]. The jet energy
is corrected for noise threshold effects, non-compensating calorimeter response, pile-up
contamination and energy loss from the inactive material due to the design as a sampling
calorimeter [115]. Only jets with transverse momentum pT ≥ 20 GeV and pseudorapidity
|η| < 4.5 are considered. Jet vertex tagger (JVT) algorithms are employed to remove jets
with pT < 60 GeV identified as not associated with the primary vertex [116, 117].

Flavour tagging separates other hadronic jets (such as light-jets or hadronic τ -lepton de-
cays) from b-jets containing b-hadrons and is of special importance for top quark analyses
as top quarks predominantly decay into a W boson and a b-quark. The tagging of b-
jets relies on the high mass, high decay multiplicity and long lifetime (τ ∼ 10−12 s) of
b-hadrons, often causing a displaced secondary vertex. The transformer-based GN2v01
flavour tagger [118] is employed with a working point (WP) of 85%, where b-jets are
positively identified as such with 85% efficiency as measured in tt̄ events. The bachelor
jet is defined as the leading non-b-tagged jet that is not matched to the best top quark
candidate as determined by the HGNN employed in this analysis for multiclass event cat-
egorisation into signal and background processes. Further details are found in Section 6.3.

Hadronically decaying τ -leptons produce a neutrino and visible decay products (τhad−vis).
Their reconstruction is seeded by jets reconstructed from topological clusters in the
calorimeter deposits employing the anti-kt algorithm with R = 0.4 [112, 113]. A recur-
sive NN (RNN) algorithm is used to identify tracks originating from a τhad−vis. To reject
τhad−vis candidates composed of quark- or gluon-induced jets, the transformer-based GNN
identification algorithm GNTau that combines track, cluster and jet information with
global jet properties is employed with a medium WP [119]. Additionally, the number of
τ -leptons that also pass the tight WP is stored. Candidates τhad−vis are required to fulfil
pT ≥ 25 GeV and |η| < 2.47.

Electrons are reconstructed from matching ID tracks and ECAL energy deposits [120] and
identified with a medium WP employing a likelihood criterion based on track properties
and calorimeter shower shapes [120, 121]. Electrons with pT ≥ 15 GeV and |ηcluster| < 2.47
are retained and a loose isolation criterion is required. Muons are reconstructed through
a combined fit of ID and MS tracks. They are required to satisfy pT ≥ 10 GeV, |η| < 2.47,
pass a loose identification and tight isolation with a variable isolation radius [122].

To resolve the ambiguity of reconstructed objects sharing some of their constituent tracks
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6.1. Object Definitions

or calorimeter clusters, an overlap removal procedure is applied to the objects defined
above using the AssociationUtils package with the standard WP as described in Ref-
erence [123].

The total transverse momentum is conserved and approximately zero before the central
pp collision. The missing transverse momentum Emiss

T contains information about neutri-
nos and other non-detectable particles and is defined as the negative vector sum of the
transverse momenta of leptons, jets, τhad−vis and a soft term summing all pT of tracks
matched to the primary vertex but not to any of the previous objects [124]. Its magnitude
is referred to as the missing transverse energy Emiss

T , for Emiss
T ̸= 0 the azimuthal angle

ϕMET is defined as shown in Equation (6.1).

ϕMET =


arccos

(
px,miss
Emiss

T

)
if py,miss ≥ 0

− arccos
(

px,miss
Emiss

T

)
if py,miss < 0

(6.1)

A summary of the applied object definitions is shown in Table 6.1.

Table 6.1.: Summary of the object definitions adapted in the analysis.
object definition

jets anti-kt algorithm (R = 0.4) + particle-flow algorithm
pT ≥ 20 GeV and |η| < 4.5

pass JVT
b-tagged jets all requirements for jets

pass GN2v01 flavour tagger at 85% WP
bachelor jet leading non-b-tagged jet

that is not matched to the best top quark candidate
τhad−vis anti-kt algorithm (R = 0.4)

RNN for track identification
identification with GNTau at medium WP

pT ≥ 15 GeV and |η| < 2.47
electron medium identification, loose isolation

pT ≥ 15 GeV and |ηcluster| < 2.47
muon loose identification, tight isolation

pT ≥ 10 GeV and |η| < 2.47
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6. Object Definition and Event Selection

6.2. Event Selection

Preselected events must have a reconstructed primary vertex with at least two associated
tracks with transverse momenta pT ≥ 500 MeV, ensuring a high likelihood for a hard par-
ton interaction. The Atlas trigger system for Lhc Run 3 is employed [81]. Preselected
data events need to be part of the Atlas good run list (GRL) files that record luminosity
blocks (of one minute length) where all parts of the Atlas detector were operational and
the collected data is deemed usable for analyses.

To isolate kinematic regions with enhanced signal and simultaneously reject background
events, the preselection further imposes topological and kinematic cuts on the recon-
structed objects. As the analysis focuses on tH and tt̄H events with H → ττ in the full-
hadronic decay channel, visible decay products τhad−vis of two τ -leptons of opposite charge
and no additional leptons are required. The Higgs boson candidate is formed by the vec-
tor momentum sum of the visible decay products τhad−vis and Emiss

T . Its four-momentum
is calculated using the likelihood-based Missing Mass Calculator (MMC) technique [125].

Both reconstructed visible τ -lepton candidates τhad−vis need to fulfil pT ≥ 30 GeV, with
the leading τhad−vis passing a stricter cut of pT ≥ 40 GeV. The azimuthal distance is
required to fulfil 0.6 ≤ ∆Rτhad−visτhad−vis ≤ 3.2. At least one b-tagged jet and in total at
least 3 jets (from the hadronically decaying top quark) are required. All jets need to
satisfy pT ≥ 25 GeV. Furthermore, the existence of a jet with |η| < 3.2 and pT ≥ 70 GeV
is required due to a corresponding L1 requirement of the di-τ trigger employed in the
analysis [81]. The fraction of the τ -lepton’s momentum carried by its visible decay prod-
ucts, computed with the Emiss

T components in the collinear approximation and defined as
x1 and x2 for the leading and sub-leading τhad−vis, is required to satisfy 0.1 ≤ x1,2 ≤ 1.4.
A summary of the preselection criteria is provided in Table 6.2. An additional analysis
selection is defined for usage in Section 6.3 and 8.5 by requiring that an event passes all
preselection criteria, and imposing an additional cut that at least one τ -lepton needs to
pass the tight WP of the GNTau algorithm [119].

6.3. Event Categorisation

To identify the tHjb and tt̄H signal processes and improve background rejection, a trained
HGNN developed during an internship [60], following a BSc thesis [61], is employed. Top-
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6.3. Event Categorisation

Table 6.2.: Summary of the preselection criteria applied in the analysis.
object preselection requirements
electron ne = 0
muon nµ = 0

τhad−vis nτ = 2
opposite charge

pT ≥ 30 GeV
leading τhad−vis: pT ≥ 40 GeV
0.6 ≤ ∆Rτhad−visτhad−vis ≤ 3.2

xi 0.1 ≤ x1,2 ≤ 1.4
jets pT ≥ 25 GeV

nj ≥ 3
nb ≥ 1

∃ jet with |η| ≤ 3.2 and pT ≥ 70 GeV

quark candidates are reconstructed using hyperedges, with the highest-scoring candidate
selected first and the second candidate identified after removing the three jets assigned to
the best candidate. More details on the HGNN architecture, the input features and the
truth matching procedure that was used can be found in the given references. The objects
of interest for this analysis are the leading and sub-leading top quark, τ -lepton (τ1 and τ2),
b-jet and light (u, d, c, s- or gluon) jet, as well as the bachelor jet (see Section 6.1). The
distributions of kinematic variables pT and η of all objects of interest with the analysis
selection applied as described in Section 6.2 are given in Figures 6.1 and 6.2.

Events are categorised into four separate classes according to their highest prediction
score among the four classes: two for the signals (tt̄H and tHjb) and two for the main
backgrounds, Z(ττ) and dileptonic top background (tt̄ and tW ). Events are assigned
to signal regions (SRs) or control regions (CRs). The SRs are designed to maximise the
sensitivity to the signal processes, while the CRs are enriched in the dominant background
processes and used to constrain their normalisation and reduce the associated systematic
uncertainties in the statistical fit. For all SRs and CRs, the analysis selection needs to be
fulfilled. For the tt̄H and tHjb SR, events are required to be categorised into the tt̄H or
tHjb class by the HGNN, respectively. Similarly, for the Z(ττ) and dileptonic tt̄/tW CR,
events are required to be categorised into the Z(ττ) or dileptonic tt̄/tW background class,
respectively. The distributions of kinematic variables pT and η of all objects of interest
in all SRs and CRs are given in Figures B.1–B.8 in Appendix B.
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Figure 6.1.: Transverse momentum pT of the best and second-best top quark candidate
determined by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton,
b-jet and light-jet, and the bachelor jet with the analysis selection applied as
described in Section 6.2.
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Figure 6.2.: Pseudorapidity η of the best and second-best top quark candidate determined
by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton, b-jet and light-
jet, and the bachelor jet with the analysis selection applied as described in
Section 6.2.
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7. CP-sensitive Observables

Top-associated Higgs boson production can constrain CP properties of the top-Higgs
Yukawa coupling through rate measurements, kinematic variable distributions and CP-
odd observables. While CP-odd observables would in principle provide an unambiguous
method to probe CP symmetry, their reconstruction from measurements would require
knowledge of the polarisation of the top quark and a method for differentiating between
up- and down-type quarks in the hadronic decay channel of interest. For the current Run
3 dataset, this is not feasible. This analysis therefore focuses on specifically constructed
kinematic CP-sensitive observables defined in Section 7.1. Their distributions are provided
in Section 7.2.

7.1. Definitions

The CP-sensitive observables used in this analysis are defined in the right-handed coor-
dinate system described in Section 4.2 as employed in Atlas, writing three-momenta as
p = (px, py, pz). Subscripts indicate the particle that is referred to. The observables are
taken from existing proposals in literature [126–142] and were originally developed for the
tt̄H signal process where they are computed between the top and anti-top quark. None
of the variables evaluated in their respective rest frames require a distinction between the
top and anti-top quark, since such a distinction would be difficult to realise in experiments.

For the tHjb signal, the CP-sensitive variables are constructed using the best top candi-
date and the bachelor jet, which is expected to originate from the light spectator quark
and denoted by a B subscript. The Higgs boson is referred to by the subscript H. A nor-
mal vector n = (0, 0, 1) is defined. An overview of the CP-sensitive observables used in the
analysis and the respective rest frames in which they are analysed is provided in Table 7.1.

To transform into the rest frame of system S defined by pS = 0 (where S is replaced by tB

or tt̄ for the corresponding signal processes) starting from the lab frame, first a rotation
around the z axis is applied such that pT,S is parallel to the x-axis. A boost along the
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7. CP-sensitive Observables

Table 7.1.: Overview of the CP-sensitive observables considered in this analysis, including
their definition and the rest frames in which they are analysed. The placeholder
X should be read as t̄ for the tt̄H signal process and as B for the tHjb and
tWH signal processes.
observable definition reference frame

pT,H directly available from MMC lab frame
|∆ηtX | |ηt − ηX | lab frame
|∆ϕtX | |ϕt − ϕX | lab frame

b2/tX
(pt×n)(pX×n)

|pt|·|pX | lab frame
b4/tX

pz
t pz

X

|pt|·|pX | lab frame
| cos θ∗|tX |pt·n|

|pt|·|n| tX rest frame

x-axis is performed so that pT,S = 0. Then, a boost along the z-direction ensures pS = 0.
The procedure is illustrated in Figure 7.1.

Figure 7.1.: The transformation from the lab frame to the rest frame of system S defined
by pS = 0 as adapted in this work, where S corresponds to tB for the tHjb
and tWH signal and to tt̄ for the tt̄H signal [143].

Because the bachelor jet is expected to originate from the light spectator quark as seen
in Figure 2.5a and the corresponding truth-level information is not stored directly in the
analysis framework that was used [111], CP-sensitive observables for the tHjb signal are
computed only from reconstructed objects. The impact of the reconstruction step is in-
stead evaluated using the tt̄H process, where the CP-sensitive observables are constructed
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7.2. Distributions

between the tt̄ pair on which truth-level information is available.

7.2. Distributions

The distributions of the CP variables presented in Table 7.1 for the tHjb process com-
puted from reconstructed objects for MC samples generated with different CP mixing
angles α (see Equation (2.9)) are shown in Figure 7.2. For the tt̄H signal, the variables
are computed from truth-level MC information and reconstructed objects as shown in
Figure 7.3. The separation power of the observables is observed to be significantly re-
duced for the reconstructed objects compared to truth-level information. The effect is
particularly prominent in the case of b4/tt̄ and |∆ϕtt̄|. Migration matrices indicating the
bin-by-bin migration from a truth bin to a reconstructed bin for each variable are com-
prised in Appendix C.

For the tWH signal process, the CP-sensitive quantities are not constructed as the bach-
elor jet does not correspond to a physical object of interest in the study of CP properties.
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Figure 7.2.: Distributions of the CP-sensitive observables from Table 7.1 computed from
the reconstructed top quark and bachelor jet for MC samples of the tHjb
process simulated with α = 0◦, 45◦ and 90◦. The analysis selection is applied.
The bottom panel shows the ratio to the SM prediction (α = 0◦).
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Figure 7.3.: Comparison of the CP-sensitive observables from Table 7.1 computed from
reconstructed objects to a computation from MC truth information in the
tt̄H signal process, using samples simulated with a mixing angle α = 0◦, 45◦

and 90◦. The analysis selection is applied. The bottom panel shows the ratio
to the SM prediction (α = 0◦).
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8. Separating CP-Hypotheses

To discriminate between CP-even and CP-mixed top-Higgs Yukawa couplings in the tHjb

and tt̄H signal processes, binary classifiers employing Gradient Tree Boosting as specified
in Section 8.1 are trained and evaluated according to Section 8.2. The CP-sensitive ob-
servables are computed between the relevant objects as introduced in Chapter 7. Separate
classifiers are trained for the two processes as described in Section 8.3 and 8.4 and applied
in their corresponding signal regions. The performance of the HGNN is evaluated in new
regions defined according to the CP classification. The results are shown in Section 8.5.

8.1. Binary Classifier Specifications

MC-generated samples for different CP mixing angles α (see Equation (2.9)) from 0◦

(CP-even) to 90◦ (CP-odd) in steps of 15◦ are processed [111, 144, 145]. The CP-sensitive
quantities b2/tX , b4/tX , | cos θ⋆|tX , |∆ηtX |, |∆ϕtX | and pT,H (where tX corresponds to tt̄ or
tB as described previously) are computed and used as an input to the classifier. Another
kinematic variable of the Higgs boson, ηH , was not yet investigated as a CP-sensitive
observable in existing proposals, but it was found to improve the classifier’s performance
in some cases and therefore added as an input variable.

The binary classification is based on XGBoost (Extreme Gradient Boosting), a scalable
ML system employing Gradient Tree Boosting as explained in Section 3.5 [63, 146]. Class
weights are balanced by taking the sum of the weights for each class, selecting the maxi-
mum and scaling the weights for the other class by a factor calculated as the maximum
sum divided by the sum of weights of that class. Events where one of the top quarks or
the bachelor jet is not reconstructed contain placeholder values set to -999.0 for the CP
observables and are omitted in training. Negative MC weights are part of the complete
SM prediction, however, including them in training can lead to a negative weighted av-
erage loss per batch which causes the minimisation procedure of the training to break
down as the loss diverges towards negative infinity. To remove events with negative MC
weights while preserving the physical meaning, the positive weights are re-weighted by
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8. Separating CP-Hypotheses

a sample-wise computed scale factor ∑i wi/
∑

i,wi>0 wi to account for the normalisation
impact of the negative weights. A summary table of the MC statistics available for train-
ing the binary classifiers after removing events with placeholder values or negative MC
weights is provided in Table D.1 in Appendix D.1.

The weighted binary cross-entropy loss function

L =
∑

−wn[yn · ln pn + (1 − yn) ln(1 − pn)] , (8.1)

is used for training, where wn is the weight of event n, yn is the true label (0 for CP-even,
1 for CP-mixed) and pn is the prediction, a continuous output score from 0 to 1 with 0
corresponding to predicting the CP-even and 1 the CP-odd scenario.
The model is specified through various parameters that are described in the documenta-
tion of XGBoost [147, 148] and set according to Table D.2 provided in Appendix D.2.

8.2. Evaluation Metrics

This section describes the evaluation metrics implemented to judge the model’s perfor-
mance. The model is trained and evaluated using four-fold cross validation as described in
Section 3.2. Four independent models (folds) are trained and each event is evaluated only
by the fold for which it belongs to the corresponding test set. This ensures every event
remains statistically independent of the model that evaluates it and contributes exactly
once to the final estimates of the model’s performance.

For each fold, the false positive rate (FPR) and true positive rate (TPR) for a set of
events O ⊆ E where E denotes the test set of the fold under consideration, are defined as

FPRO =
∑

i∈O wCP−even
i∑

j∈E wCP−even
j

and TPRO =
∑

i∈O wCP−odd
i∑

j∈E wCP−odd
j

(8.2)

where w are the corresponding event weights. The set O is parametrised by the treshold
pcut set on the output score pn of the ML model for event n as O(p) = {event n | pcut ≤
pn}. The receiver operating characteristic (ROC) curve illustrates the performance of the
binary classifier at different threshold values applied to the output score, above which an
event is classified as CP-odd in this analysis. A separate ROC curve and corresponding
area under the ROC curve (AUC) are computed for each fold. The AUC is calculated by
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8.2. Evaluation Metrics

approximating the integral with the trapezoid rule,

AUC ≃
nAUC

bins −1∑
i=0

TPR(FPRi+1) + TPR(FPRi)
2 (FPRi+1 − FPRi) , (8.3)

with nAUC
bins being the number of bins for the numerical integration. A higher AUC implies

a better-performing model.

To visualise the classifier’s performance, a confusion matrix using a cut of 0.5 on the
model output score to discriminate between CP mixing angle 0◦ and 90◦ (or another
mixing angle ̸= 0◦) is used. The confusion matrix is computed from the combined set of
out-of-fold predictions obtained from all four test folds and therefore corresponds to the
performance of the classifier on the full dataset while maintaining statistical independence
between training and evaluation samples.

To study the importance of individual input features for the model’s performance, the
technique of permutation importance is used. For each fold and each input variable, the
entries of that input variable are randomly permuted between events of the corresponding
test set while all other variables are left unchanged. The AUC obtained with the shuffled
set is compared to the AUC of the nominal (unshuffled) set, AUCnom. The resulting relative
degradation in the model’s performance, the permutation importance, is measured as

∆AUC = AUCnom. − AUC
AUCnom.

(8.4)

If the input feature carries significant information on the classification task (in this case,
the CP mixing angle), a high permutation importance of that feature is expected. The
permutation importance is evaluated independently for each fold and the average over
the four folds is chosen as the final permutation importance of the input feature. The
variation between folds is used to estimate the stability of the feature’s importance.

Additionally, the separation power of the individual input features and the output of the
trained model is studied. Taking the number of bins to be nsep.

bin = 10, the separation S
provided by a variable is given by

S = 1
2

nsep.
bin∑
i

(Si − Bi)2

(Si + Bi)
(8.5)

where Si and Bi are the normalised number of CP-odd (signal) and CP-even (background)
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8. Separating CP-Hypotheses

events in the i-th bin of the variable’s distribution. Therefore, a comparison of the sep-
aration powers provided by different variables is only meaningful if the same number of
bins is used in all histograms. For the classifier output, the separation is computed using
the combined set of out-of-fold predictions from all four test folds.

8.3. Binary Classification for the tHjb Signal

A binary classifier based on the XGBoost package [146] with its parameters set as de-
scribed in Section 8.1 is trained by employing a four-fold cross validation procedure. Each
fully trained fold is then evaluated on its respective test set according to the metrics set
in Section 8.2.

8.3.1. Distinguishing the CP-even and CP-odd Scenario

The logarithm ln(L) of the loss function given by Equation (8.1), computed on the training
and validation set for each fold of the binary classifier trained on MC-generated samples
of the tHjb process for a completely CP-even vs CP-odd coupling is shown on the left in
Figure 8.1, whereas the ROC curve for each fold of the classifier evaluated on its respec-
tive test set is shown on the right. While large differences in the number of trees between
the folds as well as slightly different limits for ln(L) can be observed, all folds reach very
similar values of about 0.65 for the AUC defined according to Equation (8.3).
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Figure 8.1.: Logarithm ln(L) of the training and validation loss plotted against the number
of trees (left) and ROC curve (right) for each fold of the binary classifier
trained on tHjb samples for CP-even (mixing angle 0◦) and CP-odd (90◦)
top-Higgs-Yukawa coupling.
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8.3. Binary Classification for the tHjb Signal

The confusion matrix of the classifier, using a cut of 0.5 on the model output score to
discriminate between CP mixing angle 0◦ and 90◦, is shown on the left in Figure 8.2. The
matrix is normalised per row. The ranked permutation importance for all input variables
of the CP-even vs CP-odd classifier for the tHjb signal process is shown in Figure 8.2 on
the right.
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Figure 8.2.: Confusion matrix normalised per row, employing a cut of 0.5 (left) on the
output of the binary CP-even (mixing angle 0◦) vs CP-odd (90◦) classifier
for the tHjb signal, and ranked permutation importance of its input features
(right).

The separation power of the individual input features and the trained model is calcu-
lated according to Equation (8.5) with the number of bins chosen to be nsep.

bin = 10. The
normalised number of events as a function of the model output score and the calculated
separation power of the score and each input variable for the CP-even vs CP-odd classifier
for the tHjb signal are shown in Figure 8.3. It can be seen that the ML model provides
an increased separation power compared to the individual variables, however due to the
insufficient separation contained in the input variables the separation power of the final
model is also limited. Furthermore, a discrepancy in the rankings of input features ac-
cording to separation power and permutation importance is noticed when comparing the
Table in Figure 8.3 to the permutation importance plot on the right in Figure 8.2.
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Figure 8.3.: Normalised number of events plotted against the output score of the CP-even
(mixing angle 0◦) and CP-odd (90◦) classifier (left) and ranked separation
power of the CP-sensitive observables listed in Table 7.1 and the output score
(right) for the tHjb signal.

8.3.2. Separation Power for Comparing the CP-even Scenario
to Different CP-mixed Scenarios

The training and evaluation process outlined in the previous section for distinguishing the
CP-even and CP-odd scenario can be repeated for five separate classifiers with an identical
architecture that distinguish the CP-even scenario from the available CP-mixed scenarios
α = 15◦, 30◦, 45◦, 60◦ and 75◦, respectively. For each of the classifiers, the separation power
of each input variable and the output score of the trained model is computed as described
in the previous section. A summary of the computed separation powers for the individual
input features and output score for all classifiers is provided in Table 8.1. As the current
exclusion limit at 95% confidence level for the CP mixing angle is at αexcl. = 43◦ [149], the
performance of the classifier distinguishing the CP-even against the maximally CP-mixed
scenario (α = 45◦) is of special importance. Therefore, all plots provided in Section 8.3.1
are reproduced for this classifier and shown in Figures E.1–E.3 in Appendix E.

8.4. Binary Classification for the tt̄H Signal

A binary classifier with the same architecture as the classifier for the tHjb signal processes
is implemented to study the tt̄H signal. In this case, the CP-sensitive quantities given as
input features are constructed between the top and anti-top quark. All evaluation metrics
are applied as described for the tHjb process in Section 8.3.
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8.4. Binary Classification for the tt̄H Signal

Table 8.1.: Separation power in % for the CP-sensitive observables listed in Table 7.1, the
additional input variable ηH and the classifier output score for distinguishing
different scenarios for the CP mixing angle α from Equation (2.9) in tHjb
samples. Darker colour corresponds to larger separation.

Variable 0◦ vs 15◦ 0◦ vs 30◦ 0◦ vs 45◦ 0◦ vs 60◦ 0◦ vs 75◦ 0◦ vs 90◦

output score 0.001 0.412 2.616 5.082 5.875 6.895
| cos θ∗| 0.044 0.638 1.634 3.196 3.626 4.436

b4 0.056 0.484 1.235 2.498 2.975 3.722
b2 0.088 0.720 1.506 2.768 3.040 3.665

|∆ηtB| 0.057 0.472 1.126 2.444 2.827 3.500
ηH 0.070 0.649 1.065 1.834 2.112 2.305

pT,H 0.105 1.079 1.907 2.362 2.271 2.144
|∆ϕtB| 0.049 0.039 0.243 0.312 0.390 0.545

8.4.1. Distinguishing the CP-even and CP-odd Scenario

A binary classifier is trained on MC-generated tt̄H samples with a completely CP-even vs
CP-odd coupling as described for the tHjb process in Section 8.3.1. The logarithm ln(L)
of the loss function given by Equation (8.1), computed on the training and validation set
for each fold, is shown on the left in Figure 8.1, whereas the ROC curve for each fold is
shown on the right. Similarly to the classifiers trained on the tHjb samples described in
Section 8.3.1, large differences in the number of trees between the folds as well as slightly
different limits for ln(L) can be observed. However, all folds again reach very similar
values of about 0.656 for the AUC defined according to Equation (8.3).

The confusion matrix of the classifier for the tt̄H signal is shown on the left in Figure 8.5,
and the ranked permutation importance for all input variables is given on the right. All
metrics are calculated following the description provided for the tHjb process in Sec-
tion 8.3.1. Compared to the permutation importance observed for the classifier employed
in the tHjb signal process (see Figure 8.2 on the right), the input variables show very
different permutation importances.

The normalised number of events as a function of the model output score and the calcu-
lated separation power of the score and each input variable are shown in Figure 8.6. In
this case, no deviations between rankings of the input variables according to separation
power and permutation importance are observed. Compared to the model trained for the
tHjb signal, fewer variables contain information that improves the classifier.
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Figure 8.4.: Training and validation loss plotted against the number of trees (left) and
ROC curve (right) of the binary classifier trained on tt̄H samples for CP-
even (mixing angle 0◦) and CP-odd (90◦) top-Higgs-Yukawa coupling.
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Figure 8.5.: Confusion matrix normalised per row and employing a cut of 0.5 (left) of the
binary CP-even (mixing angle 0◦) vs CP-odd (90◦) classifier for the tt̄H signal
processes, and ranked permutation importance of its importance (right).

8.4.2. Separation Power for Comparing the CP-even Scenario
to Different CP-mixed Scenarios

The procedure described in Section 8.3.2 is repeated to train five classifiers that distinguish
the CP-even scenario from α = 15◦, 30◦, 45◦, 60◦ and 75◦ in the tt̄H process. A summary of
the separation powers for the individual input features and output score for all classifiers
is provided in Table 8.2. All plots provided in Section 8.4.1 are reproduced for a classifier
distinguishing α = 0◦ and α = 45◦ and shown in Figures E.4–E.6 in Appendix E.
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Figure 8.6.: Normalised number of events plotted against the output score of the CP-even
(mixing angle 0◦) and CP-odd (90◦) classifier (left) and ranked separation
power of the CP-sensitive observables listed in Table 7.1 and the output score
(right) for the tt̄H signal.

Table 8.2.: Separation power in % for the observables listed in Table 7.1, the additional
input variable ηH and the output score for distinguishing different CP-mixed
scenarios in tt̄H samples. Darker colour corresponds to larger separation.

Variable 0◦ vs 15◦ 0◦ vs 30◦ 0◦ vs 45◦ 0◦ vs 60◦ 0◦ vs 75◦ 0◦ vs 90◦

output score 0.001 0.001 1.099 3.371 5.966 7.257
pT,H 0.020 0.101 0.513 1.435 2.613 3.306

| cos θ∗| 0.007 0.146 0.625 1.656 2.788 3.257
|∆ηtt̄| 0.009 0.154 0.658 1.678 2.772 3.250

b4 0.016 0.138 0.465 1.224 1.909 2.258
b2 0.004 0.029 0.175 0.498 0.804 0.942
ηH 0.010 0.034 0.117 0.346 0.641 0.921

|∆ϕtt̄| 0.011 0.024 0.102 0.252 0.396 0.490

8.5. Integration into the HGNN used for Event
Classification

The binary classifiers described in the previous sections discriminate between different
scenarios for the CP mixing angle α (see Equation (2.9)) only by comparing the shape of
the distributions of the CP-sensitive variables introduced in Chapter 7. A CP-symmetry-
violating top-Higgs-Yukawa coupling would also cause a significant change in cross sec-
tions as listed in Table 2.1, yielding more signal events for the tHjb and tWH process and
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less for the tt̄H process. A change in the cross sections could provide more information
than utilising only the differences in the shape of distributions for the objective of dis-
tinguishing different scenarios for the CP-mixing. An increase above the expected cross
section could however also be caused by different BSM effects, whereas the CP variables
are designed to be relatively insensitive to other effects except for a CP-mixed scenario
of the top-Higgs-Yukawa coupling. The impact of the shape distributions of CP-sensitive
variables in comparison to the expected changes in cross section is analysed in this Section.

A HGNN is used as described in Section 6.3 to reconstruct the best top/anti-top quark
candidates and categorise events into four separate classes according to their highest pre-
diction score among the four classes: tt̄H, tHjb, Z(ττ) and dileptonic top background (tt̄
and tW ) [60, 61]. The tt̄H and tHjb SRs are defined as described in Section 6.3 according
to the respective predicted output class by the HGNN, along with fulfilling the analysis
selection defined in Section 6.2.

In these signal regions, the respective binary classifiers that were trained on the tHjb

or tt̄H samples as described in the previous sections are applied. In Figure 8.7, the
output of the binary classifier trained to distinguish CP-even and CP-odd tHjb samples
is plotted in the tHjb SR, using the CP-even (on the left) or CP-odd (on the right) signal
samples as input, along with CP-even background samples (if the coupling is involved).
Similarly, in Figure 8.8, the output of the classifier trained to distinguish CP-even and
CP-odd tt̄H samples is plotted in the tt̄H SR for the same input samples. No significant
change caused by possible selection-specific acceptance effects of the expected increase
in cross section for the tHjb process and decrease for the tt̄H process is observed in the
MC samples. When comparing the shape distributions of the classification for the tt̄H

signal in Figure 8.8 represented by the solid lines, a nearly flat distribution is observed
for the CP-even signal samples. However, for the CP-odd samples, a higher content with
a factor of approximately two compared to the CP-even (score ≤ 0.5) bin is observed in
the CP-odd bin (score > 0.5) for all three signal samples. For the classifier trained on the
tHjb, however, the content in the CP-even bin is much higher for both the CP-even and
CP-odd signal samples, showing a lower performance level compared to the tt̄H classifier.
Furthermore, as seen in Figure 8.8, the tt̄H SR contains many tHjb events in the CP-
odd case, whereas in the CP-even case the tHjb is almost completely filtered out by the
HGNN. This shows the performance of the HGNN used in event classification is likely
impacted in the case of CP-mixing, as it was solely trained on CP-even input samples.
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Figure 8.7.: Output score of the binary CP angle classifier trained to analyse the tHjb
signal in the tHjb SR defined by the HGNN. The top-Higgs-Yukawa coupling
for all three signal samples is simulated with α = 0◦ on the left and α = 90◦

on the right using the HC model shown in Equation (2.9). The background
samples are modelled with α = 0◦.
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Figure 8.8.: Output score of the binary CP angle classifier trained to analyse the tt̄H
signal in the tt̄H SR defined by the HGNN. The top-Higgs-Yukawa coupling
for all three signal samples is simulated with α = 0◦ on the left and α = 90◦

on the right using the HC model shown in Equation (2.9). The background
samples are modelled with α = 0◦.

47



8. Separating CP-Hypotheses

In the tHjb SR defined by the output of the HGNN, two separate SRs are defined: the
tHjbα=0◦ SR is defined by the same criteria as the tHjb SR along with imposing an ad-
ditional cut of score<0.5 on the output score of the binary CP-even (α = 0◦) vs CP-odd
(α = 90◦) classifier for the tHjb signal. The tHjbα=90◦ instead imposes an additional cut
of score<0.5 on the output score. The distribution of the output score for the tHjb class
of the HGNN in the tHjbα=0◦ and the tHjbα=90◦ SR is shown in Figure 8.9. The tHjb,
tWH and tt̄H signal samples are simulated using the HC model with a mixing angle
α = 0◦ in the top row, α = 45◦ in the middle row and α = 90◦ in the bottom row for the
top-Higgs-Yukawa coupling. The background samples are modelled with α = 0◦. A severe
degradation in the event classification performance of the HGNN for the tHjb signal is
observed in the shape distributions of the tHjb-score for the CP-mixed tHjb samples in
both the CP-even and CP-odd region. The tHjb output score of the multi-class HGNN
does not provide a good separation between the background samples (or other signal sam-
ples) and the CP-mixed tHjb sample.

An analogous procedure is applied in the tt̄H SR defined by the output of the HGNN,
where again two separate SRs are defined: the tt̄Hα=0◦ SR is defined by the same criteria
as the tt̄H SR along with imposing an additional cut of score<0.5 on the output score
of the binary CP-even (α = 0◦) vs CP-odd (α = 90◦) classifier for the tt̄H signal. The
tt̄Hα=90◦ instead imposes an additional cut of score ≥ 0.5 on the output score. The
distribution of the output score for the tt̄H class of the HGNN in the tt̄Hα=0◦ and the
tt̄Hα=90◦ SR is shown in Figure 8.10, following the same three cases for the modelling of
the signal and background samples described above. In contrast to the previous study,
the performance of the HGNN in the classification of the tt̄H signal does not show any
significant decrease. However, the tHjb and tWH signal samples show a shift to higher
tt̄H scores in the CP-mixed samples, likely leading to a reduced ability of the HGNN to
distinguish between different signal samples.

8.6. Systematic Uncertainties

Due to the time frame of this thesis, systematic uncertainties are not studied in the
analysis of the binary classifiers employed to distinguish different scenarios for the CP
mixing angle α that were described in Section 8.3 and 8.4. However, the analysis of the
HGNN that was used for event categorisation into the two signal processes and two main
backgrounds estimates systematic uncertainties as explained in [60, 61].

48



8.6. Systematic Uncertainties

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

tHjb-Score

0.5

0.75

1

1.25

 

D
at

a 
/ P

re
d.

1−10

1

10

210

310

410

510

E
ve

nt
s

-1 = 13.6 TeV, 161 fbs
tHjb-CP0-region 

tHjb ttH
tWH 129.3 x tHjb *
155.2 x ttH * 2641.4 x tWH *
top (fakes)

dilep.
top

other Higgs +τ-τ→Z
other fakes VV+VVV
ttV singletop
Uncertainty

*: normalised to total prediction

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

tHjb-Score

0.5

0.75

1

1.25

 

D
at

a 
/ P

re
d.

1−10

1

10

210

310

410

510

E
ve

nt
s

-1 = 13.6 TeV, 161 fbs
tHjb-CP90-region 

tHjb ttH
tWH 192.7 x tHjb *
114.8 x ttH * 1445.3 x tWH *
top (fakes)

dilep.
top

other Higgs +τ-τ→Z
other fakes VV+VVV
ttV singletop
Uncertainty

*: normalised to total prediction

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

tHjb-Score

0.5

0.75

1

1.25

 

D
at

a 
/ P

re
d.

1−10

1

10

210

310

410

510

E
ve

nt
s

-1 = 13.6 TeV, 161 fbs
tHjb-CP0-region 

)°tHjb (45 )°ttH (45
)°tWH (45 ) *°84.7 x tHjb (45

) *°978.7 x ttH (45 ) *°3866.7 x tWH (45
top (fakes)

dilep.
top

other Higgs +τ-τ→Z
other fakes VV+VVV
ttV singletop
Uncertainty

*: normalised to total prediction

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

tHjb-Score

0.5

0.75

1

1.25

 

D
at

a 
/ P

re
d.

1−10

1

10

210

310

410

510

E
ve

nt
s

-1 = 13.6 TeV, 161 fbs
tHjb-CP90-region 

)°tHjb (45 )°ttH (45
)°tWH (45 ) *°106.8 x tHjb (45

) *°497.5 x ttH (45 ) *°1267.2 x tWH (45
top (fakes)

dilep.
top

other Higgs +τ-τ→Z
other fakes VV+VVV
ttV singletop
Uncertainty

*: normalised to total prediction

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

tHjb-Score

0.5

0.75

1

1.25

 

D
at

a 
/ P

re
d.

1−10

1

10

210

310

410

510

E
ve

nt
s

-1 = 13.6 TeV, 161 fbs
tHjb-CP0-region 

)°tHjb (90 )°ttH (90
)°tWH (90 ) *°57.2 x tHjb (90

) *°750.0 x ttH (90 ) *°1141.1 x tWH (90
top (fakes)

dilep.
top

other Higgs +τ-τ→Z
other fakes VV+VVV
ttV singletop
Uncertainty

*: normalised to total prediction

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

tHjb-Score

0.5

0.75

1

1.25

 

D
at

a 
/ P

re
d.

1−10

1

10

210

310

410

510

E
ve

nt
s

-1 = 13.6 TeV, 161 fbs
tHjb-CP90-region 

)°tHjb (90 )°ttH (90
)°tWH (90 ) *°56.8 x tHjb (90

) *°413.0 x ttH (90 ) *°410.5 x tWH (90
top (fakes)

dilep.
top

other Higgs +τ-τ→Z
other fakes VV+VVV
ttV singletop
Uncertainty

*: normalised to total prediction

Figure 8.9.: Distributions of the output score for the tHjb class of the HGNN in the
tHjbα=0◦ (left) and the tHjbα=90◦ (right) SR. The top-Higgs-Yukawa coupling
for all signal samples is simulated using the HC model with α = 0◦ in the
top row, α = 45◦ in the middle row and α = 90◦ in the bottom row. The
background samples are modelled with α = 0◦.
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Figure 8.10.: Distributions of the output score for the tt̄H class of the HGNN in the
tt̄Hα=0◦ and the tt̄Hα=90◦ SR. The top-Higgs-Yukawa coupling for all signal
samples is simulated using the HC model with α = 0◦ in the top row,
α = 45◦ in the middle row and α = 90◦ in the bottom row. The background
is modelled with α = 0◦.
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Based on cross section measurements, a CP-symmetry-violating coupling of the Higgs
boson to the top quark as described in the HC model, characterised by the mixing angle
α, is currently constrained to |α| < 43◦ at 95% confidence level [149]. However, the cross
section of a process is not only influenced by a possible CP-mixing in the coupling, but
also sensitive to various other effects. Therefore, several observables that are mostly insen-
sitive to other parameters and provide an exclusive probe of the CP-symmetry properties
are proposed in the literature [143] and were analysed in this thesis. It was observed that
the performance of the observables is severely impacted by detector-level efficiency and
reconstruction effects when comparing the results obtained from reconstructed objects to
particle-level information from the MC generator in the tt̄H signal process. A similar
degradation is expected for the tHjb signal process, accessing the particle-level MC in-
formation for the light spectator quark that is expected to correspond to the bachelor jet
used to compute the CP-sensitive observables would be necessary to quantify this state-
ment and was not possible in the time frame of this thesis.

The limited separation achieved by the considered CP-sensitive observables is partly
caused by the signature expected for tH and tt̄H production with H → τ+τ− in the
full-hadronic final state. Due to the high hadronic activity, the probability that the con-
structed bachelor jet does not correspond to the light spectator quark, meaning that the
wrong object is selected to compute the CP-sensitive observables, is much higher than
the probability of selecting the wrong objects in “cleaner” final states such as H → γγ.
Future studies could investigate the observables in other reference frames [143]. Further-
more, while the STXS v1.2 framework is primarily designed for differential cross section
measurements rather than CP studies, adopting its binning for the transverse momentum
of the Higgs boson, choosing the bin edges at pT,H = [0, 60, 120, 300, 450, +∞] GeV, and
a binning for the other variables that assigns less densely populated regions in the tails
of the variable distributions to wider bins, could be employed in future analyses.

Employing multivariate analysis methods by training dedicated gradient boosted tree
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classifiers for the CP-even and CP-odd hypotheses in the tHjb and tt̄H signal processes
provides an increased separation compared to the individual input variables. Despite the
substantially larger training statistics available for tt̄H, both classifiers achieve a compa-
rable performance with an AUC of approximately 0.65. The impact of individual input
variables, ranked according to the permutation importance metric and separation pow-
ers, differs considerably between the two processes. As the CP-sensitive observables were
originally proposed for the tt̄H process and simply transferred to the tHjb process with
an adapted computation targeted towards the light spectator quark instead of the second
top quark from the tt̄H process, this result suggests that some of the CP-observables
might not work equally well for the tHjb process.

The binary CP classifier trained on the tHjb samples shows only limited discrimination in
the tHjb SR, while the equivalent tt̄H classifier in the tt̄H SR provides moderate separa-
tion for all signal samples. The HGNN performs similarly in the CP-even and CP-odd SR
for both the tt̄H and tHjb processes and a significant degradation in event classification
performance is observed for the CP-mixed samples. The separations of the tHjb signal
from background and between signal samples are severely reduced in the CP-mixed cases.
Since the CP-sensitive observables that were analysed provide only limited discrimination,
an alternative approach would be to train an HGNN directly on the four-momenta of re-
constructed objects, optionally providing the CP-observables as additional input. Such
a network could simultaneously perform the classification in different processes and dis-
tinguish between CP-even and CP-odd hypotheses by creating two classes for each signal
process, corresponding to a CP-even or CP-mixed coupling.

For the tWH signal process, the bachelor jet does not correspond to a physical object
of interest in studying the CP-symmetry properties of the top-Higgs-Yukawa coupling.
However, the similarity between the W boson and the second top quark in leading-order
Feynman diagrams in Figures 2.5b and 2.6a suggests that the hadronically decaying W

boson (W → qq̄′) could be employed to compute the CP-sensitive variables for the tWH

process in place of the bachelor jet that was used to study the tHjb signal.

Overall, the thesis analysed CP-sensitive observables and their usage with ML methods
for probing the top-Higgs Yukawa coupling in tH and tt̄H production with H → ττ in
the full-hadronic final state. While the challenging event topology limits the performance
of the current observables, the results identify several promising directions for future
developments and demonstrate the potential of this channel for future analyses.
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A. List of Dataset Identifiers

Table A.1.: Summary of all MC samples used in this analysis and their DSIDs grouped
according to the categories used for plotting, with the mass of the top quark
and SM Higgs boson set to 172.5 GeV and 125 GeV, respectively.

Category Process DSID Generator
tt̄H (SM) tt̄H 6034(19–21) Powheg Box v06-03 + Pythia 8.310 + Evtgen v2.2.1
tHjb (SM) tHjb 546585 Madgraph5_aMC@NLO + Pythia 8.309 + Evtgen v2.1.1
tWH (SM) tWH 546586 Madgraph5_aMC@NLO + Pythia 8.309 + Evtgen v2.1.1
CP-mixed (HC) tt̄H 5746(35–41) Madgraph5_aMC@NLO + Pythia 8.308 + Evtgen v2.2.1

tHjb 5746(53–59) Madgraph5_aMC@NLO + Pythia 8.308 + Evtgen v2.2.1
tWH 5746(42–48 Madgraph5_aMC@NLO + Pythia 8.308 + Evtgen v2.2.1

top (dilep.) tt̄ (dilep.) 601230 Powheg Box v2 + Pythia 8.308 + Evtgen v2.1.1
tW (dilep.) 6013(53–54) Powheg Box v2 + Pythia 8.308 + Evtgen v2.1.1

top fakes tt̄ (allhad.) 601237 Powheg Box v2 + Pythia 8.308 + Evtgen v2.1.1
tt̄ (single lep.) 601229 Powheg Box v2 + Pythia 8.308 + Evtgen v2.1.1

single top t-ch. (tb lep.) 6013(48–59) Powheg Box v2 + Pythia 8.308 + Evtgen v2.1.1
t-ch. (tqb lep.) 6013(50–51) Powheg Box v2 + Pythia 8.308 + Evtgen v2.1.1

tt̄V tt̄Z/γ∗(ℓℓ) 5220(24,28,32) Madgraph5_aMC@NLO + Pythia 8.309 + Evtgen v2.1.1
tt̄Z/γ∗(qq) 522036 Madgraph5_aMC@NLO + Pythia 8.309 + Evtgen v2.1.1
tt̄Z/γ∗(νν) 522040 Madgraph5_aMC@NLO + Pythia 8.309 + Evtgen v2.1.1
tt̄W 700997 Sherpa 2.2.14

other Higgs qq → V (incl.)H(ττ) 6034(26–28) Powheg Box v06-03 + Pythia 8.310 + Evtgen v2.2.1
gg → Z(incl.)H(ττ) 603418 Powheg Box v06-03 + Pythia 8.310 + Evtgen v2.2.1
ggF H(ττ) 603414 Powheg Box v06-03 + Pythia 8.310 + Evtgen v2.2.1
VBF H(ττ) 603422 Powheg Box v06-03 + Pythia 8.310 + Evtgen v2.2.1

Z → τ+τ− Z/γ∗(ττ) 7007(92–94) Sherpa 2.2.14
Z/γ∗(ττ) with 10 < mZ/γ∗ [GeV] < 40 7009(01–03) Sherpa 2.2.14

other fakes Z/γ∗(ee/µµ) 7007(86-91) Sherpa 2.2.14
Z/γ∗(ee/µµ) with 10 < mZ/γ∗ [GeV] < 40 700(895–900) Sherpa 2.2.14
W ±(ℓν) 7007(77-85) Sherpa 2.2.14
dijet prod. 6017(00,02,06) Powheg Box v05-05 + Pythia 8.308 + Evtgen v2.1.1
dijet prod. 6017(01,03,05,07) Powheg Box v06-02 + Pythia 8.308 + Evtgen v2.1.1

V V + V V V ZZ 701(085,090,095,100) Sherpa 2.2.14
WZ/WW 7011(05,10,15,20,25) Sherpa 2.2.14
gg → ZZ → 4ℓ 603293 Powheg Box + Pythia 8.314 + Evtgen v2.2.1
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B. Kinematic Variable Distributions in all SRs and CRs of the Event Categorisation

B.1. Distributions of pT and η in the tHjb SR
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Figure B.1.: Transverse momentum pT of the best and second-best top quark candidate
determined by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton, b-
jet and light-jet, and the bachelor jet in the tHjb SR defined in Section 6.3.
The analysis selection is applied.
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B.1. Distributions of pT and η in the tHjb SR
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Figure B.2.: Pseudorapidity η of the best and second-best top quark candidate determined
by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton, b-jet and light-
jet, and the bachelor jet in the tHjb SR defined in Section 6.3. The analysis
selection is applied.
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B. Kinematic Variable Distributions in all SRs and CRs of the Event Categorisation

B.2. Distributions of pT and η in the tt̄H SR
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Figure B.3.: Transverse momentum pT of the best and second-best top quark candidate
determined by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton,
b-jet and light-jet, and the bachelor jet in the tt̄H SR defined in Section 6.3.
The analysis selection is applied.
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B.2. Distributions of pT and η in the tt̄H SR
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Figure B.4.: Pseudorapidity η of the best and second-best top quark candidate determined
by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton, b-jet and light-
jet, and the bachelor jet in the tt̄H SR defined in Section 6.3. The analysis
selection is applied.
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B. Kinematic Variable Distributions in all SRs and CRs of the Event Categorisation

B.3. Distributions of pT and η in the Z(ττ ) CR
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Figure B.5.: Transverse momentum pT of the best and second-best top quark candidate
determined by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton, b-
jet and light-jet, and the bachelor jet in the Z(ττ) CR defined in Section 6.3.
The analysis selection is applied.
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B.3. Distributions of pT and η in the Z(ττ) CR
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Figure B.6.: Pseudorapidity η of the best and second-best top quark candidate determined
by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton, b-jet and light-
jet, and the bachelor jet in the Z(ττ) CR defined in Section 6.3. The analysis
selection is applied.
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B. Kinematic Variable Distributions in all SRs and CRs of the Event Categorisation

B.4. Distributions of pT and η in the dileptonic top
background (tt̄ and tW ) CR
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Figure B.7.: Transverse momentum pT of the best and second-best top quark candidate
determined by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton,
b-jet and light-jet, and the bachelor jet in the dileptonic tt̄/tW CR defined
in Section 6.3. The analysis selection is applied.
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B.4. Distributions of pT and η in the dileptonic top background (tt̄ and tW ) CR
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Figure B.8.: Pseudorapidity η of the best and second-best top quark candidate determined
by the HGNN, the leading (τ1) and sub-leading (τ2) τ lepton, b-jet and light-
jet, and the bachelor jet in the dileptonic tt̄/tW CR defined in Section 6.3.
The analysis selection is applied.
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C. Migration Matrices for CP-sensitive Variables in the tt̄H Signal Process
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Figure C.1.: Migration matrices illustrating the bin-by-bin migration from truth to re-
constructed bin of the CP-sensitive observables from Table 7.1 computed
between the top and anti-top in the tt̄H signal process using MC-generated
samples with different CP mixing angles between 0◦ and 90◦.
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D. Additional Information on the
CP Binary Classification

D.1. Monte Carlo Statistics available for Training

Table D.1.: Number of events kept after the event selection described in Section 6.2 and
the cleaning procedure (removing events with an unreconstructed bachelor
jet or top quark, and events with negative MC weights. Also shown is the
signed sum of the full event weights, including the cross section and branching
ratio, corresponding to the expected number of events 2022-2024 Lhc Run 3
Atlas data. For the tHjb sample with α = 45◦ where only the MC23a and
MC23d campaigns (data-taking conditions in 2022 and 2023) are available,
the corresponding value is scaled by the ratio of integrated luminosities to
estimate the full 2022-2024 statistics and shown in brackets.

sample number of events sum of signed weights
tHjb, α = 0◦ 39405 16.17
tHjb, α = 15◦ 20495 17.27
tHjb, α = 30◦ 8603 22.36
tHjb, α = 45◦ 7788 10.43 (32.57)
tHjb, α = 60◦ 28373 38.23
tHjb, α = 75◦ 29031 53.73
tHjb, α = 90◦ 28612 72.18
tt̄H, α = 0◦ 139987 44.72
tt̄H, α = 15◦ 83355 52.26
tt̄H, α = 30◦ 86122 48.18
tt̄H, α = 45◦ 28727 44.29
tt̄H, α = 60◦ 81141 33.97
tt̄H, α = 75◦ 112976 36.95
tt̄H, α = 90◦ 37820 12.00
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D. Additional Information on the CP Binary Classification

D.2. Parameters employed in the Training of all CP
Binary Classifiers

Table D.2.: Settings of the parameters used to describe the binary classifier based on the
XGBoost package [146]. Explanations on the parameters and default values
for all possible parameters are listed in the documentation [147, 148]. For
parameters that are not listed in this table, the default values are used.

parameter value description
booster gbtree type of booster used for training

(gradient-boosted decision trees)
objective binary:logistic objective function for binary classifi-

cation with probabilistic output
eta 0.03 learning rate controlling the

contribution of each tree
gamma 1 minimum loss reduction

required to split a node
max_depth 3 maximum depth of individual trees

min_child_weight 5 minimum sum of instance weights
required in a child node

n_estimators 5000 maximum number of trees
subsample 0.8 fraction of training events

sampled for each tree
colsample_bytree 0.8 fraction of input features

sampled for each tree
reg_alpha 1 L1 regularisation strength

on leaf weights
reg_lambda 5 L2 regularisation strength

on leaf weights
tree_method hist histogram-based tree

construction algorithm
random_state 42 seed for reproducible

random number generation.
early_stopping_rounds 200 stops training if the validation metric

does not improve for 200 rounds.
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Figure E.1.: Logarithm ln(L) of the training and validation loss plotted against the num-
ber of trees (left) and ROC curve (right) for each fold of the binary classifier
trained on tHjb samples for CP-even (mixing angle 0◦) and maximally CP-
mixed (45◦) top-Higgs-Yukawa coupling.
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Figure E.2.: Confusion matrix normalised per row, employing a cut of 0.5 (left) on the
output of the binary CP-even (mixing angle 0◦) vs maximally CP-mixed (45◦)
classifier for the tHjb signal, and ranked permutation importance of its input
features (right).
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Figure E.3.: Normalised number of events plotted against the output score of the CP-even
(mixing angle 0◦) vs maximally CP-mixed (45◦) classifier (left) and ranked
separation power of the CP-sensitive observables listed in Table 7.1 and the
output score (right) for the tHjb signal.
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Figure E.4.: Logarithm ln(L) of the training and validation loss plotted against the num-
ber of trees (left) and ROC curve (right) for each fold of the binary classifier
trained on tt̄H samples for CP-even (mixing angle 0◦) and maximally CP-
mixed (45◦) top-Higgs-Yukawa coupling.
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Figure E.5.: Confusion matrix normalised per row, employing a cut of 0.5 (left) on the
output of the binary CP-even (mixing angle 0◦) vs maximally CP-mixed (45◦)
classifier for the tt̄H signal, and ranked permutation importance of its input
features (right).
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