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ABSTRACT

With the final missing piece of the Standard Model of particle physics (SM), the Higgs boson, dis-
covered in 2012 by the ATLAS and CMS experiments at the Large Hadron Collider (LHC) at CERN,
both experiments have shifted their focus towards a precise determination of the properties of the
new boson. The large datasets collected by both experiments during the second run of the LHC,
Run 2, enable such precision measurements of the Higgs boson properties. One of the properties
under study is the Yukawa coupling of the top quark, the heaviest of all particles in the SM, to the
Higgs boson. The top-Higgs Yukawa coupling, the largest in the SM, is varied in many postulated
theoretical extensions of the SM and is sensitive to the effects and the possible presence of physics
Beyond the SM (BSM). The coupling itself can be measured in an indirect way, e.g using H — vy
measurements in which the coupling is involved via virtual loops, and in a direct way, which can be
measured in the rare process where a Higgs boson is produced in association with a pair of top quarks,
tIH . Exploiting the dominant decay mode of the Higgs boson into a pair of b-quarks, t£H (H — bb),
this thesis investigates the direct measurement of the top-Higgs Yukawa coupling in a challenging
yet promising final state with at least four b-quark initiated jets.

The tTH (H — bb) legacy analysis presented in this thesis is part of the re-analysis of the complete
Run 2 dataset of 140fb~! at /s = 13 TeV recorded by the ATLAS experiment between 2015 and
2018. The focus lies on enhancing and integrating the latest physics object reconstruction algorithms,
as well as employing an improved modelling of the main background process, ¢ + bb. Alongside
state-of-the-art classification and reconstruction neural networks, a new estimate for the fake-lepton
contribution in the single-lepton channel is derived. Further, the derivation of data-driven correction
factors for the mis-modelled Hr, observed in various ¢f + jets processes, are presented. Finally,
studies of the performance of profile likelihood fits as employed in the full analysis are presented
with blinded data, yielding an expected significance of the tZH process at 5.5 .

Effective separation of the signal from the expected background requires dedicated and high-performing
b-jet identification algorithms, the so-called b-taggers. In this thesis, the development and integration
of a novel track-based b-tagger, DIPS, is presented. In addition, the DIPS tagger was added as a com-
ponent to the ATLAS high-level b-tagger DL1r, replacing the previous track-based b-tagger, RNNIP.
The resulting version, DL1d, is the new recommended b-tagger in ATLAS, thanks to its significantly
improved performance compared to its predecessor. Furthermore, an extension of the DIPS b-tagger
is introduced in this thesis, which is referred to as DIPS Tau which incorporates a new jet-class:

T-jets.
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KURZZUSAMMENFASSUNG

Mit der Entdeckung des letzten fehlenden Teils des Standardmodells der Teilchenphysik (SM), dem
Higgs-Boson, das 2012 von den Experimenten ATLAS und CMS am Large Hadron Collider (LHC)
am CERN entdeckt wurde, haben beide Experimente ihren Schwerpunkt auf die genaue Bestimmung
der Eigenschaften des neuen Bosons gelegt. Die von beiden Experimenten wihrend des zweiten
Laufs des LHCs, Run 2, gesammelten groen Datensédtze ermoglichen Pridzisionsmessungen der
Eigenschaften des Higgs-Bosons. Eine der untersuchten Eigenschaften ist die Yukawa-Kopplung
des Top-Quarks, des schwersten Teilchens im SM, an das Higgs-Boson. Die Top-Higgs-Yukawa-
Kopplung, die grote im SM, wird in vielen postulierten theoretischen Erweiterungen des SM variiert
und ist sensitiv auf Effekte und das mogliche Vorhandensein von Physik jenseits des SM (BSM).
Die Kopplung selbst kann auf indirekte Weise gemessen werden, z.B. mit H — ~y Messungen
an denen die Kopplung iiber virtuelle Schleifen beteiligt ist, und auf direktem Weg, wo sie mess-
bar ist im seltenen Produktionsprozess eines Higgs-Bosons in Verbindung mit einem Top-Quark
Paar, ttH. Unter Verwendung des dominanten Zerfalls des Higgs-Bosons in ein Paar von b-Quarks,
ttH(H — bb), untersucht diese Arbeit die direkte Messung der Top-Higgs Yukawa Kopplung in
einem herausfordernden, aber vielversprechenden Endzustand mit mindestens vier durch b-Quarks
initiierte Jets.

Die in dieser Arbeit vorgestellte t#H (H — bb)-Legacy-Analyse ist Teil der erneuten Analyse des
kompletten Run 2-Datensatzes mit 140fb~! bei /s = 13 TeV, welcher vom ATLAS-Experiment
zwischen den Jahren 2015 bis 2018 aufgezeichnet wurde. Der Fokus der Analyse liegt auf Verbesser-
ung und Integration neuster Algorithmen zur Rekonstruktion von physikalischen Objekten und An-
wendung einer verbesserten Modellierung vom Hauptuntergruprozess tf + bb. Neben State-of-the-
Art neuronale Netzwerke zur Klassifizierung und Rekonstruktion von Ereignissen wurde ebenfalls
eine neue Schitzung fiir den Fake-Lepton-Beitrag im Single-Lepton-Kanal entwickelt. Desweiteren
wird die Entwicklung datengetriebenen Korrekturfaktoren fiir das, in einigen t + jets Prozessen
fehlerhaft modellierte, Ht présentiert. AbschlieBend werden die Ergebnisse von Profile Likelihood
Fits, wie sie in der vollstindigen Analyse verwendet werden, mit blinden Daten vorgestellt, welche
eine erwartete Signifikanz des tZ H-Prozesses von 5, 5 o liefern.

Eine effektive Separation des Signals vom erwarteten Untergrund erfordert spezielle und leistungsstarke
Algorithmen zur Identifizierung von b-Jets, die sogenannten b-Tagger. In dieser Arbeit wird die
Entwicklung und Integration eines neuartigen spurbasierten b-Taggers, DIPS, vorgestellt. Dariiber
hinaus wurde der DIPS-Tagger als Komponente in den ATLAS-High-Level b-Tagger DL 1r integriert,
wo er den bisherigen spurbasierten b-Tagger RNNIP ersetzt. Die daraus resultierende Version, DL.1d,
ist der neue empfohlene b-Tagger in ATLAS, dank seine deutlich verbesserte Leistung im Vergleich
zu seinem Vorgidnger. Zudem wird eine Erweiterung des DIPS-Taggers vorgestellt, genannt DIPS

Tau, welche eine zusitzliche Jet-Klasse einfiihrt: 7-jets.
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CONTRIBUTIONS BY THE AUTHOR

As a member of the ATLAS collaboration, the author of this thesis took part in multiple projects from

which the most significant contributions, which are topics in this thesis, are listed below.

HEAVY-FLAVOUR TAGGING  The work and results presented from Section 7.2 to Chapter 10
were nearly completely done by the author of this thesis. For the development of the full prepro-
cessing chain for the training samples, including the development of a new resampling method, and
the underlying framework for training, optimisation and visualisation, the author assumed a leading
role. The presented results concerning preprocessing, training, and visualisation of the DIPS, DL1d,
and DIPS Tau algorithms were exclusively done by the author. To effectively prepare the training
samples, train the different taggers, and visualise their performance, different software packages
where developed, including an all-in-one framework: UMAMI. From this all-in-one framework, mul-
tiple smaller packages were developed, e.g. the plotting package PUMA [1], for which the author
assumed a leading role in their development. Both packages are the standards for training and plot-
ting the results of the different mentioned taggers inside the Flavour-Tagging group of ATLAS.
Additionally to the provided software, the studies and developments on DIPS performed by the author
were documented in public plots [2] and lead to the development of DL1d, the new recommended AT-
LAS b-tagging algorithm for Run 3, for which the author also assumed a leading role in development.
Furthermore, the addition of the 7-jets into the training of the DIPS tagger showed great performance
improvements, which lead to the usage of 7-jets in all trainings conducted by the Flavour-Tagging
group with the new successor algorithms to DL1d, GN1 and GN2 [3, 4].

The author also took on important roles within the Flavour-Tagging group, preparing and giving tu-
torials within ATLAS about the developed software and taggers as well as being the liaison between
the ATLAS Machine Learning forum and the Flavour-Tagging group. Further, the author also
co-supervised a master student working on the addition of the bb-jets class into the mentioned al-

gorithms.

ttH(H — bb) ANALYSIS In addition to his work on heavy-flavour tagging, the author of
this thesis is also one of the main analysers in the tfH(H — bb) legacy analysis, presented in
Chapters 11-14, which is currently ongoing. The author contributed to several aspects of this ana-
lysis, performing various studies to estimate the fake-lepton contributions in the single-lepton chan-
nel (Chapter 12), which include the implementation and derivation of the real and fake efficiencies
for the electrons and muons for the matrix method. The derived fake efficiencies are also used in

the fake factor method to estimate the systematic uncertainties. Furthermore, the application of the



matrix method estimation was performed by the author in addition to sanity checks to validate the
results obtained using the matrix method.

The author also took part in the development of the data-driven Ht reweighting for both the single-
lepton and dilepton channels (Chapter 13). In both channels, a significant mis-modelling of the Hr
variable was observed for the ¢f + jets background. The author derived and implemented the Hr re-
weightings for both channels for the ¢ + >1c¢ and tf 4 light processes using a dedicated, orthogonal
control region and validated the effect of these reweightings.

Furthermore, the author took part in performing different fit studies, including the addition and test-
ing of several improved systematic uncertainties. He also performed the baseline fits, provided to the
other analysers, which are presented in Chapter 14 showing the current status of the analysis at the

time of writing.

vi



CONTENTS

I INTRODUCTION

I  OVERVIEW
2 THE STANDARD MODEL OF PARTICLE PHYSICS
2.1 Elementary Particles of the Standard Model . . . . .. ... ... ... .. .....
2.1.1 Fermions . . . . . . . .. .. e e
2.1.2 GaugeBosons . . . .. ..
2.2 The Three Fundamental Forces . . . . . . . . . ... ... ... ... ........
2.2.1 Quantum Electrodynamics . . . . . .. . ... ... ... .
2.2.2 Quantum Chromodynamics . . . . . . . . . . ... ... ..
2.2.3 Electroweak Unification . . . . . . .. .. ... ... ... . ... ...
2.3 The Higgs Mechanism . . . . . . ... ... ... .. ...
2.4 Limitations of the Standard Model . . . . . . . . ... ... ... ... ... ...
3 THE LARGE HADRON COLLIDER AND THE ATLAS EXPERIMENT
3.1 The Large Hadron Collider . . . . . . .. ... ... ... . ... . .....
3.2 The ATLAS Experiment . . . . . . . . . . it ie..
3.2.1 ImnerDetector . ... ... ... . ...
3.2.2 Calorimeter . . . . . . . ... e e e e e
3.2.3 Toroid Magnets . . . . . . . . . ..
3.2.4 Muon Spectrometer . . . . . . . . . oo u e e e
3.2.5 Trigger and Data Acquisition . . . . . . . . . .. ... ... ... ... ..
4 EVENT SIMULATION OF PROTON-PROTON COLLISIONS
4.1 Cross-Sections and Parton Distribution Functions . . . . . . . ... ... ... ...
4.2 Matrix Element and Parton Shower Simulation . . . . ... .. ... ... .....
4.3 Hadronisationand Decay . . . . . . . . .. .. Lo o
4.4 Pile-Up . . . . e

4.5 Detector Simulation . . . . . . . . ... e e

I METHODOLOGY

5 OBJECT RECONSTRUCTION AT THE ATLAS DETECTOR
5.1 Tracks and Primary Vertices . . . . . . . . .. .. ...
5.2 Electrons . . . . ... ...
5.3 Muons . . ...
5.4 Jets ..o e
5.5 Missing Transverse Momentum . . . . . . . . ... ... oL

6 MACHINE LEARNING

vii



viii

Contents

I1I

10

1Y

11

6.1 Multilayer Perceptrons . . . . . . . ...
6.1.1 Structure and Inference . . . . . . . . . ..o
6.1.2 Training a Neural Network . . . . . .. ... ... ... ... ... ....
6.1.3 Sample Handling . . . . .. ... ... ... .. ..
6.1.4 Challenges in the Training of a Neural Network . . . . . ... ... ... ..

6.2 Recurrent and Long Short-Term Memory Neural Networks . . . . . . ... ... ..

6.3 DeepSets Networks . . . . . . . . . . . . e

6.4 Transformer Networks . . . . . . . . . . . . . L
6.4.1 Architecture . . . . . . . . . L e e
6.4.2 Multi-Head Attention Mechanism . . . . . ... ... .. ... .......

HEAVY-FLAVOUR TAGGING

INTRODUCTION TO HEAVY-FLAVOUR TAGGING

7.1 Heavy-Flavour TagginginRun2 . . . . ... ... ... .. ... .. ... ..
7.1.1 The Recurrent Neural Network Impact Parameter Tagger . . . . . . ... ..
7.1.2 High-Level Algorithms . . . . . .. ... ... .. ... ...

7.2 Preparation of the Training Sample . . . . . . . . ... .. ... .
7.2.1 Monte Carlo Samples . . . . . . . .. ..
7.2.2 Kinematic Resampling . . . . . . .. ... ..o L oL
7.2.3 Scaling and Shifting . . . ... ... ... ... .. .
7.2.4 Validation and Test Samples . . . . . . . . .. .. ... ... ........

THE DEEP IMPACT PARAMETER SETS TAGGER

8.1 Training Sample . . . . . . . . . . . e

8.2 Architecture . . . . . . . ...

8.3 Results. . . . . . . o

THE DEEP LEARNING 1 DIPS TAGGER

9.1 Training Sample . . . . . . . . ...

9.2 Architecture . . . . . . . . . .. e e e e e

9.3 Results. . . . . . ..

LOOKING AHEAD: DIPS TAU

10.1 Training Sample . . . . . . . . . . . . e e

10.2 Architecture . . . . . . . . . o L e e e

103 Results . . . . . . o e e

MEASUREMENT OF THE t{H PRODUCTION CROSS-SECTION IN THE H — bb
DECAY CHANNEL
ANALYSIS STRATEGY AND OVERVIEW
11.1 Previous Measurements from ATLASandCMS . . . . . ... .. ... ... ....
11.1.1 Inclusive Measurements . . . . . . . . . . . . v i v v v,

11.1.2 Simplified Template Cross-Section Measurements . . . . . . . ... .. ..



Contents

11.2 Strategy and Overview of the Legacy Analysis . . . . . . . ... ... ... ..... 152
11.2.1 Event Selection And Categorisation . . . . . . . ... ... ... ...... 152
11.2.2 Signal and Background Modelling . . . . . . .. ... ... ... ...... 156
11.2.3 Expected Contributions in the Analysis Regions . . . . . . . . ... ... .. 159
11.3 Profile Likelihood Fits . . . . . . . . . .. .. . . 163
11.4 Systematic Uncertainties . . . . . . . . . . . . . .. e 165
11.4.1 Experimental Uncertainties . . . . . . . . . .. .. ... ... ... ... 165
11.4.2 Signal Modelling Uncertainties . . . . . . . . . .. . ... ... ...... 166
11.4.3 Background Modelling Uncertainties . . . . . . . ... ... ... ..... 167

12 ESTIMATION OF THE FAKE-LEPTON CONTRIBUTION IN THE SINGLE-LEPTON
CHANNEL 169
12.1 Real and Fake Efficiencies . . . . . . . . . .. .. .. .. . 170
12.2 Matrix Method . . . . . . . . oL 173
12.3 Fake Factor Method . . . . . . . . . . . . . . . . 176
13 Ht REWEIGHTING 179
13.1 Derivation Procedure of the Reweighting Factors . . . . . .. ... ... ... ... 179
13.2 Application and Effect in the Analysis Regions . . . . . . ... ... ... .. ... 187
13.3 Closure Test of the Reweighting . . . . . . .. ... ... ... ... ....... 189
14 ANALYSIS RESULTS 193
14.1 Asimov Fits . . . . . . . . e 193
14.1.1 STXSResults . . . . . .. . e 195
14.1.2 Inclusive Results . . . . . . . . ... 197
14.2 Background-Only Fits . . . . . . . . . . . ... 198
V  CONCLUSION 205
15 SUMMARY 207
VI APPENDICES 209
A ADDITIONAL MATERIAL 211
A.1 Additional Material for the Introduction to Heavy-Flavour Tagging . . . . . ... .. 211
A.2 Additional Material for the DIPS Tagger . . . . . . .. .. ... ... ....... 212
A.3 Additional Material for the DL1d Tagger . . . . . . . .. ... ... ... ...... 215
A.4 Additional Material for the DIPS Tau Tagger . . . . . . . . ... ... ... ..... 217
A.5 Additional Material for the tH (H — bb) Legacy Analysis . . . . . . ... ..... 219
B ACRONYMS 257
ACKNOWLEDGEMENTS 261

REFERENCES 263

iX






INTRODUCTION

Since the postulation of the Higgs mechanism [5—7] and the discovery of its massive scalar boson,
the Higgs boson [8], in 2012 by the ATLAS [9] and CMS [10] experiments at the Large Hadron Col-
lider (LHC) [11] near Geneva, Switzerland, particle physicists all over the world are searching for
the next major clue in the puzzle of High Energy Physics (HEP). Making use of the largest and most
powerful particle collider in the world, these physicists are testing and probing one of the most suc-
cessful physics theories ever developed: the Standard Model (SM) of particle physics. With the last
missing piece, the Higgs boson, found, the conducted tests and probes of the SM aim at finding tiny
deviations from its predictions, hinting possible phenomena of physics beyond the SM. To search for
these deviations, physicists need to probe different SM predictions with unprecedented precision.
One of these many places where such a deviation from the prediction could emerge is the Yukawa
coupling [12] between the Higgs boson and top-quarks (¢-quarks), the heaviest elementary particles
of the SM. With a value of =~ 1, the ¢-quark has the largest Yukawa coupling of all fermions in the
SM, making it ideally suited as a probe for physics Beyond Standard Model (BSM). Furthermore,
many suggested theoretical extensions of the SM postulate a variation in the values of the Yukawa
couplings [13]. Measurement of the top-Higgs Yukawa coupling is possible in an indirect way, e.g
using H — ~v measurements in which the coupling is involved via virtual loops, or in a direct way.
Among the direct measurement methods, one significant process is the production of a Higgs boson
in association with a ¢t-quark pair (¢ZH). However, it is crucial to note that this process is exceedingly
rare when compared with other Higgs production modes and other processes taking place in proton-
proton collisions.

To reject the large expected background contributions and isolate the signal process, dedicated phys-
ics object reconstruction and identification techniques are needed, especially making use of one of
the ¢-quark decay products: b-quarks. Due to its unique decay signature, ATLAS developed dedic-
ated algorithms to identify jets initiated by b-quarks, the so-called heavy-flavour tagging, or simply
b-tagging. In this thesis, these specialised algorithms are introduced and developed further, improv-
ing their performance. The presented improvements have lead to a new b-tagging algorithm, which
is recommended for use in ATLAS analyses for LHC Run 3: The Deep Learning 1 DIPS (DL1d)
tagger.

The analysis regarding tH focuses on the Higgs decay channel into two b-quarks (H — bb) and is
part of the re-analyses focusing on this particular channel. This so-called legacy analysis uses the full
LHC Run 2 dataset with an integrated luminosity of 140 fb~! of proton-proton collisions recorded by
the ATLAS experiment between 2015 and 2018 at a center-of-mass energy of /s = 13 TeV. Though
the previous iteration of the analysis [14] has already been carried out using the full LHC Run 2 data-

set, the legacy analysis provides an improved modelling of important background processes as well



INTRODUCTION

as updated tools for identification and reconstruction of the physics objects involved. Additionally,
new and dedicated event reconstruction and classification algorithms are used to better separate sig-
nal from background events. Similar to the previous analysis, inclusive and differential cross-section
measurements are anticipated, making use of the Simplified Template Cross-Section (STXS) frame-
work [15, 16].

This dissertation is structured as follows. Part I gives an overview of the SM of particle physics,
the LHC, the ATLAS detector, and the event simulation of proton-proton collisions. In Part II, the
necessary methodology is summarised and discussed, including the reconstruction of physics objects
at the ATLAS detector, as well as the Machine Learning (ML) techniques employed in this thesis.
Part III introduces the methods and algorithms used in ATLAS for the identification of b-quark ini-
tiated jets during Run 2 of the LHC. These techniques have been improved for LHC Run 3 as part
of this dissertation, and these developments and the observed gain in performance are presented as
well. Part IV covers the tfH(H — bb) legacy analysis, including a review of the previous meas-
urement, the analysis strategy, and improvements of background estimation and event reconstruction

techniques. Finally, the blinded results are interpreted statistically using profile likelihood fits.
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OVERVIEW






THE STANDARD MODEL OF PARTICLE PHYSICS

The SM of particle physics [17] is arguably one of the most thriving theories to date. It offers a
comprehensive and elegant framework for understanding the fundamental constituents of our known
universe and the forces that govern their behaviour. Upon closer examination, the SM is a Quantum
Field Theory (QFT) that describes three of the four known fundamental forces in the universe. These
three forces comprise the electromagnetic, weak, and strong forces. The fourth, the gravitational
force, is not included in the SM. While gravity holds significance in our everyday lives, its strength,
relative to the other three forces, is 37 orders of magnitude smaller. Hence, at the subatomic level
of elementary particles, it can be neglected. In addition to the three fundamental forces, the SM
also contains so-called elementary particles, which are point-like particles. All known matter in the
universe (excluding dark matter) is constructed from a subgroup of these elementary particles known
as fermions. Fermions are characterised by an intrinsic spin of % In addition to fermions, the SM also
includes force carriers, the gauge bosons, with an intrinsic spin of 1. A schematic overview of the
various elementary particles described in the SM is provided in Figure 2.1. One of the long-standing
challenges in particle physics was the determination of the origin of the mass of these particles.
While some particles in the SM are massless, others possess mass, a feature which was originally not
explained in the description of the SM. In 1964, Peter Higgs and the team of Francgois Englert and
Robert Brout proposed a solution to this issue, now known as the Higgs mechanism' [5-7]. From a
mathematical perspective, the SM is a renormalisable gauge QFT. The symmetry of this QFT can be
described by the gauge group, as depicted in Equation (2.1).

SUB)c@SU(2),oU(1)y 2.1)

Here, the SU(3)¢c symmetry group describes the strong force, which interacts with all colour-
charged particles like quarks and gluons. The unification of the electromagnetic and weak forces,
known as the Electroweak (EW) force, is described by the SU(2), ® U(1)y term. The SU(2)y,
symmetry group interacts solely with left-handed particles, carrying weak isospin, while the U (1)y
interacts only with particles carrying weak hypercharge. To maintain the gauge invariance of the
Lagrangian in the SM (as it is a gauge theory), new vector or gauge fields must be included, and their
excitations correspond to the aforementioned gauge bosons. To account for particle masses, the EW
symmetry is spontaneously broken through the Higgs mechanism, which not only results in particle
masses but also in the emergence of a new boson with spin 0, known as the Higgs boson. This Higgs
boson holds significant importance for this thesis and was discovered in 2012 by the ATLAS and
CMS experiments [9, 10] at the LHC [11] at Conseil Européen pour la Recherche Nucléaire (CERN)

One needs to note here that multiple people proposed the spontaneous symmetry breaking [18], but Higgs was the only
one postulating a massive scalar boson and also describing its properties [8].



THE STANDARD MODEL OF PARTICLE PHYSICS
near Geneva, Switzerland.

In the following chapter, a more detailed explanation of the elementary particles and the three
fundamental forces described in the SM will be provided. Additionally, the Higgs mechanism will

be examined in greater detail, given its importance for this thesis. To conclude, a brief summary of

some of the current problems and limitations of the SM will be presented.

2.1 ELEMENTARY PARTICLES OF THE STANDARD MODEL
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Figure 2.1.: Schematic view of the elementary particles in the SM. Adapted from [19].

2.1.1 Fermions

Fermions, and their corresponding anti-particles, are spin % particles that make up all the visible
matter in the universe. The 12 fermions (and 12 anti-fermions) of the SM are split into 2 groups, de-
pending on whether they have colour charge or not. These two groups are called quarks [20, 21] and
leptons, respectively. While the quarks have a colour charge and, therefore, interact via the strong
force, the leptons do not carry colour charge, which excludes them from taking part in the strong
interaction. Furthermore, the fermions are divided into three so-called generations or families and

are ordered by their masses, with the first generation being the lightest and the third generation being



2.2 THE THREE FUNDAMENTAL FORCES

the heaviest. For both the quarks and the leptons, each generation has one up and one down-type

particle. These two particles per generation per group form SU (2), doublets.

Taking a closer look at the SU(2), doublets, the up and down-type fermions have special proper-
ties, including the weak isospin (1), the third component of this weak isospin I3, the hypercharge Y,
and the electric charge (). The different fermions and their respective quantum numbers are listed in

Table 2.1, excluding all fermions, which do not interact with the SM.

Table 2.1.: Fermions who interact with the SM with their quantum numbers [22].

Fermion type | 1 II m 1 I3 Y Q
ur  cr tp | 1/2  1/2 1/3 2/3

Quarks dr,  SL br, | 1/2 -1/2 1/3 —-1/3
ur Cr IR 0 0 4/3 2/3
dr  Sr br 0 0 -2/3 -1/3
Ve, Vuor. Vrr | 1/2 1/2 -1 0

Leptons e, pur T |1/2 —-1/2 -1 -1
eRr UR TR 0 0 —2 -1

In general, all (same-handed) up and down-type quarks and leptons have the same quantum num-
bers, respectively. While for all quarks their left and right-handed particles are listed, for the leptons,
the right-handed up-type particles, the right-handed neutrinos, are excluded, due to not interacting

with other particles of the SM.

2.1.2 Gauge Bosons

The gauge bosons are the force mediator particles of the SM. Carrying a spin of 1, each interaction
has its own mediator particle(s). While the electromagnetic force is mediated via the massless photon
and the strong force via the massless gluon(s), the weak force has two mediator particles, the W+ [23,
24] and ZY [25, 26] bosons. In contrast to the other mediator particles, the W+ and Z° bosons are
massive with a mass of myy+ = 80.377 £ 0.012GeV and myo = 91.1876 £ 0.0021 GeV [27]2.
Due to these massive mediator particles, the range of the weak force is limited to short distances,
while the electromagnetic force, due to its massless mediator particle, the photon, is long-ranged.
One could assume similar properties for the strong force, but due to the gluons’ colour charge and

their self-interactions, the strong force is also short-ranged.

2.2 THE THREE FUNDAMENTAL FORCES

As mentioned in previous sections, the SM only encompasses three of the four known fundamental

forces of nature. While the SM’s Lagrangian must remain invariant under global and local gauge

2 The origin of this mass will be discussed in Section 2.3
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transformations, the corresponding symmetries further constrain the Lagrangian and contribute to
the development of the complete theory. In the following sections, the three fundamental forces

described in the SM will be explained in more detail.

2.2.1 Quantum Electrodynamics

Quantum Electrodynamics (QED) [28-30] is the theory of the electromagnetic force. It describes
the free propagations of the fermions, the photon, and is based on an underlying abelian U (1)gpm
symmetry with the electric charge as coupling constant. The interaction itself can be described using

the Lagrangian . of QED which is given in Equation (2.2).

o _ 1.
ZLop =Y (V"0 —m) Y + ¥ (W"q4,) ¥ — ZF“ Fu (2.2)

Here, g is representing the electric charge, y* are the Dirac or gamma matrices, A, is the photon
vector field, ¥ is a massive fermion field with mass m, and the field-strength tensor F'** = 9" AY —
0" A*. The ¥ denotes here the Dirac adjunct of ¥. The indices 1 and v run over the spacetime
dimensions (0, 1, 2, 3), where p and ¥ = 0 correspond to the time component, and y and v =
1,2, 3 correspond to the spatial components. This is commonly known as the Einstein notation [31].
The Lagrangian must be gauge invariant under a transformation under the U (1)gy symmetry. The

transformation behaviour of the fermion fields is given by Equation (2.3).

Y () — 9@ () (2.3)

Here, o () describes a local phase of the U(1)gwm that would break the gauge invariance of the
fermion field. To restore the gauge invariance, an additional interaction between the fermion field ¥
and photon vector field A, has to be introduced [Equation (2.4)]. This can be achieved by replacing

the derivatives d with covariant derivatives D, which are defined in Equation (2.5).

A, — AL =A,+ 0y (z) (2.4)

Oy — D, = 9, +iqA, (x) (2.5)

Revisiting the local gauge-invariant Lagrangian for QED [Equation (2.2)], one can see that there

is no mass term for the photon (—%mZANA“) present. Such a term would, again, violate gauge

invariance. Additionally, due to local gauge invariance, a conserved quantity must be present, as

derived from Noether’s theorem [32]. This conserved quantity can be identified as electric charge q.

2.2.2  Quantum Chromodynamics

The strong force is described in the SM via a non-abelian SU(3)¢ gauge group. The theory of

Quantum Chromodynamics (QCD) describes the interaction between colour-charged particles medi-
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ated by the also colour-charged gluons. Colour charge appears in three different states: red, blue,
and green, along with their corresponding anti-colours [33]. The Dirac spinor of the colour-charged
quark field with flavour f, where f € {u,d,c, s, t,b}, can, therefore, be represented as a vector of

three spinors, one for each colour (see Equation (2.6)).

YRed (l'
Y= YBive (:E
Y Green (Jf )

)
) (2.6)

The Lagrangian for a free, massive quark field with mass m can be written as in Equation (2.7).

Lree = quf (1a - mf) Tf 2.7)
f
The local SU(3)¢ transformation, which the Lagrangian needs to be invariant under, can be

defined as in Equation (2.8),

¥ () — €9 3 0)g (1) 2.8)

where ¢ denotes the colour charge, g, is the strong coupling constant, a belongs to the set {1, ..., 8}
as the colour index in the adjoint representation, A, represents the Gell-Mann matrices [34] (generat-
ors of SU(3)¢), and the local phase o, ().

Similar to QED, local gauge invariance can be restored by replacing the derivatives 0 with covari-
ant derivatives D, as defined in Equation (2.9) where G, (x) represents the eight vector fields of the

gluons.

A
Oy = Dy (x) =0, — zgS?aGZ (z) (2.9)
With these changes made, one can define now the local gauge invariant Lagrangian of QCD as
shown in Equation (2.10).

= 1
Zqcp = 2 ¥y (i) —mp) ¥y — G GL (2.10)
f

G4, = 0,G% — 0,G% + g fGhGS 2.11)

Here, the gluon field strength tensor is denoted by G}, [Equation (2.11)], and the completely
anti-symmetric structure constants are given by fi.. a, b, and c belong to the set {1, ..., 8}, denoting
the different Gell-Mann matrices. One distinctive feature of QCD is that when Equation (2.10) is
written out with Equation (2.11), it becomes evident that gluons self-interact with each other. This
self-interaction is also responsible for the finite range of the strong force. Similar to QED, the medi-
ator boson of QCD is also massless, a requirement to maintain gauge invariance.

Another remarkable aspect of QCD is the phenomenon of the running coupling and asymptotic free-

9
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Figure 2.2.: Summary of different measurements of «s as a function of the energy scale ). The used degree
of QCD perturbation theory is given in the brackets [27].

dom, which was discovered in 1973 by Politzer, Wilczek, and Gross [35, 36]. The strength of the
strong coupling constant is dependent on the energy scale. In other words, when the characteristic
energy scale of a process is increased, the strength of the strong coupling constant is decreased. This
discovery is one of the most significant breakthroughs in QCD and was honoured with the Nobel
Prize in 2004.

One of the consequences of asymptotic freedom is the ability to use a perturbative approach for QCD
when dealing with large energy scales, where ) > AQCD and ;s (Q?) < 1. In this context, the
energy scale is denoted by (), a non-perturbative constant AQCD’ and the strong coupling constant

as. The running of the strong coupling is illustrated in Figure 2.2.

Another important mechanism in QCD is the so-called confinement [37]. It states that colour-
charged particles do not exist as free particles, but rather as bound states known as hadrons. While
gluons interact before such states can form, hadrons are composed of either a quark/anti-quark pair
(referred to as mesons) or three (anti-)quarks (known as baryons). In addition to these two cases,
according to the rules of confinement, additional bound states are possible, such as four- or five-
quark bound states. These tetra- or pentaquarks were discovered by the LHCb experiment [38] in
2014 and 2015 [39, 40].
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2.2.3  Electroweak Unification

The last of the three fundamental forces is the weak interaction. It was initiated in 1934 by Enrico
Fermi with his proposal to address the continuous energy spectrum in S-decays by introducing a four-
fermion vertex and a new particle, the neutrino [41]. Subsequently, the weak interaction was studied
by various researchers. In 1957, Wu [42] and the team of Garwin, Lederman, and Weinrich [43]
demonstrated that the weak interaction is parity-violating, as proposed in 1956 by Yang and Lee [44].
To explain this parity violation, Gell-Mann and Feynman proposed the vector-axial-coupling [45],
which extended Fermi’s existing theory. In 1964, after the discovery of the C' P-violating nature of the
weak interaction by Christenson, Cronin, Fitch, and Turlay [46], Cabibbo [47] and the team of Kobay-
ashi and Maskawa [48] introduced what is now known as the Cabibbo-Kobayashi-Maskawa (CKM)
matrix. With this underlying theory, the CKM mechanism explains all previously mentioned phe-
nomena and the mixing of quarks via the weak interaction.

In addition to this well-described mechanism, Glashow [49], Salam [50], and Weinberg [12] inde-
pendently proposed in the 1960s the unification of the weak and electromagnetic forces based on
the non-abelian SU(2);, ® U(1)y symmetry group. While electric charge @ and weak isospin [
are conserved quantities in the weak and electromagnetic forces, respectively, a relationship between
the third component of weak isospin I3, the hypercharge Y, and the electric charge ) can be found
in this unified formalism. This is known as the Gell-Mann-Nishijima relation [51, 52], depicted in
Equation (2.12).

Q=1+ % (2.12)
With the fermions introduced in Section 2.1, one can now define the states and their interactions
via the EW force using their helicity. Right-handed fermions correspond to singlets in SU(2) 1., while
left-handed fermions correspond to doublets in SU(2) 1. These doublets are the already-introduced
generations. Right-handed singlets have a weak isospin of I = 0, whereas the left-handed doublets
have I = % and I3 = :l:%, and, therefore, couple via the weak interaction. A special place in these
interactions is occupied by the neutrinos, the up-type leptons. Within the SM, assuming massless
neutrinos, although measurements have shown that at least two of the three neutrinos have non-zero
masses [53-55], one can easily observe that right-handed massless neutrinos do not take part in any
of the three fundamental forces due to being right-handed, massless, and having no colour or electric
charge.
Similar to QED and QCD, the gauge invariance is enforced for the left-handed isospin doublets for
a transformation under the SU (2) . This gauge transformation can be written as in Equation (2.13),
where o, (x) denotes the local phases, 7, the generators of the SU(2), (2 x 2 Pauli matrices) and

g1 the coupling strength.

Y, () = 3 Lm0 @y () (2.13)

11
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Applying a similar transformation under the U (1)y symmetry, one can find that the left-handed
isospin doublets, denoted with an L, and the right-handed singlets, denoted with an R, undergo trans-
formations as given by Equation (2.14), where /3 () represents the local phase, Y the hypercharge,
and go the coupling strength of the U (1)y-.

¥o/n () = TV, b (2) (2.14)

As in QED and QCD, one can now replace the derivatives for both transformations with covariant
derivatives to restore the gauge invariance. These are shown in Equations (2.15) and (2.16) for the
SU(2)r, and the U(1)y respectively. In addition to the covariant derivatives, three fields W with
a € {1,2,3} and a field B, are introduced. While the three fields are added to restore the gauge
invariance under the SU(2);, transformation, the gauge field B, is added to restore it under the

U(1)y transformation.

3
Dj =9, +i% > mWi+iLYB, (2.15)
a=1
R _ .g2
Djj = 0, +i VB, (2.16)

Taking into account all these changes, one can define now the EW Lagrangian as in Equation (2.17),
where W/ and B*" are the field strength tensors as defined in Equations (2.18) and (2.19) respect-

ively. €,4pc denotes the structure constant of the SU(2) .

_ _ 13 1 ,
og/ﬂElectroweak - ‘FL (ZFYMD;L;) ‘PL + ‘PR (ZFY'MD;}E) ‘YR _Z Z Wa,,U«VWélV - iB,LLl/BM (217)

a=1

Fermions Gauge
W = 9P WY — 0 WH — greap WIWH (2.18)
B = 9tBY — 0" B* (2.19)

Taking now a closer look at the Lagrangian defined in Equation (2.17), one can see that for both the
fermions and the gauge particles, no mass terms are present. For the fermions, this would introduce
mixing of the right- and left-handed particles, which would break the gauge invariance. For the
gauge particles, an extra mass term would also break the gauge invariance. This stands in contrast to
a lot of measurements of the masses of different fermions and bosons. To include masses for the SM

particles, without breaking the gauge invariance, the Higgs mechanism is introduced.

2.3 THE HIGGS MECHANISM

The Higgs mechanism [5—7] is the final missing piece in the puzzle of the SM. It solves the problem
of mass generation without breaking the local gauge invariance of the previously explained funda-
mental forces. It introduces direct mass terms for the later discovered W= and Z° bosons as well as

an additional massive scalar boson, known as the Higgs boson [8].
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Re(¢)

Figure 2.3.: Tllustration of the Higgs potential with 2 < 0. The minimum is at |¢|2 = _2—‘;\2 [56].

Focusing here first on the mass terms of the bosons and, therefore, on spontaneous symmetry break-
ing [18]. To spontaneously break the SU(2);, ® U(1)y symmetry, a new scalar field is introduced,
which is a complex doublet of the SU (2)y, symmetry [Equation (2.20)], and add it to the Lagrangian
[Equation (2.21)], where V' (qﬁ*qb) denotes the effective potential [Equation (2.22)] with % < 0 and
A>0.

b= o* _ o1 +ig2 (2.20)

¢ $3 + ig4
Hhiiges = (Duo) (D'¢) =V (99) (221)
v (#'6) = 12 (616) + A (¢10)° (2.22)

The addition to the Lagrangian is accomplished by taking the covariant derivatives from Equa-
tions (2.15) and (2.16). The minimum of the effective potential corresponds to the ground state of
¢ = 0 for y2 > 0. In contrast, with > < 0, non-zero ground states are achieved, as shown in
Equation (2.23), where v is the Vacuum Expectation Value (VEV) [27] of the Higgs field and the
resulting potential is known as the Higgs potential. Rewriting the formula leads to a definition of the
VEV, given in Equation (2.24).

2 2
tp o K VT 22
P'o ) 5 (2.23)
_/l2
v = Tz246GeV (2.24)

To demonstrate the effect of this in more detail, a simplified model of the Higgs potential is depic-
ted in Figure 2.3. By selecting any of the infinite points in the potential’s minimum, the rotational
U(1) symmetry is spontaneously broken.

With the chosen ground state, Y = 1 and I3 = —1, the SU(2), ® U(1)y symmetry is spon-
taneously broken down into a U(1) gy, symmetry. Therefore, the gauge bosons of the QED, the

13
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photons, remain massless.
Taking these chosen states and values into account, one can parametrise the Higgs field ¢ around the
VEV [Equation (2.25)].

1 .3 7alNal@) 0

¢ (z) = —=€' a1 (2.25)
V2 v+ H (x)

(2) = e~ Lo 2 g (1) (2.26)

By parameterising the Higgs field around the VEV, three new fields N, (z) with a € {1,2,3}
are introduced, which can be identified as the so-called Goldstone bosons [57-59]. However, with a
simple gauge transform [Equation (2.26)], these bosons can be removed, leading to the Higgs doublet

in the unitary gauge, shown in Equation (2.27).

1 0

2) = = 2.27)
*) V2 v+ H (x)

The excitation of the remaining component is the massive Higgs boson. The other three degrees
of freedom can be located in the kinetic term of the ¢ field when expanding around the minimum,
introducing the two massive W+ bosons and the massive Z° boson [Equation (2.28)], which is

connected to the massless photon A,, with 0y, being the Weinberg angle.

1 Z 9 in (6 w3
wE = L (wrpaz), |Fe] = [ O SO} WA
V2 A, —sin (Ow) cos(Ow)/) \ By
2 2
Vot +g
M+ = v%, mgo = v% (2.29)

g2
Vi + g3

For the W+ and Z° bosons, mass terms can be identified [Equations (2.29)] and a relation between

cos (Ow) = (2.30)

their masses can also be found [Equation (2.30)]. The originally massless fields W* and B acquired
now a mass and the three degrees of freedom can be found as their longitudinal degrees of freedom.
Taking all of this into account, one can define the Lagrangian for the EW symmetry breaking as

shown in Equation (2.31).

L= - (0,H)(0"H) — \W*H? — \wH? — %)\H‘*

1
2
1/1 N\ . 1 vg 2
—_ | = = _ 7 Z.L"
+2 <2vg> W W +2 (2008(91/[/)) ’

v
4 cos? (Ow)

92

4 cos (Ow )

2.31)

+g (”;) HW W™ g HZ, 7"

2
+ gZHQW:W“’_ + HQZMZ“ + const.



2.4 LIMITATIONS OF THE STANDARD MODEL

The Lagrangian provides multiple important relations between the massive weak gauge bosons
and the Higgs boson, as well as interactions between multiple Higgs bosons (H? and H* terms).

Additionally, a mass term for the new massive Higgs boson is generated [Equation (2.32)].

my = vV2\ (2.32)

In addition to the new boson masses, fermion masses also need to be included. This is achieved
by introducing the so-called Yukawa couplings [12] between the Higgs doublet and the left-handed
SU(2), fermion doublets and the right-handed fermion singlets. The Yukawa term for the quarks
and leptons can be defined by introducing an additional charge conjugated Higgs doublet, which
is given in Equation (2.33). The resulting Lagrangian for the Yukawa couplings to the first quark

generation is given in Equation (2.34).

¢ (z) = —= (2.33)
V2l oo
LS = — (94 (8, d), ¢dR + gu (@, ), pup + h.c) (2.34)
- H
Lukawa = — v%f Y, Y, (1 + U) (2.35)
~—~

Fermion mass

Here, g4 and g, denote the coupling constants to the down and up quark and h.c refers to the
hermitian conjugate term. The interaction to all other quarks and leptons can be described in a similar
fashion and the resulting Lagrangian of the fermion Higgs interaction is given in Equation (2.35) with

the coupling constant g and the fermion fields ¥ ;.

2.4 LIMITATIONS OF THE STANDARD MODEL

Although the SM shows unprecedented agreement with all measurements and is one of the most
successful theories ever developed, it still lacks the explanation for certain empirical observations.
One of these problematic observations is the mass of the already-mentioned neutrinos. In the SM,
neutrinos are supposed to be massless particles, even though different experiments have measured
the so-called neutrino oscillation [60]. This oscillation is a periodic effect in which the neutrinos
change their flavour between the three generations and therefore need to have mass. Since this mass
and therefore their influence on collider observables must be very small (the current upper limit is
0.8eV [61]), the predictions made by the SM are still valid due to the resolution restrictions of the

available physics experiments.

Another significant problem of modern particle physics is the baryon asymmetry of the universe [62].
Postulated by Sakharov in 1967 [63], three conditions must be fulfilled to create the universe how
we observe it today: baryon number violation, C' and C'P-symmetry violation, and interactions out

of the thermal equilibrium.
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While the SM in theory has the means to fulfill the first condition via so-called Sphaleron pro-
cesses [64, 65], these processes cannot be the reason for the observed baryogenesis in the SM due to
the high Higgs boson mass of ~ 125 GeV, which would violate the third condition of Sakharov. To
have a first order phase transition with Sphalerons, the Higgs boson mass must be below 73 GeV [66].
For the the second condition, the observed C P-violation in weak interactions in the SM alone is in-
sufficient to explain the observed disparity in the universe’s current baryon asymmetry. According
to the SM, during the early stages of the universe, the Big Bang [67] should have generated equal
quantities of matter and antimatter. However, as matter and antimatter came into contact and annihil-
ated each other, the universe, theoretically, should not have evolved into the matter-dominated state
we observe today. Therefore, persistence of this matter-dominated universe remains an unsolved

problem.

Another significant challenge is the naturalness problem concerning the mass of the Higgs boson,
often referred to as the hierarchy problem [68]. While experimental measurements have determined
the mass of the Higgs boson to my = 125.11 +0.11 GeV [69], it is possible to calculate corrections
to the bare mass of the Higgs boson. This bare mass is subject to various loop corrections. Only
by an accidental cancellation of these corrections, the bare Higgs mass is not corrected to very high
scales at the order of the Planck scale. Other bosons remain protected by local gauge symmetries
and fermions by their chiral symmetries and are therefore not effected by these corrections. This is
pure fine tuning in the case of the Higgs boson mass, which was initially pointed out by Susskind in
1979 [70].

While only a few issues with the SM are mentioned here, several other challenges exist that are
not covered in this discussion. These include the enigmatic presence of dark matter [71, 72], as
well as the dark energy [73, 74]. Additionally, the integration of gravity into the SM [75] remains a

significant challenge for particle physicists.



THE LARGE HADRON COLLIDER AND THE ATLAS EXPERIMENT

To study the physics of the smallest objects, vast and powerful machines like the LHC [11] are
needed. These enormous machines can accelerate particles to very high energies before colliding
them to access and study the properties and interactions of elementary particles. The LHC is the
world’s largest and most powerful hadron accelerator and collider, being able to accelerate hadronic
particles to velocities close to the speed of light and collide them. Its main purpose is to collide
protons, although it is also capable of accelerating and colliding heavy ions, like lead. This thesis
focuses on the proton-proton accelerator and collider properties of the LHC; therefore, only these
properties of the LHC are explained further. The resulting collisions of the LHC are studied with
enormous experiments like the ATLAS detector.

In the following chapter, the LHC is briefly described together with the ATLAS experiment and
its sub-detectors. Due to the focus of this thesis on the LHC Run 2 dataset, which was recorded
between the years 2015 and 2018, the layouts of the LHC and the ATLAS experiment in these years

are depicted and discussed.

3.1 THE LARGE HADRON COLLIDER

The LHC is a circular particle accelerator and collider at the CERN near Geneva in Switzerland.
The accelerator itself is nearly 27 km long and lies 100 — 150 m underground. It consists of two
ring acceleration pipes, in which the particles are circulated and accelerated in opposite directions.
The pipes themselves are surrounded by 1232 superconducting dipole magnets, which can generate
a magnetic field of up to 8.3 T to bend the proton beams and hold them on their circular track. In
addition, 392 quadrupole magnets are installed to focus the beams. While the LHC is the largest of
CERNSs accelerators, it cannot work without its predecessors and other accelerators, which are used
in an accelerator chain, delivering protons to the LHC. The Run 2 layout (status 2018) of all CERN
accelerators is illustrated in Figure 3.1.

The LHC is fed from a chain of smaller accelerators, which extract and pre-accelerate the particles
from a bottle of hydrogen to hundreds of GeV before being inserted into the LHC. Starting with the
Duoplasmatron, which separates the electrons from the hydrogen atoms and delivers the resulting
protons to the Linear Accelerator (LINAC) 2. While the electrons are discarded, the protons are ac-
celerated to an energy of 50 MeV using radio-frequency cavities. After the LINAC, the protons enter
the 157 m-long Proton Synchrotron Booster (PSB), or simply Booster, in which the protons are accel-
erated to 1.4 GeV and also bundled in so-called trains. These trains are then sent to the 628 m-long
Proton Synchrotron (PS), which further accelerates the protons to an energy of 26 GeV. After mul-

tiple quality tests (and beam adaptations), the protons are sent to the Super Proton Synchrotron (SPS).
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The CERN accelerator complex
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Figure 3.1.: 2018 layout of the CERN accelerator complex [76].

The 7 km-long SPS is one of the more prominent predecessors of the LHC, where both the W+ [23,
241 and ZY [25, 26] bosons were discovered in 1983. It accelerates the proton trains to 450 GeV
before sending them to their final destination, the LHC. In addition, the SPS also supplies other
experimental facilities at CERN with protons and other particles. However, since these experiments
are not related to this thesis, they are not further discussed here. It is herein filled with 2808 bunches
of 10! protons with a per-bunch spacing of 25ns. The LHC is designed to accelerate the protons
from 450 GeV to a collision (or center-of-mass) energy of /s = 14 TeV (7 TeV per beam) in nearly
15 minutes. However, the center-of-mass energy for Run 2 of the LHC was set to /s = 13TeV
(6.5 TeV per beam) due to technical considerations of the LHC magnets’ condition. Once the pro-
tons have reached their target energy, the beams are brought to collision at four so-called interaction
points around the ring. Around each of the interaction points, a particle detector is built to collect
particles produced in the proton-proton collisions, which can be analysed. These four experiments
are the ATLAS [77], CMS [78], LHCb [38], and ALICE detectors [79]. While the LHCb and ALICE
experiments have very specific physics programs, the ATLAS and CMS experiments are designed as

multi-purpose detectors with broader physics programs.
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Figure 3.2.: Run 2 Luminosity delivered by LHC. In addition, the recorded and good for physics luminosity
of the ATLAS experiment is presented [80].

While the high center-of-mass energy of the LHC is one of its main properties, another property is at

least equally important: the instantaneous luminosity L, defined in Equation (3.1):

2
_ frev N .
Amoy - oy

L F (3.1)
Here, L is determined by the revolution frequency frey, the total number of protons per beam N
(assuming the same amount of protons in each beam), the Gaussian beam widths o, and o,, and
the geometric luminosity reduction factor F'. The latter factor accounts for corrections due to the
beam crossing angle . and other effects at the interaction point. The LHC was designed for an
instantaneous luminosity of 1034 cm=2s71,
Using the instantaneous luminosity, one can define an absolute measure for the total number of
interactions recorded by the different experiments: the integrated luminosity [ L dt. The values

of the integrated luminosity as provided by the LHC and recorded by the ATLAS detector in the

years 2015 till 2018 are shown in Figure 3.2. The diagram also indicates the integrated luminosity

corresponding to the fraction of the data recorded by ATLAS which is considered good for physics.

The latter indicates if the collected data can be used for physics analyses, which is mainly related to

the status of the detector and data-taking while recording the data.

With the high instantaneous luminosity of the LHC and the number of protons per bunch, the
amount of interactions per bunch crossing needs to be taken into account when determining the
integrated luminosity of the different experiments. This mean number of interactions per bunch

crossing, denoted as (u), is shown in Figure 3.3 for the ATLAS Run 2 dataset.

In the Run 2 dataset of ATLAS, which is analysed in this thesis, the mean number of interactions

per bunch crossing is < p >= 33.7. This means that for every bunch crossing that occurs, on

19



20 THE LARGE HADRON COLLIDER AND THE ATLAS EXPERIMENT

600F

1
f

ATLAS Online, 13 TeV J’Ldt:146.9 fbt

2015: <u>=13.4
2016: <p>=25.1
2017: <u>=37.8
2018: <p>=36.1
Total: <p> = 33.7

500

400

BERO

300

200

Recorded Luminosity [pb™Y0.1]

100

uoneiqied 6T/2

0 10 20 30 40 50 60 70 80
Mean Number of Interactions per Crossing

Figure 3.3.: Mean number of interactions per bunch crossing for the Run 2 of the LHC per year of the ATLAS
recorded dataset [80].

average, 33.7 inelastic proton-proton interactions take place. This overlay of interactions per bunch

crossing is called pile-up.

3.2 THE ATLAS EXPERIMENT

The already-mentioned ATLAS experiment [77] is one of the four large experiments at the LHC. It
is a cylindrical multi-purpose detector with a length of 44 m and a diameter of 25 m and is, therefore,
the largest of the four large experiments. The detector itself weighs 7000 metric tons and consists of
multiple smaller sub-detectors, which are constructed in an onion-like manner around the interaction
point 1 of the LHC. A schematic representation of the ATLAS detector is depicted in Figure 3.4.
ATLAS covers nearly the entire solid angle of 47 and employs a right-handed Cartesian coordinate
system with the nominal interaction point as the center. The positive z-axis is oriented toward the
center of the LHC ring, while the positive y-axis points upward to the top of the detector and the
surface, defining the z — y plane. The positive z-axis is directed along the beamline. Due to the
shape of ATLAS, the x — y plane is typically described using a cylindrical coordinate system with
the r — ¢ plane. In cylindrical coordinates, the radius (or displacement from the beam axis) is defined
as 7 = /22 + y2, and ¢ represents the azimuthal angle. The polar angle 6, which measures the
displacement from the y — z plane, is commonly not used. The reason for this is that in collider
environments, a longitudinal Lorentz boost along the beam direction (z-axis) is present due to the
very high energies of the particles in comparison to their mass. In this relativistic setting, where
the momenta of incoming particles vary, the non-Lorentz invariant  is replaced with pseudorapidity
7, defined in Equation (3.2). With the relativistic approximation m < |p| = E =~ |p|, where p
is the three-momentum vector and F is the energy of the particle, pseudorapidity converges to the

definition of rapidity y, as shown in Equation (3.2).
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Figure 3.4.: Schematic of the ATLAS detector with its different sub-detectors [81]
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A difference in either n or y (An or Ay) is invariant under a Lorentz boost in the z direction,
making it the preferred geometric parameter in collider event physics. This becomes significant
when defining, for example, the spatial distance between two objects in the detector in the n — ¢

plane, which is defined as:

AR =/(An)? + (Ag)° (3.3)

This variable is essential for the reconstruction and identification of physics objects. Equally
important for these tasks are the various sub-detectors of ATLAS and their functionalities. In the
following sections, the sub-detectors of ATLAS will be described in more detail, starting from the

innermost part of the detector and proceeding outwards.

3.2.1 Inner Detector

The Inner Detector (ID) [82, 83] serves as the heart of ATLAS and is one of the most important com-
ponents of the detector itself, measuring a length of 6.2 m. It comprises three main components: the
Pixel Detector (PD), the Semiconductor Tracker (SCT), and the Transition Radiation Tracker (TRT).

Its primary goal is to precisely measure the momenta of particles and reconstruct their charges and
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(a): Schematic cross-section of the ATLAS inner de- (b): Schematic of the ATLAS inner detector [85].
tector with its different sub-detectors [84].

Figure 3.5.: Schematic depictions of the ATLAS inner detector.

tracks within the ID. Additionally, this information is vital for the identification and reconstruction
of different vertices (primary, secondary, tertiary), which play a pivotal role in the identification of
physics objects. A schematic view and cross-section of the ID, excluding the solenoid magnet, are
presented in Figure 3.5, and further details about its components are explained in their respective

sections below.

Pixel Detector

The pixel detector (PD) [84, 86] consists of three barrel layers located in a 1.4m long cylinder
with a diameter of 0.5 m centred around the interaction point. The forward region is constructed
with three discs positioned at each end of the cylinder, enabling the PD to provide coverage of
|n| < 2.5. With a total of 80 million channels, the three barrels, placed at 50.5 mm, 88.5 mm, and
122.5 mm, respectively, contain a total of 1744 modules, each with 46080 pixels measuring typically
(R—¢) x z =50 um x 400 pm. A computer-generated image of the PD is shown in Figure 3.6.

In preparation for Run 2, the PD was extended with a fourth barrel layer, the Insertable b-Layer
(IBL) [84, 88]. The IBL was inserted as the new innermost layer of the PD and is located at a
mean radius of 33.2 mm around the beam pipe. Containing 12 million pixels with a typical size of
(R—¢) x z = 50 um x 250 pm, the IBL improves the tracking capabilities of the ID by providing
an additional measurement point and mitigating the effects of radiation damage and the higher in-
stantaneous luminosity of Run 2 compared to Run 1, for which the PD was designed. The benefit in
transverse Impact Parameter (IP) resolution between Run 1 (without IBL) and Run 2 (with IBL) can

be seen in Figure 3.7.
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Figure 3.6.: Computer generated image of the pixel detector without the Insertable b-Layer (IBL) [87].
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Figure 3.7.: Performance improvement with the IBL in terms of unfolded transverse IP resolution. The refer-
ence resolution (black) was calculated using data taken in 2012 with /s = 8 TeV with a mixture
of jet, 7, and Missing Transverse Momentum (EIT“iSS) triggers. The new resolution (red) was cal-
culated using data from 2015 with /s = 13 TeV with a minimum bias trigger and the IBL. Both
resolutions are depicted as functions of the track transverse momentum pr with 0 < || < 0.2
[89].
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Semiconductor Tracker

The Semiconductor Tracker (SCT) [90] is a silicon-based microstrip detector that surrounds the PD
and extends the tracking capabilities to radial distances of 299 mm < r < 560 mm. The SCT com-
prises four layers of silicon-strip sensors in the barrel region and 9 disks in each forward region.
Similar to the PD, the SCT covers a pseudorapidity range of |n| < 2.5, with a size of the detect-
ing volume, in this case, the strips, measuring (R — ¢) x z = 80 um x 12 cm. To accurately track
particles passing through the layers, two of the four layers of each module are tilted by 40 mrad relat-
ive to each other. To reduce electrical noise in the semiconductor-based detectors, the SCT is cooled
to approximately 0° C. Unlike the IBL and the PD, the SCT only records binary hit information for

each strip with its 6.3 million readout channels.

Transition Radiation Tracker

The Transition Radiation Tracker (TRT) [91] is a gas-based tracking detector that uses so-called
straw tubes [92]. The TRT comprises 300, 000 of these straw tubes, each with a diameter of 4 mm. It
covers a radial range of 560 mm < 7 < 1080 mm in the barrel and |z| < 720mm and 617 mm < r <
1106 mm in the forward region, with 827 mm < |z| < 2774 mm. These tubes are filled with a gas
mixture consisting of 70 % Xe, 27 % COa2, and 3 % Oz. The TRT provides pseudorapidity coverage
of |n| < 2. In the barrel area, each straw consists of a 144 cm long Kapton tube with a 31 um thick
gold-plated tungsten wire at its center. In the forward regions, 37 cm long tubes are integrated into
wheels. On average, each charged particle causes 36 ionisations in the straw tubes [77] as it traverses
the materials between the tubes. These materials possess varying refractive indices, leading to the

generation of transition radiation when charged particles traverse them.

Solenoid Magnet

Surrounding the ID is a 5.8 m-long and 2.56 m-wide central superconducting solenoid magnet. It gen-
erates a 2 T magnetic field that permeates the ID and enables the precise measurement of particle mo-
mentum and charge since the magnetic field is parallel to the beam pipe. This results in a curved tra-
jectory for charged particles in the (R — ¢) plane. Using the bending radius of the charged particles,

the transverse momentum pr in GeV can be calculated with:

pr=~03-z-B-r (3.4)

Here, r is the bending radius in meters, B is the magnetic field in Tesla, and z is the particle
charge in units of elementary charge. The 0.3 is a rounded factor for the speed of light, approx-
imately 3 x 10®m/s. The resulting momentum measurement suffers from higher uncertainties for
higher momenta due to the smaller curvature of charged particle tracks and, consequently, higher
uncertainty in radius measurement. The relative resolution of momentum measurements in the ID

can be described as follows [77]:
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U(pT) _ 0.05 %pT

1 3.5
pT GeV @ % ( )

where @ is the magnitude of two uncorrelated signals by taking the square root of the sum of

squares.

3.2.2 Calorimeter

Surrounding the central solenoid magnet are the calorimeter systems of ATLAS. These systems are
designed to measure the energy of the particles produced in the collisions and their subsequent decay
by absorbing them. The calorimeter itself consists of three main parts: The Electromagnetic Calori-
meter (ECal), the Hadronic Calorimeter (HCal), and the Forward Calorimeter (FCal). The different
systems are designed for various tasks, but all calorimeter systems share a common feature: layering.
The calorimeters consist of multiple layers of absorber and active material used to measure the energy
of the particles. A more detailed description of each sub-calorimeter is provided in their respective

following sections. The different calorimeter sub-systems are depicted in Figure 3.8.

Tile barrel Tile extended barrel

LAr hadronic
end-cap (HEQ)

LAr eleciromagnetic .
end-cap (EMEC) ————

LAr electromagnetic

barrel
LAr forward (FCal)

Figure 3.8.: Schematic representation of the ATLAS calorimeter system [93].

Electromagnetic Calorimeter

The ECal [77] is a high granularity sampling calorimeter that uses liquid argon (Liquid Argon (LAr))

as active and lead as absorber material. Its main task is the absorption and measurement of photons
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Figure 3.9.: Schematic representation of the ATLAS electromagnetic calorimeter [94].

and electrons and their respective energies. While heavier and more energetic particles pass through
the ECal and deposit just a small fraction of their energy in the calorimeter cells due to their mass,
(nearly) all electrons and photons are absorbed. The ECal electrodes and absorber plates are construc-
ted in an accordion-shaped manner, ensuring complete symmetry in ¢ to achieve full coverage in that
aspect. The ECal is split into one barrel and two Liquid Argon Electromagnetic End-Cap (EMEC)
parts which are depicted in Figures 3.8 and 3.9, respectively. While the EMECs cover a range in pseu-
dorapidity of 1.375 < |n| < 3.2 with a slightly coarser granularity, the barrel is split again into two
identical halves, each 6.4 m long and 53 m thick, covering a pseudorapidity range of |n| < 1.475 with
a granularity of (An x A¢) = 0.025 x 0.025. The relative resolution of the energy measurement of
the ECal is described with Equation (3.6) where E denotes the measured energy.

"g) =10 %@@0.7% (3.6)

In contrast to the momentum measurement described in Section 3.2.1, the relative resolution of the
energy measurement increases with particle energy due to the statistical nature of electromagnetic

showers.

Hadronic Calorimeter

Enclosing the ECal is the Hadronic Calorimeter (HCal) [77], which is, with its 2900 metric tons,
one of the heaviest parts of ATLAS (depicted in Figure 3.8). Similar to the ECal, the HCal is a
sampling calorimeter with alternating layers of absorber and active materials which is split into two
parts, the barrel Tile Calorimeter (TileCal) [95] and two Liquid Argon Hadronic End-Caps (HECs).
With a total length of 11 m, subdivided in a central barrel (5.8 m) and two extended barrels (2.6 m
each), the TileCal uses iron as absorber and plastic scintillating tiles as active material. It covers a

pseudorapidity range of |n| < 1.7, while the HECs cover a range of 1.5 < |n| < 3.2 and are also
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copper/LAr-based. In contrast to the ECal, the HCal is designed to absorb and measure all hadronic
particles and therefore avoid the so-called punch-through of particles. The latter describes the effect,
that hadronic showers of particles decaying inside the HCal reach the end of the calorimeter and
access the muon system. In doing so, these punch-through particles could be misidentified as muons.
The relative resolution of the energy measurement of the HCal is described with Equation (3.7) where

E denotes the measured energy.

JSEE) :50%\/;@3% 3.7)

Forward Calorimeter

The last part of the ATLAS calorimeter system is the Forward Calorimeter (FCal) [77, 96, 97]. It
consists of three layers, one copper-based electromagnetic layer and two tungsten-based hadronic
layers. Providing a coverage in pseudorapidity of 3.1 < |n| < 4.9, the FCal was designed to provide
energy measurements of forward particles and contribute, with the HCal, to the Missing Transverse
Momentum (ETmiSS) measurement. The relative resolution of the energy measurement of the FCal is

described with Equation (3.8) where E' denotes the measured energy.

”;E) — 100%\/;@ 10% (3.8)

3.2.3 Toroid Magnets

Outside of the calorimeter system, the second of the ATLAS magnet systems is placed. The toroid
magnet [98], consisting of one barrel and two end-cap magnets, is 26 m long and 22 m in diameter.
It is a superconducting magnet that provides, in addition to the solenoid magnet, a magnetic field for
the measurement of the particle’s momenta. Each of the magnets consists of eight coils creating a
toroidal magnetic field of 0.5 T to the barrel and 1 T to the end-cap regions, respectively. A schematic

drawing of the magnet system is presented in Figure 3.10.
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Figure 3.10.: Schematic representation of the ATLAS magnet system (red) [99].

3.2.4 Muon Spectrometer

The outermost and final sub-detector of the ATLAS experiment is the Muon Spectrometer (MS) [77,
100]. Its primary purpose is to track and measure muons, as they are normally the only particles,
besides neutrinos, that exit the calorimeter system. Due to their minimally ionising nature, muons
can easily traverse the entire detector without being stopped or absorbed. Offering a momentum
resolution of 10 % for 1 TeV particles, the barrel detectors of the MS are arranged in three concentric
layers around the beam pipe, located at radii of 5m, 7.5m, and 10.5 m, respectively. In the end-
cap regions, three wheel-shaped detectors are positioned at z = 7.4 m, 14 m, and 21.5m from the
interaction point, respectively, providing coverage in the forward regions. The entire MS employs
gas-based detector technologies. A schematic view of these sub-detector systems is displayed in
Figure 3.11.

The MS is built around two types of chambers for separate corresponding use cases: precision
measurement and trigger chambers. For precision measurements, Monitored Drift Tubes (MDTs)
and Cathod Strip Chambers (CSCs) are used. The MDTs are aluminum tubes with various lengths
and a 30 mm diameter. They are filled with a gas mixture of 93 % Ar and 7 % COs The CSCs are
multiwire proportional chambers built in strips. Each of the strips consists of radially oriented wires
and cathodes and is filled with a gas mixture of 80 % Ar and 20 % CO,. While the MDTs provide
better resolution in the barrel, the CSCs provide better spatial resolution to cope with the higher
signal rates in the forward region. The MDTs are located at the three layers in the barrel and on
each of the wheels in the end-cap regions. Each layer is fitted with three layers of MDTs beside the

innermost barrel layer, which is equipped with four layers. On the innermost wheel in the forward
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Figure 3.11.: Schematic representation of the ATLAS muon spectrometer [100].

region, the MDTs are replaced with CSCs to better cope with the high flux of particles.

For trigger purposes, the MS has two types of chambers: Resistive Plate Chambers (RPCs) and Thin
Gap Chambers (TGCs). The RPCs are installed in the barrel region, stacked on the MDT chambers,
providing crucial timing information for the trigger, due to their time resolution of 10 ns. The TGCs
are found on the wheels of the MS in the forward region, also providing crucial timing information.
In total, the MS covers a range in pseudorapidity of |n| < 2.4 for measurements and |n| < 2.7 for

triggering.

3.2.5 Trigger and Data Acquisition

With the previously described bunch separation of 25 ns, proton-proton collisions inside the detector
occur at a frequency of 40 MHz. Taking into account multiple interactions per bunch crossing (see
Figure 3.3) and the average event size of 1.6 MB, the resulting data rate from the detector, ~ 64 TB /s,
is too high to be recorded and stored in its entirety. To control this data rate and the number of
stored events, ATLAS employs a Data Acquisition (DAQ) system, consisting of a two-stage trigger
[101], as shown in Figure 3.12. To efficiently exploit the available bandwidth, the trigger system
identifies interesting events in real-time and decides whether to store or discard them. The criteria
for what constitutes an interesting event are defined in the so-called trigger menu. In this menu,
various data streams are designated for different purposes, such as the physics main stream, which,
as the name implies, is the primary data stream for physics analyses. Each stream has its unique
requirements and event selection criteria, and events meeting these criteria are retained. The first
stage of the trigger system, the Level 1 (L1) trigger, is a hardware-based trigger that utilises custom-
built Field Programmable Gate Arrays (FPGAs). These FPGAs use the information provided by
the calorimeter and muon systems to decide within 2.5 us regarding event acceptance or rejection.

With a reduced data rate of only 100 kHz, events that pass the L1 trigger are directed to the High-
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Level Trigger (HLT). The HLT is a software-based trigger that operates on a dedicated computer
cluster, which has access to comprehensive event information from all sub-detectors. Leveraging
fast reconstruction algorithms capable of promptly reconstructing and tracking physics objects, the
HLT evaluates whether an event meets the criteria specified in the trigger menu to be considered
within the Region of Interest (Rol). Passing through the HLT, the data rate is further reduced from

100 kHz to an average of 1 kHz, making it manageable for storage and subsequent analysis.
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Figure 3.12.: Schematic overview of the trigger chain and DAQ of ATLAS. Taken and adapted from Ref. [101].



EVENT SIMULATION OF PROTON-PROTON COLLISIONS

Using the data taken with the ATLAS detector described in Chapter 3, one needs to compare the
results from the data to expectations. These expectations stem from calculations of different theoret-
ical models, usually the SM. To create simulations based on the theory calculations, different Monte
Carlo (MC) techniques are used to simulate the proton-proton collisions. Using protons for the col-
lisions makes the task of simulation very complex but thanks to the factorisation theorem [102] it
is possible to separate different effects of the processes into hard and soft process. While the hard
process or hard scattering describes the main interaction of the partons of the protons with large-scale
momentum transfer and therefore with perturbation theory, the soft process describes all effects with
smaller-scale momentum transfer which cannot be described with perturbation theory. Taking also
into account other effects, like hadronisation, decay of the hadrons, pile-up, and the detector resolu-
tion, this chapter will focus on the simulation chain of ATLAS that is used to simulate the different

processes taking place inside the detector.

4.1 CROSS-SECTIONS AND PARTON DISTRIBUTION FUNCTIONS

The simulation chain starts with the hard scattering process. First, one needs to introduce a so-
called cross-section o which describes the probability for a certain process to take place. Using the
integrated luminosity from Section 3.1, one can calculate the total number of events of this process

with Equation (4.1) where N is the total number of events of the process.

N:a./gdt 4.1)

When looking at a two-body collision producing a particle X, the cross-section is 0}, ,—sx. The
case of proton-proton collisions introduces some difficulties in the calculation of the cross-section
given the composite nature of these particles. Due to the non-perturbative behaviour of the partons
inside the proton, the composition of the proton constituents is described by so-called parton distribu-
tion functions. They describe the probability of finding a certain parton ¢ with a momentum fraction
x;, contributing to the total momentum z of the proton when probed with a momentum transfer of Q2.
The parton distribution functions are extrapolated from multiple measurements provided by different
collaborations, like CTEQ [103], MSTW [104] and NNPDF [105], to different scales of Q2 using
the Dokshitzer—Gribov—Lipatov—Altarelli-Parisi (DGLAP) equations [106—108]. The resulting func-
tions are shown in Figure 4.1.

Using now the already mentioned factorisation theorem, the cross-section can be split into the

different parton distribution functions and the partonic cross-section 45— x , which can be calculated
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Figure 4.1.: Parton distribution functions z f (z, 413.) from the NNPDF3.0nxN1o analysis [105, 109].

using perturbation theory. The partonic cross-section is normally expressed with an expansion in the

strong coupling

Oapsx = 60 + as61 + 269 + ... (4.2)

where G describes the Leading Order (LO) or tree-level contribution, cs61 the Next-to-Leading
Order (NLO) corrections and so on. The higher orders in a5 describe the radiative corrections (either
real emissions or loops) due to gluon and quark radiation. The real emissions are grouped into two
categories: Initial State Radiation (ISR) and Final State Radiation (FSR), describing radiations from
the initial/final state partons which can introduce so-called infrared divergences. Virtual corrections
or loops also lead to so-called ultraviolet divergences. Both divergences can be regularised by adding
unphysical scales, the factorisation and renormalisation scales g and ug, respectively. It should be
noted that these scales are not intrinsic for QCD but are set to be equal to the momentum transfer of
the hard process.
By integrating now all possible parton flavour combinations and their respective momenta, one can

express the cross-section o, p,  x as

Opipa—X = Z/dxadxb fa (l'a;,u%) fo (W)aﬂ%‘) “Oab—X (l'a’l'baNFalﬁR) 4.3)
a,b
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Figure 4.2.: Summary of the production cross-sections for various proton-proton collision processes [110]. Us-
ing the methods explained in this section, the theoretical predictions are calculated and compared
to their respective measurement from ATLAS.

with the parton density functions f, and f;, and the momentum z, and x; of the interacting partons
a and b, respectively. The dependency of the cross-section from the unphysical factorisation and
renormalisation scales is due to the finite order of the expansion used in the calculation of the partonic
cross-sections in Equation (4.2). For n — oo, these dependencies disappear. A summary of the

production cross-sections for various proton-proton collision processes is shown in Figure 4.2.

One important aspect of the factorisation scheme used is the appearance of b-quarks in such pro-

cesses. In QCD, this can be handled in two different manners: One can assume that the b-quarks are
massive with my > mproton and therefore do not appear in the initial state and do not have a dedicated
parton distribution function. Under this assumption, the b-quarks decouple from « running and are
not taken into account in its calculation. This becomes very important when calculating processes at
lower scales. This scheme is called the Four Flavour Scheme (4FS).
On the other hand, at higher scales, these mass effects become negligible. Therefore, the initial
b-quarks can be assumed massless, and b-quarks can be treated similarly to the other lighter quarks.
This leads to a dedicated parton distribution function for b-quarks. This scheme is called Five Flavour
Scheme (5FS).
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4.2 MATRIX ELEMENT AND PARTON SHOWER SIMULATION

In MC generators, the hard process is described with a so-called Matrix Element (ME). This ME
is generated by the different generators, which can calculate those automatically, using perturbation
theory. In addition to the ME calculation, which covers the already mentioned effects of the hard
process and parts of the Parton Shower (PS), namely ISR and FSR, the generators also simulate
interactions involving soft gluons taking place in the PS. These soft gluons split, producing more
gluons, or fuse to create quarks. With this cycle of splitting and fusing, a cascade-like shower of
partons is created. This non-perturbative effect is approximated using different PS models like the
CS shower [111] employed by SHERPA [112], or VINCIA [113] used by PYTHIA [114]. Having
now two separate simulations, one needs to combine these approaches with a so-called matching or
merging scheme. By setting an energy threshold, where all particles above/below are described by the
ME/PS respectively, any overlap of particles in the given phase space can be resolved. Other particles
like beam remnants or parts of the initial proton can also produce additional, mostly soft, processes.
These processes can produce a so-called underlying event which consists of multiple interactions
between the remnants. Due to their soft nature, the products of these processes are normally not
reconstructed as physics objects but need to be taken into account for specific measurements like the

EMiss measurement and are modelled using phenomenological models.

4.3 HADRONISATION AND DECAY

After the parton splitting and gluon emissions, the so-called hadronisation sets in at a momentum
transfer between the partons of Q% = 1 GeV?2. Due to the confinement of colour-charged particles [37],
the hadronisation combines the different particles into colour-neutral mesons and baryons. Being at
the non-perturbative energy scale, the hadronisation is simulated using effective models like the Lund
string [115] or cluster [116] fragmentation. Both models are based on the principle of the local Parton-
Hadron Duality (PHD) [117] which supposes that the flow of momentum and quantum numbers at
the hadron level (after hadronisation) tends to follow the flow of the parton level (before hadronisa-
tion). In more detail, the cluster fragmentation model, used in SHERPA, applies a split of gluons into
quark pairs until the lower cut-off scale is reached. Using these new quark pairs, colourless clusters
are formed which decay into hadrons. In contrast, the Lund string model, used by PYTHIA, applies
an increasing potential energy between the spatially separated colour-charged particles. A threshold
for the upper limit of this potential energy, a new quark pair is created once this limit is crossed. This
procedure is repeated iteratively until all particle energies are low enough so that only colourless
hadrons remain. In addition, these hadrons can be unstable, resulting in decays into lighter hadrons

until all hadrons are stable.
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4.4 PILE-UP

Once the simulation of the main process at parton level (before any detector simulation) is done, one
needs to also take pile-up into account. Pile-up, shortly introduced already in Section 3.1, describes
the effects and interactions of other protons in the same bunch (in-time) and protons of neighbouring
bunches (out-of-time), which have not taken part in the main interaction process. The pile-up simula-
tion [118] is done using PYTHIA [114] by including single, double, and non-diffractive components
and overlaying multiple interactions at the same time. For the in-time pile-up, this is done similarly
for all sub-detectors, while for out-of-time pile-up, the simulation is done separately per sub-detector
due to the different detector responses for this type of pile-up. Given the dependency of the effect on
the beam conditions and the number of interactions per bunch crossing p, the respective simulations
are reweighted to the u of the corresponding data.

Another way to estimate pile-up effects is by considering so-called zero-bias runs. In these types of
runs, data is taken with a random trigger without any pile-up suppression techniques making this a
purely data-driven approach. These recorded background events are then overlaid on top of the sim-
ulation of signal events to recreate the environment in which the corresponding data will be taken.
In ATLAS, the simulation approach is used for proton-proton collisions, while the data-driven ap-
proach is used in heavy ion collisions due to their enormous amount of background particles from

pile-up.

4.5 DETECTOR SIMULATION

The detector simulation of the ATLAS experiment and its sub-detectors [119] is one of the most
important, but also the most computing-intense step of the simulation chain. ATLAS makes use of
two different types of detector simulations: the so-called full simulation using GEANT4 [120, 121]
and a fast simulation using the Fast ATLAS simulation Atlfast-II (AF2) [122].

GEANT4 is a C++-based simulation software that can model the passing of particles through matter.
By precisely simulating the passing of the particles through different materials and their energy loss
in those, GEANT4 can model the pass-through of all particles coming from the simulations through
the full ATLAS detector. To properly simulate the traversing process, a very detailed model of the
ATLAS detector, including all materials and the magnetic fields, is given to GEANT4 which enables
the proper simulation.

While the full GEANT4 simulation is very precise and describes the passage of particles through
ATLAS exceptionally well, the computing cost for simulating a full event is very high. Due to the
large number of events that have to be simulated, a fast simulation algorithm with less thorough
modelling is applied to generate the number of simulated events needed. The largest part of the
computing costs arises from the simulation of particle showers in the calorimeters and the tracking
in the ID and the MS. By replacing the particle shower simulation with the FastCaloSim [123]

utilising parametrised calorimeters, a huge gain in computing costs can be achieved. In addition,
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another order of magnitude in computing time can be gained when using the fast-tracking simulation
FATRAS [124]. It employs simplified parametrisations of physics processes as well as a simplified
geometry of the ATLAS track reconstruction algorithms.

The output of both detector simulations is in the same format as the data taken by the detector so they
can be easily fed into the trigger and DAQ pipeline described in Section 3.2.5. With the same format,
simulation and data can be directly compared and are sent to the object reconstruction algorithms to

reconstruct physics objects using the information collected at the so-called detector level.
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OBJECT RECONSTRUCTION AT THE ATLAS DETECTOR

After the DAQ, the collected data is used in reconstruction algorithms. The detector signals cre-
ated by the passage of particles through the different sub-detectors are key for the reconstruction
of interesting events and the identification of their constituent particles. One can split the signals
of the sub-detectors into two groups: tracking and calorimetry information. While the former data
are mainly produced by the ID and the MS, the calorimetry information is collected by the ATLAS
calorimetry system. The raw information from the sub-detectors can be utilised in various dedicated
reconstruction algorithms, which aim to rebuild different physics objects from the measured detector
signals. In addition to electrons and muons, the list of physics objects also includes particle tracks,
the Primary Vertex (PV), jets, and EM. Furthermore, photons are also physics objects that are re-

constructed, but will not be covered here due to their negligibility for this thesis.

This chapter introduces the different object reconstruction algorithms employed in ATLAS.

5.1 TRACKS AND PRIMARY VERTICES

Track reconstruction is among the first reconstruction algorithms applied to the data/simulation, for
the reason that nearly all other reconstruction processes rely on the tracks. The primary track al-
gorithm [125, 126] utilises the full ID, starting from the PD and SCT and extending outwards to the
TRT. When charged particles traverse the ID, they deposit energy that can be measured as a signal.
The signals (or hits) from the PD and SCT are then organised into clusters employing a Connected
Component Analysis (CCA) [127]. Using these clusters, three-dimensional space-points are created,
indicating where the charged particle passed through the detector’s active material. In the PD, each
cluster corresponds to one space-point, while in the SCT, a combination of clusters from both sides
of the strip layer must be used to determine the space-points.

Track seeds are generated by grouping three space-points. This approach optimises the available
potential combinations while also allowing for an initial rough estimation of the particle momentum.
To assess the Impact Parameters (IPs)! of a track seed relative to the center of the interaction region,
an assumption of a flawless helical trajectory within a uniform magnetic field is made. Subsequently,
a combinatorial Kalman filter [128] is employed to construct potential tracks from the seeds. This
involves incorporating additional spatial data from the remaining layers of the pixel and silicon de-

tectors, provided they align with the initial track trajectory. Utilising these available tracks and the

The transversal IP dg refers to the minimum distance between a track and the PV in the transverse plane, while the
longitudinal IP z( represents the longitudinal separation between the PV and the point on the track from which dj is
measured.
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supplementary spatial information results in a notably high reconstruction efficiency for primary
particle tracks, concurrently eliminating a substantial number of tracks formed solely from random
groupings of space-points. Once all realistic combinations of space-points have been identified, mul-
tiple track candidates can occur due to overlapping or incorrectly assigned space-points. This ambi-
guity is resolved [129] by ranking the track candidates using a so-called track score. A track is given
a score according to the alignment accuracy of hits with the selected trajectory, as well as the ful-
filment of specific quality criteria. For tracks passing these criteria, corresponding compatible TRT
hits are identified to further extend the track. Subsequently, a global x? fit is employed to accurately
determine the track parameters. The outcome of this tracking sequence is a set of definitive tracks,
with each track representing the path of an individual charged particle originating from the interac-
tion point.

In addition to this inside-out tracking approach, another distinct tracking algorithm known as the
outside-in tracking is used. This reversed approach starts with the TRT and expands inwards towards
the PD and SCT. This method is particularly effective in identifying tracks primarily arising from
distant secondary decays which makes it a vital technique for detecting particle tracks that could
be oriented towards the interaction point, even if they do not necessarily originate from there. TRT
tracks are automatically excluded if they do not have an extension to the PD and SCT.

Making use of the reconstructed tracks, PVs can be reconstructed using an algorithm [130] which in-
volves two main steps: vertex finding and vertex fitting. Initially, the set of fully reconstructed tracks
is projected inwards to locate a common and distinct origin within the beam spot. Once this shared
vertex point is identified, an iterative y? minimising fit is applied to accurately determine its position.
After obtaining the vertex position, any tracks that do not align with the vertex are removed and used
to identify another vertex. Ultimately, the primary vertex is determined based on the highest sum of
squared transverse momenta (p4) from its associated tracks. The remaining reconstructed vertices are
classified as pile-up vertices. This criterion relies on the assumption that charged particles resulting
from hard scattering interactions generally possess larger average transverse momenta in comparison

to those generated in pile-up collisions.

5.2 ELECTRONS

Electrons are among the few particle types that are stable and primarily interact through the electro-
magnetic force. In this section, a brief explanation of electron reconstruction, calibration, identifica-
tion, and isolation is provided, highlighting their significance in the ¢tZH analysis and the estimation
of fake lepton backgrounds. A more detailed description, including the exact definition of Working
Points (WPs) can be found in Ref. [131].
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Figure 5.1.: Schematic representation of the path of an electron through the ATLAS detector. The electron

path is shown with the solid red line, traversing first the ID and entering then the ECal. The dotted
red line shows the path of a photon produced due to bremsstrahlung inside of the TRT [132].

Reconstruction

When an electron traverses a material, it has the potential to lose a considerable portion of its en-
ergy through bremsstrahlung. This process involves the emission of a photon, which can further
convert into an electron-positron pair, subsequently interacting with the detector material. These
emitted positrons, electrons, and photons are typically located closely around the main trajectory of
the electron and are often reconstructed as components of a single electromagnetic cluster, which
is a clustered group of energy depositions inside the ECal. These interactions can occur within the
volume of the ID or even within the beam pipe, resulting in the generation of multiple tracks. Altern-
atively, these interactions might occur downstream of the ID, affecting the energy shower within the
calorimeter. Consequently, a scenario arises where multiple tracks can be produced and correlated
with the same electromagnetic cluster, all stemming from the same primary electron source. Using
the high-granularity ECal and the tracks provided by the ID, the electron reconstruction is based on
three key elements that define the signature of electrons. These elements include localised clusters of
energy deposits detected in the ECal, charged-particle tracks within the ID, and a precise alignment
of those in the 7 — ¢ plane. The latter is used to build the final electron candidates. Due to the
lower granularity of the ECal outside the barrel region and the geometric acceptance of the ID, the
electron reconstruction explained above is used only in the central region (|n| < 2.47) of ATLAS. A

schematic representation of the path of an electron through the detector is given in Figure 5.1.

The reconstruction of an electron begins with the selection of clusters of energy depositions in
topologically connected ECal and HCal cells, so-called Topological Clusters (Topo-Clusters). These
Topo-Clusters are built in an iterative way, combining so-called proto-clusters with surrounding cells

if a certain significance threshold is reached. If two proto-clusters contain the same cell with a
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significance above the threshold, they are merged. If a proto-cluster contains two cells with Efgﬁl >
500 MeV and each has four neighbours, all with a smaller energy deposition, the proto-cluster is split.
If a Topo-Cluster is found, the algorithm attempts to match it to reconstructed tracks from the ID in
the n — ¢ plane.

Based on the Topo-Clusters and the associated reconstructed tracks, so-called superclusters are built.
The reconstruction starts from corresponding supercluster seeds, which are found by iterating the
Topo-Clusters and selecting those, which have F'r > 1 GeV and a matched track with at least four hits
in the ID. Afterwards, all Topo-Clusters around the seed are used to find satellite clusters, stemming
from bremsstrahlung, by matching them to the seeds if found within An x A¢ = 0.075 x 0.125. The
resulting combination of seeds and satellite clusters is than reconstructed as supercluster, from which

the electrons are built.

Energy Calibration

To improve the energy resolution of electrons and to correct for differences in the electron energy
scale in data and MC simulation, a chain of calibrations is applied. The calibrations account for en-
ergy loss in the tracker material, energy deposition in neighbouring cells relative to the energy cluster,
and general energy loss outside the ECal.

In the first step, the energy of the superclusters is corrected, which takes into account the properties
of the shower development, determined using a multivariate regression algorithm [133]. The regres-
sion algorithm is trained on simulated electrons and serves to improve the energy resolution while
simultaneously reducing the impact of the material in front of the calorimeter, which is applied to
both data and MC.

Another correction that is needed is for the energy scale. This correction can be described as a con-
stant factor for the simulated electron energy which is applied to match the simulated electron energy

with the one measured in data, derived using Z — e*e~ and J /¥ — eTe™.

Identification

Differentiating electrons from the prompt decay of particles, e.g. W boson, from other background
sources, such as mis-identified hadrons, electrons from photon conversions or heavy flavour decays,
plays an important role in the t{H measurement to suppress the background. The identification is
based on a Likelihood (LH) approach which uses different quantities as input, e.g track conditions
and calorimeter information, as well as a Probability Density Function (PDF). These PDFs are
derived using simulated Z — eTe™ and J /¥ — eT e events. A LH is built for both the signal (Lg)
and the background (L ), each with its own PDF.

Using the resulting LHs for the electron candidate, a discriminant dy, is defined as

Lg

dp = ——=%
L Te+Ln

S.D
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where Lg and Lp are the signal and background LHs for the electron candidate. With a sharp
peak at 1 for the signal and at 0 for the background, the discriminant is transformed using an inverse
sigmoid function to flatten out the distribution for an easier definition of the electron identification
WPs. More details about this can be found in Ref. [131].

Isolation

Prompt electrons are typically separated from other physics objects due to their characteristic signa-
ture of low activity in the surrounding area in 7 and ¢. To separate the signal prompt electrons from
the hard-scattering process from other backgrounds, such as the semileptonic decay of heavy quarks
and hadrons faking electrons, so-called isolation variables are constructed. These variables quantify
the amount of activity in the region around the reconstructed electron. Two types of isolation tech-
niques are considered: calorimeter-based and track-based isolation.

The calorimeter-based isolation employs a cone approach. Around the electron, a cone is defined in
the 77 — ¢ plane with a certain radius denoted as AR [Equation (3.3)]?. Additionally, Topo-Clusters
are constructed inside and around the cone. These clusters originate from cells with energy depos-
its exceeding four times their noise-level threshold. Subsequently, cells around the center of the
Topo-Cluster are examined. If these cells have energy deposits exceeding twice their expected noise-
level threshold, they are added to the Topo-Cluster. This process is repeated in all three spatial
directions, encompassing both the ECal and HCal, until no further cell satisfies this requirement. In
the final step, a final shell of cells around the cluster is incorporated. Topo-Clusters with a barycenter
inside the previously defined cone are included in the calculation of isolation variables, such as the
isolation transverse energy EX°. It should be noted that the electron’s contribution is subtracted from
these variables.

For the calculation of track-based isolation variables, tracks with at least pr > 1 GeV are used. Ad-
ditionally, the tracks need to satisfy basic track-quality criteria, and |z sin | < 3 mm is required to
reduce the effect of pile-up. Here, zg denotes the longitudinal IP of the track from the primary vertex.
Using the track of the reconstructed electron as the main axis, another cone with a radius of AR is
placed around it. All tracks inside this cone are considered when calculating track-based isolation

variables, such as the isolation transverse momentum pi.

5.3 MUONS

In the ATLAS detector, muons are unique in their ability to penetrate and the outer layer of the
calorimeter system and still be detectable as they are minimum-ionising particles.?. This distinctive
property of muons leads to the presence of clear tracks in the ID and MS and characteristic energy

deposits in the calorimeter. For these muon candidates, identification and isolation algorithms are

2 The chosen AR depends on the isolation WPs being used.
3 In rare instances, the shower of highly energetic hadrons can extend into the MS.
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employed to effectively distinguish prompt muons originating from the hard-scattering process from
other sources of muons, such as those produced by the decay of heavy quarks. A more detailed
description of the full process of muon reconstruction, calibration, identification, and isolation can
be found in Ref. [134].

Reconstruction

Muon reconstruction requires not only the tracks provided by the ID but also tracks from the MS.
The process begins with the identification of hits in the individual MS stations, which are used to re-
construct straight local track segments. These segments are identified using a Hough transform [135]
and are used to build preliminary track candidates, leveraging precision measurements of the track’s
bending radius and information from the trigger detectors.

As a final step in creating the muon track candidates, a x? fit is applied to the muon’s trajectory
within the toroidal magnetic field, accounting for possible effects of misalignment and material in-
teractions in the MS. Subsequently, any outlier hits along the track trajectory are removed, and the
fit is recalculated. Ambiguities are resolved by removing tracks that share hits with higher-quality
tracks. These final muon tracks are then refitted, taking into account the possible energy loss in the

calorimeter system.

For the actual reconstruction of muons, five different types of muons are considered, each with
its respective reconstruction strategy. These five muon types are: combined, inside-out combined,
segment-tagged, calorimeter-tagged, and MS extrapolated.

The first type of muons, combined muons, is constructed by matching tracks in the MS and ID using
a fit-based on their underlying hits in the respective sub-detector. Similar to the reconstruction of
muon candidates, a possible loss of energy in the calorimeter system is taken into account.

In contrast to combined muons, inside-out muons are reconstructed by extrapolating tracks from the
ID into the MS. If at least three MS hits can be aligned with the track, the track is reconstructed as a
muon.

Segment-tagged muons are identified using a track in the ID that tightly matches in angular distance
with at least one MS segment. Calorimeter-tagged muons do not rely on the MS. They are identified
using an ID track with an energy deposition in the calorimeter system consistent with a minimum-
ionising particle.

Finally, a track is reconstructed as an MS-extrapolated muon if the track in the MS cannot be matched

to an ID track.

Identification

After the initial reconstruction, the muon candidates are selected for each type via a dedicated set of

requirements, special for each of the types. These requirements are given in tight, medium, and loose
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Figure 5.2.: Efficiency of the muon identification WPs for muons with an ID track of at least pt > 10GeV
from ¢ events as a function of pt (a) and 7 (b) [134]. In black, the efficiency for prompt muons is
shown, while in red, the efficiency for muons from light hadron decays are shown. A significant
drop for all WPs can be observed for 7 < 0.1 due to a gap in the coverage of the MS.

WPs. More WPs are defined to match the vastly different needs of analyses in terms of prompt muon
identification efficiency, momentum resolution, and background rejection (non-prompt muons). For
non-prompt muons, special WPs are defined to separate in addition the muons from light hadron
decays (typically with low-quality muon tracks) from muons from a heavy-flavour decay (typically
with high-quality muon track). A detailed description of all WPs can be found in Ref. [134]. The

efficiency for the aforementioned WPs are depicted in Figure 5.2

Isolation

Similar to prompt electrons, prompt muons exhibit low hadronic activity in their vicinity. While
muons originating from light hadron decays are already rejected by the identification criteria, the
isolation process targets non-prompt muons arising from heavy hadron decays. These non-prompt
muons also meet high-quality identification requirements, as previously mentioned. In the case of a
muon resulting from a heavy hadron decay, the muon is referred to as soft and typically occurs with
multiple energy depositions in the calorimeter near it.

Much like the identification process, isolation also employs different WPs, each with variations in
their acceptance of prompt muons, rejection of non-prompt muons, and performance near other ob-
jects. Furthermore, similar to electrons, isolation criteria can be defined based on both track-based

and calorimeter-based measurements.
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The track-based isolation variables for muons are comparable to the isolation of electrons. Around
the muon track, a cone in the n — ¢ plane is placed with a radius of AR. The isolation variable is
calculated by summing up all transverse momenta of all ID tracks inside the cone, excluding the
muon track. Depending on the selected isolation, AR is either

(5.2)

10 GeV
p%oneZO - AR=02 or p¥arc0ne30 - AR = min (e 0‘3>

o
Py

where pf is the transverse momentum of the muon. Both of these variables are utilised across
various WPs. The latter variable is optimised for scenarios where jets and leptons within the event
are expected to be close to each other. Additionally, the minimum pf of the isolation variable can be
adjusted to enhance the rejection of hadronic activity. For all isolation variables, a minimum track
transverse momentum of either 500 MeV or 1 GeV is required. Because these variables are largely
independent of pile-up effects, all isolation WPs include at least one of the track-based isolation vari-
ables.
Calorimeter-based isolation functions in the same way as described for electrons in Section 5.2. In a
cone around the muon track with AR = 0.2, the energy deposited in all Topo-Clusters in the calori-
meter, with their barycenters inside the cone, is taken into account and summed. This new isolation
variable is referred to as EP°°*"*°. The energy deposition from the muon is subtracted to account
for contributions from pile-up and the underlying event, necessitating the estimation and proper sub-
traction of their effects. This can result in a decreased energy resolution due to the substantial applied
relative correction. Consequently, calorimeter-based isolation tends to be more sensitive to pile-up
effects compared to track-based isolation. The advantages of calorimeter-based isolation variables
lie in the ability to measure neutral particles and contributions from particles whose pr is below the
threshold of the ID track.
To improve performance and exploit the advantages of both types of muon isolation, the variables are
normally combined in the different WPs. With the particle-flow algorithm* [136] it is also possible
to remove overlapping contributions which results in a smaller correlation of the variables.

A more detailed description of all the available WPs and their definition can be found in Ref. [134].

5.4 JETS

Colour-charged particles such as quarks and gluons cannot be observed as free particle in the detector
due to the confinement of QCD. Therefore, they hadronise, forming colourless bound states. Some
of these bound states, or hadrons, have a limited lifetime after which they decay into further particles,
which can also decay further. Combined with other sources of particles, like fragmentation, this
avalanche of collimated particles can be seen in the detector and reconstructed as hadronic jets by
using both Topo-Clusters from the calorimeter systems and the tracks from the ID.

The definition of jets is an important aspect to consider. They are not unique objects but are highly

dependent on the algorithms employed for their reconstruction. ATLAS utilises various jet types,

4 The particle-flow algorithm is also used in the jet reconstruction. A description can be found in Section 5.4
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such as EMTopo, PFlow, and VR track. However, given the specific focus of this thesis on PFlow
jets, the following explanation of their reconstruction and calibration will be exclusively provided for

them.

Farticle Flow Algorithm

The foundation of PFlow jet reconstruction is the particle flow algorithm [136]. This algorithm, a
cell-based subtraction algorithm, is employed to remove overlaps in the measurements of energy and
momentum between the ID and the calorimeter systems. The algorithm starts with tracks and Topo-
Clusters in the calorimeter. Using a specific track selection, the tracks are matched to Topo-Clusters
within the calorimeter. Making use of the position of the Topo-Cluster and the momentum of the
track, the expected energy deposition of the same particle that generated the track in the calorimeter
is estimated. One needs to take into account that single particles often deposit energy in more than
one Topo-Cluster. To incorporate this effect, the algorithm checks the probability for this to happen
and decides if more Topo-Clusters need to be added to the track/Topo-Cluster pair. After building
these pairs/systems of tracks and Topo-Clusters, the estimated deposited energy of the track in the
Topo-Clusters is subtracted cell by cell. As the last step, the algorithm checks if the remaining energy
in the Topo-Clusters is consistent with the expected energy of the shower fluctuations of a single
particle. If this is the case, the Topo-Clusters remnants are removed. A more detailed explanation is

provided in Ref. [136].

Reconstruction

The actual jet reconstruction builds on top of the already-explained particle flow algorithm, using
the anti-k; algorithm [137] to cluster jets, which is a Infrared and Collinear (IRC) safe sequential
recombination algorithm. The algorithm itself first defines two distances: d;; [Equation (5.3)] and
d; g [Equation (5.4)], where d;; defines the distance between objects ¢ and j, d;p defines the distance
between an object ¢ and the beam B. Using these two measures, the algorithm recursively identifies
the smallest distance between all objects (including the beam B). If the smallest distance is between
two objects, so d;; < d;p, the two objects are combined while, if d;p < d;;, the object is called a jet

and removed from the list of objects. This procedure continues until no further objects are available.

A2,
dij = min (k7 k7 ) 23 (5.3)
dip = kP (5.4)

with A7, = (y; — y;)° + (¢i — b;)°. Here, ky; denotes the transverse momentum of the particle i,
y; the rapidity, and ¢; the azimuthal angle. Further, R is the radius parameter which defines the size
of the cone and p is added to steer the relative power of the energy concerning A;;. Different values

for p yield different results: For p = 1, the standard k; algorithm [138] is constructed while for p = 0
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anti-k,, R=1

-6

(a): kr algorithm using R = 1. (b): Anti-kp algorithm using R = 1.

Figure 5.3.: An example parton-level event generated with HERWIG [140] in the y — ¢ plane. As an addition,
many random soft particles, or "ghosts", are added. Depicted are the calorimeter cells and the
deposited energy. The k; (a) and the anti-k; algorithm (b) are used to build jets. Using a radius
parameter of R = 1, one can see the difference in shapes between the two algorithms. While the
jet shape of the k; jets is affected by the soft particles, the anti-k; jet shape is dominated by the
hard particles [137].

the Cambridge-Aachen algorithm [139] is constructed. In general, positive values of p yield a similar
behaviour for soft radiation as the k; algorithm. In the case of negative values for p, the behaviour is
similar for all values of p < 0 and will be shown in the following. The new algorithm with p = —1
is the anti-k; algorithm.

Using an event with a few hard (well-separated) and soft particles as an example, one can observe
the benefits of the new anti-k; algorithm. Due to the distance metrics used and its dependence on
transverse momentum, the soft particles tend to cluster primarily with nearby hard particles rather
than with other soft particles. If only one hard particle is within a distance of 2R, the soft particles
will accumulate around this particle, resulting in a perfectly conical jet. If a second hard particle is
present, it is still possible for two perfectly conical jets to be clustered as long as their separation is
large enough. When both jets are close to each other, one jet can still maintain its conical shape while
the other one is truncated. When the distance is equal to both hard particles, the resulting jets will
both be truncated by straight lines due to the overlap of the jets. The key takeaway here is the shape
independence of the jet form from the soft particles, while hard particles can still affect the form of

the jet. These effects are visualised in Figure 5.3.

Utilising the anti-k; algorithm, ATLAS employs two jet collections with radius parameters: R =
0.4, referred to as small- R jets, and R = 1.0, referred to as large- R jets. Here, the focus is set primar-
ily on the small- R jets due to their greater importance to this thesis. For the small-R jets, the inputs
for the jet reconstruction algorithm include the Topo-Clusters from the calorimeter, which survive
the particle flow algorithm’s subtraction phase (Section 5.4), and the selected tracks.

The selection of tracks is based on a criterion related to the longitudinal IP z5. By imposing the
requirement |zp sin (#) | < 2mm, a significant portion of pile-up tracks and their associated energy

deposits in the calorimeter are filtered out while retaining the tracks originating from the hard scatter-
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Figure 5.4.: Schematic view of the different stages of the JES calibration [143].

ing process. To ensure the accurate positioning of the calorimeter cells, the 1 and ¢ positions of the
cells are recomputed concerning the hard scattering vertex before the jet-finding procedure begins.
The association of tracks to a jet is achieved using ghost association [141], which treats each track
as a four-vector with infinitesimally magnitude during the jet reconstruction and assigns it to the
corresponding clustered jet. This algorithm is implemented in the FASTJET package [142].

As a last requirement after the jet reconstruction, the jets that are taken further for calibration need to
have at least pr > 7GeV and |n| < 4.5. After calibration, the jets must have at least pr > 20 GeV.
In addition to the reconstructed jets, so-called truth jets are clustered. These truth jets are built on the
particle level using stable’ final-state particles (excluding muons, neutrinos, and soft particles from
pile-up). Using the same final selection criteria as for the reconstructed jets, the truth jets are angular
distance matched to reconstructed jets with AR < 0.3. Truth jets are used in the calibration of the

absolute MC-based calibration.

Calibration

Following the jet reconstruction, multiple steps of calibrations are needed to take different effects into
account, like pile-up corrections. The calibration of jets differentiates here between the Jet Energy
Scale (JES) and Jet Energy Resolution (JER) calibration. While both calibrations are rather complex,
a short explanation will be given here for the JES calibration. A more detailed explanation of both
calibrations is given in Ref. [143]

For the JES calibration, a schematic of the different stages is shown in Figure 5.4.

In the first step, a pr-density-based pile-up correction is applied. Using the jet area in the calori-
meter, one can estimate the relative number of particles from pile-up that are clustered together with
the jet. To remove the contributions of these ghost particles, the median pr density, p, is calculated in
the y — ¢ plane using the k; algorithm, which, in comparison to anti-k;, uses p = 1 is more sensitive
to soft particle contributions. After removing these contributions from the jets, one can observe a re-

sidual dependence on the pile-up for the corrected jets which is also removed. This residual pile-up

5 Stable refers here to the colourless bound states originating from the hadronisation.
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effect can be parametrised as a function of the number of reconstructed PVs, Npy, and the average
number of collisions per bunch crossing i, and is estimated using MC simulation.

The next step in the calibration is the absolute Monte Carlo Jet Energy Scale (MCJES) calibration. It
corrects the absolute JES and 7 of the reconstructed jet four-momentum on average to their matched
truth jets. This takes into account different effects, e.g. energy losses in the passive material, and
reconstruction issues in the jet i reconstruction. For this calibration, MC-simulated dijet events from
PYTHIAS [114] are used, excluding jets from dense areas. This isolation is achieved by applying
additional AR criteria on the distance between the jets.

Although the MCJES adjusts the jet pr and 7, the calibration is implemented in pt and 7 bins, without
considering the variations caused by different jet flavours. These fluctuations arise from disparities
in the kinematics of the jet constituents. Quark-initiated jets often feature hadrons with a higher
fraction of the jet’s pr, whereas gluon-initiated jets tend to include more particles with softer pr. To
address these differences, the Global Sequential Calibration (GSC) is employed. This calibration
method also employs MC-simulated dijet events to improve the jet pr resolution and diminish associ-
ated uncertainties. It achieves this by no longer relying on observables constructed from information
provided by the ID, the calorimeters, and the MS to built the response.

The final step in the JES calibration is the in-situ calibration. While all the previous calibrations are
applied to data and MC, the in-situ calibration takes residual differences between data and MC into
account and is only applied on data. These final corrections are derived from events with objects in
the final state, which are well defined and can be reconstructed with high precision. Typically, Z +
jets or v + jets events are employed.

After all these calibrations, the uncertainties on the reconstructed jet pr and 7 can be estimated and

are depicted in Figure 5.5.
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Figure 5.5.: Fractional JES systematic uncertainty and uncertainties from the different components for anti-k;
R = 0.4 PFlow jets [143]. The uncertainties are shown as a function of jet pr with n = 0 (a) and
as a function of jet n for pr = 60 GeV (b).
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5.5 MISSING TRANSVERSE MOMENTUM

Ess is an important variable for many ATLAS analyses looking for new exotic or BSM particles
that do not interact with the detector material and, therefore, cannot be measured. A SM particle
with such properties is the neutrino. For example, when produced in the decay of a W boson, the
neutrino interacts weakly with the detector material and is, therefore, not measured. In the following,
a short explanation of the EJM* reconstruction is given. A more detailed explanation can be found in
Ref. [144].

The reconstruction of EM is based on the momentum conservation in the = — y plane, which

must in total zero due to no momentum in this plane before collision. To correctly reconstructed the
difference from zero measured in the event, two contributions need to be taken into account: hard
contributions, reconstructed and calibrated physics objects like jets, electrons, 7-leptons, and muons;
and soft contributions, such as reconstructed charged-particle tracks that are not associated with a
hard object but with the hard-scattering vertex.

Making use of the momentum vectors of these contributions, one can calculate the EM in the
miss  7miss

x — y plane, depicted in Equation (5.5), as well as the vectorial sum of the Et %%, shown in
Equation (5.6).

miss __ L .
Ealy) = ) Pz(y).i > Pa(y).j (5.5)
i€Hard contributions 7 €Soft contributions
omiss —e — Thad ) _jet —track
T =— Y BE— Y M- Y B — Y P Y B (5.6)
Selected Accepted Selected Accepted Unused
electrons T-leptons muons jets tracks
£miss, =Miss, Th, £miss, Fmiss, jet Fmiss, soft
ET 1SS, € ET 18! Thdd E,lr 1SS, 1L ET 1SS, ] ETI S
Hard contributions Soft contributions
e - . . —miss,soft
Here, p¢ is pr = (ps, py) of the accepted objects o € {e, 7, Thad, 11, jet}. The Ef"**" denotes the

corresponding soft contributions from unused tracks.

One persistent issue is the reconstruction of the physics objects themselves. In the dedicated re-
constructions of the physics objects, the different detector signals can be used multiple times, for
instance, in the electron reconstruction and the jet reconstruction. This would introduce double
counting if ETIniSS is calculated as in Equation (5.5). To avoid this double counting, the object-based
Ess reconstruction uses a signal ambiguity resolution, which forces the contributing objects to be
reconstructed from mutually exclusive detector signals. To achieve this, a specific order in which
contributions are taken into account and which are rejected needs to be implemented. The most
commonly used order for the E%‘iss reconstruction starts with the hard contributions, in this case, the
selected electrons e. Afterwards, the hadronically decaying 7 leptons (7,,4) are taken into account,
and lastly, the jets. Muons (u) are somewhat unique because they are reconstructed from ID and MS
tracks, and the energy loss in the calorimeter is already taken into account, leading to little or no

signal overlap with other reconstructed objects. To illustrate this behaviour further, one can start by
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taking all selected electrons and adding their contributions to EMS. Now, all lower-priority objects
that share their calorimeter signal with the higher-priority objects will be removed. This procedure
is repeated for all other objects down the hierarchy.

Using Equations (5.8) and (5.9), one can construct the corresponding EFSS and ¢™s.

E’miss — EIIniSS (5 7)

T Emiss '

)
. . X . 2

Emiss — ’ miss | — \/(E'Crtmss)z + <E21/mss) (5.8)
gZ)miss _ tan_l <E3r/mss> (5.9

- Emiss '

T

In addition to the already described procedure, ATLAS also employs a flexible method to recalcu-
late the EM* based on the analysis requirements. These requirements might exclude certain objects
or use different collections of objects, which need to be considered and, therefore, invalidate the
already described method. In the flexible method, the excluded objects are simply dropped from the
E%“iss calculation [Equation (5.6)].
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Over the last couple of years, the amount of data produced and processed in HEP increased continu-
ously to unprecedented numbers. With the upcoming High-Luminosity LHC (HL-LHC) phase, this
number will grow even further, beyond the capability of the standard algorithms utilised for Run 2
of the LHC. To resolve this issue, multiple new techniques in different areas of the LHC need to be
successfully implemented. One of these techniques, which will be used more heavily, is ML. The
basics of ML are nothing new, stated and first implemented already in the 1990s, but recent devel-
opments in the field show huge improvements in performance and usability [145]. While the LHC
collaborations are already using ML extensively in their analyses and combined performance groups,
most of the ML techniques are either outdated or could be upgraded to make use of the improvements
achieved outside of HEP. An example for this, which will be later shown in this thesis, is the usage
of the Deep Sets architecture [146] over the Long Short-Term Memory (LSTM) architecture [147] in
the context of heavy-flavour tagging.

To prepare for the ML techniques employed in this thesis, the following chapter will provide a com-
prehensive explanation of fundamental ML concepts for supervised learning. This includes Neural
Networks (NNs) [148], various architectures of NNs, and advanced methods which are essential for

constructing and training state-of-the-art ML techniques.

6.1 MULTILAYER PERCEPTRONS

The basic explanation of ML and NNs will be given in the context of so-called Multilayer Perceptrons

(MLPs), one of the most basic NN architectures possible.

6.1.1 Structure and Inference

MLPs are fully-connected feedforward NNs composed of multiple neurons organised into layers.
These layers are categorised into three classes: Input, hidden, and output layers. A simplified schem-
atic representation of a MLP is depicted in Figure 6.1. In addition to being a MLP, the NN depicted
can also be classified as a Deep Neural Network (DNN) due to its usage of multiple hidden layers.
In general, a NN is classified as a DNN when it employs more than one hidden layer.

In MLPs, each neuron in one layer is connected to every neuron in the subsequent layer, except for
the output neurons, which have no further connections. This connection scheme, also known as fully-
connected, together with the one-directional flow of information from the input to the output layer,

known as feedforward, are the basic properties of MLP NNs.
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Figure 6.1.: Schematic representation of a MLP neural network with three hidden layers. The different layers
and neurons are shown with their connections to the next layer. Taken and adapted from Ref. [149].

(0)

The starting point of all MLPs is the neurons in the input layer, a, ’. These neurons have no
connections to previous neurons and directly receive the inputs to the NN. In the context of particle
physics, these inputs may consist of variables from objects such as jet pt and 7, or other event-related
information like £, The information provided to the input neurons is processed and transmitted
to the next layer of neurons, the hidden layer.

For a single neuron of any layer, the input is computed using Equation (6.1). In this equation, a;
represents the output of the i-th neuron in the previous layer, w; denotes the weight of the connection

to the i-th neuron in the previous layer, and N is the total number of neurons in the previous layer!.

N
I=> wia; (6.1)
1=1

The weight mentioned here is one of the first trainable parameter of the NN. A more detailed
explanation of how weight values are determined will be provided in Section 6.1.2.
To calculate the output of a neuron, an activation function is introduced, denoted as o activation- Lhis
function, based on the input, determines the neuron’s output and can significantly influence the net-
work’s behaviour. By setting different activation functions for each layer independently, the beha-
viour can adapted as needed and adds flexibility to the network. Typically, these functions are chosen
based on the layer type and problem specific, with one for the hidden layer and another for the
output layer. In general, non-linear activation functions are used for the different layers, which en-
ables the NN to solve non-trivial problems with a small number of neurons. It also differentiates
NNs from simple, linear models. As an example, three commonly used activation functions are

shown in Figure 6.2. The three functions, the hyperbolic tangent (tanh) (a), the Rectified Linear

1 For the input layer, N = 1 which simply is the input value to this neuron.
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Figure 6.2.: Example activation functions used in hidden layer neurons.

Unit (ReLU) [150] (b), and the Sigmoid (c) are also defined in Equations (6.2), (6.3), (6.4), respect-
ively.

2
0 forz <O
ReLU (z) = (6.3)
z forx >0
1

To regulate the activation functions not only by the weights of the connections and to prevent
the output of a neuron from being zero if the input is zero, a trainable bias term b; is introduced,
which can be interpreted as an offset to the network’s input. Making use of the introduced activation
functions, the input definition from Equation (6.1), and the bias term b, one can define the output of

a single neuron using Equation (6.5).
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Figure 6.3.: Calculation of the output of a single hidden layer neuron and the combined calculation for all
neurons in one hidden layer, written as a matrix equation. Taken and adapted from Ref. [149].

N
O = 0 Activation [(Z wiai> + b‘| (6.5)
=1

Expanding upon this concept, one can now consider all the neurons in the hidden layer, leading to

a matrix equation for the outputs of all hidden layer neurons. This concept is illustrated in Figure 6.3.

For the final output layer, depending on the task which the NN should solve, the output and the
corresponding activation functions are unique. One of these noteworthy activation function, which
plays a prominent role in this thesis, is the softmax function [151], as defined in Equation (6.6).

e
softmax (z), = m (6.6)

Here, z represents the vector of inputs for all NV output layer neurons and ¢ is the index of the
output neuron for which the output is currently being computed. The softmax function is unique in
its application, as it is used exclusively for the output layer. Unlike other activation functions that
operate on individual neurons, the softmax function works on the entire output layer, simultaneously
computing the output for each neuron based on the complete input information. Due to its definition,
the outputs of the softmax function are always positive and normalised along the layer. To elaborate,
the sum of all outputs of the output layer neurons will always be one. Therefore, the outputs can be
interpreted as probabilities, which is an important feature for a classification NN.

While the softmax function is used for classification tasks, other activation functions achieve different
results and are therefore chosen depending on the task which is to be solved. As an example, using
a single neuron in the output layer and choosing the linear activation function y = z results in a re-

gression NN, which can be used to regress a certain value, like the invariant mass of a tf system [152].
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One of the key reasons to use NN is their speed. The so-called inference time, the time needed
to calculate the output for a given input, is very small in comparison to standard algorithms, which
makes them a useful tool in time-critical applications. The reason for this is the speed at which matrix
equations can be solved. This efficiency is largely attributed to the remarkable optimisation of pro-
gramming languages for handling matrix computations. Furthermore, due to the parallelisability of

the calculations, Graphics Processing Units (GPUs) can be utilised to further speed up the inference.

6.1.2 Training a Neural Network

With the structure of the NN now defined, the next step is to optimise the network for a given problem.
In the case of supervised learning, this optimisation is achieved using labelled training simulations?.
In the context of particle physics, this optimisation may involve a classification task, such as categor-
ising an event into a specific category, or a regression task, like predicting the invariant mass of a ¢
system. The labelled data consists of simulated MC events for which the true classification or mass
is already known.

To optimise or train the network for a given problem within the framework of maximum LH, the typ-
ical objective is to maximise the LH and therefore minimise the difference between two probability
distributions. In the case of a supervised classification task, these distributions are the true classifica-
tion distribution of the training simulations and the predicted classification distribution generated by
the network. Hence, network optimisation involves minimising the discrepancy between these distri-
butions. To accomplish this, it is essential to define a metric that accurately quantifies this difference.
In ML, given the minimisation nature of this metric, it is often referred to as a loss or cost function.
In the context of maximum LH, particularly for a classification task, a commonly chosen metric is
the cross-entropy function.

To illustrate and enhance the understanding of these functions in the context of ML, one can start
with a simple binary classification problem. In this scenario, there is only one neuron in the output
layer with a Sigmoid activation function. The training sample consists of data points of two classes:
Background (label "0") and signal (label "1"). The binary cross-entropy loss function fgcEgross, @

normalised negative Log-Likelihood (LLH), can therefore be defined as shown in Equation (6.7).

| N
JBCE Loss = N > i log (ai) + (1 —y;) -log (1 — ay) (6.7)
i=1

Here, N denotes the number of training data points, y; the correct label of the i-th data point,
and a; the predicted label of the ¢-th data point. To now minimise this binary cross-entropy loss,
the network needs to be changed in such a way that it solves the underlying problem better. To
achieve this, the already mentioned trainable parameters of the NN come into play. The connection
weights and bias terms of all the neurons are parameters, which are initialised randomly when the

network is created but can be adapted during the training to optimise the network’s performance and

Note that while real labelled data can be used for training, in the field of HEP, this is often impractical due to the uncertain
nature of the events themselves. Therefore, HEP typically relies on simulated events where the truth is known.
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minimise the loss function. To do so, so-called gradient descent methods are used. Although many
possible gradient descent methods are available and valid, the focus here will be on the stochastic
gradient descent method [153]. To minimise the loss function using this method, the approximation

in Equation (6.8) plays a pivotal role.

af Loss
81‘1'

V fLoss & Vz; (6.8)

This equation establishes a relationship between how the loss function changes (V f1,ss) When the
variable x; changes by a certain amount (V;). Here, 0 fioss/ Ox; represents the gradient of the loss
function concerning the altered variable. Using this approximation, one can calculate the change in
the loss function, which depends on all the trainable parameters of the neural network, independently
at any neuron in the network. To minimise the loss function, each weight can be adjusted by moving
it in the direction opposite to the gradient, as shown in Equation (6.9), where w; represents the

trainable parameter to be modified.

8fLoss
8wj

w; = w; —LR- (6.9)
Another parameter in the equation is the so-called Learning Rate (LR), a non-trainable parameter

set by the user before training, which gives, as the name suggests, the rate at which the weights are

adapted. It can also be interpreted as a step size for the movement towards the direction opposite

to the gradient. There are other such network parameters that need to be configured before training

commences, and these are typically referred to as hyperparameters.

As an example, the stochastic gradient descent method is shown schematically in Figure 6.4 for a

loss function with one parameter w.

As one can see with a properly chosen LR, the loss function converges towards a local minimum
(marked by the black cross). Although this method will ensure convergence to a minimum, one can
never be sure if a local or a global minimum is reached, while the global minimum is the optimal
training result. Therefore, testing out multiple LRs and checking the performance of the network is
an important optimisation step when training a network. These kinds of optimisations, which need
to be done by hand, are referred to as hyperparameter optimisations.

While Equations (6.8) and (6.9) offer accurate descriptions that can be used for the network’s training,
in practice, adjusting the network’s parameters after each data point is computationally expensive and
time-consuming. Moreover, it only provides marginal improvements to the network’s performance.
To address this issue, an adaptation of the stochastic gradient descent method is employed, resulting
in what is known as mini-batch gradient descent. With mini-batch gradient descent, exact derivatives
are not computed for each data point and each weight. Instead, an approximation of the derivatives
is used, which is derived from a batch of training data points rather than individual data points. This
technique resolves the computational inefficiency in weight adaptation, although it introduces its own
set of challenges. While per-data point gradient descent guarantees a decrease in the loss function,

mini-batch gradient descent only assures a decrease in the loss function over time. Therefore, the
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Figure 6.4.: Schematic loss function (red) and the behaviour of infinitesimally small changes in w to minimise
the value of the loss function fi ;.

loss function will still converge with an appropriate learning rate, but it may exhibit minor fluctu-
ations. Furthermore, in addition to these fluctuations, mini-batch gradient descent introduces another
hyperparameter: the batch size. This parameter determines the number of data points used in each
approximation, or, in other words, how many data points are utilised to calculate an update of the
network’s trainable parameters.

To adapt the weights, the technique known as backpropagation [154] is employed. Backpropagation
is a complex method that adjusts the network’s trainable parameters. Starting from the last layer
and working towards the first layer, backpropagation utilises the chained derivatives to optimise the
parameters of the network, which gives the technique its name.

Once the training of all batches is completed, the network may not be perfectly trained yet. To fur-
ther improve the network’s performance, all batches are trained again. This periodic training of all
available batches is what optimises the network to properly solve a specific problem. Similar to how
humans benefit from revisiting material to enhance their learning, this iterative process improves the

network’s performance. A cycle of training all available batches is referred to as an epoch.

6.1.3 Sample Handling

To train the NN, the training data points mentioned earlier play a pivotal role. Although one might
intuitively consider using all available data points for training NNs to benefit from a larger number
of training data points, it is generally correct to split data points into three categories: training, val-

idation, and testing. While various conventions exist for naming these categories, in this thesis, the
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Figure 6.5.: Schematic representation of the splitting of the available data points for training a NN.

terms training, validation, and testing will be used. The full splitting procedure is illustrated in Fig-
ure 6.5.

Beginning with the full available dataset, the data points are initially separated into two groups: the
intermediate training sample and the testing sample. The intermediate training sample is adapted for
training the NNs, whereas the testing sample is never used or modified for network training. It exclus-
ively serves as a final testing sample to assess the performance of the trained NNs for the predefined
task. While the testing sample is separated and left untouched, the intermediate training sample is
further divided into the training sample and the validation sample. The training sample and the data
points it contains are employed for the actual training of the NNs, as described in Section 6.1.2, while
the validation sample is used to validate the network’s performance during training. Since the valid-
ation and testing samples are primarily used for network evaluation, their sizes are often relatively
small, however each of these samples need to be statistically independent and representative with
respect to the full available data points. A common data point split is 80 % for training, 10 % for

validation, and 10 % for testing

The split into three categories is primarily intended to identify and address problems during or after
training the NNs. Some of these challenges and how to address them are discussed in the following
Section 6.1.4.

6.1.4 Challenges in the Training of a Neural Network

With the given setup from Section 6.1.2 and the samples from Section 6.1.3, it is now possible to
train the supervised NN for a given problem. While the network will adapt to better solve the given

problem, another important effect comes into play which is shown in Figure 6.6.
It illustrates the loss values of the loss function for both the training and validation samples plotted
against the number of epochs trained. While the training loss was previously explained, the valida-

tion loss is computed using the validation sample. The validation loss serves as a metric to evaluate
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the network’s performance on data points it has never encountered during training and therefore the
generalisability of the network to new, not trained data points.

As clearly visible in the later epochs, starting from epoch 14 onwards, the validation loss begins to
increased, while the training loss remains at a minimum and may even decrease further. This phe-
nomenon is known as overfitting or overtraining. While the network continues to learn the features
of the training data points, it starts to acquire highly specific properties that are not generalisable to
all data points. This can be compared to the network memorising the training dataset. Although over-
fitting should not be prevalent in a properly sized training sample with suitable hyperparameters, an
overfitted network will not perform as effectively on new, unseen samples as it does on the training
sample itself. With smaller training samples, which do not properly reflect the general features of
the data points or wrong hyperparameters, this effect can start even earlier or compromise the whole
training.

To encounter such overfitting and restrict the network to not learn the training sample by heart, one
can introduce so-called regularisation terms. These terms are constraints, which are added to the
loss function, to penalise the network based on different criteria. Two of the most used regular-
isation methods are the L1 and L2 regularisations, for which the full loss functions are shown in

Equations (6.10) and (6.11), respectively.

NUJ
JLiLoss = fLoss + = Z ’wz| (6.10)
N -
i=1
A
2
JL1Loss = fLoss""iZwi (6.11)
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Figure 6.6.: Schematic training and validation loss as a function of the number of epochs trained.
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Hidden layers

Figure 6.7.: Schematic representation of a MLP with Dropout. The neurons marked with x are dropped and
therefore all connections to previous and next layer neurons are discarded. Taken and adapted
from Ref. [149].

Here, w; denotes the i-th weight, N the number of data points used for the loss calculation and
weight adaptation, N, the number of weights in the network, and A a new hyperparameter, which
controls the relative contribution to the loss. While the L1 regularisation constraints the sum of the
absolute values of the weights in the network, the L2 regularisation constraints the sum of the squared
weights in the network. For both types of regularisation, large weights are penalised while an equal

magnitude, or size, of the weights is favoured.

In addition to the previously mentioned regularisation techniques, there are various other meth-
ods available to further mitigate overfitting in NNs. One such technique, utilised in this thesis, is
Dropout [155]. When overfitting occurs, some neurons develop complex co-adaptations with other
neurons to better address specific training data points, potentially ignoring more general features that
are crucial for generalisation to unseen samples. Dropout addresses this issue by probabilistically
"dropping’ or deactivating certain neurons in the input and hidden layers with a specified probability
p, also known as the dropout rate. By excluding these neurons and their connections, Dropout com-
pels the different layers to take varying degrees of responsibility for their input. This probabilistic
approach ensures that the model focuses more on learning the general features, thereby reducing the
overfitting problem. A schematic of how the neurons are ’dropped’ is depicted in Figure 6.7.

An intriguing effect of Dropout becomes evident when examining the loss curves for training and
validation samples. As depicted in Figure 6.8, the validation loss is higher than the training loss
during the initial epochs, which is expected. However, from epoch seven onward, the validation loss
begins to be lower than the training loss. This peculiar behaviour of Dropout can be attributed to
how the training and validation losses are calculated. The training loss for an epoch is an average

computed over the per-batch losses during training, while the validation loss is calculated at the end
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Figure 6.8.: Schematic training and validation loss as a function of the number of epochs trained. In the
training of the network, Dropout was used as a regularisation.

of the epoch and is not an average. The unusual feature arises from the ’dropping’ of neurons during
batch training. When certain neurons with co-adaptations are dropped, the loss temporarily increases
for that batch iteration. This increase is due to the significance of the dropped neuron in influencing
the network’s final output. Consequently, the average training loss for the epoch rises, while the
epoch validation loss remains unaffected.

Although this behaviour is demonstrated for Dropout, various regularisation techniques produce

similar effects on the loss curves due to the same underlying reason.

Another technique for a faster convergence of the network’s training worth mentioning is the
so-called Batch Normalisation [156]. In DNNs, due to the complex chains of connected neurons,
a small change in one of the parameters of the network can already cause a huge change in the
input to another later layer. Therefore, in each parameter adaptation, the layers need to adapt to
new incoming distributions, which slows down the final convergence of the network. This so-called
covariance shift can be removed by using the already mentioned Batch Normalisation. Calculating
the expectation value and variance of the input to a layer for a batch of data points 3, one can retrieve
the normalisation for the inputs x with Equation (6.12), where £(%) denotes the normalised k-th input

to the layer, 2(*) the un-normalised k-th input to the layer, £ [x(k)] 3 the expectation value for the

k-th input, and Var [:c(k)] 3 the variance for the k-th input.

2(k) — B (6.12)
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Figure 6.9.: Simplified architecture of a RNN layer with a single neuron.
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However, merely normalising all inputs to a layer can significantly alter the layer’s representational
capabilities, especially given the presence of non-linear activation functions. To address this issue,
Batch Normalisation ensures that the transformation incorporated in the network can represent the
identity transform by introducing two new trainable parameters, denoted as ~(*) and 8(¥). The
updated input to the layer can be expressed as shown in Equation (6.13), where y (k) represents the

new input to the layer.

yF) = (B3 (k) 4 g(k) (6.13)

Although the mentioned techniques are very helpful in training a basic NN or a MLP, certain
problems are not solvable by regularisation or training techniques. One of these problems, which
will play a prominent role in this thesis, is the processing of sequences of data. While the MLP has
a fixed size of input neurons and is therefore bound to the number of inputs possible, problems like
language processing are not fixed in size. For example, one sentence that is to be processed can
have different amounts of words and punctuation marks and also can have pivotal information in the
ordering of the inputs. These problems require not only new techniques of how to process the input
sequence but also new architectures that can make use of the order of the sequence. The first network
type addressing these problems is the Recurrent Neural Network (RNN), which will be presented in
the Section 6.2.

6.2 RECURRENT AND LONG SHORT-TERM MEMORY NEURAL NETWORKS

Recurrent Neural Networks (RNNs) [157] are another type of NN architecture used in ML. In con-
trast to MLPs, RNNs possess the unique ability to process sequences as input, making them one of
the standard types of neural network architecture in various fields, including natural language pro-
cessing, speech recognition, and time series forecasting. A schematic and simplified representation
of an RNN is shown in Figure 6.9.

While the output of the RNN layer behaves similarly to MLPs, the input and hidden functionalities
are different. Given an input sequence x with ¢ entries, the RNN begins processing the entries in x
from the start to the end. This processing is carried out by the so-called hidden state h, which

simultaneously acts as memory. In contrast to a standard hidden neuron, the hidden state uses a
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different formula to compute its output, considering their output from the previous input entry hy_ 1,
as shown in Equation (6.14). Similar to hidden neurons, the inputs to the neuron are weighted by their
respective connection weights U in addition to a bias term b. Moreover, the output of the previous
hidden states is added, weighted with their own trainable connection weights W. This combined
input is then processed, akin to hidden neurons, by an activation function oacivation. HOWever, this
process is not identical to that of standard hidden neuron. For RNNSs, the output is not exactly h; but
rather calculated using Equation (6.15), where oouput Activation denotes the used activation function,

V the connection weights, h; the hidden state output, and c the bias term.

h; = oactivation [Uxt +Wh;_; + b] (6.14)
Ot = OOQutput Activation [Vht + C] (6.15)

Similar, but slightly more complex than for the MLPs, is the training of RNNs. While similar tech-
niques are employed, a distinct method of backpropagation must be incorporated to effectively train
RNNSs. This specific method is known as Backpropagation Through Time (BPTT) [158-160], which
optimises the network’s weights in an unfolded manner (illustrated in Figure 6.9). Similar to MLPs,
BPTT starts at the final entry or time step ¢ of the network, applying the standard backpropagation
method to optimise the trainable parameters. However, in contrast to MLPs, where the weights are
unique and adapted only once per batch training, the same neurons are adapted repeatedly for each
time step in RNNs. This might initially seem problematic, but it is precisely the intended behaviour.
In RNNs, the weights for each time step of a hidden state neuron are shared. This weight sharing
implies that, for example, the same W is used in time step one as in time step .

While RNNs are highly versatile and find utility in numerous applications, the training process is
relatively slow and cannot be accelerated beyond the O(t) limit. This limitation is due to their se-
quential processing of inputs and their dependence on previous hidden state outputs. Consequently,
RNNss are unable to leverage parallelised training using GPUs. In addition, the order of the entries in
the input sequence is very important for RNNs, which makes them not favoured when working with

unsorted sequences.

A specific form of RNNs are the so-called Long Short-Term Memory (LSTM) networks. Build-
ing upon the architecture of RNNs, LSTM networks enhance the memory capabilities of sequence-
processing NNs by incorporating additional memory cells and so-called gates. These gates enable
the network to remember or forget information from previous sequence entries. A schematic repres-
entation of an LSTM cell is depicted in Figure 6.10.

Similar to basic RNNs, LSTM networks operate on the input x at time step ¢, denoted as z;, and
the previous time step’s hidden state h;_;. In addition to these two inputs, the previous so-called
cell state ¢, is included. Serving as additional memory for storing long-term information, the cell
state, along with the hidden state (also referred to as short-term memory), constitutes the memory
mechanism of the LSTM cell. The LSTM network incorporates three of the previously mentioned

gates, which can manipulate and alter the memory stored within the network. To comprehend the
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Figure 6.10.: Schematic representation of a LSTM cell. Taken and adapted from Ref. [161].

function of these gates, it is necessary to examine how the output of each gate is calculated.

For the forget gate, the input x; and the previous hidden state h;_; are concatenated and processed
with an activation function, much like a simple neuron. This process is illustrated in Equation (6.16),
where W s represents the weights for the forget gate, b stands for the bias term of the forget gate,

and o denotes the activation function.

fi=0(Wg-[hi—1, x| + by) (6.16)

While multiple activation functions are available for use, the forget gate in an LSTM network
consistently employs the Sigmoid activation function. The output f; is then multiplied in an element-
wise way with the previous cell state c;—1. Because of the characteristics of the Sigmoid function, the
yielded values are always between zero and one. This property enables the forget gate to precisely
control what is retained and what is discarded from the previous cell state.

Similar to the forget gate, the input gate takes the input and the previous hidden state as inputs.
However, unlike the forget gate, the input gate processes the inputs a second time using a different
activation function, weights, and bias term, resulting in the creation of the candidate cell state, de-
noted as c§andidate Both of these processed representations are then multiplied in an element-wise
way, forming the output of the input gate. This output is added to the cell state, which has already
been modified by the forget gate. The calculation of the input gate’s output is illustrated in Equa-
tion (6.17), where W, and W represent the weights, b; and b, denote the bias terms, and o is the

activation function, once again utilising the Sigmoid function.



6.3 DEEP SETS NETWORKS

W=0 (Wl . [ht_l,xt} + bl) X tanh (WC . [ht_l,xt] + bc> (6.17)

CtCandidate

The final gate of the LSTM network is the output gate. This gate takes, as input, the now fully
adapted cell state c¢;, which has been processed by a hyperbolic tangent function. It also considers
the concatenated and processed input x; and the previous hidden state h;_;. The output gate simply
multiplies these inputs element-wise, resulting in the new hidden state h;, which also serves as the
cell’s output, denoted as y;. The formula for the output is provided in Equation (6.18), where W,

represents the weights, b, signifies the bias term, and o denotes the Sigmoid function.

0y =0 (Wo . [htfl, xt] + bo) X tanh (Ct) (6.18)
h
Yt

While LSTM networks are well-suited for extracting long-term correlations within input sequences,
making them highly useful for complex sequence-related tasks, they also exhibit robustness to miss-
ing data or high levels of noise in the input sequence. Despite these favourable features, LSTM
networks face several challenges. Similar to basic RNNs, they are computationally expensive in both
training and inference due to their sequential data processing, a drawback that becomes more pro-
nounced with larger input sequences. Additionally, they are highly susceptible to overfitting when
working with small training samples due to their complex architecture. This drawback also necessit-

ates the use of very large training samples to achieve full convergence for certain problems.

Although RNNs and LSTM networks are widely adopted and powerful when dealing with se-
quential data, the associated computational costs, particularly during training, can overshadow their
success. In recent years, several new architectures have emerged to address the challenges of pro-
cessing sequential inputs. One of these notable architectures, which holds particular significance for

this thesis, is the Deep Sets architecture, which will be discussed in Section 6.3.

6.3 DEEP SETS NETWORKS

Similar to RNNs, Deep Sets networks work with a given set, consisting of inputs z7, x € RM.
These inputs are processed by a set function denoted as f (x). While for RNNs, this function is
simply the cell responsible for processing the given input set, for Deep Sets networks, the processing
of the entries within the set is separated from the final processing, as illustrated in Equation (6.19)

and Figure 6.11.

Fx)=r (Zcﬁ( )) (6.19)

The fundamental idea behind Deep Sets is that a certain process function f, which operates on the

input set y, can be divided into two distinct processing functions, denoted as ¢ and p. To initially
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Figure 6.11.: Schematic representation of the functionality of the Deep Sets architecture.

process the input set and transform it into a different representation, the ¢ function is employed,
working on each of the entries of x individually. The resulting representations of the inputs are then
aggregated into a representation that is independent of the size of the set xy. While various aggrega-
tion functions are possible, the simplest and most commonly used one is the summation across the
entries. This new, input-size-independent representation is subsequently processed by the second
processing function p, which yields the overall processed results of the input set.
Because both ¢ and p operate on fixed-size inputs, ¢ on the entries of x and p on the aggregated
representation of y, both functions can be parametrised by simple NNs like MLPs, with ¢ playing a
particular role. When processing the input entries x with the ¢ NN, multiple copies of ¢ are instan-
tiated to process the entries in parallel. Similar to RNNs, these copies represent the same network,
although, during training, they are treated as distinct instances. To accommodate this behaviour, the
different networks share a set of weights.
While this approach may appear minimalistic and straightforward, it offers significant advantages
over RNNs. RNNs shine at processing language because they can extract information based on the
order of the inputs. However, they are not optimal for problems where no specific order of the entries
in the set is provided. An example is the addition of digits, where three networks are used: Deep Sets,
LSTM, and Gated Recurrent Unit (GRU)? networks [162]. The input provided to these networks is
a set of digits, presented either as text or image*. The training samples include various sets with up
to ten digits. Subsequently, the trained networks are evaluated using test samples, either in text or
image format, depending on what the network was trained for. For these test samples, the sets were
created differently, containing up to 100 digits per set. This was done to demonstrate the network’s
performance within the range of the number of digits for which they were trained and to assess their
generalisation ability. The results of this evaluation are presented in Figure 6.12, with (a) displaying
the results for text-based training and (b) showing the results for image-based training. The charts
illustrate the accuracy of the digit sum as a function of the number of digits in the sets.

As one can observe, the accuracy of both the LSTM and GRU networks is comparable but slightly
lower for sets with up to ten digits. However, for sets with more than ten digits, the accuracy rapidly
deteriorates for both the LSTM and GRU networks, while the accuracy remains consistently high for

the Deep Sets. Deep Sets networks excel at precisely these types of problems. Their independence

A GRU network is an adapted LSTM network with fewer parameters and no output gate. It has been shown that gating is
generally a helpful feature for these problems.
For each of the possible inputs (text or images), separate networks are trained.
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Figure 6.12.: Accuracy for the summation of digits as a function of number of digits in the input set. Different
ways to provide these digits are presented: (a) text-based and (b) image-based. Of the three net-
works shown, the Deep Sets network outperforms both, the LSTM and the GRU network [146].

from the order of input sets, enabled by their aggregation function and the shared weights in the ¢
network, along with their ability to process inputs in parallel, gives them the potential to outperform
various RNN-based architectures for such tasks. This advantage also includes the crucial ability to
leverage GPUs. Due to the parallelisable processing of inputs in Deep Sets, GPU cards can be utilised

during training, significantly reducing training and inference times.

6.4 TRANSFORMER NETWORKS

In recent years, alongside the already high-performing architectures, a new and highly powerful archi-
tecture for processing sequence inputs has emerged. These new types of NNs, known as transformers,
are based on an attention mechanism [163] and large language models. This mechanism enables the
network to process its inputs more efficiently and establish connections between different entries in

the input set.

6.4.1 Architecture

The architecture of this new model is depicted in Figure 6.13.

The architecture used herein is based on an encoder-decoder approach. The left side of the architec-
ture handles input encoding, while the right side handles decoding and produces output probabilities.
The encoder-decoder structure shown in Figure 6.13 illustrates a single encoder and a single decoder
layer’. These can be stacked multiple times to increase the size and complexity of the transformer
network and thus increasing its learning capabilities.

Starting with the input to the encoder/decoder®, a learnable embedding layer is used to convert the

5 The encoder and decoder layers are composed of multiple other layers but are typically referred to as a ’layer’ due to their
recurring structure in NNs.
6 The input to the decoder is the last entry output, similar to the hidden state in RNNs.
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Figure 6.13.: Schematic representation of the transformer architecture [163].

input entry of the sequence into vectors of a certain dimension. Similar to the ¢ network in Deep
Sets, the learnable embedding layers share their weights for both the encoder and decoder. Next,
positional encoding is added to the embedded inputs of the encoder/decoder layers to inject inform-
ation about the relative or absolute position of the entry in the sequence. This positional encoding
has the same dimension as the embedded inputs, allowing for simple addition after embedding itself.
Different types of positional encodings, such as learned and fixed, can be used [164].

Moving on to the actual architecture of the encoder part of the transformer (on the left), it is primarily
composed of two different types of sub-layers: a Multi-Head Attention (MHA)’ layer and a simple
position-wise fully connected feedforward layer®. For both layer outputs, the input to the layers it-
self is added and normalised using a layer normalisation approach [165]. Reusing the inputs together
with the outputs or simply bypassing the inputs around the actual layer is referred to as residual con-
nections [166]. These connections allow the network, especially for the MHA layer, to combine the
original input with the layer’s output to further extract specific correlations.

The second part of the transformer architecture is the decoder (on the right), which is similar to the
encoder and, in general, consists of a (masked) MHA layer and a simple position-wise fully con-
nected feedforward layer. The MHA layer used herein is masked, which hides future positions of

the input to the decoder before running the actual MHA process. Similar to the encoder, residual

This will be explained in more detail in Section 6.4.2
This position-wise fully connected feedforward layer has an architecture and usage identical to the ¢ network used in Deep
Sets.
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Figure 6.14.: Schematic representation of the Scaled Dot Product Attention layer (a) and the Multi-Head At-
tention layer (b) [163].

connections are used in combination with layer normalisation. In addition to the two sub-layers, the
decoder introduces a third sub-layer, a basic MHA layer, which utilises the output of the encoder.

The output of the decoder is then processed with a learned linear transformation, which also shares
its weights with the learned input embeddings of the encoder/decoder. It also includes a softmax ac-

tivation function to transform the decoder output into probabilities for the next entry in the sequence.

With the herein-described architecture, the transformer can learn, extract, and correctly solve many
different problems. One of these problems, which is the example of the underlying paper [163] is the
translation of texts from one language to another. Although quite powerful, in physics, mainly one

of the two parts is used for solving different problems, and this is the encoder.

6.4.2 Multi-Head Attention Mechanism

In order to understand how the MHA layer is operating, one needs to first understand the attention
mechanism, or more specifically self-attention, in more detail. Self-attention plays a crucial role
in understanding the relationships between different entries in the input sequence. It enables the
model to weight the importance of each entry in the sequence concerning every other entry. As
shown before, the self-attention mechanism is at the heart of how transformers process and capture
contextual information in different tasks. Using a simple self-attention layer as an example, one
can split the different processes inside this layer into different steps, which will be explained in the
following. This is also depicted in Figure 6.14 (a). The depicted type of layer is a specific form of
a self-attention layer, called the Scaled Dot Product Attention layer. While multiple other types of
self-attention are available, the visualised form is the one generally used in transformer models.
Starting with the input to the self-attention layer, each entry of the embedded input sequence is
further transformed into three different vectors by multiplying it with three different weight matrices:

the Query, Key, and Value matrices. These three new vectors are called Query (), Key K, and Value
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V', respectively. While the () vectors represent the contribution of each entry to the attention scores,
the K vectors help identify the relevance of each entry to the @) vectors. The final V' vectors store
the information about the entries themselves. They contain the actual content associated with the
entries’.

The second step involves calculating the attention scores, achieved by taking the dot product of the )
vector of one entry with the K vector of all other entries in the sequence. This creates a set of attention
scores, one for each pair of entries in the sequence. This operation is denoted in Figure 6.14 (a) with
the MATMUL layer.

Next, to ensure that the magnitude of the attention scores does not become too high or too low, they
are divided by the square root of the dimension of the K vectors di. This scaling of the attention
scores helps control the gradients during transformer training, improving and maintaining numerical
stability. In Figure 6.14 (a), this is denoted with the SCALE layer.

The fourth step, denoted with the MASK (OPT.) layer, is optional and only used in the decoder’s
masked MHA layer. It involves masking certain illegal connections that could introduce incorrect
information flow to subsequent layers.

In the fifth step, to make the scaled attention scores interpretable and ensure that they sum up to
one, the softmax function is applied. As mentioned earlier, the softmax function converts the scores
into probabilities, reflecting their importance or relevance. Similar to before, this is denoted by the
SOFTMAX layer in Figure 6.14 (a).

Finally, the calculated probabilities are used to create a weighted sum with the V' vectors, as denoted
by the MATMUL layer. These probabilities determine how important each entry is to other entries
during processing and how much attention is given to them when processing the entry. This, coupled
with the fact that the attention for the entries is calculated using the entries themselves, gives a more
complete understanding of self-attention. The output of the weighted sum serves as the output of
the full self-attention layer O agention, Which can also be described using Equation (6.20), where K T

denotes the transposed K vector.

OAttention (@, K, V') = softmax Q- K' 1% (6.20)
Attention ) ) \/@ .

With the newly defined self-attention layer, the actual MHA layer can be constructed. As the
name suggests, MHA layers are essentially self-attention layers with multiple so-called attention
heads. In simple terms, the previously explained functionality of self-attention corresponds to one
attention head. This is also depicted in Figure 6.14 (b). By processing the embedded inputs X
through the self-attention layer multiple times, each time with different and independent attention
heads (using different (), K, and V' weight matrices), multiple additional outputs Z;-Z3 are created.
These outputs are then concatenated and multiplied by an additional weight matrix W, which is
also adjusted during training. The resulting representation Z serves as the output of the MHA layer.

An example with three attention heads is depicted in Figure 6.15.

9 These introduced vectors are abstractions that are helpful when calculating or conceptualising attention.
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INTRODUCTION TO HEAVY-FLAVOUR TAGGING

Heavy-flavour tagging, or simply flavour tagging, is the process of identifying jets originating from
the decay of heavy-flavour particles, namely charm (c) and bottom (b) quarks. This powerful tool
plays a pivotal role for the ATLAS experiment to discriminate between signal and background. While
flavour tagging includes the identification of c-quark initiated jets, the primary goal of the algorithms
discussed in this chapter is the tagging of b-quark initiated jets, referred to as b-jets. This task,
also known as b-tagging, holds particular significance for the physics programme of the ATLAS
experiment, which largely revolves around measurements involving top (¢) quarks and Higgs bosons.
Both of these particles decay predominantly into final states involving b-quarks.

In t-quark decays, (nearly) all ¢-quarks decay into a W= boson and a b-quark. Additionally, the
Higgs boson mainly decays into a pair of b-quarks. The branching ratio for the latter is depicted
in Figure 7.1. Furthermore, searches for new physics phenomena, like BSM particles, where a new
particle decays into one or multiple b-quarks, vastly benefit from an excellent b-tagging. Even in
analyses that do not include b-quarks in the final state, e.g. searches for Supersymmetry (SUSY)

particles, b-tagging is employed to veto b-jets.
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Figure 7.1.: Branching ratios of the Higgs boson as a function of the Higgs mass [15].

The extended lifetime of hadrons containing either b or c-quarks, which is significantly longer
than that of other hadrons, enables the identification of b and c-jets. This unique characteristic is
due to the weak decay of b and c-quarks, as well as the CKM matrix, where the matrix entries
describe the probability of a quark transitioning to a quark of another flavour. With the dominant
elements on its diagonal, transitions within one generation are favoured. While this poses no issue

for the first generation and the up-type quarks of the second and third generation, the transition of
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b and s-quarks to the up-type counterparts of the same generation is not possible due to the higher
mass of their generation partners, violating energy conservation. Notably, s-quarks have a mass of
Mg = (93.4f§:g) MeV, while their generation counterpart, the c-quarks, have a mass of m, =
(1.27+0.02) GeV. A similar situation holds for b and ¢-quarks. With the highest mass in the
SM, m; = (172.69 +0.30) GeV, t-quarks are much heavier than b-quarks, which have a mass of
(418+663) Gev'.

Due to the extended lifetime of these hadrons, b-jets have unique properties in their topology, which
can be exploited for identification purposes. To illustrate this, the topologies of a b-jet and two

non-b-jets are shown in Figure 7.2.

b-jet

Jet

Prompt
Tracks

-

Jet

Figure 7.2.: Topologies of a b-jet (blue) and two non-b-jets (violet) [168].

The most crucial among these properties is the presence of secondary and tertiary decay vertices
inside the jets and the displaced charged particle tracks, or simply displaced tracks, of their decay
products. With a lifetime of around 1.5ps at pr = 50 GeV, b-hadrons can travel approximately
L., = 5mm within the detector before decaying. This distance from the PV can be resolved, and
the resulting IPs of the tracks® from the decay products, like dy shown in Figure 7.2, can be used to
reconstruct additional vertices. With these new decay vertices comes also an increased number of
tracks inside the jets, which arises from subsequent decays of the B meson decay products, which is
another essential property of b-jets.

To leverage all these properties of the b-jets, multiple key ingredients are needed, including the
previously mentioned tracks, PVs, and the hadronic jets clustered from the previous two elements.

For the Run 2 algorithms and the b-tagging algorithms discussed in this thesis, these reconstructed

1 Mass values are extracted from Ref. [27]. Note that the s and b-quark masses are given in the Modified Minimal Subtraction
(MS) renormalisation scheme [167].
2 See Section 5.1.
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objects need to satisfy certain quality criteria.

Tracks are reconstructed using the method explained in Section 5.1, where, in addition to the usual
track selection criteria, the tracks need to fulfil pr > 0.5 GeV. This basic selection can be enhanced
by tighter/extra criteria, depending on the algorithm used, to enhance the efficiency for tracks from
heavy-flavour hadron decays. PVs are reconstructed using the method explained in Section 5.1,
playing a pivotal role in b-tagging since they define the reference points for the calculation of the
IPs of the tracks. The jet collection used for b-tagging in Run 2 and Run 3 is the small-R PFlow
jet collection, its elements being reconstructed as described in Section 5.4, with a radius parameter
of AR = 0.4 and an additional selection of pr > 20 GeV. Furthermore, for jets with 20 GeV <
pr < 60GeV and |n| < 2.4, a Jet Vertex Tagger (JVT) [169] criterion with JVT > 0.5 is applied to
suppress pile-up.

To determine the flavour of the quark that initiated the jet, the so-called jet flavour, a AR-based
labelling procedure is employed in MC. This labelling procedure uses truth information from the
particles inside the jet to determine the truth flavour/label. Two labelling schemes are utilised for
this, a standard and an extended labelling scheme. While the standard labelling scheme is applied
for b-tagging, the extended labelling scheme can be used to further understand the classification of

the different algorithms. Both schemes are presented in Figure 7.3.

Reconstructed
v N
ﬁ Light-flavour Jet

Standard Labelling

/

Extended Labelling

Light-flavour Jet

Figure 7.3.: Standard and extended labelling scheme used to classify the truth jet flavour. The number
of hadrons/leptons used corresponds to the number of weakly decaying hadrons/leptons within
AR = 0.3 around the jet axis. If no weakly decaying hadron/lepton is found, the jet is labelled as
light-flavour jet, or simply light-jet.

For the standard labelling scheme, jets are labelled as b-jets if at least one weakly decaying b-
hadron with pr > 5GeV is located within AR = 0.3 around the jet axis. If no b-hadron is found,
a similar matching attempt is conducted first for c-hadrons and then for hadronically decaying 7
leptons. If a match is found, the jet is labelled respectively as a c or a 7-jet, and the labelling proced-
ure is stopped. If none of the previous searches is successful, the jet is labelled as a light-flavour or
simply light jet, originating from u, d, or s-quark, or a gluon.

The extended labelling scheme further categorises b and c-jets into single and double b and c-jets

based on the number of weakly decaying hadrons inside the jet. However, the 7 and light-flavour jets
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are not subjected to further separation’.

In the following sections, the different algorithms, also called taggers, and their functionality are
presented. Starting with an overview of the algorithms used in Run 2, including the Recurrent Neural
Network Impact Parameter (RNNIP) [170], Deep Learning 1 (DL1) [171], and Deep Learning 1
RNNIP (DL1r) [172] taggers, also the basics of b-tagging in ATLAS will be explained in more de-
tail. Then, the preparation and processing of the training sample will be discussed, which involves
jets from different processes as well as different techniques of preprocessing to prepare the training
sample for the training procedure. Finally, the changes from the Run 2 algorithms to the Run 3 al-
gorithms will be discussed, including the new Deep Impact Parameter Sets (DIPS) and DL1d taggers.
The latter one is the new and currently recommended ATLAS b-tagging algorithm for Run 3 of the
LHC.

7.1 HEAVY-FLAVOUR TAGGING IN RUN 2

The b-tagging algorithms employed in Run 2 of the LHC are designed to identify b-jets while reject-
ing all other types of jets efficiently. Different algorithms, each exploiting different features of the
b-jet topology are combined to achieve this goal. There are two main classes of algorithms: low-level
algorithms, which focus on one or two specific properties of b-jets, and high-level algorithms, which
combine the outputs of various low-level algorithms to predict the jet’s flavour.

This section will provide a detailed presentation of the low-level track-based algorithm RNNIP and
the final Run 2 high-level b-tagging algorithm, DL1r. Both algorithms hold significant roles as
reference for the DIPS and DL1d algorithms, which will be explained in detail in Chapter 8 and 9, re-
spectively.*. A more comprehensive overview of all algorithms used in Run 2, including the various
not-mentioned low-level algorithms, can be found in Ref. [172]. Furthermore, a detailed description

of the calibrations performed for the high-level tagger can be found in References [171, 173-175].

7.1.1 The Recurrent Neural Network Impact Parameter Tagger

The most important of the many low-level algorithms used in Run 2 is the RNNIP tagger. While
officially being a low-level algorithm, RNNIP is, similar to the high-level algorithms, a DNN based
on the RNN architecture (Section 6.2). The input sequence for RNNIP is composed of the tracks
associated with the jet. The architecture of RNNIP is depicted in Figure 7.4. RNNIP aims to exploit
the large IPs of tracks stemming from secondary vertices. While other low-level algorithms use LH
templates to extract conditional LHs of the flavours, a process that requires very large event samples
to compute those templates. In contrast, RNNIP can be trained with a significantly smaller event

sample by focusing on the inter-sequence correlations between different tracks and their variables.

3 It is worth noting that further separation of both the 7- and light-flavour jets is possible, but not implemented or used.
4 It is worth noting that all performance plots in Section 7.1 were generated using the PUMA package [1].
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Figure 7.4.: Schematic depiction of the architecture of the RNNIP tagger [172]. The RNN architecture is
shown here in an unrolled manner. The output classes py, p. and pyigh, depict the output probabil-

ities of the RNNIP, where each of them can be interpreted as a probability that the processed jet
belongs to the respective class.

These correlations are also one of the biggest improvements of RNNIP over the other low-level

algorithms, which assume in the LH-based approach that the variables of each track are uncorrelated.

RNNIP takes the lifetime signed transverse and longitudinal IP significances (Sg, and S,) as

input variables for each track. It also considers the fraction of transverse momentum of the track

with respect to the jet (pfrrac), the angular distance between the track and the jet axis (AR (track, jet)),

and the hit multiplicities of the track with different ID layers. The signed IP significances are defined
in Equations (7.1) and (7.2). The sign of the IP significances is determined by the position of the
point of closest approach from which the IP is measured. If the point is in front of the primary vertex
with respect to the jet direction, a positive sign is applied. In the other case, where the point is behind,

a negative sign is applied. This signature is done for both IP significances.

j—o if in front of primary vertex
Sy, = do (7.1)
_adTO if behind of primary vertex
0
=0 if in front of primary vertex
Sz = 0 (7.2)
—;700 if behind of primary vertex
track
frac pr
proo= g (7.3)
Pr
. 2 2
AR (trad(’ Jet) = \/(¢track - (bjet) + (ntrack - njet) (7.4)

As depicted in Figure 7.4, RNNIP produces three values as its output prediction. With the softmax

activation function applied in the output layer, these values sum up to one, representing probabilities
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Figure 7.5.: Output probabilities for the jet being either a b (a), ¢ (b), or a light-flavour jet (c). In addition the b-
tagging discriminant built from these three probabilities is shown in (d). The used fraction values
are fo = 0.07 and fjighe = 0.93. The spikes in the p;, and pjigp distributions stem from jets, where
no jet survives the track selection. The jets shown in these plots are taken from ¢ events [172].

that the processed jet originated from a b, ¢, or light-flavour quark®. These output probabilities are
then combined using a LH-inspired discriminant known as the b-tagging discriminant, defined in

Equation (7.5).

Db

|
with f.. + fione = 1 75)
fC *Pe + fllght . pllgh[ fC fllght

Dgrnnie = In

Here, py, pc, and pyigne represent the output probabilities for their respective class. The parameters
feand fiigne act as relative importance parameters, often referred to as fraction values, influencing the
background rejection®. By definition, these values must add up to one, allowing fight to be replaced
with (1 — f.). This approach allows for a tuning of the rejections based on the fraction values. For
RNNIP, the values for f. and fiigh were optimised and set to f. = 0.07 and fjign = 0.93. The output

probabilities and the b-tagging discriminant derived from them are illustrated in Figure 7.5.

5 Light-flavour quark denotes here u, d, s-quarks, and gluons
6 Background rejection is defined as &, where eggg denotes the background efficiency or mis-tag efficiency for one class.
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Table 7.1.: Additional track selection requirements which are applied for the tracks used by RNNIP. Taken
and adapted from Ref. [2].

Variable Requirement
Max Nrpacks 25

PT > 1GeV
|do| < 1mm
|2 sin (0)] < 1.5mm
| <25
Npixel holes <2
Nsilicon hits > 7
Nilicon shared hits <2
Nilicon holes <3

RNNIP is trained using a combined dataset of three million jets, comprising 70 % ¢t jets and
30 % jets extracted from Z’ — ¢ events’. The inclusion of Z’ jets aimed to enhance training
statistics in the high-pr regime. To prevent a kinematic bias during training, the different flavours
were reweighted in pr to align with the distribution of light-flavour jets. RNNIP utilised up to 25
tracks per jet®, ordered in decreasing order based on Sd,. In addition to the already applied quality
track criteria, extra requirements to further enhance the quality of the tracks were applied. These
requirements are listed in Table 7.1. The different pixel and silicon variables mentioned therein
define the number of hits, holes® and multiple hits in one module for the given track in the respective
ID part.

The network is trained for 50 epochs using KERAS [176] with the THEANO [177] backend, em-
ploying the ADAM optimiser [178]. The trainable parameters are initialised using a Glorot Uniform
distribution [179]. The trained model is implemented for inference within the ATLAS reconstruction
software [180] using the Lightweight Trained Neural Network (LWTNN) package [181].

In the subsequent parts, particularly in Chapter 8, RNNIP serves as a reference for the newly de-

veloped algorithms.

7.1.2 High-Level Algorithms

Although the output of low-level algorithms can be directly used for tagging b and c-jets, the correl-
ation among their outputs depends on the jet flavour and the kinematic region. Generally, for b and
c-jets, significant correlations exist between the outputs of various low-level algorithms, while this
is not the case for light-flavour jets. In the high-pr regime, these correlations further diminish due
to the increased number of tracks from other sources and the decreased precision of track reconstruc-

tion. Additionally, RNNIP contributes its output probabilities, which are not highly correlated with

7 More detail on the Z’ sample is provided in Section 7.2

8 While the original version of RNNIP was trained with pure ¢Z jets and up to 15 tracks per jet, the retrained version here
uses up to 25 tracks per jet.

9 Holes are described as missing hits in one of the ID layers, which the track should have transversed through.



84 INTRODUCTION TO HEAVY-FLAVOUR TAGGING

("]
o
2
©

P

©

>
2
=3

Qo
£
<
<

256 ReLU units
128 ReLU units
64 ReLU units
48 RelLU units
36 ReLU units
24 ReLU units
12 ReLU units
6 ReLU units

(nJets, 44)  (nJdets, 256) (nJets, 128)  (nJets, 64) (nJets, 48) (nJets, 36) (nJets, 24) (nJets, 12) (nJets, 6)

Figure 7.6.: Schematic depiction of the architecture of the DLIr tagger. The output classes py, pc and piigh
depict the output probabilities of DL 1r, where each of them can be interpreted as a probability that
the processed jet belongs to the respective class.

the outputs of the other low-level algorithms. The goal of high-level algorithms is to exploit these
correlation differences and achieve the best possible performance in tagging b-jets.
These high-level algorithms are fully connected feedforward DNNs, following the architecture of
MLPs and undergo supervised training. Two types of high-level algorithms will be discussed in this
section, both belonging to the same algorithm family, the DL1 family. Both algorithms, DL1 and
DLIr, take as input the jet pr and |n| values, as well as the output of different low-level algorithms.
A comprehensive list of input variables for both algorithms can be found in Table A.1.
Both algorithms were trained on a dataset of 22 million jets, comprising 70 % t7 jets and 30 % Z’
jets. To mitigate a potential kinematic bias, a two-dimensional resampling in jet pr and |n]| is ap-
plied. The full preprocessing chain is explained in more detail in Section 7.2. Both DL1 and DL1r
are implemented and trained in the UMAMI framework, utilising TENSORFLOW with the KERAS
front-end and ADAM as the optimiser for training. The architecture is schematically depicted in Fig-
ure 7.6, while a more detailed description of the hyperparameters can be found in Table A.2. DL1
uses the same hyperparameters and architecture as DL1r, excluding the RNNIP probabilities as input.
After training, network inference within the ATLAS reconstruction software is performed using the
LWTNN package [181].

Similar to RNNIP, the DL1 and DL1r output can be interpreted as class probabilities due to the
usage of the softmax activation function in the output layer. These probabilities are then combined
into the b-tagging discriminant using Equation (7.6), which is akin to the b-tagging discriminant used

in RNNIP [Equation (7.5)].

Db . !
DpLis = In with fo+ fiignt = 1 (7.6)
PLr (f ¢ Pe + fiight - Plight ) fet fign

The fraction values for DL.1 and DL1r were optimised to achieve a good compromise between
c and light-flavour jets rejection across the entire b-jets efficiency range. This optimisation was per-
formed considering multiple analyses in ATLAS, in particular, the measurements of V H (H — bb) [182]
and ttH (H — bl_)) [14] production. The optimal fraction values were found to be f. = 0.018 and
fiight = 0.982. The results of the training, including the output distributions for the class probabilities

and the b-tagging discriminant, are shown in Figure 7.7.
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Figure 7.7.: Output probabilities for the jet being either a b (a), c (b), or a light-flavour jet (c) [172]. In addition
the b-tagging discriminant built from these three probabilities is shown in (d). The used fraction
values are f. = 0.018 and fiigh; = 0.982. The jets shown in these plots are taken from ¢ events.

Comparing Figures 7.7 (d) and 7.5 (d), the expectation of an improved discriminating power of
DLI1r over RNNIP is confirmed. This improvement is due to DL1r utilising more information from
all the low-level algorithms, including RNNIP.

In analysis applications, a binary decision must be made whether a jet is tagged as a b-jet or not-
tagged. This decision is based on Working Points (WPs)!?
ATLAS, the provided and supported WPs are the 60 %, 70 %, 77 %, and 85 % WPs. Their definition

is closely related to their naming, representing the percentage of b-jets that are tagged when the WPs

, defined by the b-tagging discriminant. In

are applied. To define these WPs, one starts integrating the b-jet distribution from the right side of the
discriminant plot to the left. After integrating a specific percentage of the entire b-jet distribution, the
discriminant value at this threshold is adopted as the cut value for the WP. This cut value determines
the limit for whether a jet is tagged with the given WP or not. For example, assume the cut value for
the 70 % WP might be 3. If a jet has a b-jet discriminant above 3, it is tagged as a b-jet; otherwise, it
is not tagged. The same logic applies to all other WPs. With this simple definition comes also that
a jet that is tagged with 60 % WP is also tagged with all other WPs. In application, these WPs and

10 It is worth noting here that in newer publications, the term Operation Point (OP) is used.
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their cut values are defined using jets from simulated ¢ events'!.

Based on these so-called fixed-cut WPs are the so-called Pseudo-Continuous b-Tagging (PCBT) bins,
which split the given b-tagging discriminant into different tag-weight bins, using the fixed-cut WPs as
bin edges. The so-defined bins are the 100 — 85 %, 85 — 77 %, 77 — 70 %, 70 — 60 % and 60 — 0 %
bins. To simplify this a bit further, a jet that is tagged with the 70 % fixed-cut WP but fails to be
tagged by the 60 % fixed-cut WP would be situated in the 70 — 60 % bin. This, as the name already
suggests, pseudo-continuous binning can be very helpful when working on analyses involving c-jets,
due to the relatively large population of c-jets in the central PCBT bins. In addition, the PCBT bins
are often used to train analysis-specific ML algorithms due to the higher amount of information in
the binning when compared to the simple binary tagged or not-tagged information from the fixed-cut
WPs.

The performance of the DL1 and DL1r taggers is now being compared. So-called Receiver Oper-
ating Characteristic (ROC) curves are utilised in an adapted way, wherein the mis-tag efficiency of

the background classes egy, is plotted against the tagging efficiency of the signal class €gjgnar. In b-

1

tagging, the inverse of the mis-tag efficiency, denoted as _—
g

or ‘rejection’ is typically employed due
to the very small values of egy, for smaller €gjgnal. The resulting ROC curves for DL1 and DL1r are
displayed in Figure 7.8, with the former recommended ATLAS b-tagging algorithm, MV2c10 [171],
which is a Boosted Decision Tree (BDT) [183]-based algorithm, serving as the reference!2.

The fixed-cut WPs previously mentioned are positioned on the z-axis, with 0.60 corresponding to

the 60 % WP, and so forth. Upon closer examination of the 60 % WP, the performance gain for both
DL1 and DL1r over MV2c10 is evident in both ¢ and light-flavour jets rejection. DL1r exhibits an
increase in c-jets rejection over MV2c10 by a factor of 1.76 and for light-flavour jets rejection by a
factor of 2.06.
In addition to the inclusive performance comparison with ROC curves, the background rejections
for a specific fixed-cut WP can be compared as a function of pr, which is crucial for analyses tar-
geting high-pr regions, due to the notably more challenging reconstruction of certain features such
as secondary vertices. The ¢ and light-flavour jets rejections as a function of pr for the 77 % WP
of the three high-level algorithms are illustrated in Figure 7.9. In each bin, the b-jets efficiency is
set to 77 %, ensuring that 77 % of all b-jets in the corresponding bin are tagged. This flat efficiency
per bin procedure slightly differs from the overall inclusive definition of the fixed-cut WPs, as their
definition relies on the inclusive b-jet pt distribution, encompassing all pr bins.

These plots, depicting flat efficiency per bin, offer valuable insights into evaluating the networks’
performance within specific pr bins, avoiding the averaging of performance across the entire pr
range. DLIr consistently outperforms both DL1 and the reference MV2c10 across the entire pr

spectrum, exhibiting even greater performance gains over MV2c10 in the high-pr regime.

Furthermore, the same bins are presented again in Figure 7.10, but with the inclusive procedure

The usage of ¢ jets can be explained with the focus of the ATLAS physics program towards processes, which involve
t-quarks. Also, differences between various processes and data and simulation will be covered by the calibration of these
WPs, which rely on ¢ jets.

12 Due to its negligible meaning for this thesis, no explanation for BDTs or MV2c10 is provided.
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binomial uncertainties. They are shown as coloured bands around the main plotted line [172].
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Figure 7.10.: The b-jets efficiency (a) and the ¢ (b) and light-flavour (c) jets rejections as a function of pr for
the 77 % WP [172]. The inclusive efficiency WP is used, so that the inclusive b-jet efficiency is
at 77 %. The upper panel shows the overall rejections/efficiencies, while the lower one shows the
ratio between the three high-level algorithms with MV2c10 as baseline. Statistical uncertainties
were derived using binomial uncertainties. They are shown as coloured bands around the main

plotted line.

for defining the fixed-cut WPs. These plots showcase the averaged performance of the algorithms,
which is also later employed in the analyses. Due to the inclusive determination of the WPs, the
b-jets efficiency represents an average over the full pr range, a factor that needs consideration. To

illustrate this behaviour, the b-tagging efficiency as a function of pr is also presented.

In contrast to the flat efficiency per bin plots, these plots illustrate the actual performance of the
algorithms for a given WP as a function of pr. As depicted in Figure 7.10 (a), the b-jets efficiency,
on average, stands at 77 %, although the actual efficiencies for each bin deviate from this value. In
the lower pr bins, the b-jets efficiency tends to fall below the WP, while in the higher pr bins, the

efficiencies tend to be higher.

Overall, DL1r exhibits significant improvement over the reference MV2c10 and the DL1 algorithms,
establishing itself as the most effective algorithm during Run 2. DL1r is the recommended b-tagging

algorithm for Run 2.
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7.2 PREPARATION OF THE TRAINING SAMPLE

Training a b-tagging algorithm, or b-tagger, based on supervised NNs requires a training sample.
These training samples, utilised for all NN based taggers elucidated in this thesis, comprise jets from
two distinct processes. This so-called "hybrid’ sample is constructed by combining jets from SM
tf and Z' — qq events. The Z’ resonance used here is a non-SM particle, whose decay width is
modified such that the mass spectrum is approximately flat. This approach of using jets from two
processes ensures that a high number of jets are available for training the taggers, even in the very

high-pt regime, ranging from above 1 TeV up to 5 TeV.

The next sections delve into a detailed explanation of the ¢f and Z’ MC samples. Subsequently, a
more in-depth exploration of kinematic resampling and the final preparation of the training sample
will be presented. Lastly, additional insights will be provided on the creation of the validation and

test samples, crucial for evaluating and testing the performance of the networks.

7.2.1 Monte Carlo Samples

The tt simulation sample is generated using POWHEG BOX V2 [184—186], which provides MEs at
NLO for t-quark pair production. The cut-off scale parameter for the first-gluon-emission, denoted
as Ndamp, Was set to 1.5 my, where m; represents the ¢-quark mass, set to m; = 172.5GeV. For
the interface of POWHEG Box v2, PYTHIA 8.230 [187] was employed with the A14 set of tuned
parameters [188] and NNPDF3.0NLO (NNPDF2.3L0) [189, 190] parton distribution functions in
the MEs (PS). Only ¢ events where at least one of the subsequent W+ bosons decays leptonically'?
were considered. This choice ensures the presence of sufficient b, ¢, and light-flavour jets for training.
Additionally, hadronically decaying 7-leptons are present, which are reclustered as jets, known as 7-
jets, and will be further explored in Chapter 10.
The Z' simulation sample employed was generated using PYTHIA 8.212 with the A14 set of tuned
parameters and NNPDF2.3 g parton distribution functions. The cross-section of the hard-scattering
process was artificially adjusted by applying a per-event weight that broadens the natural decay width
of the Z' resonance, resulting in the creation of the so-called flat mass Z’ sample. Branching fractions
were also adjusted, as indicated in Table 7.2, to ensure an adequate representation of b, ¢, and light-
flavour jets in the final sample used for training.

Similar to the ¢7 events, the Z’ events also contain a small amount of 7-jets, which will also play
an important role in Chapter 10. The resulting Z’ events have a relatively flat jet pr spectrum from
250GeV to 1.5 TeV with a falling tail up to 6 TeV.

The EVTGEN [191] package was employed to simulate the decays of heavy-flavour hadrons, and
PYTHIA 8.160 with the A3 set of tuned parameters [192] and NNPDF2.3; o parton distribution

13 This indicates that the W= boson decays into a charged lepton and a neutrino.
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Table 7.2.: Branching factions of the Z’ resonance used in training the different taggers [172].

Decay | Branching fraction
bb 30%
cc 30 %
5 10 %
dd 10%
uil 10%
Tt 5%
eet 5%

functions was used to additionally overlay all simulated events with minimum-bias interactions, sim-
ulating the effect of pile-up. The resulting events are reweighted to match the distribution of the
average number of interactions per bunch-crossing observed in the corresponding data samples. Sub-
sequently, the events undergo full detector simulation, using GEANT4 [120, 121]. It is worth noting
that interactions between b and c-hadrons and 7-leptons with the detector material, particularly sig-
nificant in the high-pr regime, were not simulated but were addressed through dedicated correction

factors and associated uncertainties.

7.2.2 Kinematic Resampling

The hybrid training sample is constructed by combining jets from all employed jet flavours/classes
of tf and Z' events!*. For the low-pr regime, t7 jets, selected if 20 GeV < pr < 250 GeV, are used
and no Z’ jets due to simulation issues in the true b-meson pr for low-pr Z’ jets. In contrast, for the
high-pr regime, Z’ jets are considered, taking into account those with pr exceeding 250 GeV. No ¢
jets are used in this regime due to a lack of statistics. The pr and |n| distributions for the used jet

classes for both ¢7 and Z’ jets, considered for the hybrid training sample, are depicted in Figure 7.11.

The distributions for b and c-jets closely resemble each other, while the light-flavour jets distribu-
tions deviate from the other distributions. In addition to that, the overall number of jets per jet class
is also drastically different, which would resemble a bias in the training. These differences in dis-
tributions underscore the necessity for a preprocessing step before commencing the actual training.
While one might intuitively consider leveraging these distribution differences for better jet flavour
separation, it rather introduces biases than a performance improvement.

To mitigate such biases in training, a two-dimensional resampling in jet pr and || for both ¢ and
7' jets is derived and applied. Unlike the count-based resampling method used for Run 2 algorithms,
which downsampled all jet classes to the lowest available one, as detailed in Ref. [193], the new tag-
gers (Chapters 8—10) use a training sample created with the so-called PDF resampling method. This

resampling method, developed in ATLAS, is not unique and can be conceptualised as an importance

14 For the standard b-tagging case, this means b, ¢, and light-flavour jets, labelled with the standard labelling procedure
(Figure 7.3).
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Figure 7.11.: Jet pr and |n| distributions of the jets stemming from ¢f and Z’ events. The jets shown are the
ones which are used in the training of the taggers.

sampling with replacement. A schematic representation of the derivation of the PDF resampling is
depicted in Figure 7.12.

To begin, one must designate the target class to which everything will be resampled. For the
taggers discussed in this thesis, the target was defined as the b-jet pr and |n| distributions. The

subsequent steps involve normalising all distributions and establishing a two-dimensional binning in

jet pr and |n|, which will serve as the basis for resampling. For each resulting bin, the ratios between
the target and the other jet classes are computed. These ratios for each jet class are then interpolated
using a two-dimensional spline, which is saved and subsequently employed for the actual resampling
process.

Once the PDFs for each non-target (background) class to the target class are derived, the resampling
algorithm initiates by populating the jet pr and |n| bins with the target jets. The number of jets filled
at this stage is user-determined and can be adjusted to create samples of different sizes. Following
the target filling, the background classes are filled iteratively. By looping over the available number
of jets for a background class, these jets are distributed into the bins based on their pr and |7|, using
the previously derived PDFs. Once iterated over the full available amount, the process starts again

iterating until enough jets are filled in each bin to match the number of target jets. This is depicted

in Figure 7.13.
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Figure 7.12.: Schematic depiction of the process to calculate the PDFs for the different jet flavours.
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Figure 7.13.: Schematic representation of the PDF resampling method and how the jets are filled in the two-
dimensional bins. Taken and adapted from Ref. [193].

Once the resampling process is concluded, the two resampled training samples for both ¢f and
Z' jets are combined. The un-resampled and resampled merged training samples are illustrated in
Figure 7.14.

In addition to the newly matched distributions, also the number of jets for each jet class are now

matching, which is schematically shown in Figure 7.15.

7.2.3  Scaling and Shifting

The resampled training sample comprises of jets and their associated tracks with different variables,
each having different ranges and magnitudes. For instance, jet pt ranges from 20 GeV to 6 TeV,
while jet |n| spans from 0 to 2.5. These differences in magnitudes among input variables can signi-

ficantly impact the convergence of training for NNs optimised using gradient descent. In the early
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Figure 7.14.: Jet pr and || distributions of the un-resampled (a), (c) and resampled (b), (d) merged training
sample. The resulting resampled merged training sample has the same amount of jets for each of
the jet classes.
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Figure 7.15.: Schematic representation of the jet class composition of the training sample before (a) and after
resampling (b) in terms of percentage of total jets.

stages of training, the networks tend to prioritise variables with higher values, potentially overlook-
ing the significance of variables with smaller magnitudes that may contain crucial information for

the given problem.
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To address this concern, a strategy similar to that employed in Batch Normalisation (refer to Sec-
tion 6.1.4) is applied: scaling and shifting each input variable to a mean of zero and a standard
deviation of one. The mean I and standard deviation o, for a variable x are determined from the dis-
tributions of each variable, calculated using Equations (7.7) and (7.8), where N denotes the number
of jets or tracks'. The resulting means and standard deviations for each variable are then utilised to

scale and shift the variables according to Equation (7.9).

1 N
T= ;:c (7.7)
1 X N
o =\ ; (x; — ) (7.8)
= 2% (7.9)
Oz

To visualise the effect of the scaling and shifting, the jet pr and || distributions of the merged

training sample before and after scaling and shifting are depicted in Figure 7.16.
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Figure 7.16.: Jet pr and |n| distributions of the merged and resampled training sample before and after applying
the scaling/shifting as denoted in Equation (7.9). The scaling is visible for the jet pt, while the
shifting is more visible in the jet |n| distribution.

15 This depends on the type of variable used. If a jet variable is used, N denotes the number of jets; likewise for tracks.
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7.2.4 Validation and Test Samples

Validation and test samples are needed to evaluate the performance during and after training the NNs.
The validation sample is created similarly to the training sample, undergoing the same routine of kin-
ematic resampling and merging. For the scaling and shifting, the mean and standard deviation values
are not explicitly re-derived but simply taken from the training sample due to the approximately same
values for both samples. The resulting hybrid validation sample is therefore, in terms of the prepro-
cessing steps applied, identical to the training sample. In addition, the un-resampled non-merged ¢t
and Z' validation samples are also taken into account, to validate the performance on non-resampled
physics samples.

Two test samples are created, one sample ¢f and Z’ each, skipping the kinematic resampling and
merging step. While the validation samples are used for direct validation during training, the test
samples are used to evaluate the performance of the taggers after training on non-resampled physics
process samples. This ensures that the actual performance delivered to the analyses is checked and
that no unwanted feature is learned. While no explicit scaling and shifting is derived, to process the
test samples through the network and have comparable results, each test sample is scaled and shifted
on the fly while loading using the scaling and shifting values derived for the training sample. The
same holds for the inference of the taggers inside the ATLAS reconstruction software [180]. When
interfacing the taggers using LWTNN [181], the inputs to the taggers are scaled and shifted with the

frozen and stored values inside the LWTNN models.
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The Deep Impact Parameter Sets (DIPS) [194] tagger succeeds the RNNIP tagger for Run 3 of the
LHC. Similar to RNNIP, DIPS operates on the associated tracks and their variables of the targeted jet,
addressing the same task. However, RNNIP relies on a high-performing yet relatively slow sequence-
based RNN architecture. Sequential processing, potent for ordered entries such as sentences, proves
unfavourable for flavour tagging. This is because products of hadron decays lack intrinsic ordering,
diminishing the effectiveness of sequence-based processing.

DIPS, on the contrary, treats the associated tracks of the jet as an unordered, variable-sized set.
This permutation invariance allows DIPS to process inputs in parallel while leveraging correlations
between different set entries. Moreover, this permutation invariance is more logically aligned with

the physics compared to the ordered sequence-based approach of RNNIP.

This chapter delves deeper into the architecture and final training sample of DIPS. The latest
and most performant version is presented herein, utilising the samples and preprocessing methods
outlined in Section 7.2. The RNNIP tagger is included as reference due to its role as the predecessor
of DIPS.

8.1 TRAINING SAMPLE

The training, validation, and test samples for DIPS are derived using the techniques explained in
Section 7.2. The classifier employs three output classes: b, ¢, and light-flavour jets. The final train-
ing sample comprises 40 million jets per jet class, 70 % tf and 30 % Z’ jets, yielding a total of 120
million jets for training. The validation sample mirrors a similar fraction of ¢Z and Z’ jets, totalling
three million jets, with one million per jet class. For testing purposes, three million ¢f and Z’ jets
each are used without any resampling or merging.

Further, 15 track variables serve as input to DIPS, each listed in Table 8.1 along with a brief de-
scription, an indication of whether they undergo scaling and shifting, and if their logarithm is con-
sidered as input or the plain variable!. These variables are further categorised into kinematic, hit,
and IP-based variables, as visually represented in the table by their separation into distinct blocks.
Moreover, Figure A.1 and Figure A.2 illustrate the distributions of these variables for ¢f and Z’ jets,
respectively. DIPS uses the input variables of RNNIP and two additional variables: the direct val-
ues of the transverse and longitudinal IPs. Moreover, the track selection criteria and the maximum

number of tracks per jet processed are changed, due to the substantial improvements in computing

1 The logarithm of certain variables is taken due to their vast range of possible values.
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Table 8.1.: Input variables to the DIPS b-tagging algorithms.

Category Variable Description S&S? | Log
Kinematics pirac Fraction of transverse momf:ntum of | V v
the track with respect to the jet [Equa-
tion (7.3)]
AR (track, jet) Angular distance between the track and | v v
the jet axis [Equation (7.4)]
Npixel hits Number of PD hits v
NSCT hits Number of SCT hits v
Nrnnermost pixel hits Number of innermost pixel layer hits
NNext to innermost pixel hits | INumber of next to innermost pixel layer
Hits hits
Ninnermost pixel shared hits | INumber of innermost pixel layer shared
hits
Nnnermost pixel split hits Number of innermost pixel layer split
hits
Npixel shared hits Number of PD shared hits
Nbpixel split hits Number of PD split hits
NSCT shared hits Number of SCT shared hits
do Transversal IP v
[P-based 2o sin (6) Longitudinal IP times the sine of ¢ v
Sd, Lifetime signed dy significance [Equa-
tion (7.1)]
Sz Lifetime signed zy significance [Equa-
tion (7.2)]

efficiency, training, and inference time. This updated track selection, compared with the RNNIP
track selection in Table 7.1, is outlined in Table 8.2.

The differences in track selection criteria between DIPS and RNNIP, along with the maximum
number of tracks per jet, are visible in the track pt and IPs thresholds. While RNNIP adheres to a
relatively tight selection, DIPS employs a significantly looser track selection strategy. These relaxed
criteria enable DIPS to incorporate a greater number of associated tracks per jet, enabling a more
comprehensive characterisation of the jet class compared to RNNIP. This distinction is particularly
crucial when analysing jets from Z’ events. To illustrate this, the average number of tracks per jet
class and sample is depicted in Figure 8.1.

As shown in Figure 8.1 (a), the increased maximum number of tracks per jet used in the training
of DIPS in comparison to RNNIP allows the network to take all tracks from ¢# jets into account.
Conversely, Figure 8.1 (b) illustrates a notably higher number of tracks for Z’ jets, particularly attrib-
utable to their higher pr regime.

Opposite to that, one specific feature of the Z’ jets is a large amount of light-flavour jets with less

than five tracks, with a sharp peak at one track per jet. These jets were identified as electrons, which

2 Scaled and shifted
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Table 8.2.: Track selection cuts for the RNNIP and DIPS tagger. Taken and adapted from Ref. [2].

Variable Description RNNIP DIPS
Max Npacks Maximum number of tracks used 25 40
phack Track pr >1GeV | > 0.5GeV
|do| Transversal IP <lmm | <3.5mm
|20 sin (6)] Longitudinal IP <1.5mm | <5mm
|mtrack] Track |n| <25
Nsilicon hits Number of hits in the pixel and SCT layers >7
Nsilicon shared hits | Number of space points shared by multiple <2
tracks in pixel and SCT layers
Npixel holes Number of missing hits in the pixel layers <2
Nsilicon holes Number of missing hits in the SCT layers <3
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Figure 8.1.: Number of tracks per jet for both ¢ (a) and Z’ (b) jets. For the Z’ distribution, an overflow bin is
used in the last bin, indicating that more than 40 tracks are associated to some jets.

are faking a light-flavour jet, and are classified in the labelling as light-flavour jets. This is due to
the inner workings of the labelling algorithm, making these electron-initiated light-flavour jets rather
unique and easy for the algorithms to identify due to their low number of associated tracks in the jet.
To delve deeper, Figure 8.2 showcases the average number of tracks per jet across all three jet classes
for both ¢ and Z’ jets, plotted against jet pr.

Despite Z' jets averaging around 10 more tracks per jet compared to t7 jets, most of these tracks
do not originate from heavy-flavour decays but rather from other sources, such as fragmentation or
secondary interactions. While these additional tracks are not particularly beneficial for the actual
training, they still need consideration to ensure the inclusion of all tracks stemming from b or c-
hadron decays within the selected 40 tracks per jet for processing. While the maximum number of
tracks of 40 is sufficient for ¢ jets, for Z’ jets, which can have more than 40 tracks associated to a
jet, this is insufficient. To determine which tracks are taken into account for processing, although no
explicit ordering of the tracks is needed for DIPS, the same sorting as for RNNIP is applied: sorting
in decreasing order after S, and taking the 40 tracks with the highest S, .
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Figure 8.2.: Number of tracks per jet as a function of jet pr for b (a), ¢- (b) and light-flavour (c) jets for both tZ
and Z' jets. The chosen binning gives 20 bins each for ¢ between 20 — 250 GeV and Z’ between
250 — 6000 GeV. The statistical uncertainty of the bins is indicated with a coloured but is too
small to be seen.

To give further insight into the composition of the origin of the tracks of ¢ and Z’ jets, the average
number of tracks per origin per jet class are listed in Table 8.3 and the number of tracks per jet as a
function of jet pr separated by sample are shown in Figure 8.3.

7' jets generally contain fewer tracks originating from heavy-flavour decays and notably more
tracks from fragmentation. This trend is explicable due to the higher jet pr. Also, the number of
tracks stemming from heavy-flavour decays remains consistent for ¢Z b and c-jets across the entire
pr range, while it decreases for Z’ jets due to being more collimated at high-pt and harder to recon-

structed.
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Table 8.3.: Average number of tracks per jet class for both ¢f and Z’ jets, split into the track origins. Here,
Fragmentation (Frag) denotes tracks from the primary vertex and fakes, where the latter stem from
hits of multiple particles. Heavy-flavour decay (HF) denotes tracks that originate from the decay of
either a b or a c-hadron. The Others category is comprised of all other track origins, like pile-up, 7
decays, or other secondary interactions. The statistical uncertainties for these values are negligible
and therefore not shown.

Sample | Jet Flavour | N, Njb, Npag, Npther
b 7.97 4.29 2.49 1.19
tt c 6.93 2.27 3.42 1.25
Light-flavour | 6.78 0.04 5.26 1.49
b 16.07 2.82 10.54 2.71
Z' c 1579 179 1120  2.80
Light-flavour | 10.77 0.02 8.83 1.93
tt sample Z' sample
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Figure 8.3.: Number of tracks per jet per origin as a function of jet pr for ¢tZ (a) and Z’ (b) jets. The statistical
uncertainty of the bins is indicated with a coloured band but is too small to be seen.

8.2 ARCHITECTURE

DIPS is a DNN based on the Deep Sets architecture, introduced in Section 6.3. It comprises two
distinct sub-networks, ¢ and p, intentionally designed with slight differences. A schematic depiction
of the architecture is shown in Figure 8.4.

The ¢ network consists of a fully-connected feedforward MLP with shared weights comprising
one input and four hidden layers. It takes m variables or features per track as input for all n tracks
of a jet. Though multiple ¢ networks are depicted in Figure 8.4, it is one network used in multiple
instances with shared weights, working simultaneously on all input tracks n at the same time. The
four hidden layers have varying numbers of neurons, and each hidden layer neuron uses the ReLU
activation function. Batch Normalisation layers are employed between the hidden layers to ensure
rapid and stable training convergence of the network.

Once all tracks are processed with the ¢ network, the outputs from the last hidden layer are concat-
enated and aggregated using summation as the aggregation function. Subsequently, the aggregated

representation is fed into the p network, also a fully-connected feedforward MLP, comprising six
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Figure 8.4.: Schematic representation of the latest and best performing DIPS architecture.

hidden and one output layer. The hidden layers have a varying number of neurons, each using the
ReLU activation function. The final output layer, with three neurons, uses the softmax function as the
activation function. The resulting outputs, interpretable as probabilities due to the usage of softmax,
contribute to building the b-tagging discriminant Dj. Similar to RNNIP and DLI1r, the b-tagging
discriminant is defined using Equation (7.6), where f. and fjign denote the fraction values, and py,
Pe and pyigh Tepresent the output probabilities of DIPS indicating whether the evaluated jet originates
from a b, c or light-flavour quark. DIPS was trained for 200 epochs using TENSORFLOW with the
KERAS front-end. For optimisation, the ADAM optimiser was employed, and the trainable paramet-
ers were initialised using a Glorot Uniform distribution. The final trained model was integrated for
inference within the ATLAS reconstruction software using LWTNN. All hyperparameters for DIPS
are detailed in Table 8.4. A minor hyperparameter optimisation was conducted, varying the num-
ber of hidden layers and neurons per layer, revealing no substantial gains by further expanding the

architecture of DIPS.

Although DIPS was trained for 200 epochs, the model state was saved after every epoch for a more
detailed examination of the training progress. No early stopping or other regularisation techniques
were employed to mitigate potential overfitting of the model. A comprehensive explanation of the

training sample and the corresponding input variables used in training will be provided in Section 8.1.

8.3 RESULTS

The training of the DIPS tagger was done using the samples explained in Section 8.1. The tagger
was trained for 200 epochs in total using one NVIDIA V100 GPU. The resulting accuracy and loss

curves are depicted in Figure 8.5 and Figure 8.6 respectively.
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Table 8.4.: Hyperparameters of the DIPS tagger.

Hyperparameter Value
Number of input variables 15
® NHidden layers 4
¢ NNeurons/layer [128, 256, 256, 256]
P NHidden layers 6
P NNeurons/layer [256, 256, 128, 128, 100, 30]
Number of output variables 3
Loss function Categorical Crossentropy
Optimiser ADAM
LR 0.001
Batch size 15000
Aggregation function Summation
Activation function (hidden neurons) RelLU
Activation function (output neurons) softmax
Number of epochs trained 200
Free (trainable) parameters 367259
Fixed parameters 3588
Total parameters 370847
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Figure 8.5.: Training and validation accuracy as a function of the training epoch for DIPS. Both accuracies
were derived using the respective resampled hybrid samples. While the training accuracy was
derived as an average over all batches for one epoch, the validation accuracy was derived after
training, using all batches at once for calculation.
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Figure 8.6.: Training and validation loss as a function of the training epoch for DIPS. Both losses were derived
using the respective resampled hybrid samples. While the training loss was derived as an average
over all batches per epoch, the validation accuracy was derived after training, using all batches at
once for calculation.

Both plots exhibit a noticeable divergence between the validation and training curves starting from
the fifth epoch. On initial observation, this might suggest overfitting, given the considerable gap
between these curves. However, this divergence alone is not a conclusive sign. The decisive factor in
this context would be a decrease or increase in validation accuracy or loss. What one witnesses here
is not an overall performance drop but rather a plateauing of the performance increase. Therefore, the
constant validation accuracy and loss rather suggest that the network has reached its limit to learning
the general features of the different jet classes, indicating the achievement of a (local) minimum in
the optimisation.

Figure 8.7 illustrates the resulting rejections for the hybrid, ¢7, and Z’ validation samples using
the 70 % WP. Similar to the validation accuracy and loss curves, the rejections ascend initially over
the first epochs before stabilising and fluctuating around a stable value. For the Z’ validation sample,
rejections peak after around 20 epochs, while the corresponding hybrid and ¢f validation samples
peak after roughly 60 to 80 epochs. The model state of epoch 150 is used for further evaluation with
the testing samples
For the evaluation process, this selected model state is used to compute the output probabilities for
all jets within the test samples. The resulting output probability distributions for both the ¢7 and Z’
jets are visualised in Figure 8.8.

For the tZ, the different probabilities already exhibit a clear separation between the b-jets distri-
bution and the ¢ and light-flavour jets distributions. Additionally, for each output probability, the
respective truth jet class achieves the highest scores, indicating a good separation among the three
classes. This effect is most pronounced for b and light-flavour jets, as they are relatively easier to
distinguish from each other. The c-jets, which share similar properties with b-jets and sometimes
with light-flavour jets, typically fall between them and exhibit slightly lower peaks in their respective
output probability.
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Figure 8.7.: ¢ and light-flavour jets rejections for DIPS for the hybrid (a), tf (b) and Z’ (c) validation samples
as a function of training epoch. As reference, the c and light-flavour jets rejections for RNNIP are
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Figure 8.8.: Output probability distributions of DIPS for the ¢f and Z’ test samples.
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Figure 8.9.: b-tagging discriminant distributions of the DIPS tagger for the ¢f and Z’ test samples. The WPs
shown in both plots were derived on the ¢f test sample.

Distinctive characteristics of the Z’ light-flavour jets, previously noted in Figure 8.1 (b), are the sig-
nificant peaks in Figures 8.8 (d) and 8.8 (f). These sharp peaks stem from jets with fewer than five
tracks per jet, primarily originating from electron-initiated fake jets, making them easily identifiable

by DIPS. The impact of these jets on the training was studied and found to be negligible.

The probability values for the jets are used to construct the b-tagging discriminant, as defined in
Equation (7.6) with f. = 0.005 and fjighe = 0.995. The resultant b-tagging discriminant distributions
for both ¢7 and Z’ jets are depicted in Figure 8.9.

For the 7 jet distribution, a clear separation is observable between the target class, b-jets, and
the background classes, ¢ and light-flavour jets. It is important to note that for both ¢7 and Z’ jets,
the depicted WPs were derived solely using the % jet distribution illustrated in Figure 8.9 (a). This
choice is motivated by the primary focus of the algorithms on tagging ¢ jets, with Z’ jets exclusively
employed during training to boost the statistics in the high-pt regime. Furthermore, the physics pro-
gramme of ATLAS is more focused on ¢ jets and Z’ jets are an artificial auxillary support, only for
training and to fix the low statistics for ¢Z jets in the high-pr region. Generally, WPs used for the
analyses are obtained using the same method. To maintain consistency across WPs, this approach is
employed to calculate all b-tagging WPs in this chapter, including those for Z’ jets.

Regarding the Z’ jet distribution, the separation among the three classes is not as distinct as observed
for the ¢f jets. This discrepancy is attributed to the increased number of tracks per jet that do not
originate from heavy-flavour decays, as previously discussed in Section 8.1. Similar to observations
in the output probability distributions, a notable distinct peak for Z’ light-flavour jets is also visible

in Figure 8.9 (b), identifiable as originating from jets with fewer than two tracks.

For comparison purposes, different types of plots are utilised to compare the new DIPS tagger with
the well-established RNNIP tagger. One of the primary tools for performance comparison involves

the ROC curves, which are depicted in Figures 8.10 (a) and 8.10 (b) for ¢Z and Z’ jets, respectively.

107



108

THE DEEP IMPACT PARAMETER SETS TAGGER

% FT T T T T T T T T T

£ 5[ ttSimulation —— RNNIP A

810" E 5 =13 TeV, PFlow jets —— DIPS 3

-‘g' 4:20GeV<pT<250GeV 3

3 10 Ee0% 70% 77% 85%3

e P | :

g 10 ;:.-., _________________________________ P i _§

2 S B e ]

10" F I R e 3

! e, N

101 :— \‘ : -

E—— Cijets I —— N E

0 1_- - Light-jets | 3

10 E PR S S NS S T Y R B R E
25 ——— —

Cc-jet ratio
- n
o o

i T f ! f ]
28 bt CTE T ! .
*@ 4 e _ i i
= A e o S ! ]
2 [ mr——— i
E’ 2- i ............. gt —
3 L | i
S U (SO USUUROU U [OOSR SESURUURIURS
0.60 0.65 0.70 0.75 0.80 0.85
b-jets efficiency
(a): tt test sample

% 1(_)6g T T T T T T T T T E
5 F Z’ Simulation —— RNNIP E
< 10°E Vs =13 TeV, PFlow jets —— DIPS
.‘8‘ F 250 GeV < pr <6 TeV E
3 10 60% 70% 77% 85%
R :
& . 3[ i i ]
o 10 g 1 i =
E =1~ 1 E
- ! ! B

2 1
10 ] 3
Eoo E
1 ]
10— i
Fo=ge =
£ f

10° L=
—r—— T ——— 1]
20F_ ] | =
._g - 1 1 B
® ] Lo i -
— - 1 1 T—
2 °F i .
¢ b | — —
1.0 T | | —
10T T ' . ]
2 T : P
[ S S L
- I ey, b 1 7
o 5+ 1 i .
Eé» o i B e S N L]
S B ! e e
T i e B e e e e S e e e e e e s s

0
0.2 0.3 0.4 0.5

b-jets efficiency
(b): Z' test sample

Figure 8.10.: ROC curves for the DIPS and RNNIP tagger. The depicted efficiencies and rejections for both
taggers were calculated using the ¢ and Z' test samples, each with in total three million jets. The
shown b-jets efficiencies on the x-axis denote the b-jets efficiency on the respective test sample,
while the depicted WPs were derived from the ¢ test sample and correspond to the WPs which
would be used in analyses. The shaded areas denote only the statistical uncertainties, derived by
using binomial uncertainties.
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For the t1 jets, a substantial increase in rejection for DIPS over RNNIP is noticeable for both ¢ and
light-flavour jets. At the 70 % WP, DIPS outperforms RNNIP by a factor of 1.5 in c-jets rejection
and by a factor of 3.5 in light-flavour jets rejection. This notable performance improvement becomes
more pronounced with stricter WPs, increasing to factors of 2.25 for c-jets rejection and 4.05 in light-
flavour jets rejection at the 60 % WP.

In addition to the considerable performance gains for ¢f jets, even more substantial performance
improvements are evident for the Z’ jets. When applying the WPs and their respective cut values
derived from the t7 jet test sample, the performance gains for Z’ jets surpass those observed for ¢
jets. At the 70 % WP, DIPS outperforms RNNIP by a factor of 1.45 in c-jets rejection and by a factor
of 6 in light-flavour jets rejection. Similar to 7 jets, for stricter WPs, the performance continues to

increase, reaching factors of 1.8 for c-jets rejection and 8 in light-flavour jet rejection at the 60 % WP.

To further assess the performance of DIPS, the c and light-flavour jet rejections as a function of jet
pr for both the ¢f and Z’ samples at the 70 % WP are illustrated in Figure 8.11. This representation
utilises the flat efficiency per bin procedure?.

For both ¢ and Z’ c-jets rejections, a distinct enhancement of DIPS over RNNIP is noticeable

across the entire jet pr range of the test samples. The most significant performance gain in ¢7 is
observed in the 110 — 140 GeV bin, with an improvement of a factor of 1.9, while for Z’, this
enhancement is seen in the first bin, ranging from 250 — 500 GeV, showing an improvement factor
of 2.6.
Moreover, alongside the substantial performance improvements in c-jets rejection, the light-flavour
jets rejection displays a similar trend. In both test samples, DIPS clearly outperforms RNNIP, with
the most significant improvement in ¢ observed in the 140 — 175 GeV jet pr bin, increasing by a
factor of 6. In the case of Z’, the most notable improvement occurs once again in the initial bin from
250 — 500 GeV, demonstrating an improvement factor of 8.

Furthermore, the ¢ and light-flavour jets rejections as a function of jet pr can also be plotted
inclusively, where the WP and its respective cut value on the b-tagging discriminant are calculating
using the full ¢7 test sample. This is depicted for both test samples in Figure 8.12.

In addition to rejections, in the inclusive case, the b-jet efficiency per bin can also be plotted as it
is calculated over the entire jet pr range, which is important for the final performance of the taggers
in analyses. By definition, if all bins were summed, the same performance would be observed for
both DIPS and RNNIP in terms of b-jet efficiency. Therefore, the only noticeable difference in these
plots would be the shifting of performance between jet pr bins.

For tf, DIPS and RNNIP demonstrate similar performances in nearly all bins, except for the initial
bin from 20 — 30 GeV, where a 2 % drop for DIPS is observed. In the case of Z’, a shift in perform-
ance from the higher pr regime to the lower pr regime is noticeable, which is expected. This shift
is due to the main training samples for DIPS being ¢f and low-pt Z’ jets (see Figure 7.14 (b)), and

the decreasing proportion of tracks from heavy-flavour decays concerning the total number of tracks

As detailed in Section 7.1.2, this procedure calculates the cut values for the WP not inclusively, but per jet pr bin. Thus,
within each bin, a ¢ of 70 % is ensured.
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Figure 8.11.: ¢ and light-flavour jets rejections for the ¢f and Z’ test samples for the 70 % WP using the flat
efficiency per bin procedure for the DIPS and RNNIP taggers. For both test samples, ¢ and Z’,
the same WP was used with the same cut value on the b-tagging discriminant, which was derived
on the ¢ test sample.

in the jet as pr increases. This rise in the number of tracks, carrying no information about heavy-
flavour decays, poses slight challenges for DIPS due to its looser track selection and consideration
of an increased maximum number of tracks per jet.

Regarding rejections, the outcomes closely resemble those of the flat efficiency per bin procedure.
For both ¢f and Z’, DIPS notably outperforms RNNIP in both ¢ and light-flavour jets rejection,
showcasing impressive improvement factors of up to 3.8 in ¢f and 8 in Z’, even though the trend of
improvements is inverted for Z’. While the largest enhancements for the flat efficiency per bin pro-
cedure were observed in the lower pr regime, in the inclusive case, the performance gains increase
from low to high-pt. This particular behaviour can be explained by the shift in performance in the
b-jets efficiency. A smaller b-jets efficiency leads to higher rejection rates due to the reduced number
of jets passing the inclusively calculated WP.

Similar to RNNIP and DL1r, an optimisation of the fraction values for Equation (7.6) is required. To
achieve this, the c and light-flavour jets rejections as a function of different fraction value combina-

tions are calculated for a given WP. Due to its significance, the optimisation is performed using the
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Figure 8.12.: b-jets efficiency and ¢ and light-flavour jets rejections for the ¢ and Z’ test samples for the
inclusive 70 % WP for the DIPS and RNNIP taggers. For both test samples, ¢f and Z’, the same
WP was used with the same cut value on the b-tagging discriminant, which was derived on the £
test sample.
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Figure 8.13.: Fraction value scan for DIPS and RNNIP. Depicted are the c- and light-flavour jets rejections as

a function of the fraction values at the 70 % WP. The curves here were calculated by changing

the fraction values by 0.005 in each step, ranging from O to 1. The chosen fraction values for

both RNNIP and DIPS are marked with explicit markers and were chosen to maintain a high
light-flavour jets rejection.

70 % WP. The resulting rejections for both RNNIP, considered as a reference, and DIPS for the ¢
sample are plotted and depicted in a two-dimensional manner in Figure 8.13.

Both RNNIP and DIPS utilise the selected fraction values displayed in the legend and are marked
uniquely in the plot. Both combinations were chosen to sustain high light-flavour jets rejection while

maintaining satisfactory c-jets rejection.

In summary, the newly trained DIPS tagger significantly outperforms RNNIP, establishing it as
the optimal choice for the new low-level, track-based algorithm intended for integration into the

high-level tagger.



THE DEEP LEARNING 1 DIPS TAGGER

The high-level tagger for Run 3 of the LHC is the Deep Learning 1 DIPS (DL1d) tagger. DL1d
makes use of multiple low-level tagger outputs alongside the jet’s kinematic variables as inputs.
Despite being relatively similar to its predecessor, DL1d introduces a significant alteration: the re-

placement of RNNIP with DIPS. This transformation is visually represented in Figure 9.1.

KX Y3y

Track-based Neural Networks

Figure 9.1.: Schematic representation of the inputs to DL1r and DL1d. Here, IPxD denotes the two IP-based
low-level algorithms IP2D and IP3D.

This chapter delves into the architecture, training sample, and results of the new DL1d tagger in

greater detail. For reference, the predecessor, DL1r, will be used.

9.1 TRAINING SAMPLE

The training, validation, and testing samples used remain the same as described in Section 8.1, except
for employing different variables. While the DIPS training incorporated the associated tracks of the
jets, DL1d training utilised outputs from the low-level algorithm alongside other jet-level variables.
A brief explanation of the variables used is listed in Table 9.1.

All input variables, excluding the "is default”" variables, underwent scaling and shifting before be-
ing fed into the network. No logarithmic transformation was applied to any input variable, and no
additional variable selection was applied.

Apart from substituting RNNIP with DIPS, DL1d incorporates additional input variables, includ-
ing "is default” variables. These indicators ascertain whether the input variables from their respective
low-level algorithms contain proper values or default values. These boolean variables are zero for
proper values and one for default values. Default values are necessary when the underlying low-level

algorithm fails to execute its task, resulting in the unavailability of output values for the given vari-
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Table 9.1.: Input Variables to the DL1d tagger. Extended and adapted from Ref. [172].

AR(Dler, Pux ) (SV)

Input Variable Description
Kinematics pr Jetpr
[n] Jet |n]
is default Indicates if the variables are filled with default values or with proper values
IP2D log(py / Piight) LH ratio of the b-jet to light-flavour jet hypotheses
log(py/pe) LH ratio of the b-jet to c-jet hypotheses
log(pe/ Piight) LH ratio of the c-jet to light-flavour jet hypotheses
is default Indicates if the variables are filled with default values or with proper values
IP3D log(ps / Pright) LH ratio of the b-jet to light-flavour jet hypotheses
log(py/pc) LH ratio of the b-jet to c-jet hypotheses
log(pc/ pligm) LH ratio of the c-jet to light-flavour jet hypotheses
Db b-jet probability
DIPS Pe c-jet probability
Plight Light-flavour jet probability
is default Indicates if the variables are filled with default values or with proper values
m(SV) Invariant mass of tracks at the secondary vertex assuming pion mass
fe(SV) Jet energy fraction of the tracks associated with the secondary vertex
Nrgavix(SV) Number of tracks used in the secondary vertex
Secondary-Vertex-Tagging (SV1) Notikvix (SV) Number of two-track vertex candidates
Lzy(SV) Transverse distance between the primary and secondary vertices
Lyy-(SV) Distance between the primary and secondary vertices
Szy=(SV) Distance between the primary and secondary vertices divided by its uncer-

tainty
AR between the jet axis and the direction of the secondary vertex relative
to the primary vertex

JETFITTER

is default
m(JF)
fe(F)
AR(Pet, Pvix ) JF)

Szy=(JF)
Nrkarvix JF)
Notkvix(JF)
N1tk vertices(JF)
N> uk vertices UF)

Indicates if the variables are filled with default values or with proper values
Invariant mass of tracks from displaced vertices
Jet energy fraction of the tracks associated with the displaced vertices

AR between the jet axis and the vectorial sum of momenta of all tracks
attached to displaced vertices

Significance of the average distance between PV and displaced vertices
Number of tracks from multi-prong displaced vertices

Number of two-track vertex candidates (prior to decay chain fit)
Number of single-prong displaced vertices

Number of multi-prong displaced vertices

JETFITTER (2YP VERTEX)

is default
mrk(2™)(JF)
E(2")(JF)
fe(2") P
Nrixarvex (2") (JF)
Ly (2")(JF)
Ly (2)JF)

nmin, max, avg(2nd) (JF)

trk

nmin, max, avg(2nd) (JF)

trk—jet

Indicates if the variables are filled with default values or with a proper values
Invariant mass of tracks associated with the 2" vertex

Energy of the tracks associated with the 2" vertex

Jet energy fraction of the tracks associated with the 2" vertex

Number of tracks associated with the 2" vertex

Transverse displacement of the 2" vertex

Distance of 2" vertex from PV

Min., max. and avg. pseudorapidity of tracks at the 2"¢ vertex

Min., max. and avg. pseudorapidity of tracks at the 2" vertex to the jet

ables.

Three additional variables, termed JETFITTER (2P VERTEX) variables characterise the minimum,

maximum, and average pseudorapidity of the tracks from the second vertex to the jet. Figure A.3

showcases the distributions of all input variables.
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9.2 ARCHITECTURE

The DL1d tagger is a DNN based fully-connected feedforward MLP with one input and output layer

and multiple hidden layers. A schematic representation is shown in Figure 9.2.
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Figure 9.2.: Schematic representation of the architecture of the DL1d tagger. The output classes pp, p. and
Plight depict the output probabilities of DL1d, where each of them can be interpreted as a probab-
ility that the processed jet belongs to the respective class.

The architecture of DL1d closely mirrors that of its predecessor, DL1r. It comprises an input layer
that receives 44 variables as inputs for training, transmitting them directly to the first hidden layer.
It includes eight hidden layers with varying neuron counts per layer and culminates in an output
layer producing three values, one for each output class. These three outputs are the three probabilit-
ies, which correspond to each jet class. The hidden layer neurons use the ReLLU activation function,
while the output layer neurons employ the softmax function to compute these probabilities.

Similar to RNNIP, DIPS, and DLIr, these output probabilities serve in computing the b-tagging dis-
criminant Dy. The formula for Dy is defined in Equation (7.6), where f. and fiign represent the
fraction values, and py, pc, and pjigne denote the output probabilities of DL1d, indicating whether the
evaluated jet originates from a b, c, or light-flavour quark. DL1d were trained for 50 epochs using
TENSORFLOW with the KERAS front-end and employed the ADAM optimiser for optimisation. All
trainable parameters were initialised using a Glorot Uniform distribution. The final trained model
was exported to the ATLAS reconstruction software using LWTNN.

All hyperparameters underwent optimisation across various versions of DL1d, culminating in a ded-
icated hyperparameter optimisation phase. The best-found hyperparameters were incorporated into

the model presented in this chapter. Table 9.2 outlines all hyperparameters and their values.

Similar to the approach taken for DIPS, the model state of DL.1d was saved after each epoch for
a more comprehensive examination following the completion of the training process. Furthermore,
these preserved model states can serve as the final model if signs of overfitting emerge in subsequent
model states. To counter overfitting and co-adaptations, the Dropout regularisation technique was

applied in the middle two hidden layers with a factor of 0.2.
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Table 9.2.: Hyperparameters of the DL1d tagger.

Hyperparameter Value

Number of input variables 44

Number of hidden layers 8

Number of neurons per layer [256, 128, 60, 48, 36, 24, 12, 6]
Dropout factor in hidden layers [0,0,0,0.2,0.2,0,0, 0]
LR 0.001

Batch size 15000
Activation function (hidden neurons) ReLU
Number of epochs trained 50

Free (trainable) parameters 57227

Fixed parameters 1140

Total parameters 58367

9.3 RESULTS

Using the preprocessed samples and variables outlined in Section 9.1, DL1d completed successful
training across 50 epochs, leveraging a single NVIDIA V100 GPU. The resulting accuracy and
loss curves for both the training and validation samples are illustrated in Figures 9.3 (a) and 9.3 (b),
respectively.

As evident from the accuracy and loss curves of DL1d (Figures 9.3 (a) and 9.3 (b)), a notable dis-
tinction is observed where the validation accuracy and loss exceed or fall below the training accuracy
and loss, respectively. This effect can be attributed to the implementation of Dropout as a regular-
isation method. Prior trainings highlighted a tendency towards overfitting, primarily attributed to the
high performance of DIPS used as input. To counter this behaviour, regularisation methods were
introduced. For an in-depth understanding of Dropout and its function, refer to Section 6.1.4.
Employing these strategies effectively mitigated overfitting in DL1d, stabilising the training and val-
idation curves around the 14th epoch. The consistent validation accuracy and loss suggest that the
network has reached a threshold in learning the general characteristics of the different jet classes,
indicative of achieving a (local) minimum in optimisation. To further scrutinise the network’s per-
formance concerning trained epochs, the ¢ and light-flavour jets rejections for the 70 % WP across
hybrid, ¢f and Z’ validation samples are depicted in Figures 9.4 (a), 9.4 (b) and 9.4 (c) correspond-
ingly. Notably, the DL1r c and light-flavour jets rejections are presented as vertical lines, reflecting
their independence from the number of trained epochs, and are used as reference.

Consistent with the trends observed in the accuracy and loss plots, both ¢ and light-flavour jets
rejections in the hybrid validation sample stabilise after around ten epochs of training. A similar
behavior is evident in the ¢ validation sample, whereas the Z’ validation sample displays a consistent
plateau followed by a slight decline in performance for both rejections after epoch 15. Based on these
results, the model state after 14 epochs of training was selected for further evaluation.

To conduct a more comprehensive assessment of network performance, the ¢ and Z’ testing samples
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Figure 9.3.: Accuracy (a) and loss (b) curves for the training and validation samples for the training of DL1d.

DL1d shows a higher/lower validation accuracy/loss compared to the training accuracy/loss. This
is an effect of the usage of Dropout during training.

were utilised for evaluation, comparing DL1d against a reference, namely DL1r. Commencing with
the probability output distributions for both test samples, depicted in Figure 9.5, it is apparent that all
probability output distributions demonstrate significant separations between various jet classes. This
indicates the network’s capability to effectively differentiate between jet classes. While the most
prominent disparities between distributions are observed in the ¢ test sample, noteworthy separations
are also visible in the Z’ test sample. Similar to DIPS, the most notable separation is between the
b and light-flavour jets distributions, owing to the distinct topological differences among these jet
classes. Discriminating c-jets is relatively more challenging due to their similarities with both b and

light-flavour jets.

The b-tagging discriminant is computed using Equation (7.6). To determine the optimal fraction
values, a fraction scan was conducted employing the ¢ test sample for the 70 % WP, as illustrated in

Figure 9.6. The depicted graph portrays the c and light-flavour jets rejections as a function of varying
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Figure 9.5.: Output probability distributions for both ¢ and Z’ jets of the DL1d tagger.

fraction values. Rejections were calculated by iteratively adjusting the fraction values by increments

of 0.002 and re-evaluating rejections for each combination. With the requirement that f. + fiignt L 1,

500 potential fraction value combinations within the zero to one range were tested.

Similar to DL1r, which uses f. = 0.018 and fjign;, DL1d maintains a commendable balance between

cand light-flavour jets rejections with these values, thus retaining them for DL1d. Notably, Figure 9.6
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Figure 9.6.: Fraction value scan for DL.1d and DL1r. Depicted are the c- and light-flavour jets rejections as
a function of the fraction values at the 70 % WP. The curves here were calculated by changing
the fraction values by 0.002 in each step, ranging from zero to one. The chosen fraction values
for both DL1d and DLIr are marked with explicit markers and were chosen to balance out the
resulting ¢ and light-flavour jets rejections.

also presents initial indications of performance enhancements in DL1d over DL1r. The fraction value
optimisation solely relies on the ¢ test sample due to the defined procedure used for determining the
WPs. As observed in DIPS, the WPs for DL1d are defined based solely on the ¢7 test sample, aligning
with the primary focus of the ATLAS physics program.

With the optimal fraction values determined, the final b-tagging discriminant for DL.1d can be com-
puted for both test samples. The resulting distributions are presented in Figure 9.7. The illustrated
WPs and their corresponding cut values are computed based on the ¢ test sample and subsequently
applied to both test samples. A clear separation is evident between the to-be-tagged b-jets and all
other jet classes in the ¢7 test sample. In contrast, a less pronounced separation trend is observed for
the Z' test sample. This distinction in separation between ¢f and Z’ can be attributed to the increased
count of tracks per jet in Z’, not stemming from heavy-flavour decays as explained in Section 8.1.
This effect notably impacts DL1d, given that the output probabilities of DIPS serve as the primary
and performance-driving inputs of DL1d. Moreover, a distinct peak is observable for Z’ light-flavour

jets in Figure 9.7 (b), identifiable as originating from jets with fewer than two tracks.

The ROC curves are shown in Figures 9.8 (a) and 9.8 (b) for the ¢f and Z’ test samples, respect-
ively. Regarding the ¢Z ROC curves, a significant enhancement in ¢ and light-flavour jets rejection is
evident for DL.1d compared to DL1r, with improvement factors reaching up to 1.65 for c-jets rejec-
tion and 2.6 for light-flavour jets rejection. Across all provided WPs, DL1d consistently outperforms
DLI1r.

Notably, substantial performance gains are also witnessed in Z’. It is crucial to note that the z-axis
of the plots represents the b-jet efficiency on the respective test sample, while the highlighted WPs
were derived exclusively from the tZ test sample. As a result, the depicted 60 % WP in Figure 9.8 (b)

translates to a b-jets efficiency of 11 % in the Z’ test sample. This explains the remarkable increase
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Figure 9.7.: b-tagging discriminant distributions of the DL1d tagger for the tf and Z' test samples. The WPs
shown in the both plots were derived on the ¢ test sample.

in light-flavour jets rejection of DL1d over DL1r. Moreover, the performance improvements in ¢ and
overall light-flavour jets rejections are striking, ranging from around 2 for c-jets rejection to approx-
imately 12 for light-flavour jets rejection at the 70 % WP. These results underscore the compelling
advancements in performance achieved by DL1d over DL1r across both test samples and various

rejection metrics.

The rejections are depicted as a function of jet pt using the two previously introduced procedures:
Flat efficiency per bin and inclusive. For the former approach, the resulting rejections for the 70 %
WP for both test samples are illustrated in Figure 9.9.

Similar to what was observed in the ROC plots, DL1d consistently outperforms DL1r in both test
samples for both rejections. While an impressive performance improvement is evident in ¢Z for both
rejections, with improvement factors of up to 2.4 in c-jets rejection for the 175 — 250 GeV bin and
4.3 for light-flavour jets rejection in the same bin, even higher improvement factors are evident in
Z'. In c-jets rejection, an improvement factor of around 2.2 is achieved in the first bin, ranging from
250 — 500 GeV, while an improvement factor of around 8 is attained in the 1 — 1.5 TeV bin.

To further assess performance using the inclusive procedure, the corresponding plots are presented
in Figure 9.10.

In addition to the rejections, in the inclusive procedure, also the b-jets efficiencies can be plotted as
a function of jet pr. Although differences in these can show a shift in the performance of the taggers,
by definition, the overall efficiency averaged over all bins will be 70 %, therefore only showing shifts
in performance. For tZ, a slight shift of up to 5 % towards the higher jet pr regions is observed. In the
case of Z’, a drastic shift of up to 40 % from the high to the low jet py region is observed. Although
these shifts in performance seem drastic, the effect on the overall performance is rather small, due
to the relatively small amount of jets above 2 TeV. Also note here, that the overall averaged b-jets
efficiency for the Z’ test sample is different to 70 %, due to the method used to calculate the WPs.

The 70 % WP, calculated on the ¢7 test sample, corresponds to an inclusive 20 % b-jets efficiency on
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jets. The shown b-jets efficiencies on the x-axis denote the b-jets efficiency on the respective
test sample, while the depicted WPs were derived from the 7 test sample and correspond to the
WPs which would be used in analyses. The shaded areas denote only the statistical uncertainties,
derived by using binomial uncertainties.
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Figure 9.9.: ¢ and light-flavour jets rejections for the tf and Z’ test sample for the 70 % WP using the flat
efficiency per bin procedure for the DL1d and DL1r taggers. For both test samples, ¢tf and Z’, the
same WP was used with the same cut value on the b-tagging discriminant, which was derived on
the ¢f test sample.

the Z' test sample.

In terms of c-jets rejection, for both test samples, DL.1d shows an impressive improvement over
DLI1r with improvement factors of up to 1.6 for ¢Z and around 3.0 for Z’. For the light-flavour jets
rejections, improvement factors of up to 2.6 for ¢£ and around 13.5 for Z’ are achieved. One needs
to note here that the large gains in the high-pr region of Z’ are to be taken with care, due to the at
the same time reduced b-jets efficiency in these bins, indicating that overall more jets are rejected in
these regions. To have a complete picture of the improvements, one needs to take into account plots

from both procedures.

In summary, the new DL1d tagger outperforms the currently recommended and for Run 2 used
ATLAS b-tagging algorithm, DL1r. Making use of the new DIPS tagger, which yields much greater
classification performance concerning its predecessor RNNIP, DL1d is able to significantly boost
the ¢ and light-flavour jets rejections for both test samples. Therefore, DL1d is set to be the new

pre-recommended high-level b-tagging algorithm of ATLAS for Run 3.
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With the remarkable results achieved by DIPS and the latest high-level algorithm DL1d, the next step
for these taggers involves their implementation as c-tagging algorithms. While b-tagging assumes a
more pivotal role in identifying heavy-flavour jets, the relevance of c-tagging is rising, particularly
in the context of H — ccC searches. Although the taggers and their outputs are designed to be easily
adapted to serve as c-taggers, a persistent challenge remains: 7-jets.

While the quantity of 7-jets, representing hadronically decaying 7-leptons reconstructed as jets, is not
notably large compared to other jet flavours, they pose an issue for c-tagging due to the similarity in
tagging discriminants assigned to them by the algorithms. One possible explanation for this particular
behaviour is the similar lifetime of 7-leptons and D mesons, resulting in comparable topologies.
For illustration purposes, Figure 10.1 showcases the b-tagging discriminants for DIPS within the tZ
test sample containing 7-jets. It is important to note that the exhibited version of DIPS was not

trained using 7-jets.
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Figure 10.1.: b-tagging discriminant scores for three-classes DIPS (not trained on 7-jets) for the ¢ test sample.

The similarity in shape and overlap between the c and 7-jets distributions explains why simply
redefining the taggers as c-taggers is not sufficient. The most straightforward and elegant solution
involves adding 7-jets to the training of the taggers as a separate jet class. Although this issue pre-
dominantly affects c-tagging, b-tagging, with its outstanding performance, serves as an ideal testing

ground to validate the integration of an additional jet class.
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The upcoming chapter discusses the incorporation of 7-jets in the training of DIPS. While minimal
adaptations were made to the architecture of DIPS to accommodate the new jet class, adjustments
in the creation and preprocessing of the training sample were necessary for the same purpose. Sub-
sequently, a training using the new training sample comprising four jet classes was carried out to
evaluate the performance of the updated DIPS version, referred to as DIPS Tau. Two approaches
were explored in using DIPS Tau: incorporating 7-jets as an additional class in training, assigning a
non-zero fraction value for 7-jets in the b-tagging discriminant, and masking the 7-jets output prob-
ability by setting the respective fraction value to zero. The latter approach allows us to study the
impact of adding 7-jets to the training in the context of standard three-class b-tagging, facilitating a

fair comparison with the standard DIPS

10.1 TRAINING SAMPLE

The training, validation, and test samples for DIPS Tau are created following the preprocessing steps
and techniques from Section 7.2. The preprocessing yielded 40 million jets per jet class for the
training sample, except for 7-jets, where only 15 million jets are used. This difference in training
statistics between the jet classes is due to the low available amount of 7-jets for resampling. In the
case of a tf event, the only possibility to produce a 7-lepton is by a W+ boson decay, while all other
jet classes can also be produced via additional, QCD-induced, radiations. The resampled jet pr and
|n| distributions, including the 7-jets, of the training sample are depicted in Figure 10.2, showing the

matching pr and |n| distributions for all jet classes.

The training, validation, and test samples for DIPS Tau are generated closely following the prepro-
cessing steps and techniques outlined in Section 7.2. The preprocessing resulted in 40 million jets
per jet class for the training sample, except for 7-jets, for which only 15 million jets are used. This
discrepancy in training statistics between the jet classes stems from the limited availability of 7-jets
for resampling purposes. The resampled jet pr and |n| distributions, encompassing the 7-jets, in
the training sample are illustrated in Figure 10.2, demonstrating the aligned pr and || distributions
across all jet classes. For the validation samples, one million jets per jet class are used, in total four
million jets per sample. For the test samples, similar amounts are used: Four million for the ¢f and

7' test samples each.

Furthermore, a schematic representation illustrating the composition of jet classes in the merged

training sample before and after resampling is shown in Figure 10.3.

Similarly, the variables and cuts outlined in Table 8.2 were utilised, maintaining consistency with
the standard DIPS approach. Additionally, the same preprocessing methodology for input variables,
listed in Table 8.1, was employed. The resulting distributions of input variables for ¢ jets, accounting

for the presence of 7-jets, are illustrated in Figure A.4.
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Figure 10.3.: Schematic representation of the jet class composition of the training sample before (a) and after
resampling (b) in terms of percentage of total jets.
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Figure 10.4.: Number of tracks per jet for both ¢f (a) and Z’ (b) jets. For the Z’ distribution, an overflow bin
is used in the last bin, indicating that more than 40 tracks are associated to some jets.

An important difference between 7-jets and the other jet classes lies in the number of associated
tracks. Figure 10.4 showcases the number of tracks per jet for both ¢Z and Z’, considering all jet
classes employed during the training of DIPS Tau.

A clear and striking difference can be observed for the new 7-jet class, with a drastically smaller
averaged number of tracks per jet for both, ¢tZ and Z’. This overall decrease in tracks per jet can
be explained by the missing hadronic interaction of the 7 lepton, which therefore decays relatively
clean, meaning without any hadronic interactions besides the actual decay. Although this is true for
both ¢f and Z’, there is still a slight difference observable between them. This difference, where a
smaller but longer tail is present in Z’, is due to the origin of the 7 lepton itself. While in ¢Z processes,
the 7 lepton originates from the decay of W= boson, in Z’ it originates from the direct decay of the
artificial Z’, making the latter environment less affected by hadronic interactions'. The longer tail in
7' can be explained by the overall higher pr of the Z’ jets, enabling the hadronic decay productions

of the 7 lepton to further decay or interact and therefore create more tracks.

Further investigation into these nuances and disparities involves plotting the number of associated
tracks per jet origin against jet pr. These plots, distinct for each jet class and combining jets from ¢
and Z’, are presented in Figure 10.5, enabling a detailed exploration of the differences.

Unlike the plots used for DIPS (Figure 8.2), the track origins in this representation have been
slightly redefined to categorise 'From 7’ as a separate origin. 'HF decay’ here represents tracks
stemming from the decay of either a b or a c-hadron, while ’Others’ includes tracks from sources like
pile-up, fakes, primary vertices, and other secondary interactions.

While the standard jet classes exhibit the anticipated trend of higher track counts from other sources
in the high jet pr range, 7-jets display distinctly different behaviour. The evident reduction in the

overall number of tracks per jet for 7-jets is apparent, with no observable increase in the number

Although the W boson decay is also free from hadronic interactions, the dense environment of ¢ processes usually leads
to overlaps in the reconstruction of the jets, explaining the higher number of 7-jets with three or four tracks.
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Figure 10.5.: Number of tracks per jet as a function of jet pt for b (a), c- (b), light-flavour (c), and 7-jets (d)
for both ¢f and Z' jets. The chosen binning gives 20 bins each for ¢Z between 20 — 250 GeV and
Z' between 250 — 6000 GeV. The statistical uncertainty of the bins is indicated with a coloured
band but is too small to be seen. HF decay denotes tracks that are originating from the decay of
either a b or a c-hadron, while "Others" is comprised of all other track origins, like pile-up, fakes,
primary vertex, and other secondary interactions. "From 7" denotes tracks, that directly originate
from the decay of the 7.

of tracks from other sources in the high jet pr regime. This characteristic behaviour is due to the
absence of hadronic interactions, owing to the leptonic nature of the 7. While this accounts for the
low average number of tracks per jet in Z’, an increase in the average number of tracks in the higher
pr range of ¢f is observed. This behaviour is expected, considering the higher chance of overlapping

jets with increased pr, a phenomenon specific to ¢£ due to its denser process environment.

10.2 ARCHITECTURE

To accurately assess the impact of incorporating 7-jets, the architecture of DIPS Tau remains con-

sistent with the original structure outlined in Section 8.2 (Figure 8.4). The sole adjustment made
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Table 10.1.: Hyperparameters of the DIPS Tau tagger.

Hyperparameter Value

Number of input variables 15

® NHidden layers 4

® NNeurons/layer [128, 256, 256, 256]

P NHidden layers 6

P NNeurons/layer [256, 256, 128, 128, 100, 30]
Number of output variables 4

Loss function Categorical Crossentropy
Optimiser ADAM

LR 0.001

Batch size 15000
Aggregation function Summation
Activation function (hidden neurons) ReLU
Activation function (output neurons) softmax
Number of epochs trained 200

Free (trainable) parameters 367290

Fixed parameters? 3588

Total parameters 370878

involves adding an extra neuron in the output layer dedicated to the new 7-jet output probability.

Table 10.1 provides a comprehensive list of the hyperparameters specifically chosen for DIPS Tau.

No major changes were introduced to the hyperparameters of DIPS Tau. Given the modified archi-
tecture and the additional output probability values generated by DIPS Tau for 7-jets, adjustments
are required in defining the b-tagging discriminant. This adaptation involves incorporating the new
T-jet probability by adding it in the denominator, multiplied by the new fraction value for the 7-jet

class, denoted as f.. The exact formulation is provided in Equation (10.1).

. !
Dy =1n <fc o f“ghf;light Tr ']OT) with  fe + fiighe + fr =1 (10.1)

The redefined b-tagging discriminant allows for a comparison between the performance of DIPS
Tau and DIPS using two distinct procedures: employing a non-zero value for f, and using zero as the
value for f;. The former leverages the newly incorporated 7-jets output probability, while the latter
masks this value, essentially using DIPS Tau as a standard three-class DIPS. Although the benefit
of setting f; = 0 might not be immediately evident, incorporating 7-jets in training, even if their
output is unused, could potentially positively impact the overall performance of the tagger, including

the other class rejections.

2 Non-trainable parameters are an effect from using Batch Normalisation in the network.
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10.3 RESULTS

DIPS Tau was trained for 200 epochs using a single NVIDIA V100 GPU. The resulting accuracy

and loss curves for both the training and validation samples are illustrated in Figures 10.6 (a) and

10.6 (b), respectively.
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Figure 10.6.: Accuracy (a) and loss (b) curves for the training and validation samples for the training of DIPS
Tau.

Similar to DIPS, DIPS Tau exhibits continuously improving training accuracy and loss curves,
while their validation counterparts quickly reach a plateau after a few epochs. The validation curves
never reach the performance levels of the training curves but remain at a consistent value.

In both the training and validation curves, a significant performance surge occurs after approximately
80 epochs, resembling the network “jumping’ out of a local loss minimum and discovering a better-
performing minimum. Following this notable leap, the validation curves begin to slightly decline,
indicating a potential risk of overfitting in this scenario. To prevent this, the model state after the

89th training epoch is marked for further evaluation.
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Figure 10.7.: 7-jets rejections for DIPS Tau for the hybrid (a), £ (b) and Z’ (c) validation samples as a function
of the training epoch. As reference, the 7-jets rejections for RNNIP and DIPS are shown in blue
and orange.

To verify the selected model state’s performance and suitability for further evaluation, the rejections
for ¢ and light-flavour jets, as well as the T-jets rejections, are assessed using the hybrid, ¢, and Z’
validation samples. The 7-jets rejections are illustrated in Figure 10.7, while the c and light-flavour

jet rejections are presented in Figure 10.8.

Analysing the 7-jets rejections, it is evident that DIPS Tau significantly enhances 7-jets rejection
compared to both DIPS and RNNIP across all three validation samples. While the c-jets rejections
show slightly higher or comparable performance to that of DIPS, there is an overall decrease in
light-flavour jet rejections observed in the hybrid and ¢¢ validation samples. This reduction can be
attributed to the adjustments in the fraction values, notably a decrease in the value of fiigh to ac-
commodate the usage of f.. Further details on this adjustment will be presented in the forthcoming
fraction value optimisation.

Overall, the identified model state after epoch 89 demonstrates strong performance across all rejec-

tion types.
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Figure 10.9.: Output probability distributions of DIPS Tau for the ¢7 test sample. The spikes in the distributions
originate from jets where no associated track survives the track selection. Therefore, DIPS Tau
receives only masked input values for which it returns one fixed set of values. The shaded areas
denote only the statistical uncertainties, derived by using binomial uncertainties.

The resulting output probability distributions for the selected model state, referred to as DIPS Tau
from now on, are illustrated in Figures 10.9 and 10.10 for the ¢Z and Z’ test samples, respectively.

In both test samples, a noticeable separation exists among the distributions in each of the output
probabilities. The most prominent separations are observed between the b and light-flavour jets
distributions in the b-jets probability, as well as between the 7 and b-jets distributions in the 7-jets
probability. These distinct separations in output probability distributions demonstrate the impressive
capability of DIPS Tau in effectively distinguishing and categorising 7-jets from other jet classes.
Leveraging these output probabilities alongside Equation (10.1), the b-tagging discriminant can be
calculated, and further optimisation of the fraction values becomes feasible. To accomplish this,
the two-dimensional plotting of ¢ and light-flavour jet rejections, deemed more crucial than 7-jets
rejection, against the fraction values is illustrated in Figure 10.11.

The fraction value scan involved incremental changes of 0.005 for f. and fiigh and 0.2 for f; in
each step. In the case of DIPS Tau, the chosen values are f. = 0.005, fiigne = 0.795, and fr = 0.2.

These values were selected to maintain a similar c-jets rejection as compared to DIPS, while not
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Figure 10.10.: Output probability distributions of DIPS Tau for the Z’ test sample. The spikes in the distribu-
tions originate from jets where no associated track survives the track selection. Therefore, DIPS
Tau returns default values. The shaded areas denote only the statistical uncertainties, derived by
using binomial uncertainties.

significantly compromising the light-flavour jets rejection.
When comparing standard DIPS and DIPS Tau with f, = 0, an interesting observation can be made.
The addition of 7-jets to the training sample, even when masking the respective output probability
values, results in similar, slightly improved performances in terms of ¢ and light-flavour jet rejections.
To further illustrate this, the fraction scans for light-flavour and 7-jets rejections are plotted for both
DIPS and DIPS Tau with f; = 0, as shown in Figure 10.12.

As evident, even without using the 7 output probability, one observes an improvement in light-
flavour jets rejection while maintaining a similar level of 7-jets rejection. When considering this
alongside Figure 10.11, it becomes evident that the inclusion of the 7-jet class enhances the perform-

ance of the DIPS taggers, even in scenarios where the respective output probabilities are not utilised.

Having defined the fraction values, the b-tagging discriminant for different jets can be calculated
using Equation (10.1) and then plotted. The resulting b-tagging discriminant distributions for the ¢¢
and Z' test samples are presented in Figures 10.13 (a) and 10.13 (b).
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Figure 10.12.: Fraction value scan for DIPS Tau and DIPS. Depicted are the light-flavour and 7-jets rejections
as a function of the fraction values at the 70 % WP. The curves here were calculated by changing
the values of f. and fiign by 0.005 with f; = 0 in each step, ranging from zero to one. The
chosen fraction values for both DIPS Tau and DIPS are marked with explicit markers.

In both test samples, there is a clear separation among the different jet classes. As anticipated, the
largest separation appears in the ¢ test sample, but there is also a discernible seperation between the
7-jets and other jet classes in the Z’ test sample. Moreover, a consistent separation of b-jets from
other jet classes is observed. Figures 10.14 (a) and 10.14 (b) portray both the ¢f and Z’ test samples,
respectively, showcasing the distributions for both 7-jets in DIPS and in DIPS Tau.

A clear and distinct improvement is evident in both test samples, highlighting the significantly

better performance of DIPS Tau over DIPS in terms of 7-jets rejection.
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and Z’ (b) test samples. The WPs shown in both plots were derived on the ¢ test sample. The
shaded areas denote only the statistical uncertainties, derived by using binomial uncertainties.

rmore, to evaluate the overall performance comprehensively, ROC curves are employed. These

are presented in Figures 10.15 (a) and 10.15 (b) for the ¢Z and Z’ test samples respectively,

illustrating the rejections of ¢ and light-flavour jets in relation to b-jets efficiency. Additionally, the

ROC curves showcasing the 7-jets rejections are displayed in Figures 10.16 (a) and 10.16 (b).

In terms of tZ light-flavour jets rejection, a minor performance decrease is noticed for DIPS Tau

compared to DIPS across the complete b-jets efficiency spectrum. However, there is still a notable

improvement in performance when compared to RNNIP. This decline in performance is an anticip-

ated outcome due to the adjustments made in the fraction values. To accommodate the setting of f-

to 0.2,

an equivalent amount was deducted from fj;gn, reducing the significance of the light-flavour
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ROC curves for the DIPS Tau, DIPS and RNNIP tagger. The depicted b-jets efficiencies and ¢
and light-flavour jets rejections for all taggers were calculated using the respective test sample,
each with in total three million jets. The shown b-jets efficiencies on the z-axis denote the b-jets
efficiency on the respective test sample, while the depicted WPs were derived from the ¢7 test
sample and correspond to the WPs which would be used in analyses. The shaded areas denote
only the statistical uncertainties, derived by using binomial uncertainties.
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Figure 10.16.: ROC curves for the DIPS Tau, DIPS and RNNIP tagger. The depicted efficiencies and 7-jets
rejections for all taggers were calculated using the respective test sample, each with a total of
three million jets. The shown b-jets efficiencies on the z-axis denote the b-jets efficiency on
the respective test sample, while the depicted WPs were derived from the ¢ test sample and
correspond to the WPs which would be used in analyses. The shaded areas denote only the
statistical uncertainties, derived by using binomial uncertainties.

output probability. Regarding c-jets rejection, a slight performance dip is observed in the lower b-
jets efficiency regions, while maintaining a comparable c-jets rejection in the higher b-jets efficiency
region.

In the case of Z’, no significant increase or decrease in light-flavour rejection for DIPS Tau, in
comparison to DIPS, is evident. There is a slight decrease observed in c-jets rejection within the
lower b-jets efficiency region. In terms of 7-jets rejection, DIPS Tau significantly outperforms both
RNNIP and DIPS, showcasing an improvement factor of around 13 for the 70 % WP on the ¢7 test
sample. A more substantial improvement is noted for Z’, with an enhancement factor of up to 30 for

the 70 % WP. However, it is important to note that the associated uncertainties are relatively large
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due to the limited number of 7-jets still passing the WPs. Despite a minor decrease in light-flavour
jets rejection, the remarkable gains in terms of 7-jets rejection demonstrate a significant enhancement
in overall performance for DIPS Tau over both DIPS and RNNIP.

For further assessment, rejections are plotted as functions of jet pr, utilising the inclusive and flat
efficiency per bin procedures. The respective plots for the ¢Z and Z’ test samples are presented in
Figure 10.17.

There is a minor observed decrease in performance for both ¢f ¢ and light-flavour jets rejections
in DIPS Tau compared to DIPS. However, noteworthy improvement factors of up to 25 in 7-jets
rejection are found for the ¢7 test sample. For the Z’ sample, even more substantial improvement
factors in 7-jets rejection are noted, reaching up to a factor of 60. It is important to note that in some
jet pr bins in the Z’ T-jets rejection plot, there are no entries for DIPS Tau. This occurs when no
T-jet in that particular jet pt bin passes the specified WP, resulting in an infinite rejection.

In the inclusive procedure, the b-jets efficiency and rejections for other jet classes are illustrated in
Figures 10.18 and 10.19 for the ¢ and Z’ test samples, respectively.

In the inclusive procedure for ¢Z, a noticeable trend towards the higher jet pr range is observed
for DIPS Tau concerning b-jets efficiency. Conversely, the ¢f c-jets rejection demonstrates a shift
towards the lower jet pr range, showing decreased performance in higher jet pr bins. Similarly to
the observations in the flat efficiency per bin procedure, only marginal decreases in ¢Z light-flavour
jet rejections are detected, accompanied by a pronounced increase in 7-jets rejection.

In the Z’ test sample, a more pronounced trend is noticed in b-jets efficiency, indicating a shift
towards higher jet pr bins compared to DIPS. Regarding c-jets rejection, an enhancement in perform-
ance is observed in higher jet prt bins, juxtaposed with a slight decrease in lower pr bins. Similar
trends are observed in light-flavour jets rejection, while 7-jets rejection exhibits significant enhance-
ments, especially in the initial three bins up to 1.5, TeV, showing improvements of up to 40. However,
in the higher jet pr bins, no evaluation of 7-jets rejection is feasible due to the absence of 7-jets meet-
ing the WP, resulting in infinite rejections in these bins.

The new DIPS Tau tagger has surpassed expectations in 7-jets rejection while maintaining acceptable
levels of rejection for ¢ and light-flavour jets. Surprisingly, even with the 7-jets output probabilities
masked (f; = 0), the performance in light-flavour jets rejection improves compared to the standard
DIPS. This indicates that incorporating 7-jets in the training offers benefits, even without using the

T-jets output probabilities.
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Figure 10.17.: ¢, 7, and light-flavour jets rejections for the tf and Z’ test samples for the 70 % WP using the flat

efficiency per bin procedure for the DIPS Tau, DIPS and RNNIP taggers. For both test samples,

tf and Z', the same WP was used with the same cut value on the b-tagging discriminant, which
was derived using the ¢ test sample.
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Figure 10.19.: b-jets efficiency and c, 7, and light-flavour jets rejections for the Z’ test sample for the inclusive
70 % WP for the DIPS Tau, DIPS and RNNIP taggers. The WP used was derived on the ¢7 test
sample.
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ANALYSIS STRATEGY AND OVERVIEW

The second major topic of this thesis involves the measurement of the production cross-section of the
associated production of a t-quark pair and a Higgs boson (¢£H) in the final state, where the Higgs
boson decays into a pair of b-quarks (tTH (H — bb)). The final state where the Higgs boson decays
into a pair of b-quarks is employed due to its dominant branching ratio over other Higgs decay modes
(as depicted in Figure 7.1), which maximises the potential for accurately measuring the elusive tZH
process'. Although predicted to be relatively rare with a production cross-section of 507f§’8 b [15]
(around 1% of the total Higgs cross-section), the tZH process offers a direct measurement of the
Yukawa coupling of the ¢-quark to the Higgs boson. Given the substantial mass of the ¢-quark and
its large expected coupling to the Higgs boson, any deviation from the anticipated value could in-
dicate the existence of new particles or interactions. Therefore, with a precise determination of this
coupling, various BSM theories could be probed and tested, which include possible explanations for
many of the unresolved problems of the SM, e.g. the fermion mass hierarchy. Furthermore, a more
precise estimation of the metastability of the EW vacuum [196-198] can be achieved.

The analysis, referred to as ttH(H — bb) legacy, uses the complete Run 2 dataset collected by
the ATLAS experiment. The term ‘legacy‘ indicates that this analysis constitutes the re-analysis of
the full dataset and involves the adoption of new, optimised, and most performant techniques along
with refined object definitions, all aiming at enhancing the precision of measuring the tH (H — bb)
process. Furthermore, the tTH (H — bb) final states not only facilitate an overall measurement but
also enable a cross-section measurement as a function of the reconstructed Higgs pr (p¥) using the
STXS formalism.

This chapter provides an overview of the previous analysis results from both ATLAS and CMS
and introduces the structure and strategies used in the ATLAS legacy analysis. It delves deeper
into the novel techniques employed, offering insights into the analysis approach and justifying the
subsequent studies detailed in the following chapters. Furthermore, alongside an exploration of the
analysis uncertainties, a brief introduction to Profile-Likelihood Fits (PLFs) will be provided, given

their central role as the primary statistical tool in this analysis.

11.1 PREVIOUS MEASUREMENTS FROM ATLAS AND CMS

The t#H(H — bb) process was already measured twice by the ATLAS [14, 199] and CMS [200,
201] experiments using the partial or full Run 2 dataset recorded by them between 2015 and 2018.

While the tZH process was already discovered in the combination of multiple Higgs decay channels [195], the direct
discovery in the H — bb channel is not yet achieved.
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The newest measurements available were performed using the full Run 2 dataset, corresponding to
an integrated luminosity of 139fb~! (138fb~!) for ATLAS (CMS) at a center-of-mass energy of
v/s = 13TeV. Both experiments have measured the tZH signal strength inclusively as well as in

terms of pX using the STXS formalism.

11.1.1 Inclusive Measurements

The ATLAS analysis [14] focused on two different final states of the t#H (H — bb) process, which
differ by the subsequent decay of the W bosons from the decays of the ¢-quarks. If one T+ boson
decays hadronically and one leptonically, the respective channel is referred to as the single-lepton
channel, while if both W bosons decay leptonically, the channel is referred to as the dilepton chan-
nel. The case of both W bosons decaying hadronically is not considered, due to the large expected
QCD-induced background in this channel. Based on these channels, the analysis is constructed
around an invested event categorisation based on the previously mentioned channels, number of jets,
number of b-jets, and number of boosted Higgs boson candidates. Making use of BDTs for classi-
fication and reconstruction of the events, the analysis was optimised to achieve the highest possible
sensitivity when measuring the signal strength. The final measurement of this signal strength yielded
e = 0.3579-3% with an observed (expected) significance of 1.0 (2.7) standard deviations. This

combined measurement, together with the signal strengths of the respective channels, is depicted in

Figure 11.1.
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Figure 11.1.: Measured tZH signal strength parameters p;zp for the single-lepton (l+jets) and dilepton chan-
nels and the combination of those measured by ATLAS [14].

The high overall uncertainty on the result is dominated by systematic uncertainties, mainly arising
from the modelling of the tf 4+ >1b contributions. The full breakdown of uncertainties and their

effect on ;7 are shown in Figure 11.1.
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Table 11.1.: Contributions to the uncertainties of the measurement of the signal strength p;77r by ATLAS [14].
The overall uncertainty is dominated by systematic contributions, which largest contributor is the
modelling of the ¢ + >1b process.

Uncertainty group Uncertainty source Ap
tt H modelling +0.13 —0.05
tt + >1b NLO matching +0.21  —0.20
tt + >1b fractions +0.12 —0.12
tt + >1b FSR +0.10 —-0.11
tt + >1b PS and hadronisation | +0.09 —0.08
Process modelling tt+>1b plfb 4+0.04 —0.04
tt +>1b ISR +0.04 —0.04
tt + >1c modelling +0.03 —0.04
tt + light modelling +0.03 —0.03
tW modelling +0.08 —0.07
b-tagging efficiency +0.03 —0.02
b-tagging efficiency and mis-tag rates | c-mis-tag rates +0.03 —0.03
Light-flavour mis-tag rates +0.02 —0.02
b-jet energy scale +0.00 —-0.01
JES (flavour) +0.01 —-0.01
JES and JER JES (pile-up) +0.00 —0.01
JES (remaining) +0.01 -0.01
JER +0.02 —0.02
Luminosity +0.01 —0.00
Other sources +0.03 —0.03
Total systematic uncertainty +0.30 —0.28
tt + >1b normalisation +0.04 —0.07
Background-model statistical uncertainty +0.04 —-0.05
Total statistical uncertainty +0.20 —-0.20
Total uncertainty +0.36 —0.34

The corresponding CMS analysis [201] was performed slightly different to the ATLAS measure-
ment, as not only the tZH process but also the ¢t H process was measured. While ATLAS only makes
use of channels with leptons in the final state, to not be influenced by the QCD background, CMS
also uses the full hadronic channel, where both W= bosons from the ¢-quark decay hadronically. For
each of the channels, selection criteria are defined, similar to ATLAS, based on the number of jets
and b-jets in the final state. Afterwards, reconstruction and classification are performed using state-
of-the-art ML techniques, like transformers. CMS also measures p;7py in each of the considered
channels/years as well as in combination, which was measured to be p;;7 = 0.331“8:%2 with an ob-
served (expected) significance of 1.3 (4.1) standard deviations. The results are shown in Figure 11.2.

Again similar to ATLAS, the measurement is limited by systematic uncertainties, where the most

dominant contributions come from the modelling of the ¢Z + >1b process. Both measurements from
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Figure 11.2.: Measured tZH signal strength parameters j1,zf for the full-hadronic (FH), single-lepton (SL), and
dilepton (DL) channels as well as for the different years and the overall combination measured
by CMS [201].

ATLAS and CMS show a similar central value with slightly smaller uncertainties for the CMS meas-
urement but both below the SM prediction. This is due to the different treatment of certain uncer-
tainties in CMS and ATLAS. While ATLAS takes a more conservative approach towards modelling
uncertainties in the signal and dominant background processes, taking into account various variations
and possible uncertainties, CMS has overall smaller modelling uncertainties due to choosing a dif-
ferent systematic model where many of the variations used by ATLAS are evaluated and taken into
account differently. This difference in uncertainty treatment leads to a difference in the sensitivity of

both measurements.

11.1.2  Simplified Template Cross-Section Measurements

As already mentioned, both experiments also measured the signal strength in terms of p4 using the
STXS framework [15, 16], which was developed by some of the LHC experiments in cooperation
with theorists. It provides the possibility to measure the signal strength of certain processes in exclus-
ive kinematic phase space regions, which allow a straightforward combination of the results from
different experiments and different channels. These phase space regions, also called STXS bins, are
designed to reduce theory modelling dependences, which are folded into the measurements. For most
of the Higgs-related measurements, this framework can be applied for an easy combination. Since
most of the Higgs decay channels can be fully reconstructed and therefore the p¥ can be measured,

the STXS bins are defined as a function of p¥. Usually, to ensure compatible results, the so-called



11.1 PREVIOUS MEASUREMENTS FROM ATLAS AND CMS 151
truth pH (p4) is used for the classification of the MC prediction over the reconstructed Higgs pr to

be independent of the reconstruction. For the measurement of ¢ZH, the commonly agreed on STXS

bins are defined as depicted in Table 11.2.

Table 11.2.: Commonly by the different LHC experiments agreed on STXS bins for measurements of the ttH

process.
Bin pH range
STXS1 | 0<pH <60Gev
STXS2 | 60 < pH <120GeV
STXS 3 | 120 < p¥ < 200GeV
STXS 4 | 200 < pH < 300GeV
STXS 5 | 300 < pH < 450 GeV
STXS 6 | 450 < pH < 0o GeV
L B [ L . 1
ATLAS  (s-13TeV, 139 fb", m =125 GeV CMS Profiminary 13816 (13 TeV)
SM compatibility: 45% _ n tot  stat syst
—Total Stat. Tot. ( Stat. Syst.) [0, 60 r—+—-——0—| 0.23 D w2 o
b, B [0,120) (Gev] e 086 g (047 057) | s o s
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(a): ATLAS [14]. (b): CMS [201].

Figure 11.3.: Measurements of the ¢tH signal strength parameters in terms of p{i . The results of ATLAS are
given in terms of ]5? and also the inclusive result is shown. For the CMS result, the last two
STXS bins are merged.

While the lower STXS bins can be measured more precisely in other decay channels of the Higgs
boson, namely tZH (H — ~v), the t{H(H — bb) channel allows for better measurement of the
higher STXS bins, due to the increased statistics for this process over tH (H — ~7y) and the usage
of reclustered jets?.

The results of the STXS measurements of both ATLAS and CMS are depicted in Figures 11.3 (a)
and 11.3 (b), respectively. While ATLAS measures the first two STXS bins combined as one due to
the large migrations between these bins, CMS measures the last two bins combined as one due to a
lack in statistics. While the measurement strategies slightly differ, an overall trend of 1+ < 1 can be

observed for both measurements.

2 Reclustered jets are built using the jet reclustering technique from Ref. [202] resulting in fully calibrated jets with R = 1.0.
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11.2 STRATEGY AND OVERVIEW OF THE LEGACY ANALYSIS

The legacy measurement conducted by the ATLAS experiment represents a refined re-analysis of the
previously mentioned full Run 2 analysis. New techniques, concerning object definition and event
classification, are employed to further enhance the sensitivity of the measurement. Similar to the
preceding analysis, the legacy analysis concentrates on two of the three possible channels, defined
by the decay modes of the subsequent W+ bosons from the ¢ decay.

The first and highest channel in terms of branching ratio (45.7 %) is the full hadronic channel, where
both W bosons decay hadronically. Despite having the highest branching ratio, this channel is the
most challenging to measure due to the overwhelming QCD-induced multi-jet background. There-
fore, similar to the previous analysis, this channel is not considered in the measurement and is ex-
cluded.

The second channel is the single-lepton channel, where one of the two W bosons decays hadronic-
ally and the other leptonically. This channel is easier to distinguish from the background due to the
presence of a final-state lepton and has a similarly high branching ratio as the full hadronic channel
(43.8 %). With only one neutrino in the final state, determinable from ETS, this channel provides
a clean topology for reconstruction and measurement. Due to the relatively large branching ratio, a
higher signal-to-background ratio and reasonable statistics are expected even in the higher-pr regime,
which is exploited by further segregating this channel into a resolved and a boosted regime. Thanks
to this split, it is possible to employ the already-mentioned reclustered jets, which can be used to
capture both b-quarks from the Higgs decay in one jet>.

The last channel is the dilepton channel, where both W+ bosons decay leptonically. With the smallest
branching ratio of 10.5 % and two neutrinos in the final state, this channel is not optimal for recon-
struction and measurement. Although relatively small and challenging to reconstruct, the dilepton
channel is considered due to the presence of two leptons in the final state, effectively suppressing con-
tributions from multi-jet background and offering the cleanest signature among all channels. Similar
to the single-lepton channel, this channel is also divided into a resolved and a boosted regime.

A Feynman diagram representing all three final states is presented in Figure 11.4 (a). Given the
overall complex topology of the considered final states, one of the major challenges is the large, irre-
ducable background from tf + jets events, where the additional jets are identified as b-jets (tf + bb).
This specific background shares the same final state as the signal process and entails significant
theoretical modelling uncertainties, impacting the final measurement. The corresponding Feynman

diagram is depicted in Figure 11.4 (b).

11.2.1 Event Selection And Categorisation

For the single-lepton channel, a total of six jets are anticipated, with four originating from final-state

b-quarks, exactly one lepton, and E*, In the dilepton channel, a total of four jets are expected, with

In the high-pr regime, the two b-quarks from the Higgs decay are usually very close together in terms of AR which enables
the usage of jets with R = 1.0.
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(a): ttH (b): tf + bb

Figure 11.4.: Representative Feynman diagrams of the three main decay channels of the tLH (H — bb), (a),
and the tf + bb, (b), processes. This includes the full-hadronic (red), single-lepton (green), and
dilepton (blue) channels.

all four stemming from final-state b-quarks, two opposite-sign leptons, and higher ETmiSS compared
to the single-lepton channel.

Based on these characteristics of the final states, dedicated triggers and channel-specific pre-selections
are chosen. Subsequently, ML-based reconstruction and classification algorithms are utilised to cat-

egorise the events and reconstruct the p2.

For both channels, the lowest un-prescaled single-lepton triggers are employed to identify candid-
ate events. The dedicated triggers are combined with a logical "OR", ensuring a higher selection
efficiency. The triggers used are outlined in Table 11.3 and categorised by lepton type and the year
of data-taking. Events with the specified lepton type must either meet a low lepton pt threshold and
stricter lepton identification/isolation WPs or a higher lepton pt threshold and more relaxed lepton
identification/isolation WPs?,

Only events with electrons and muons are taken into consideration, while events containing one
or more (two or more) Thaq candidates, are vetoed in the single-lepton (dilepton) channel to maintain
orthogonality with other ¢t H analyses.

After the events are selected by the trigger, objects are reconstructed as described in Chapter 5.
For the leptons, special requirements need to be satisfied. Reconstructed electrons are required to
have py > 10GeV and |n| < 2.47, excluding the transition region of the barrel to forward ECal
(1.37 < |n| < 1.52). In addition, electrons need to pass the tight LH identification WP and the tight
isolation WP. Reconstructed muons are required to have pr > 10GeV and |n| < 2.5 and pass the

medium identification and tight isolation WPs. To avoid any double-counting of a single detector re-

Note here that the leptons considered in the trigger are not as precisely identified and calibrated as the final reconstructed
and calibrated leptons used later on in the analysis.
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Table 11.3.: List of the triggers and their lepton pr thresholds and isolation criteria for the different data-taking
periods. Note here that trigger leptons are used, not the final reconstructed and calibrated leptons
used later on in the analysis.

pr (GeV) Identification WP Isolation WP
Lepton flavour
2015 2016-2018 2015 20162018 | 2015 2016-2018

24 26 Medium Tight - Loose
Electrons 60 60 Medium  Medium - -

120 140 Loose Loose - -

20 26 - - Loose  Medium
Muons

50 50 - - - -

sponse, an overlap removal procedure is applied. For electrons, the closest jet in AR, < 0.2 around
the electron is removed. If the nearest jet is within 0.2 < AR, < 0.4, the electron is removed.
Muons are removed if a jet is present in AR, < 0.4 around the respective muon to avoid muons from
heavy-flavour decays. However, if the jet has less than three tracks, the muon is kept and the jet is
removed. Th,q candidates are removed when within AR, < 0.2 any electron or muon is found.

After the object reconstruction stage, a dedicated pre-selection for each channel is applied, rejecting
events with drastically different final states. In the single-lepton resolved channel, a minimum of five
jets are required, with at least three of them tagged as b-jets using the 70 % DL1r WP. Additionally,
exactly one lepton is required, either a muon or an electron with at least pt > 27 GeV, aligning with
the trigger lepton within AR = 0.15.

For the single-lepton boosted channel, at least four jets are required, with at least three of them
tagged as b-jets using the 85 % DLI1r WP. Furthermore, at least one reclustered jet is required with
pr > 200 GeV and mgc jet > 50 GeV.

In the dilepton resolved channel, a minimum of three jets are required, with at least three of them
tagged as b-jets using the 85 % DL1r WP. Additionally, two of the jets must be tagged as b-jets using
the 70 % DL1r WP. Exactly two opposite sign leptons are required. If the two leptons have the same
flavour, the invariant mass of the leptons needs to be above 15 GeV and outside of the Z-boson mass
window of 83 — 99 GeV.

The dilepton boosted channel has similar requirements as the dilepton resolved channel but necessit-

ates at least one additional reclustered jet with pr > 200 GeV and mgc jet > 50 GeV.

With these pre-selections applied to their respective channels, the data sample is mainly dominated
by tf + jets events, which also includes the main background, tZ + bb. To increase the signal-to-
background ratio, the events are further classified into so-called Signal Regions (SRs) and Control
Regions (CRs). While the SRs should contain most of the signal events and the least amount of
background events possible, maximising the signal-to-background ratio, the CRs are used to provide
stringent constraints on the normalisation of the different backgrounds. These resulting regions are
treated equally and fitted simultaneously in a combined fit to achieve the best possible estimate of

the Parameters of Interest (POIs).
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Figure 11.5.: Schematic representation of the pre-selection and the classification into resolved SRs and CRs
based on the classification transformers.

The resolved channels have one ¢tZH SR and multiple CRs, one for each tf + jets sub-category:
tt + b, tt + B, tt + >2b, tf + >1c¢, and tf + light. While ¢f + b describes tt events with one ad-
ditional b-jet, tf + B describes events where the two additional b-jets are merged and reconstructed
as one jet. ¢t + >2b simply describes the events with at least two additional b-jets, and ¢t + >1c
describes events with additional c-jets. The final sub-category, tf + light, describes all other events
where the additional jets are light-flavour jets®. In addition to this split in SR and CRs, the SR is
further split into the already introduced STXS bins based on the reconstructed p# .

For the single-lepton boosted channel, the events are separated into either a SR or a CR, and the
reconstructed p¥ is used as fitting variable in these regions. No additional split into ¢f + jets sub-
category or STXS bin is applied.

In the dilepton boosted channel, the SR is split into two STXS-based regions, boosted STXS 5 and 6,
where the classification is again based on the reconstructed pX. No additional CR as for the single-

lepton channel is used.

The classification into SRs and CRs is performed by dedicated multi-class classification trans-
former networks, which predict probabilities that the event is a ¢tZH or one of the background events.
Combining resolved and boosted channels for training, one transformer is trained for the single-
lepton and one for the dilepton channel. A schematic representation showing the pre-selection and
the classification into the different resolved SRs and CRs is depicted in Figure 11.5.

After pre-selection, the events are classified with the respective transformer network, using a vari-
ety of inputs, including the four-momenta of the jets and the leptons as well as the PCBT scores of

the jets and EF, The probability outputs of the network are then combined into different so-called

5 The definition of light-flavour jets follows the explanation given in Figure 7.3.
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discriminants, one for the SR® and one for each CR. These discriminants, based on the Neyman-
Pearson lemma [203] which is also the base for PLFs, are calculated using Equation (11.1), where
p; is the output probability for region 7, and NN; is the number of events in sub-category j, which are

used to train the network.

N;
Zk;ﬁi Ny

In simpler terms, the discriminants are calculated by dividing the probability that the event is from

Di

Dj=— P
C s (- wig)

with w;; = (11.1)

sub-category ¢ by the sum of the weighted probabilities of all other possible sub-categories. This
approach takes into account the imbalance of the training dataset.

Before sorting the events based on these discriminants into the specific SRs and CRs, a pre-sorting
is done to determine if the event is going to one of the SRs or one of the CRs. This decision is based
on the ttH discriminant, Dzp, using an optimised cut value. The cut value is set to be 4.072 for
the single-lepton and 9.031 for the dilepton channels. These cut values are optimised to maximise
the signal-to-background ratio while maintaining reasonable statistics in the SRs. If the discriminant
value for an event is above the cut value, it is sorted in one of the STXS regions based on p¥, which
is reconstructed using a dedicated transformer network. In the case that the event has a discriminant
value below the cut value, the event is sorted into the CR, for which the respective discriminant
value is the largest. For the single-lepton boosted region, only the pre-sorting is applied while for the
dilepton boosted region, the classification into STXS regions is also applied.

After sorting and categorising the events in the different SRs and CRs, a PLF is used to extract the
signal strength of the tfH (H — bb) process. The variable fitted in each region is the respective
class discriminant, except for the boosted regions. While in the single-lepton boosted SR and CR,
the boosted reconstructed Higgs pr is fitted, in the dilepton boosted regions, the invariant mass of the

leading b-subjet of the leading reclustered jet is used as fitted variable.

11.2.2  Signal and Background Modelling

To model the signal and background events, MC generators implemented in the ATLAS simulation
software are utilised. The samples generated using these methods are simulated as described in
Chapter 4. A table providing an overview of all samples and their settings is shown in Table 11.4.
In the following, to provide more insight about the selected samples and their differences in terms
of simulation, additional details are provided on the signal and background modelling, along with

the settings used to simulate them.

Signal Modelling

To simulate the t£H process, the POWHEG BOX V2 generator [184—186, 204] is employed at NLO
with the NNPDF3.0n0 [105] set of parton distribution functions, using the SFS. The hgamp para-

Although multiple SRs are present, only one discriminant is used for all SRs. The final sorting into the STXS regions
follows afterwards.
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Table 11.4.: List of MC samples used in the tH (H — bb) legacy analysis. The nominal samples are always
listed first, afterwards the alternative samples are listed, which are used as variations to estimate
systematic uncertainties. Here, "nf4" indicates the usage of the 4FS set of parton distribution
functions, "pthard" the setting of the pthard parameter in PYTHIA 8 to one, "dipole" the usage
of the dipole recoil setting instead of the global recoil setting, and hgamp the variation of the
respective setting.

Process ME Generator ME PDF PS Normalisation

ttH and tH

ttH POWHEG Box v2 NNPDF3.0n1.0 PyTHIA 8.230 NLO + NLO (EW)
POWHEG Box v2 NNPDF3.0n10 HERWIG 7.04 NLO + NLO (EW)
POwWHEG Box v2 NNPDF3.0nLO PYTHIA 8.230 pthard NLO + NLO (EW)

tHjb MADGRAPH5_AMC@NLO 2.6.2 NNPDF3.0n10 nf4  PYTHIA 8.230 -

tWH MADGRAPH5_AMC@NLO 2.6.2 [DR] NNPDF3.0x10 PYTHIA 8.235 -

tf + jets Background

tt POWHEG Box v2 NNPDF3.0nLO PYTHIA 8.230 NNLO + NNLL
PowHEG Box v2 NNPDF3.0nLO HERWIG 7.04 NNLO + NNLL
POWHEG Box v2 NNPDF3.0n10 PYTHIA 8.230 pthard NNLO + NNLL
POWHEG Box v2 NNPDF3.0nLO PYTHIA 8.230 hgamp NNLO + NNLL

tt + bb POWHEG BOX RES NNPDF3.1nLo nf4  PYTHIA 8.244 -
POWHEG Box v2 NNPDF3.1n10 nf4  HERWIG 7.16 NNLO + NNLL
POWHEG BOX RES NNPDF3.1nLo nf4  PYTHIA 8.244 pthard -
POWHEG BOXx RES NNPDF3.1nLo nf4  PYTHIA 8.244 dipole -

Single-¢ Backgrounds

tW POWHEG Box v2 [DR] NNPDF3.0n1.0 PyYTHIA 8.230 NNLO + NNLL
POWHEG Box v2 [DS] NNPDF3.0nLo PYTHIA 8.230 NNLO + NNLL
POWHEG Box v2 [DR] NNPDF3.0nLO HERWIG 7.04 NNLO + NNLL

t-channel POWHEG Box v2 NNPDF3.0nLo nf4  PYTHIA 8.230 NLO
PowHEG Box v2 NNPDF3.0nLo nf4  HERWIG 7.04 NLO

s-channel POWHEG Box v2 NNPDF3.0nLO PYTHIA 8.230 NLO

Other Backgrounds

W+ jets SHERPA 2.2.1 (NLO [2j], LO [4j]) NNPDF3.0nNLO SHERPA NNLO

Z+jets SHERPA 2.2.1 (NLO [2j], LO [4j]) NNPDF3.0nNLO SHERPA NNLO

V'V (had) SHERPA 2.2.1 NNPDF3.0xNLO SHERPA -

V'V (lep) SHERPA 2.2.2 NNPDF3.0xNLO SHERPA -

V'V (lep) +j7  SHERPA 2.2.1 (LO [EW]) NNPDF3.0nNLO SHERPA -

ttW MADGRAPH5S_AMC@NLO 2.3.3 NNPDF3.0n1.0 PyYTHIA 8.210 NLO + NLO (EW)
SHERPA 2.0.0 (LO [21]) NNPDF3.0nNLO SHERPA NLO + NLO (EW)

ttZ MADGRAPHS5_AMC@NLO 2.3.3 NNPDF3.0nLO PYTHIA 8.210 NLO + NLO (EW)
SHERPA 2.0.0 (LO [21]) NNPDF3.0nNLO SHERPA NLO + NLO (EW)

tttt MADGRAPH5_AMC@NLO 2.3.3 NNPDF3.0nLO PYTHIA 8.210 NLO + NLO (EW)

tZq MADGRAPH5_AMC@NLO 2.3.3 (LO) CTEQG6LI PYTHIA 8.210 -

tWZ MADGRAPH5_AMC@NLO 2.3.3 [DR] CTEQ6LI PYTHIA 8.230 -

meter’ is setto 3/4 - (my +mz + mpy) = 352.5GeV, and the functional form of the renormalisation

and factorisation scales, g and pg, is set to {’/ mr (t) - mr (f) - mr (H ), where mt denotes the trans-

verse mass. The PS and hadronisation are simulated using PYTHIA 8.230 [187].

Two additional samples are simulated to evaluate the impact of the used PS and hadronisation model

as well as the choice of matching scheme between the ME and the PS. For the former, POWHEG

BoX V2 is used a generator with similar settings as the nominal sample but interfaced with HERWIG

7.04 [205]. For the latter, POWHEG BOX V2 is employed as generator with similar settings as the

7 This parameter controls the pr of the first additional NLO emission in the PS.
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nominal sample and interfaced with PYTHIA 8.230 with the pthard parameter set to 1, varying and
recalculating the hardness value of POWHEG BoOx v2 [206].

All possible final states of ¢tZH are simulated, but only a negligible fraction of events with other
Higgs decay modes pass the selection and is found in some regions. After simulation, the samples
are normalised to the predicted ¢t H cross-section oy = 507f§8 b [15], calculated including NLO
QCD and EW corrections.

tt + bb Modelling

To mitigate the dominant modelling uncertainties on the tf + >1b processes encountered in earlier
instances of the analysis (see Figure 11.1), dedicated tf + >1b samples were developed where events

were simulated at NLO in the 4FS framework using the POWHEG BOX RES generator [207] and
OPENLOOPS [208, 209]. The parton distribution functions utilised were taken from the NNPDF3.1nr 0 nf4
set, interfaced by PYTHIA 8.244 for PS simulation and hadronisation. Specialised settings are ap-

plied in both generators to further refine and reduce modelling uncertainties.

For scale adjustments, the ur and up parameters are set according to Equation (11.2) and Equa-

tion (11.3), respectively. The hgamp parameter is specifically defined according to Equation (11.4).

1
HR= 5 Z mT,; (11.2)
i:t9t_7b7l_)7j
1 - -
e = 5+ §/mr () - mr (7)< mr (8) - m (5) (11.3)
1
haamp = 5+ > T (11.4)
i=t,1,b,b

Furthermore, the mass attributed to the b-quarks is set to m;, = 4.95GeV to be consistent with
the b-quarks from the tf decay. A more detailed description of the dedicated tf + bb samples can
be found in Ref. [210]. Additionally to the nominal sample, three variation samples are produced
to to examine the uncertainties arising from the choice of PS and hadronisation model, the choice
of matching scheme between the ME and the PS, and the recoil setting used. For the first two, a
similar approach is chosen as for the signal samples, either interfacing the nominal generator with
HERWIG 7.04 (PS and hadronisation model) or changing the pthard setting in PYTHIA 8.244 to one
(matching scheme). The last sample varies the recoil setting in PYTHIA 8.244 from global recoil

setting used in the nominal sample to the dipole recoil setting in the variation.

tt Inclusive Modelling

In addition to the dedicated ¢f + bb samples, the remaining tf + jets backgrounds are obtained from
inclusive 5FS ¢f samples, excluding any ¢t + >1b event. The inclusive ¢ processes are simulated
using POWHEG Box v2 at NLO QCD level interfaced with PYTHIA 8.230. Generally, similar
settings as for the POWHEG+PYTHIA 8 signal samples are applied. Using hgamp = 1.5m; and
pr = pp = \/m? + p2 as renormalisation and factorisation scale. Three additional samples are

simulated to evaluate the impact of the used PS and hadronisation model, the employed matching
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scheme between ME and PS, and the setting of the hgamp parameter. While the first two samples
have the same variations applied as for the alternative samples for the signal process, the third sample

concerning the variation of the hgamp parameter applies hgamp = 3 1.

Other Processes Modelling

In addition to the ¢f processes, multiple other contributions from various processes are taken into
account, including single-t, ¢V, and several other processes involving vector bosons. The generator

and the respective interface software employed are listed in Table 11.4.

Fake Lepton Estimation

To estimate the contributions from events with fake or non-prompt leptons, different approaches are
employed for the distinct channels. In the dilepton channel, the contribution is estimated using MC.
However, for the single-lepton channel, a dedicated data-driven estimation is necessary due to the
origin of the fake leptons. The techniques applied and the resulting estimate of the fake contribution

will be explained in more detail in Chapter 12.

11.2.3  Expected Contributions in the Analysis Regions

Based on the event selection and subsequent classification, the events are sorted into different SRs
and CRs. Before the application of a PLF, pre-fit checks are performed to validate that no major mis-
modelling issues are present. This is accomplished through data/MC comparisons in the different
regions. In this section, the single-lepton plots are presented, while the corresponding dilepton plots
can be found in Appendix A.S5.

To examine the overall yields, the data/MC yields for each region are depicted in Figure 11.6, and the
background composition in each region is further illustrated in Figure 11.7. Due to the blinded status
of the tTH (H — bb) legacy analysis at the time of writing, all bins with a signal-to-background ratio
of more than 7.7 % are blinded.

While all SRs are blinded due to the blinding policy, all CRs show good pre-fit agreement between
data and MC. The main background processes are listed separately, while the minor background pro-
cesses, including di-boson and single-t processes, are grouped in the "Other" category. The separate
distributions of each region, as well as the different yield tables, are shown in Appendix A.5.

As clearly visible in Figure 11.7, the dominant background in all SRs is the ¢Z + >2b process, which
is expected due to the similar final state. Additionally, in most of the CRs, the respective process
is also dominant, showing an overall good performance of the classification algorithm based on the

expected contributions.

In addition to the overall yield and background composition checks, the performance of the classi-

fication of the signal process into the different STXS bins is shown in Figure 11.8.
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Figure 11.6.: Pre-fit summary plot for the single-lepton channel showing the overall MC and data yields in
the different SRs and CRs. All regions with a data to MC ratio of more than 7.7 % are blinded,
indicated by the grey shaded area.

The classification based on the reconstructed p#, is particularly important for the differential cross-
section measurement in the STXS framework, demonstrates great separation power, as indicated by
the dominant contributions in each region from the correct tZH sub-category. While the classifica-
tion performs very well for the lower STXS regions, its performance starts to degrade in the higher
regions. This behaviour is expected due to the more challenging reconstruction of physics objects

and the lower available training statistics for the classification algorithm.

Finally, validation plots are created, showcasing different sensitive variables and their pre-fit mod-
elling. One of these variables is the scalar sum of all reconstructed jets and leptons, Hr, which is
displayed in Figure 11.9 for the ¢ + >1c and ¢ + light CRs.

In both regions, there is a noticeable mis-modelling of the shape between data and MC. While a
simple offset could be corrected inside the PLF, mis-modelling in general, but mis-modelled shapes
especially, require additional pre-fit correction. To address this, a data-driven correction for the
tt + >1c and tf + light MC samples is derived and applied. The details of this correction and its
derivation will be explained in Chapter 13. Attempts were made to correct the mis-modelled shape
of the tt + >1b processes, but with the new classification algorithm, the mis-modelling was found to

be negligible, and therefore, no correction is derived.
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Figure 11.7.: Pre-fit background composition of the different SRs and CRs for the single-lepton channel. The
upper two rows show the various SRs and the lower two show the CRs.
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11.3 PROFILE LIKELIHOOD FITS

The statistical analysis conducted for the t{H (H — bb) legacy analysis is based on a binned
PLF [211]. Such a fit relies on the Neyman-Pearson lemma [203], which provides a statistical test
for the presence of the signal in the data. The lemma states that the ratio of the LHs of two hypo-
theses is the best test to reject one of the two hypotheses. These LHs can be generally described with
Equation (11.5).

n
£O)=1]f(z:,0) (11.5)
i=1

Here, x; describes the i-th measurement of the variable x, n is the total number of measurements,
and f (z;,©) is the PDF of z with unknown parameters ©. For the tH (H — bb) legacy analysis,
these unknown parameters are the signal strengths u, the normalisation factors &, and the set of
Nuisance Parameter (NP) 6. The latter describes the effects of systematic uncertainties in the expect-

ations, treated as extra degrees of freedom inside the fit.
For a binned distribution, the number of expected events for bin ¢ can be compared to the experiment-

ally observed number of events in bin i, N; ", using Equation (11.6).

NP (1, ky0) = s - Néigi (0) + > ko - Niypi (0) (11.6)
s b

Here, Ng,, ; denotes the number of expected signal events from process s in bin 7, and NS

denotes the number of expected background events from process b in bin 4. Furher, ;15 describes the

kg,i

strength of the signal process s, and k; describes the normalisation factor for the background process
b. ky can be either set to one, assuming the expected SM cross-section, or it can be kept free-floating
in the fit with an initial start value of one. This means that the value can be changed by the fit to
adapt for differences between expected and observed events. For the signal, us can be defined using
Equation (11.7).

fe = ——, (11.7)

Here, o° describes the observed cross-section of the signal process s, and gy, denotes the corres-
ponding expected SM cross-section. For inclusive analyses, usually, one signal strength parameter
is used, while for STXS measurements, multiple signal strength parameters are used, one for each
STXS region. The NPs have a central value of § = 0, which describes the best value associated with
a systematic uncertainty, while a shift in this parameter describes a so-called pull, which is a variation
from zero. By definition, a +1 deviation corresponds to a 1 ¢ deviation. In the case of continuous
parameters, these are defined by extrapolation (interpolation) for |#] > 1 (|6| < 1).

To include the NPs in the LH from Equation (11.5), they are added as Poissonian or Gaussian priors,

as shown in Equation (11.8).
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M exp N;
N; (ﬂvkve) —NP(u,k,0
C(pk,0) =[] 3= Mk, (11.8)
i L
Here, M is the total number of bins and /N; is the number of events in bin . To extract the best
estimates for the unknown parameters, a LH ratio is built and maximised. For computational reasons,
this is usually rewritten to be a negative LLH ratio that is then minimised. This is done due to the

more numerically stable behaviour of minimisation algorithms compared to maximisation algorithms.

The resulting test statistic A, is defined as in Equation (11.9).

Ay = —2In (.c(,me)) , (11.9)

c (g, k, 9)

Here, the double-hat parameters correspond to NPs which maximise the LH function for a given p,
and the single-hat parameters denote values which simply maximise the LH. Based on this statistic,
the background-only hypothesis (¢ = 0) is tested by measuring the compatibility of the observed
data with the expected background events. The deviation from the background-only hypothesis is

measured using the significance S, which is defined as given in Equation (11.10).

S =N (11.10)

The significance describes how important or significant a deviation is with respect to the background-
only hypothesis and is usually given in terms of standard deviations o. In particle physics, two major
limits are used. While a significance of at least 3 ¢ usually is referred to as "evidence", which cor-
responds to a p-value of 0.3 %, a significance of 5 o is referred to as a "discovery". At the 5 o-level,
the p-value is no larger than 3 - 10~7 %. The p-value describes here the probability to observe such a

deviation or a larger effect under the background-only hypothesis.

All statistical tools used in the analysis were provided by the RooStat framework [212, 213] and
applied using the TRExFitter framework, which is based on the HistFactory framework [214]. The
minimisation is performed using the Minuit [215] library implemented in ROOT [216].

For the application, a simultaneous fit to the data is performed in both the single-lepton and
dilepton channels under the background-only hypothesis in a binned fashion. All bins with a signal-
to-background ratio above 7.7 % are blinded and therefore not considered in this fit, due to the blinded
status of the analysis at the time of writing. Fully unblinded fits are therefore not presented in this
thesis.

In addition to the background-only fits, fits to Asimov data [211] instead of real data are performed
in both channels. These so-called Asimov fits set the data yields in each bin to the expected yields
based on the chosen model parameters. They are used to estimate the expected uncertainties on both
the signal strength and the background normalisations in addition to providing an estimate of the

expected significance.
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Various studies using background-only and Asimov fits were performed for both the single-lepton
and dilepton channels as well as for a combination of both channels. These studies are presented and

discussed in Chapter 14, which also reflects the current status of the tH (H — bb) legacy analysis.

11.4 SYSTEMATIC UNCERTAINTIES

Various sources of systematic uncertainties are taken into account in the tfH (H — bb) legacy ana-
lysis. These include experimental uncertainties arising from the reconstruction and identification of
physics objects, as well as modelling uncertainties, which are estimated based on alternative samples
using different generators or generator settings.

In this section, the systematic uncertainties considered in the analysis will be briefly discussed, with

a greater emphasis on modelling uncertainties due to their dominant effect on the analysis.

11.4.1 Experimental Uncertainties

Luminosity and Pile-Up Modelling

The luminosity of the full Run 2 dataset, collected between 2015 and 2018, is measured to be 140.1 £+
1.2fb~!, corresponding to a relative uncertainty of 0.83 % [217].
The uncertainty in pile-up modelling is estimated using a reweighting-based procedure, achieved by

varying the nominal Scale Factors (SFs) applied to the data pile-up distribution [218].

Leptons

For leptons, systematic uncertainties arise from various sources, including the trigger, reconstruction,
identification, and isolation procedures. Both electrons and muons exhibit efficiency differences
between simulation and data, which are corrected using specific SFs derived using the tag-and-probe
method on Z° — [T1~ events [132, 219]. The SFs are taken into account using in four (ten) inde-
pendent NPs for electrons (muons).

Moreover, additional systematic uncertainties stem from corrections applied to the energy and mo-
mentum scale and resolution of the leptons. These corrections are determined using Z° — [+~ and
J/¥ — 171~ events, with additional corrections for electrons derived from the E /p ratio measured

in W+ — ev events [131, 219]. In total, three (four) NPs are considered for electrons (muons).

Jets and b-Tagging

Various sources of jet uncertainties are taken into account, including the efficiency of pile-up rejection
by the JVT and effects from the JES and JER calibrations. Dedicated SFs for the JVT efficiency
corrections are derived from Z° — ;711 events in both data and simulation. These factors are then

propagated to MC via event weights applied at the analysis level [220].
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Table 11.5.: List with the sources and the number of independent NPs from the source, respectively.

Category Number of NPs

Statistical

Modelling and theory
Detector components

Mixed detector and modelling
Jet flavour

Pile-up

71 dependence

High-pr jets

N = N B W W NN P

Punch-through

JES uncertainties are obtained by combining information from test-beam data, actual collision data,
and simulation. These uncertainties are parametrised in 31 independent NPs, depicted in Table 11.5.
The three jet flavour related uncertainties include the b-jet energy scale, flavour response and
composition. A more detailed description of all sources and their respective NPs can be found in
Ref. [143].
JER uncertainties are determined from data and simulation using dijet events, where the balance in
jet pr and 7 is measured [221]. 13 independent sources of uncertainties are considered, which are
parametrised using 12 effective terms and one term for comparison of data/MC.
Uncertainties in b-tagging arise from the b-jets efficiency and c and light-flavour jets mis-tag calib-
rations of the DL1r algorithm. Multiple eigenvalues to estimate the uncertainties are derived using
a principal component analysis, which yields in total 45 b-jets, 20 c-jets, and 20 light-flavour jets
eigenvalues. Additionally, due to the limited pr range of the calibrations, extrapolation uncertainties
at high-pt are derived. These uncertainties involve extrapolating the scale factors from the last-pr
calibrated bin to higher-pr bins, using a sample of artificial heavy Z’ resonances® that produce a

sufficient number of high-pr jets for the extrapolation.

Missing Transverse Momentum

All systematic uncertainties, concerning the energy scale and resolution of the reconstructed physics
objects mentioned above, are propagated to the EM* algorithms. In addition to these hard contribu-
tions, additional uncertainties for the soft terms are incorporated to address discrepancies between

data and simulation [144], yielding in total three independent NPs, which are considered.

11.4.2  Signal Modelling Uncertainties

The impact of parton distribution function and s variations on the total tZ H cross-section is +3.6 % [15,

222-226]. The effect on the p¥ distribution is considered negligible. Theoretical uncertainties on

8 The Z’' sample used is similar to the one described in Section 7.2.1.
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the tTH cross-section arising from migration between STXS bins are also considered.

To evaluate and estimate the uncertainty on the ISR, weights are used in the ME and PS simulation,
varying the renormalisation and factorisation scales, yr and pp, by a factor of 0.5 while using the
Var3c up variation from the A14 tune [188] to simulate higher parton radiation. For lower parton
radiation, the scales are varied by a factor of 2 while using the Var3c down variation. For the FSR un-
certainty evaluation, a similar approach is employed, varying the renormalisation scale for the QCD
emission in the PS for the FSR by factors of 0.5 and 2.

The uncertainties on the total cross-section due to higher-order corrections in QCD are centrally eval-
uated for the ¢t H process by the LHC Higgs Cross-Section (LHCHXS) working group [14] and are
estimated to be 9.2 %. For the branching fraction of the Higgs boson into b-quarks, an uncertainty
of (+1.2/ —1.3) % is used. Furthermore, for the branching fraction of the Higgs boson to a pair
of W= bosons (other processes), an uncertainty of (+1.6/ — 1.5) % (£5 %) is taken into account.
To assess the uncertainty due to the NLO matching, the nominal sample is compared to a POWHEG
Box v2 sample interfaced with PYTHIA 8, where the pthard parameter is set to 1 (Table 11.4). A
similar approach is used to evaluate the effect of the chosen PS and hadronisation model, where the

nominal sample is compared to a POWHEG B0oX v2 sample interfaced with HERWIG 7.04.

11.4.3  Background Modelling Uncertainties

tt + jets

For all tf + jets sub-processes, different types of uncertainties are assigned to each sub-process based
on their individual properties. While ¢Z + light is relatively precisely measured in data due to differ-
ences in diagrams compared to ¢f + >1b and tf + >1c, the ¢t + >1b and ¢f + >1c processes can
have additional diagrams depending on the used flavour scheme in the parton distribution functions.
Furthermore, the difference in mass between the ¢ and b-quarks for the ¢t+HF processes adds addi-
tional distinctions for the latter ones.

To assess uncertainties on acceptance and shapes, a comparison between the nominal setup and altern-
ative setups is made. Due to the use of a PLF to estimate the normalisation factors for the ¢ + >1b
processes in data, such comparisons would drastically alter the fraction of each ¢ + >1b component
in the analysis phase space. To address this issue, the alternative predictions are reweighted so that
the same fraction of ¢ + >1b events as in the nominal sample is present in the analysis phase space.
Similar to the signal process, the uncertainties on ISR and FSR are estimated with a weight-based
approach by varying the used renormalisation and factorisation scales by 0.5 and 2. To assess the
impact of the PS and hadronisation model, the nominal sample is compared to a POWHEG Box v2
sample with the same settings, interfaced with HERWIG 7.16. Furthermore, to evaluate the effect of
the recoil handling in the initial state PS, an additional sample was generated, changing the global
recoil setting in PYTHIA 8 to a dipole recoil.

For the NLO matching uncertainties, the nominal samples are compared to a POWHEG BOX V2 in-

terfaced with PYTHIA 8, where the pthard parameter for the latter is set to 1. Additional information
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on the estimation of uncertainties for the ¢t + >1b samples can be found in Ref. [210].
To examine the uncertainties arising from the choice of the hgamp parameter, an alternative sample

with a varied hgamp parameter is used as variation (see Section 11.2.2).

Hrp Reweighting

In both channels, two variations are considered. Firstly, alternative Ht reweightings, derived with
adapted post-fit normalisation factors for ¢t + >1c and t# + light, are employed, varying the central
value of the factors by their respective uncertainties (central value & uncertainty). Secondly, a simple
non-application of the reweighting (on/off) is considered. While the latter is applied for each Nie
reweighting respectively, the variation with adapted post-fit normalisation factors is applied to the

overall reweighting.

Fake/Non-prompt Leptons

For the fake and non-prompt leptons in the single-lepton channel, an overall normalisation uncer-
tainty of 50 % is taken into account together with a variation based on an adapted parametrisation for
the 2D fake efficiencies, where the efficiencies are parametrised in bins of lepton pr and lepton |7|.

For the dilepton channel, an overall normalisation uncertainty of 50 % is taken into account.

Other Backgrounds

For all other background processes, the sources of systematic uncertainties and their description can
be found in Table 11.6.

Table 11.6.: List with all sources of systematic uncertainties considered for the other processes modelling.

Source of Systematic Uncertainty Description
Cross-section +15%

TV [227] NLO matching MADGRAPH5_AMC@NLO + PYTHIA 8 vs SHERPA
PS and hadronisation MADGRAPHS_AMC@NLO + PYTHIA 8 vs SHERPA
NLO cross-section +5%

Single-t [228-230] NLO matching POWHEG BOX V2 + PYTHIA 8 vs POWHEG BOX V2 + PYTHIA 8 pthard
PS and hadronisation POWHEG BOX V2 + PYTHIA 8 vs POWHEG BOX V2 + HERWIG 7
tW and t{ interference [231] Diagram Removal (DR) vs Diagram Subtraction (DS) scheme

Wiets Cross-section +40%

Cross-section +30%

Z+jets Normalisation +35%

Diboson [232] Cross-section and add. jet production | £50 %

tZq1233] Cross-section (PDFs) +0.9%

Factorisation and normalisation +7.9%

tW Z [233] Cross-section +50 %

tH b [15] Cross-section (PDFs) +3.7%
Factorisation and normalisation +6.5%/ —14.9%

WH [15] Cross-section (PDFs) +3.7%
Factorisation and normalisation +6.5%/ —6.7%

titt Normalisation +50 %




ESTIMATION OF THE FAKE-LEPTON CONTRIBUTION IN THE
SINGLE-LEPTON CHANNEL

In addition to the background contributions estimated with MC as introduced in Section 11.2.2, other
processes with mis-identified physics objects can pass the trigger and pre-selection stage, contribut-
ing to the overall yield in the SRs and CRs. In many of these events, a jet or a photon may be
mis-identified as a lepton. These are referred to as fake leptons and result from imperfect object
reconstruction and identification. Additionally, leptons from secondary particle decays, known as
non-prompt leptons, identified as prompt leptons, which stem from the primary vertex, can also con-
tribute. To mitigate the impact of these particles on analyses, dedicated and well-established methods
have been developed to identify and reject these objects. However, these algorithms may also reject a
non-negligible portion of the final statistics, making analysis in a challenging kinematic phase space
very difficult.

One of these analyses with such a challenging phase space is the tfH (H — bb) analysis. To ensure
that enough events pass the trigger and pre-selection stage, relatively loose identification and isol-
ation criteria are required for candidate leptons, making it easier to mis-identify a photon or jet as
a lepton. In the previous round of the analysis, due to even tighter requirements on the number of
jets and b-tagged jets, the contribution from events with fake leptons was estimated to be negligible.
With the new legacy analysis, a relaxation of these requirements was introduced, necessitating a re-
estimation of the contributions from events with fake leptons. While this effect can be estimated in
the dilepton channel using MC simulations, in the single-lepton channel, a data-driven approach is
chosen. The reason for this choice is the origin of fake leptons in the single-lepton channel, mainly
originating from multijet QCD events, where one jet is mis-identified as a lepton. Although large MC
samples for these processes are available, the amount of statistics and computational power needed
for an acceptable estimation is still too large. Additionally, these processes are subject to large mod-

elling uncertainties, which can be avoided with a data-driven approach.

Two data-driven methods are considered for the estimation of fake-lepton contributions: the matrix
method and the fake factor method [234]. Although both methods follow a similar approach, they
differ in the application of the estimation.

To estimate the contributions from events with fake leptons to the overall yield, both the matrix
and fake factor methods use two different definitions for leptons. These definitions or selections,
namely loose and tight, differ in their identification and isolation requirements and are applied after
the trigger but before the pre-selection stage. As the names suggest, the loose definition employs
looser requirements, while the tight definition enforces more stringent criteria. The identification

and isolation requirements for both selections are listed in Table 12.1.
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Table 12.1.: Selection requirements for the two lepton definitions loose and tight.

Lepton Type | Definition Identification/Quality WP  Isolation WP
Electrons tight TightLH [235] FCTight
loose MediumILH [235] -
Muons tight medium [219] TightTrackOnlyVarRad
loose loose [219] -

While the fight definition employs the same lepton criteria as are present in the event selection
for the SRs, the loose definition adopts more lenient lepton criteria, incorporating no additional
isolation requirement. It is important to note that, owing to the employed triggers, specific isolation
requirements (Table 11.3) are already imposed on the lepton candidates, which do not significantly
differ from the isolation criteria required by the tight definition, making the distinction between loose
and tight relatively minor. Additionally, it should be mentioned that, by definition, all events where
the lepton passes tight also satisfy loose. For the fake factor method, an additional definition is used,
referred to as loose-not-tight, which encompasses all events with a lepton passing loose but not tight,

as the name suggests.

12.1 REAL AND FAKE EFFICIENCIES

For both the matrix and fake factor methods, so-called efficiencies are employed. While the matrix
method requires two efficiencies, namely the real €., and fake egye efficiencies, the fake factor
method only uses one, ege. These efficiencies are defined by Equation (12.1):

Ntighl

real

Nloose ’

real

tight
N fake

loose
N fake

€real — €fake — (12.1)

Here, Nrtéif” / Nr’ggfe represents the number of events with a real lepton passing the tight/loose
definition, and th;ﬁ]:/ Ntlglfge denotes the number of events with a fake lepton passing the tight/loose

definition.

To accurately determine these numbers, truth information about the origin of the leptons is re-
quired to estimate the number of events correctly. While this information is readily available for MC
simulations, it is not present in the data. To address this challenge, a slightly different method is
employed to measure these efficiencies. While the real efficiency can be easily estimated using only
MC by matching the reconstructed leptons to prompt leptons, the fake efficiency needs to be derived
using both MC and data.

To achieve this, two regions are utilised, each enriched in either real or fake leptons. The definitions
of these two regions are listed in Table 12.2.
The real-enriched region is designed to be close to the Z-peak and capture opposite-sign leptons

from the latter decay. The real efficiency can then be easily calculated using Equation (12.2),



12.1 REAL AND FAKE EFFICIENCIES

Table 12.2.: Definition of the fake and real lepton enriched regions in which the respective efficiencies are

measured.
Requirement | Fake enriched region Real enriched region
Niets > 2 >1
Jet pr > 25GeV > 25GeV
Np_tag > 2 = 0
NLeptons L 1 L 2, opposite sign
Lepton pr > 27GeV At least one lepton > 27 GeV
Emiss < 20GeV -
My < 20GeV -
my - 90 %oy < my < 110 %my

Ntight S E ioht

€real = Nloose S Foose (12.2)
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where N'8ht / Noose denotes the number of leptons passing the tight/loose definition, and SF, tight/ S Floose

denotes the recommended lepton scale factors for their respective lepton definition.

For the fake efficiency, the respective region was designed to be enriched in fake leptons and
depleted in real leptons, but also close to the final analysis phase space. To determine the fake
efficiency, MC and data are used. The number of fake leptons, which are not modelled in MC but
present in data, can be extracted by subtracting the expected number of prompt tight and loose leptons
from the tight and loose leptons present in data. This results in the definition of the fake efficiency as
shown in Equation (12.3),

tight tight
N, data N MC

loose loose
N, data N MC

Efake = (12.3)

where N é;gtgt/ N égfase denotes the number of tight/loose leptons in data and Nﬁ%’ ty NI(Z(O:“ denotes

the number of tight/loose leptons in MC.

Due to the high dependence of the efficiencies on different event and object kinematics, the effi-
ciencies are derived in a binned 2D plane using the lepton pr and || as the variables that span the
plane. Additionally, the efficiencies are derived separately for each lepton flavour. The binning of
these efficiency maps for both the real and fake efficiencies are the same but differ between the lepton

flavours to avoid the crack region of the ECal for the electrons. The binning is shown in Table 12.3.

Table 12.3.: Binning of the efficiency maps for electrons and muons. The || binning differs between the two
lepton flavours to avoid the crack region of the ECal for the electrons.

Electrons Muons
Lepton pr (in GeV) [10, 27, 35, 50, 1000]
Lepton |7| [0,0.7,1.37,1.52,2,2.5] [0,0.5,1,1.5,2,2.5]
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Figure 12.1.: Real and fake efficiency maps for electrons and muons.

The resulting efficiency maps for both electrons and muons are visualised in Figure 12.1. For both
electrons and muons, high real efficiencies are achieved across nearly all bins, with performance de-
grading towards the lower pr region, as expected. In contrast to the very promising real efficiencies,
the derived fake efficiencies show high values in the higher pr region for electrons as well as for
muons in the lower pr region. Both lepton flavours exhibit large fluctuations and high uncertainties,
which can be explained by the difference in the definitions of loose and tight. As mentioned earlier,
the triggers used already apply isolation criteria to all leptons. These criteria, which are relatively
similar to the criteria used in tight, are the source of the large fake efficiencies observed here. Due
to the resulting small difference between the definitions of loose and tight, it is relatively likely that
leptons passing the loose definition also pass the tight definition, leading to large values when using
Equation (12.3).

With the newly derived real and fake efficiencies, both methods can be used to estimate the contribu-

tion of events with fake leptons.



12.2 MATRIX METHOD

12.2 MATRIX METHOD

The matrix method relies on both real and fake efficiencies to estimate the number of events with a
fake lepton passing the tight definition, denoted as Ngﬁ?. The total number of events with a lepton
passing the loose/tight definition can be defined as N'?%¢ / N'i¢h using Equation (12.4):

loose __ prloose loose tight __ nrtight tight
[Nfoose — ploose | Njloose - neight . yfight | nrtigh (12.4)

real real

Applying Equation (12.1) to the above, one obtains an equation for théﬁzt:

Nt{ight _ _ Cfake <6rea] . loose _ N"’ﬂ") (12.5)

ke
are €real — €fake

With Equation (12.5), it is now possible to estimate the overall number of events with a fake lepton
passing the tight definition, contributing to the overall event yields, using the derived efficiencies and

the total number of data events with a lepton passing loose/tight.

Application of the Matrix Method

To apply this to a binned distribution, a per-event weight w; is calculated for all data events using
Equation (12.6):

€fake

Wy = —————* (freal - Pz) (12.6)

€real — €fake

Here, P; describes whether the lepton in the event passes the tight definition or not. By definition,
P; = 1 if the lepton passes the fight definition and P; = 0 if not. This approach is advantageous as
the per-event weight also enables the extraction of the shape of the resulting fake distributions.

To visualise and examine the derived estimate, the transverse W= mass, m%v , distribution for all
contributions and only the fakes contribution are depicted in Figure 12.2.
A similar shape of the fake contribution compared to all other contributions can be observed. While

a significant part of the fakes contribution is located at lower values, a tail up to 250 GeV is visible.

Limitations of the Matrix Method

Despite its effectiveness and well-established nature, the matrix method faces challenges due to the
closely aligned definitions of loose and tight. As mentioned earlier, these definitions are not signi-
ficantly different. Upon closer examination of the first part of Equation (12.6), it becomes apparent
that if both the fake and real efficiencies are high, the absolute value of the weight will be large,
potentially leading to unphysically large fake contributions. Additionally, with similar definitions,
most fake leptons passing loose will also pass tight, resulting in an overall negative event weight.

Proper and substantial separation between the definitions is essential to counterbalance these negat-
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Figure 12.2.: m%v distributions with all contributions (a) and only with the fakes contribution (b). The fakes
contribution was derived using the matrix method.

ive weights with positive weights, ensuring their overall cancellation. Both issues can be exacerbated

in statistically limited regions, such as is the case for two of the STXS regions in the SR. To illustrate

this, the fake contributions to STXS regions 5 and 6 are depicted in Figure 12.3 together with the full

pre-fit plots for STXS regions 5 and 6, which are presented in Figure 12.4.

As visible, the contributions in STXS regions are relatively large with even larger uncertainties.

The overall contribution is comparable to the ¢f 4 light contribution expected in this region, which

is known to be too large for the fakes. In the STXS 6 region, the contributions are at an acceptable

level, but the second and third bins have negative fake contributions, which are unphysical.
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Figure 12.3.: Positive and negative fakes contribution, estimated using the matrix method, in the STXS regions
5 and 6 in the signal region.

& & N TTTT N T 1T N TTTT N T 1T N TT 1T N L N TTTT N TTTT N TTTT
5 -+ Data S 140 -+ Data 73.0 ]
a {s =13 TeV, 140 fb™ [ ] ttH i F {s=13TeV, 140 fb* [ ] ttH 242 1
Single lepton o tH [ Single lepton o tH 06
STXS 5 | tt + 1b 120/~ STXS 6 | tt +1b 25.0
Pre-Fit ] tTt+B [ Pre-Fit | tt+B 216
m tf_+ >2b 100; m tf_+ >2b 91.9 7
] tt+2>1c L ] tt+2>1c 27.1
] ti+light 7 ] tt+light 11.7
Il Other - Other 50.3 —
] Fakes ] Fakes 7.8 ]
Total Total 260.4 -
77 Uncertainty 72 Uncertainty
o
. . ) T IS SR I T SR N
8 8
o o
s g
8 8
5 10 15 20 25 30 35 40 45 50 5 10 15 20 25 30 35 40 45 50
tTH Discriminant ttH Discriminant
(a): STXS 5 (b): STXS 6

Figure 12.4.: Pre-fit plots of STXS regions 5 and 6, including the estimated fakes contribution using the matrix
method. All bins with a signal-to-background ratio of above 7.7 % are blinded, indicated by the
grey marked area.
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12.3 FAKE FACTOR METHOD

To address the limitations and challenges associated with the matrix method, an alternative method
for estimating fake contributions in the single-lepton channel was explored. The fake factor method,
as mentioned earlier, is known to be more stable against closely aligned definitions for loose and
tight and is expected to handle fluctuations and negative contributions more effectively.

In contrast to the matrix method, the fake factor method solely relies on the fake efficiency ek While
assuming that real leptons are generally well-modelled in MC. Under this assumption, it becomes
possible to estimate the number of events with a fake lepton passing the tight definition by using only
the number of events with a lepton passing the loose-not-tight criteria. Utilising the definition of egy.

tight

from Equation (12.1) and introducing the loose-not-tight definition, [V ; . can be expressed as given

in Equation (12.7).

tight __ loose o loose-not-tight tight
Niake = Niake Efake = (N fake + Nige ) Efake (12.7)

Here, Nt{glfse'"m_tigm represents the number of events with a fake lepton passing the loose but not
the tight definition. By rearranging this equation, a fake factor F can be extracted, allowing the

estimation of N{/¥" using only N[5 This relationship is illustrated in Equation (12.8).

tight __ €fake loose-not-tight __ loose-not-tioht loose-not-tight
Nfake T 1 €fak 'Nfake =F- (N i Nreal (12.8)
ake
———
:=F

In this equation, N/0ose-noright denotes the total number of events with a lepton passing the loose

loose-not-tight
N, real

but not the tight definition, and represents the number of events with a real lepton

passing the loose but not the tight definition.

Application of the Fake Factor Method

Similar to the matrix method, the fake factor method needs to be applied to a binned distribution.
To achieve this, a per-event weight is calculated using the fake factor per event F;, considering
the different fake efficiencies based on the leading jet and lepton kinematics in event ¢. While the
matrix method relies on fake efficiencies parametrised by lepton pr and |n|, the fake factor method
re-derived the fake efficiencies, using the leading jet pr and the lepton 7| as parametrisation. With

this, the final estimate of the fakes contribution can be obtained using Equation (12.9).

loose-not-tight data loose-not-tight MC
tight ) J .
N =N R Y wfcF; (12.9)
i J

Here, w{,lc denotes the MC weight for MC event j. This formula involves subtracting all contri-
butions from events with prompt leptons from the given data. The estimation for these events comes

from MC, based on the assumption that it is well-modelled.



12.3 FAKE FACTOR METHOD 177

20000

Q EFTT T T { T T LI { LI T T { T LI T { LI T T & T T LI { T LI T { T T LI { LI T T { T T LI :
$ 90000~ re Data 189880.0 g 2200 [ Fakes  4006.4 —
a £ (s=13Tev, 140 fo* [ ttH  2344.6 i (s =13 TeV, 140 fo! Total 40064 1
80000 Single lepton ) tH 77.0 2000(- gjngle lepton ~ Uncertainty E

F Ny.25N =3 B (f+1b 266203 Noes 25, N, 23 B

70000 Pre-Fit [ ] tt+B 9806.8 Pre-Fit !

E W tf+>2b 336040 =

60000 [ tt+21c 29682.0 ]

F [J ti+light 608385 —

50000 ] Other 10683.6 E

F ] Fakes  4006.4 B

20000F- Total 177663.2 =

F 7/ Uncertainty ]

30000 ]

10000
° 0 5
o o
a 1.2 o
© ]
g ] g
0.8F
06 . . . . . ‘ ‘ ‘
0 50 100 150 200 250 0 50 100 150 200 250
MY [Gev] MY [Gev]
(a): Including all contributions (b): Only fakes contribution

Figure 12.5.: m?f distributions with all contributions (a) and only with the fakes contribution (b). The fakes
contribution was derived using the fake factor method.

To examine the derived estimate, the m}" distribution for all contributions and only the fakes contri-
bution are depicted in Figure 12.5.

Compared to the fakes contribution yielded by the matrix method (Figure 12.2), a significant
drop in size can be observed. Although similar shapes are evident, no tail for the fake factor fakes
contribution is present and also a slight shift of the distribution towards lower values is observed.

To examine the good performance of the fake factor method also in the critical regions of the matrix
method, the fakes contribution in the signal region for the STXS regions 5 and 6 are illustrated in
Figure 12.6.

In comparison to the results obtained from the matrix method, the overall fakes contribution is
considerably smaller with the fake factor estimation, exhibiting a significantly improved shape of
the distribution. Moreover, negative contributions in STXS 6 are minor and entirely negligible in
comparison to other contributions.

Considering these factors, the decision was made to utilise the fakes estimation from the fake factor
method, providing a more accurate and reasonable overall estimate. To illustrate the impact that the
fakes will have, the pre-fit plots for STXS regions 5 and 6 are presented in Figure 12.7, encompassing
all other contributions.

When comparing the shapes of the fake contributions in Figure 12.6 with the overall shape in Fig-
ure 12.7, it becomes evident that, in addition to the overall improved yields, the estimation from
the fake factor method also provides a better representation of the shape of the fakes contribution.
Furthermore, considering the negligible impact and agreement with zero within uncertainties, the

decision was made to exclude the fakes contribution from STXS region 6.
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Figure 12.6.: Positive and negative fakes contribution, estimated using the fake factor method, in the two STXS
regions 5 and 6 in the signal region.
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With the latest inclusion of the new and improved tf + bb samples to the tf inclusive samples, the
used MC simulations describe the recorded data reasonably well (see Figure 11.6). Besides some
minor normalisation issues, which can be easily addressed in the PLF, a non-negligible shape mis-
modelling is observed in the Ht distributions of multiple ¢Z + jets processes when comparing data
and MC. The origin of these shape mis-modellings can be traced back to missing higher order cor-
rections in the simulation of the respective tZ + jets processes. While a data-driven correction or
reweighting of the miss-modelled ¢ + >1b shape cannot be easily achieved due to the similar final
state compared to the signal, the tf + light and ¢ 4+ >1c¢ shape mis-modelling can be corrected by
reweighting, making use of the different final state and an orthogonal, ¢ + jets-enriched CR. This is

done for both the single-lepton and dilepton channels, respectively.

In the following chapter, the procedure to derive these reweightings and their application and effect

on Hrt-sensitive variables will be discussed.

13.1 DERIVATION PROCEDURE OF THE REWEIGHTING FACTORS

To derive the correction factors in a data-driven way, an orthogonal CR, which does not overlap with
the analysis phase space, needs to be defined. Additionally, the region should be dominated by the
processes that are to be corrected, ¢ + light and ¢f + >1c. To achieve this, different requirements on
the number of b-tagged jets are chosen to select an orthogonal but ¢# + light and tZ + >1c enriched

region. The requirements for both the single-lepton and dilepton channels are listed in Table 13.1.

Table 13.1.: Definition of the orthogonal CRs for the derivation of the Ht correction factors. To define if a jet
is b-tagged or not, the 70 % DL1r WP is used.

Channel Njers Requirement | Vy_1,e Requirement | Njers Sub-Categories
=5
=6
=7
> 38
=3
4
=5
>6

Single-lepton >5 Lo

Il—=
o

Dilepton >3
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Table 13.2.: Post-fit normalisation factors used for deriving the Ht reweighting factors. The normalisation
factors were derived using a dedicated background-only fit per channel of the analysis CRs and

unblinded SRs.

Channel tt 4 jets Process  Post-Fit Normalisation Factor

tt + light 0.74 (4+0.10/ — 0.10)

tt+ >1c 1.79 (40.25/ — 0.23)

Single-lepton tt+b 1.08 (+0.14/ — 0.13)

tt+ B 1.08 (4+0.14/ —0.13)

tt + >2b 0.96 (+0.14/ — 0.12)

tt + light 0.85(4+0.17/ — 0.15)

tt+ >1c 1.59 (40.22/ — 0.20)

Dilepton tE+b 1.29 (+0.22/ — 0.20)

tt+ B 1.29 (40.22/ —0.20)

tt + >2b 0.93 (4+0.15/ — 0.13)

Both regions are selected to be relatively close to their analysis counterparts to ensure that the
derived reweightings are effective in correcting the shape mis-modelling in the analysis region. Ad-
ditionally, the regions are further split into sub-categories based on the number of jets, Ny, in the

events. This is necessary due to the very sensitive nature of Ht towards this variable.

With these new CRs, one binning per sub-category is calculated using the ¢f + light and t7 + >1c¢
MC samples. The binning needs to adhere to two main criteria: Firstly, the number of events per
bin must be at least 5000, and secondly, the bins must be at least 50 GeV wide. These criteria were
chosen to minimise the effect of fluctuations and to maximise the stability of the reweightings.
Afterwards, to avoid correcting the normalisation issues mentioned at the beginning of this chapter,
post-fit normalisation factors are applied to each of the ¢f 4 jets contributions. These factors are de-
rived using a dedicated background-only fit per channel in the analysis CRs and unblinded SRs. The

resulting normalisation factors for each channel and ¢ + jets contribution are listed in Table 13.2.

Afterwards, all non-to-be reweighted MC samples, including ¢t + b, tf + B, tf + >2b, and all
other contributions besides tf + light and ¢ 4+ >1c, are subtracted bin-by-bin from data according to
their corresponding MC prediction. The resulting histograms with data and MC, which should only
contain contributions from ¢# + light and ¢ 4+ >1c¢, should have the same shape mis-modelling as
before subtraction. To visualise this, the Ht distributions before and after subtracting all non-to-be
reweighted contributions are shown in Figure 13.1.

As clearly visible, the mis-modelled shape in the distribution is similar before and after subtract-
ing all non-to-be reweighted MC contributions, further consolidating the assumption that the mis-

modelling is arising from the ¢ + light and ¢ + >1c contributions.

Following the subtraction, the resulting histograms are normalised, and the reweighting factors k;

are calculated using Equation (13.1):
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(c): Dilepton before subtraction
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(d): Dilepton after subtraction

Figure 13.1.: Hr distributions before and after subtracting all non-to-be reweighted MC contributions for both
the single-lepton and dilepton channel. No post-fit normalisation factors are applied.

k;

data
_ N, i
- MC
N, )

(13.1)

where k; is the reweighting factor for the ¢-th bin, and Nf‘a‘a/MC is the number of data/MC events

in the ¢-th bin. Additionally, to achieve a smooth reweighting and match transitions between con-

secutive bins, a smoothing function f (Hr) is used to derive per-event correction weights instead of

constant factors. The smoothing function, defined in Equation (13.2), is a spline composed of 2nd

order polynomials, one for each bin:

f (HT) = aiH% +b;Hr + ¢

(13.2)
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a;, b;, and ¢; are the polynomial coefficients for the i-th bin, which need to adhere to the condition
that each function is continuous and has a continuous first derivative. Furthermore, the number of MC
events in each bin should remain the same as when using constant reweighting factors, as expressed

in Equation (13.3):

J

J

where the sum runs over all events j in the i-th bin. Under these conditions, a system of linear
equations is solved to determine the polynomial coefficients for each bin. The resulting splines for
each jet multiplicity and channel are then used to calculate the per-event weights for the ¢f + light
and tf + >1c MC events.

To visualise the different steps and their effects, the resulting distributions are shown in Figure 13.2
for the single-lepton and in Figure 13.3 for the dilepton channel.

When looking at Figure 13.2 (a), a clear shape mis-modelling can be observed in the ratio between
data and MC. After rescaling (Figure 13.2 (c)), this mis-modelling becomes even stronger. However,
the applied reweighting is performing as expected, correcting the resulting slope from the shape
mis-modelling and leaving a simple yield offset, which can easily be addressed in the PLF using nor-
malisation factors. In addition to the final distributions, the reweighting spline can also be visualised,
as shown in Figure 13.4 for the single-lepton channel and in Figure 13.5 for the dilepton channel,
together with different systematic variations.

The resulting splines show larger weights for the lower Ht regions, while lower function values
are observed in the higher Ht regions. No significant deviation from the nominal reweighting is
observed for any of the systematic variations, indicating that the usage of the post-fit normalisation
factors is not as important as expected. However, these variations are still used to examine and estim-

ate the systematic uncertainties of the reweighting procedure.

With the per-jet multiplicity reweightings now derived, one can visualise the effect of the reweight-
ing on the jet multiplicity inclusive distributions. These distributions are shown in Figure 13.6 for
the single-lepton channel and in Figure 13.7 for the dilepton channel.

While a noticeable effect of removing the shape mis-modelling for the single-lepton channel can
be observed, the resulting effect of the reweighting in the dilepton channel is not as strong as for the

single-lepton channel. However, an improved shape is still observed.
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(c): With rescaling but without reweighting

Figure 13.2.: Hr distributions for the single-lepton channel orthogonal control region for the case of Ny = 5.
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(d): With rescaling and reweighting

The different figures show the effect of the rescaling with the post-fit normalisation factors and
the reweighting factors derived using the smoothed reweighting spline. The yields of all other
MC contributions are subtracted from the data yields in a per-bin fashion.
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(d): With rescaling and reweighting

Figure 13.3.: Hr distributions for the dilepton channel orthogonal control region for the case of Nye L 3.
The different figures show the effect of the rescaling with the post-fit normalisation factors and
the reweighting factors derived using the smoothed reweighting spline. The yields of all other
MC contributions are subtracted from the data yields in a per-bin fashion.
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Figure 13.4.: Reweighting spline for the single-lepton channel with Njes = 5 reweighting. The nominal re-
weighting (orange) is compared to different systematic variations, including using no post-fit
normalisation factors (blue) and up and down variations, where the respective post-fit normalisa-
tion factor is varied.
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Figure 13.6.: Jet multiplicity inclusive Hrt distributions without rescaling and reweighting (a) and with rescal-
ing and reweighting (b) for the single-lepton channel. The yields of all other MC contributions
are subtracted from the data yields in a per-bin fashion.
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Figure 13.8.: Hr distributions for the single-lepton channel ¢ + light and ¢ + >1c CRs before and after
reweighting. No post-fit normalisation factors are applied.

13.2 APPLICATION AND EFFECT IN THE ANALYSIS REGIONS

After the derivation of the reweighting, the respective factors can be applied, and their effect observed
in the analysis region. The non-reweighted and reweighted distributions of the ¢# 4 light and tZ + >1c¢
CRs are shown in Figure 13.8 for the single-lepton channel and in Figure 13.9 for the dilepton

channel.

While no significant change is observed for both channels, improvement can still be seen in the

lower Hrt bins. For the single-lepton ¢ + light CR, the first bins up to 400, GeV have a reduced
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(c): tt + >1c CR without reweighting
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Figure 13.9.: Hr distributions for the dilepton channel ¢Z + light and ¢ + >1¢ CRs before and after reweight-
ing. No post-fit normalisation factors are applied.

shape and are more aligned with the data. Similar improvements are observed for the ¢f + >1c¢ CR,

particularly for the first bins. Additionally, a

shift towards one is observed in the higher Ht regions

for the tf 4 light CR, suggesting an improvement due to the reweighting.

For the dilepton channel, similar observations can be made for the lower Ht bins for both CRs,

although much smaller than in the single-lepton channel. In the higher Hr region, the shape im-

provement is insignificant.
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13.3 CLOSURE TEST OF THE REWEIGHTING

In addition to the visible effect on the Hr distributions in the analysis regions, a closure test is per-
formed to evaluate the effect of the reweighting on other Hr-sensitive variables. For this purpose, the
reconstructed Higgs pr, p&, is chosen. Similar to what was shown before, the resulting distributions

for p4! for the tf + light and ¢f + >1c CRs are shown in Figure 13.10 for the single-lepton channel

and in Figure 13.11 for the dilepton channel.
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Figure 13.10.: p{l distributions for the single-lepton channel ¢f + light and ¢ + >1c¢ CRs before and after

reweighting. No post-fit normalisation factors are applied.
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Figure 13.11.: p{l distributions for the dilepton channel ¢t + light and ¢ + >1¢ control regions before and
after reweighting. No post-fit normalisation factors are applied.

For the single-lepton ¢ + light CR, a slight improvement is visible for the first bins, while a

worsening is observed in the higher pX bins. This can be explained by the missing post-fit normal-

isation factors. When looking at Figure 13.2 (b), a similar effect is visible when only applying the

reweighting but not the corresponding post-fit normalisation factors, which were used to derive the

reweighting. These factors are not applied here due to their re-derivation and application in the PLF.

However, due to this observation and the improvement of the shape shown in Figure 13.2 (d), the

reweighting has a beneficial impact on the shape of p4/. For the tf + >1c CR, the observed impact is

even greater, nearly completely removing the shape mis-modelling when applying the reweighting.
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For the dilepton channel, although the Hr distributions showed no significant improvement, the ef-
fect of the reweighting on p# is visible in both the ¢ + light and ¢f + >1c CRs. In both CRs, shape

mis-modelling is mitigated and nearly completely removed when applying the reweighting.

In total, the derived reweightings for ¢£ 4 light and ¢ + >1c seem to have a positive impact on
the Ht-sensitive variables, improving the observed mis-modelling and partly removing the resulting

slope.






ANALYSIS RESULTS

After introducing the general idea, strategy and methodology behind the tZH (H — bb) legacy ana-
lysis, two types of fits were performed. These fit types, already mentioned in Section 11.3, are
background-only and Asimov fits. Both fit types are performed blinded, due to the blinded status
of the t{H (H — bb) legacy analysis at the time of writing. The blinding threshold of the signal-
to-background ratio was set to 7.7 %, denoting that for the background-only fits, only bins with a

signal-to-background ratio below this value are considered.

In the following chapter, the results of the per-channel and combined Asimov and background-only

fits will be presented.

14.1 ASIMOV FITS

To assess the expected sensitivity and constraints on NPs, Asimov fits were conducted using the
complete statistical model, encompassing the signal, applied to an Asimov dataset. These fits in-
corporated all systematic uncertainties outlined in Section 11.4 as NPs. While various NPs were
considered, a pruning procedure was implemented. Any NPs with an impact below 0.5 % were
pruned and excluded from further consideration. This streamlined approach significantly decreased
the computational time needed for the fit to converge. Additionally, different smoothing methods are
applied to MC samples with low statistics in some regions to avoid large statistical fluctuations.

To estimate the expected uncertainties on the signal strength parameters and the resulting signific-
ances, two types of Asimov fits were performed. Inclusive fits, combining the signal strength POIs
of all STXS regions into one POI, 75, and STXS fits, where for each of the STXS regions, one

signal strength parameter is fitted.

Figure 14.1 shows the best-fit results for the different normalisation factors for all three fits!. While
both individual channels have higher uncertainties, the combined channel, as expected, yields the
smallest uncertainties on the normalisation factors, ranging from ~ 8 % for tZ 4 light up to ~ 14 %
for tf 4+ B processes. In comparison to the last analysis, which only used a free-floating normalisation
factor for ¢tf + >1b with an uncertainty of +0.08, 100 % normalisation uncertainty for tZ + >1c¢, and
+6 % cross-section uncertainty for ¢ 4 light, similar or smaller uncertainties for the normalisation

factors are expected, even when further dividing the ¢Z + >1b processes.

1 By construction, the best-fit value for Asimov fits is 1.
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Figure 14.1.: Best-fit results from Asimov fits for the free-floating normalisation factors. The three fits shown,
single-lepton (black), dilepton (red), and combined (black) show their respective result.
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Figure 14.2.: tf modelling NPs constraints for the different Asimov fits.
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Due to their dominant impact on the systematic uncertainty of the last analysis result, the fitted ¢#
modelling NPs and their constraints are depicted in Figure 14.2. No significant constraints are visible
for any of the Ht rewriting systematic variations, while larger constraints can be observed for the
different ¢¢ PS and FSR variations. For all ¢f sub-categories, the corresponding NPs are clearly more
constrained by the different fits than others.

In addition to these, further constraints can be observed for the £ + >1b renormalisation scale vari-
ation and different NLO matching systematics, denoted with "pthard gen". All other modelling-
related NPs show no significant constraints and are therefore depicted in Appendix A.5. A similar as-

sessment holds true for the instrumental or experimental NPs, which are also shown in Appendix A.S.

14.1.1 STXS Results

The expected uncertainties for the STXS signal strength POIs for the combined fit are visualised in
Figure 14.3.

For all STXS regions, the statistical uncertainties are dominant with respect to the systematic un-
certainties, which shows the improvement provided by the changes introduced for the legacy analysis
when comparing to the previous analysis results (Figure 11.3 (a)). For all systematic and total uncer-
tainties in the STXS regions, an improvement can be observed with respect to the previous analysis,
even with the split of the previous first STXS region (0 — 120 GeV) into two regions (STXS 1 and

2). The largest uncertainties are observed in the STXS 6 region, while the smallest uncertainties are
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Figure 14.3.: Best-fit signal strength POIs for the different STXS regions and the inclusive signal strength and
their expected uncertainties for the combined fit.
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Figure 14.4.: Ranking of the 20 NPs with the largest post-fit impact on pzy (STXS 3). The empty boxes
visualise the pre-fit, and the filled boxes the post-fit impact on p;z7 (STXS 3). While black dots
are used for NPs, red dots are employed for normalisation factors.

expected for the STXS 3 and 4 regions. The results for the per-channel fits are shown in Figure A.22.

To evaluate and examine the origins of the systematic uncertainties for each STXS region further,
the 20 NPs contributing the most to the overall systematic uncertainty are shown in Figure 14.4
for pizy (STXS 3) due to its lowest expected uncertainties. The so-called ranking plots for the
other signal strength parameters are depicted Figures A.23—-A.27. The rankings are calculated by
comparing the nominal best-fit value of the respective w to the result when fixing the NP to its best-

fit value 0, shifted by its pre-fit value Af. A similar procedure is done for the post-fit Af.

For w7 (STXS 3), the largest impacts stem from the different modelling systematics for the
signal process, followed by modelling systematics of different ¢Z + >1b processes. In addition to
modelling systematics, also experimental uncertainties are listed, like different b-tagging eigenvalue,

which originate from the b-tagging calibration, the normalisation factor for ¢ + light, Kz jign;, and
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multiple JER-related systematics. Furthermore, other modelling and experimental systematics are

listed, including the tWW diagram subtraction variation.

14.1.2 Inclusive Results

For the inclusive fits, the expected uncertainties for the inclusive signal strength ;77 for the com-
bined fit are visualised also in Figure 14.3. For the inclusive case, the systematic uncertainty is
dominant with respect to the statistical uncertainty. With an overall uncertainty of 4+0.26/ — 0.22
on 7 compared to the previous result of +0.36/ — 0.34, a clear improvement of the expected
uncertainty is achieved. Further, the expected significance compared the previous expected signific-

ance of 2.7 ¢ is drastically enhanced, yielding 5.5 o, which is above the 5 ¢ threshold for a discovery.

The 20 NPs contributing most to the overall systematic uncertainty on p,7z; are shown in Fig-
ure 14.5 to further examine the origins of the dominant systematic uncertainty.

In comparison to the systematic uncertainties of the previous version of this analysis, shown in
Figure 11.1, the previously dominant modelling uncertainties on ¢ + >1b are reduced and only
placed fourth and lower in the ranking. The now dominant uncertainties, placed first to third, are
signal modelling uncertainties, arising from cross-section and FSR variations. The listed instrumental
uncertainties are related mainly to b-tagging, including different eigenvalues 0 stemming from the
corresponding calibrations. Other modelling systematics with large post-fit impacts include tW
diagram subtraction, which is dominant in the higher STXS regions (see Figure A.27), and ISR
(tt + >1c¢ hdamp), FSR (¢t + >1c FSR), and PS (tf + >1c PS PH7) variations for the t£ + >1c

process.
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Figure 14.5.: Ranking of the 20 NPs with the largest post-fit impact on p;z7;. The empty boxes visualise the
pre-fit, and the filled boxes the post-fit impact on ;7. While black dots are used for NPs, red
dots are employed for normalisation factors.

14.2 BACKGROUND-ONLY FITS

Dedicated background-only fits are conducted to test and validate the background modelling in all
considered analysis regions. As only background contributions are considered and no signal strength
parameters are extracted, there is no need for a split in STXS or inclusive measurement.

Figure 14.6 shows the resulting normalisation factors for three different fits, including the two per-

channel fits, single-lepton and dilepton, and the combined fit.

Acceptable agreement between the different channels is observed for all normalisation factors, al-
though some high values emerge for the ¢Z + >1c normalisation, exceeding the expectations in the
single-lepton channel. Within the uncertainties, the ¢Z + >2b and ¢ + B normalisation factors are in
agreement with one, while the ¢t + >1c¢, tt + b, and ¢ + light normalisation factors deviate slightly.

Compared to the previous fully unblinded fit results, similar values for k7., are observed while for
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Figure 14.6.: Best-fit results from background-only fits for the free-floating normalisation factors. Three fits,
including single-lepton (black), dilepton (red) and combined (black) are shown with their respect-
ive results.
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Figure 14.7.: tT modelling NPs pulls for the different background-only fits.
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both k7, g and kyz > 9, smaller values are observed. Both values are in better agreement with one as
the previous results.

In Figure 14.7, the fitted ¢ modelling NPs and their pulls are depicted. The most concerning pulls
are observed for the different PS and FSR NPs, including ¢ + light FSR and ¢ + b dipole PS. Ad-
ditionally, the NLO matching systematic for ¢Z + >2b (tf + >2b pthard gen) is pulled in both the
single-lepton and combined fit, but not in the dilepton fit. These NPs are also ranked high in the
different ranking plots from the Asimov fits (Figures 14.4 and 14.5) and need to be studied in more
detail to fully understand the origin of the pulls.

In addition to the pulls, large constraints are observed also for the ¢ + light PS variation, which were
already observed in the Asimov fits and are currently under investigation.

For the Ht reweighting, pulls of up to 0.5 o are observed in both channels with no significant con-
straints. While for the dilepton Ht reweighting, both the individual fit and the combined fit are pulled
towards negative values, the single-lepton Ht reweightings are pulled in different directions, but with
no significant effect.

To validate the post-fit yields in each of the regions, the data/MC comparison is shown in Fig-
ure 14.8 for the single-lepton and dilepton channels.

Good post-fit agreement of the MC with the data is observed in both channels, with a slightly
worse post-fit agreement compared to the pre-fit agreement in the boosted regions.

In Figure 14.9, the fitted other process modelling NPs and their pulls are depicted. No significant
pulls or constraints are observed. However, for the fakes normalisation uncertainty, pulls of up to
—0.5 0 are observed. All other modelling-related NPs show no significant constraints or pulls and
are therefore depicted in Figures A.28 and A.29.

For the experimental NPs, the b-tagging related NPs are depicted in Figure 14.10.

For most NPs, no significant pull or constraint is visible except for the light-flavour jets eigenvalue
0 and c-jet eigenvalue 7. While for the light-flavour jets eigenvalue 0 both individual channels show
a slight pull with no significant constraints, the combined fit shows a large pull with a notable con-
straint. For the c-jet eigenvalue 7, similar holds true although no serious constraint is observed for
the combined fit. Both NPs are currently under investigation.

All other experimental NPs show no significant pulls or constraints and are depicted in Figures A.30—

A.33.
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Figure 14.8.: Background-only post-fit summary plot for both the single-lepton and dilepton channels showing
the overall MC and data yields in the different SRs and CRs. All regions with a data to MC ratio
of more than 7.7 % are blinded, indicated by the grey shaded area.
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Figure 14.9.: Other processes modelling NPs pulls for the different background-only fits.
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Figure 14.10.: b-tagging NPs pulls for the different background-only fits.
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SUMMARY

In this thesis, two main topics were presented: development of new heavy-flavour tagging algorithms
in ATLAS and the current status of the ATLAS tZH (H — bb) legacy analysis using the full Run 2
dataset of 140fb~! at \/s = 13 TeV.

The first topic was the identification of b-quark induced jets, b-tagging, relying on new and state-of-
the-art ML techniques. The previously recommended high-level ATLAS b-tagging algorithm DLIr,
using the low-level track-based algorithm RNNIP, was introduced and discussed. While the overall
performance gain of DL1r over its predecessor DL1, thanks to the addition RNNIP, was astonishing,
RNNIP was found to be not the optimal solution for a track-based b-tagging algorithm due to its
sequential processing of the given tracks. Therefore, RNNIP was replaced with the new DIPS al-
gorithm, which is based on the Deep Sets architecture and allows for parallel processing of the input
tracks. In addition to the overall impressive gains in computing time, the usage of the correlations
among different tracks and their features enabled DIPS to surpass RNNIP in terms of performance,
yielding unprecedented rejection rates for c and light-flavour jets. With the combination of DIPS and
the DL1 high-level architecture, the resulting new high-level tagger DL1d was able to achieve even
larger rejection rates, outperforming the previously recommended DL 1r algorithm clearly.

After the successful demonstration of the enhanced performance of DIPS and DL1d, the extension
of both algorithms was studied. Thanks to the modular structure and training of all b-tagging al-
gorithms, a simple redefinition of the output discriminant transforms the b-tagging algorithms into
c-tagging algorithms, which can be used in dedicated analyses focusing on c-jets in the final state.
Unfortunately, the newly transformed c-taggers suffer from large mis-identification efficiencies of
hadronically decaying 7-jets, which motivates the extension of the DIPS and DL1d to incorporate
T-jets in the training of the very same. First studies were performed with DIPS, showing an aston-
ishing improvement in 7-jets rejection capabilities while maintaining acceptable c and light-flavour
rejection rates. Furthermore, similar studies were performed with DL1d, also showing impressive
enhancements in the 7-jets rejection rate while maintaining acceptable ¢ and light-flavour rejection
rates. As a result of these studies, the upcoming state-of-the-art transformer-based tagger, GN2, will

be trained with the additional 7-jet class.

The second topic of this thesis was the search and measurement of the tfH(H — bb) process
using the full Run 2 data collected by the ATLAS experiment at /s = 13 TeV. Compared with an
earlier iteration of this analysis using this dataset, the t{H (H — bb) legacy analysis presented herein
incorporates a number of improvements in terms of ML-based classification and reconstruction of

events, as well as an improved modelling of the dominant ¢ 4+ >1b background processes. Further-
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more, updated object definitions and identification algorithms were used, namely the particle-flow
algorithm for jet reconstruction and the DL1r algorithm for b-jet identification. Thanks to these im-
provements and updates, the pre-selection of the analysis could be loosened, allowing more events
to be considered in the signal region.

While the previous analysis, owing to the stricter pre-selection, found the fake and non-prompt lepton
contributions to be negligible, with the change to a looser pre-selection, the fake estimation for the
single-lepton channel was revisited and a new estimation was derived. Two methods for estimation,
the matrix method and the fake factor method, were tested. While the matrix method is the standard
technique used within ATLAS, it suffers under certain object definition issues, leading to unstable
and negative estimates in different analysis regions. Therefore, it was decided to employ the fake
factor method, which is in general more stable against the object definition issue seen within the
matrix method.

Several tests for pre-fit background modelling were done, yielding a mis-modelling of the Ht distri-
butions for the ¢7 + jets processes. While a data-driven correction of the ¢ + >1b processes was not
achievable due to the similar final state with the signal process, correction factors were derived for
the tZ 4+ >1c and ¢ + light processes using dedicated orthogonal CRs. While the overall effect of the
reweighting on the Hr distributions is relatively small, positive effects in the shape of Hr-sensitive
variables, like p4!, were observed, improving the mis-modelling and partly removing the resulting
shape effect.

Due to the currently blinded status of the analysis, only background-only and Asimov profile-likelihood
fits were performed to estimate and examine the expected uncertainties on different parameters of in-
terest and the effect of various nuisance parameters. While a reasonable pre-fit and post-fit modelling
was observed for background-only fits, resulting in acceptable post-fit normalisation factors for the
main backgrounds, Asimov fits gave an estimate of the expected uncertainties and significances of
the measurement. For both the STXS and inclusive measurement, clear improvements in the expec-
ted uncertainties on the different parameters of interest were observed. Additionally, an expected
significance of the inclusive measurement was derived, yielding 5.5 o and therefore surpassing the
required 5 o threshold for a discovery. Although a high expected significance is observed, comparing
this results to the results of the previous analysis, which yielded an observed (expected) significance
of 1.0 0 (2.7 ), no clear conclusion can be drawn from this besides the fact that a lower observed
significance can be expected. Therefore, the here presented expected significance is no clear evid-
ence for a successful measurement of the tZH (H — bb) process.

With these fit results, the analysis is currently preparing for an unblinding request, which enables

unblinded fits to data, marking the final phase of the analysis and hinting at the upcoming results.



Part VI

APPENDICES






ADDITIONAL MATERIAL

A.l
GING

ADDITIONAL MATERIAL FOR THE INTRODUCTION TO HEAVY-FLAVOUR TAG-

Table A.1.: Input Variables to the DL1 and DL 1r high-level b-tagging algorithms. Adapted from [172].

Input Variable Description DL1 | DLIr
Kinematics pr Jetpr v v
n Jet 0| v v
log(py / Piight) IP2D and IP3D LH ratio of the b-jet to light-flavour jet hypotheses v v
IP2D, IP3D log(py/pc) IP2D and IP3D LH ratio of the b-jet to c-jet hypotheses v v
log(pe/ piight) IP2D and IP3D LH ratio of the c-jet to light-flavour jet hypotheses v v
Db b-jet probability v
RNNIP De c-jet probability v
PDlight Light-flavour jet probability v
m(SV) Invariant mass of tracks at the secondary vertex assuming pion mass v v
fe(SV) Jet energy fraction of the tracks associated with the secondary vertex v v
Nrarv(SV) Number of tracks used in the secondary vertex v v
SVI Notaevix (SV) Number of two-track vertex candidates v v
Lzy(SV) Transverse distance between the primary and secondary vertices v v
Lyzy2(SV) Distance between the primary and secondary vertices v v
Szyz(SV) Distance between the primary and secondary vertices divided by its v v
uncertainty
AR(Piet, Pox ) (SV) AR between the jet axis and the direction of the secondary vertex v v
relative to the primary vertex.
m(JF) Invariant mass of tracks from displaced vertices v v
fe(F) Jet energy fraction of the tracks associated with the displaced vertices v v
AR(Piet, Poix ) JF) AR between the jet axis and the vectorial sum of momenta of all v v
tracks attached to displaced vertices
JETFITTER Szy=(F) Significance of the average distance between PV and displaced ver- v v
tices
Nrkarvix JF) Number of tracks from multi-prong displaced vertices v v
Notkvix JF) Number of two-track vertex candidates (prior to decay chain fit) v v
N1tk vertices JF) Number of single-prong displaced vertices v N
N>2.uk vertices JF) Number of multi-prong displaced vertices v v
Lyy-(2™)(JF) Distance of 2" vertex from PV v v
Ly (2" (JF) Transverse displacement of the 2™ vertex v v
MTrk (Z"d)(JF) Invariant mass of tracks associated with the 2" vertex v v
JETFITTER (2YP VERTEX) E(2")(JF) Energy of the tracks associated with the 2" vertex v v
e (2")(JF) Jet energy fraction of the tracks associated with the 2" vertex v v
Nrkawvi (2" JF) Number of tracks associated with the 2" vertex v v
ntrfli"’ Max. 48 (ond)(JF) | Min., max. and avg. pseudorapidity of tracks at the 2" vertex v v

1 Non-trainable parameters are an effect from using Batch Normalisation in the network.
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Table A.2.: Hyperparameters of the DL1r tagger trained for Run 2. Adapted from Ref. [172].

Hyperparameter Value
Number of input variables 36
Number of hidden layers 8
Number of neurons per layer [256, 128, 60, 48, 36, 24, 12, 6]
LR 0.01
Batch size 15000
Activation function (hidden neurons) RelLU
Number of epochs trained 200
Free (trainable) parameters 57227
Fixed parameters! 1140
Total parameters 58367
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Figure A.1.: Distributions of the track variables for ¢ jets used in the training of DIPS.
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Figure A.2.: Distributions of the track variables for Z’ jets used in the training of DIPS.
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Figure A.3.: Input variable distributions for the DL1d tagger.
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Figure A.4.: Distributions of the track variables for ¢ jets used in the training of DIPS Tau.
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Figure A.5.: Pre-fit summary plot for the dilepton channel showing the overall MC and data yields in the

different SRs and CRs. All regions with a data to MC ratio of more than 7.7 % are blinded,
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Table A.3.: Pre-fit yields of the single-lepton channel SRs. The errors include all systematic uncertainties. No data yields are shown due to the blinded status of the analysis.

STXS 1 STXS 2 STXS 3 STXS 4 STXS 5 STXS 6 Boosted SR
ttH 153.215 4 24.982 160.846 =+ 26.559 197.264 £ 34.031 151.300 =+ 25.966 67.038 + 11.958 24.227 £+ 4.800 34.650 £ 6.589
tH 1.656 £ 0.306 2.050 £+ 0.277 3.521 £ 0.480 3.395 +£0.372 2.121 £ 0.313 0.637 £ 0.138 1.051 + 0.157
tt+b 194.886 + 53.977 190.188 + 53.161 232.827 +73.129 168.550 + 57.051 72.206 + 26.760 23.171 £ 8.508 15.537 £ 4.541
tt+ B 59.286 % 17.909 67.437 £22.111 94.241 £ 35.729 80.187 £ 27.693 42.596 + 18.001 20.040 £ 10.049 10.175 £ 3.449
tt+ >2b 908.455 + 80.873 | 905.224 + 93.412 1017.480 + 101.143 668.794 + 65.311 285.257 +41.651 95.779 £+ 22.319 107.481 + 8.275
tt+ >1c 117.658 £ 25.859 116.612 4 24.558 137.134 £+ 27.496 104.298 + 25.634 49.044 + 11.857 15.156 £ 7.400 12.156 + 3.900
tT + light 56.238 +21.613 60.860 £ 16.785 91.787 £+ 29.486 86.762 £ 25.770 41.860 + 14.297 15.744 £+ 14.422 4.351 +£4.130
Other ¢ 11.284 £+ 10.276 11.010 £ 11.236 14.443 £ 9.151 11.857 £ 11.395 7.253 £7.218 2.425 £0.710 2.216 £ 0.820
Single-t tW 17.637 £ 9.151 27.492 £+ 17.145 52.046 £ 28.293 44918 + 28.786 31.291 £ 22.547 15.084 + 13.996 5.271 £3.922
ttZ 38.834 £ 5.854 41.323 £ 6.523 56.283 £ 8.679 48.715 + 8.270 29.090 £ 6.575 7.226 £+ 1.159 6.942 £ 1.609
ttwW 3.222 4+ 0.620 4.516 £ 0.755 6.974 + 1.221 5.939 + 1.040 4.378 £ 0.706 2.779 £ 0.489 0.688 + 0.141
V+jets 21.908 + 9.467 26.626 = 11.172 47.517 £ 19.547 46.376 + 19.994 35.964 £+ 15.416 17.206 £ 7.634 5.909 + 2.641
Diboson 1.273 £ 0.776 2.527 £ 1.393 4.374 +2.293 4.659 £+ 2.701 3.085 &£ 1.615 1.352 £ 0.715 0.715 £ 0.369
titt 8.582 £2.563 11.638 + 3.461 18.383 4 5.464 14.613 4+ 4.352 8.061 £ 2.394 4.228 + 1.260 1.895 £ 0.569
Fakes 29.164 £ 15.066 29.308 + 15.886 27.078 £ 14.454 30.753 £ 16.780 22.197 £+ 14.604 0+0 7.895 £+ 5.149
Total 1623.3 +152.224 | 1657.66 £ 163.372 | 2001.35 & 202.764 1471.12 +148.386 | 701.44 4 80.890 | 245.055 4 39.796 | 216.931 &+ 18.434
Data 0 0 0 0 0 0 0
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Table A.5.: Pre-fit yields of the dilepton channel SRs. The errors include all systematic uncertainties. No data yields are shown due to the blinded status of the analysis.

STXS 1 STXS 2 STXS 3 STXS 4 STXS 5 STXS 6 Boosted STXS 5 | Boosted STXS 6
ttH 20.657 + 3.377 20.460 =+ 3.340 23.863 £ 3.991 20.201 £ 3.583 7.609 £ 1.399 1.608 + 0.391 10.074 £+ 1.759 3.024 £ 0.659
tH 0.074 + 0.036 0.249 £ 0.089 0.306 & 0.075 0.364 £ 0.055 0.307 £ 0.065 0.030 + 0.011 0.262 + 0.042 0.073 £ 0.025
tt+b 10.549 + 3.397 11.812 £+ 4.185 15.415 +5.926 12.239 4+ 3.023 5.537 4+ 3.268 1.124 + 0.591 4.202 + 2.050 0.849 + 0.469
tt+ B 3.371 £2.038 3.627 £ 2.439 4.342 £ 1.825 4.603 = 1.740 3.230 £ 1.449 1.568 £ 0.969 2.543 £+ 1.043 0.782 +0.611
tt+ >2b 86.238 £ 8.595 80.620 £ 7.477 85.706 £ 13.461 59.979 £ 4.036 20.393 4+ 2.893 3.073 £ 0.884 26.191 + 2.757 6.913 1+ 1.834
tt+>1c 7.044 £+ 1.894 7.324 £+ 1.547 9.673 +2.688 7.386 £+ 1.825 2.476 £+ 1.233 0.778 £+ 0.647 2.714 £ 1.513 0.627 + 0.337
tT + light 1.308 £ 0.745 0.964 £ 0.560 1.489 £+ 1.071 1.064 £ 0.554 0.503 £ 0.371 0.162 + 0.154 0.562 + 0.415 0.232 +0.230
Other ¢ 0.059 £+ 0.024 0.056 £ 0.043 0.279 £ 0.140 0.378 £0.171 0.104 £ 0.044 0.116 = 0.073 0.162 £ 0.069 0.193 £+ 0.081
Single-t tW 1.263 £ 0.809 3.245 £ 1.877 5.528 +£4.723 6.554 +4.377 2.909 +2.310 0.892 + 0.737 3.047 £ 2.655 1.604 £ 1.657
ttZ 4276 £ 0.723 4.963 + 0.768 6.476 + 1.068 7.225 +1.424 2.961 +0.739 0.403 £ 0.345 4.336 £ 0.795 1.456 + 0.398
ttwW 0.561 £ 0.198 0.964 + 0.201 1.588 + 0.251 1.745 £ 0.295 0.869 £ 0.150 0.438 +0.123 1.416 £ 0.322 1.050 £ 0.408
V+jets 2.232 +0.822 2.933 + 1.157 4.672 £ 1.804 5.570 £ 2.065 1.584 + 0.846 0.855 + 0.342 3.238 4 1.200 1.328 + 0.577
titt 1.391 4+ 0.421 1.773 +0.528 2.700 £ 0.801 2431 +£0.722 1.183 4+ 0.354 0.500 £ 0.153 1.418 +0.422 0.829 4 0.250
Fakes 3.994 £ 1.998 5.822 +2.913 8.001 £ 4.004 5.175 £ 2.589 3.585 £ 1.795 0.648 + 0.326 4.903 + 2.456 1.582 £+ 0.794
Total 143.019 4 12.451 | 144.812 £ 12.595 | 170.038 & 19.267 | 134.913 £ 10.985 | 53.249 £ 6.851 | 12.196 +£2.149 | 65.069 £ 6.557 20.543 £ 3.162
Data 0 0 0 0 0 0 0 0
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Table A.7.: Background-only post-fit yields of the single-lepton channel signal regions. The errors include all systematic uncertainties.

STXS 1 STXS 2 STXS 3 STXS 4 STXS 5 STXS 6 Boosted SR

ttH 0 0 0 0 0 0 0

tH 1.627 £ 0.274 2.053 4 0.241 3.650 £ 0.459 3.378 £ 0.347 2.159 + 0.292 0.647 +0.129 1.051 £ 0.149
tt+b 233.293 4+ 30.911 227.600 £ 31.753 281.873 £ 40.861 200.100 £ 32.619 75.584 + 15.991 26.067 £ 4.740 17.038 £ 3.543
tt+ B 73.310 + 21.923 78.879 4 25.236 116.655 & 41.192 95.874 £ 30.010 44.538 £ 16.295 20.374 + 8.583 11.500 + 3.829
tt+ >2b 924.487 + 51.250 899.864 + 53.132 1012.890 & 57.047 | 683.708 £46.616 | 297.678 £26.105 | 106.870 & 13.855 | 103.623 £ 6.304
tt+ >1c 174.592 + 26.191 169.618 £+ 17.513 204.831 4+ 30.385 154.454 + 19.239 74.847 + 12.204 19.633 4+ 5.926 19.148 + 4.078
tt + light 60.031 + 10.026 53.613 £7.515 85.037 £ 14.706 83.392 £ 11.275 40.775 + 6.807 16.509 + 6.320 6.708 £ 2.779
Other ¢ 14.666 £ 12.058 14.332 £+ 13.081 17.596 + 10.137 15.550 £ 13.397 9.816 £ 8.762 2.862 +£0.774 2.366 £ 0.763
Single-t tW 14.546 £+ 7.427 20.672 £ 11.990 42.992 +20.252 35.615 £20.374 25.128 £ 17.148 9.838 4 8.383 4.893 £ 3.569
ttZ 38.987 £ 5.625 41.769 + 6.094 56.289 + 8.156 48.832 + 7.979 28.651 £ 6.286 7.397 + 1.154 6.996 £ 1.557
ttW 3.402 £+ 0.597 4.644 + 0.720 7.158 + 1.161 6.148 + 1.016 4.501 + 0.700 2.843 +0.482 0.710 £ 0.129
V+jets 25.246 +9.671 29.849 £+ 10.980 50.991 + 18.297 50.637 £ 18.924 39.552 4+ 14.784 19.375 + 7.499 6.806 £ 2.635
Diboson 1.239 4+ 0.727 2.294 4+ 1.269 4.771 £+ 2.492 4.420 £ 2514 3.079 £ 1.607 1.413 4+ 0.750 0.737 £ 0.379
titt 8.720 £ 2.620 11.769 + 3.525 18.434 +5.517 14.797 4+ 4.431 8.159 £2.439 4.285 + 1.284 1.958 £ 0.589
Fakes 21.335 + 11.064 21.691 £ 11.803 19.969 + 10.706 22.799 £ 12.483 17.150 £ 11.138 0 6.077 £3.914
Total 1595.480 4= 41.544 | 1578.650 £ 40.416 | 1923.130 4= 44.046 | 1419.710 £ 31.762 | 671.620 =21.512 | 238.113 & 14.065 | 189.611 £ 9.108
Data 0 0 0 0 0 0 0
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Table A.9.: Background-only post-fit yields of the dilepton channel SRs. The errors include all systematic uncertainties.

STXS 1 STXS 2 STXS 3 STXS 4 STXS 5 STXS 6 Boosted STXS 5 | Boosted STXS 6
ttH 0 0 0 0 0 0 0 0
tH 0.070 £ 0.030 0.258 + 0.081 0.295 + 0.058 0.359 £+ 0.051 0.308 £ 0.056 0.032 + 0.010 0.263 + 0.039 0.065 + 0.019
tt+b 13.109 + 2.633 14.190 + 2.934 18.968 + 3.123 117.376 + 2.458 8.306 £ 3.762 0.894 + 0.272 6.613 £ 1.487 1.106 + 0.348
tt+ B 3.063 £ 1.680 4.520 4+ 2.651 5.782 £ 2.126 5.243 £ 1.571 3.660 £ 1.484 1.977 £ 0.982 2.859 £ 0.981 1.108 £ 0.663
tt+ >2b 83.251 £ 4.984 78.354 £+ 5.036 80.422 £5.789 | 559.062 +3.766 | 21.712 + 2.025 3.041 £0.472 24.985 4+ 2.083 7.636 + 1.596
tt+ >1c 10.396 + 1.565 10.689 + 1.649 14.153 £ 1.991 110.590 + 1.648 3.127 £ 0.883 0.859 £ 0.344 3.473 £0.861 0.906 £ 0.341
tT + light 1.580 £ 0.764 1.092 £ 0.458 1.094 £ 0.739 0.827 £ 0.373 0.453 +£0.278 0.046 £ 0.043 0.589 £+ 0.356 0.220 £ 0.185
Other ¢ 0.061 £ 0.024 0.058 £+ 0.037 0.286 + 0.136 0.384 £ 0.166 0.102 £+ 0.042 0.106 £ 0.064 0.174 £ 0.072 0.214 £+ 0.088
Single-t tW 1.012 £ 0.610 2.605 £ 1.361 3.873 £ 3.157 5.165 + 3.121 2.216 + 1.676 0.673 = 0.562 2.108 £ 1.704 0.987 £ 1.001
ttZ 4.329 £ 0.711 5.114 £ 0.772 6.265 £ 0.966 7.277 + 1.406 3.037 £ 0.727 0.403 £ 0.336 4.357 £ 0.754 1.447 + 0.384
ttW 0.582 + 0.204 1.009 + 0.201 1.687 + 0.258 1.821 £ 0.281 0.903 £ 0.149 0.458 +0.125 1.483 +0.328 1.101 £ 0.422
V+jets 2.341 £ 0.707 3.261 £ 1.069 5.347 £ 1.638 6.174 +1.884 1.904 + 0.868 1.003 + 0.338 3.583 £ 1.067 1.353 £0.491
(2574 1.408 £ 0.427 1.816 £ 0.544 2.723 £ 0.814 2.440 £+ 0.730 1.179 4+ 0.354 0.501 4+ 0.152 1.448 4+ 0.433 0.840 4 0.253
Fakes 3.453 £ 1.627 5.034 £2.372 6.918 £ 3.260 4.475 + 2.109 3.099 £ 1.461 0.560 4 0.264 4.239 4+ 1.998 1.368 £ 0.645
Total 124.656 +5.197 | 127.999 £5.013 | 147.812 £ 6.321 | 121.194 £4.254 | 50.007 +4.696 | 10.553 £ 1.322 | 56.173 42.932 18.350 + 1.963
Data 0 0 0 0 0 0 0 0
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Figure A.6.: Pre-fit expected signal contributions in the different STXS SRs in the dilepton channel. The differ-
ent t¢H process indices indicate the true STXS bin, determined based on the ﬁ%{ and Table 11.2.
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Figure A.7.: Pre-fit signal to background ratio in the different single-lepton SRs and CRs.
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Figure A.8.: Pre-fit signal to background ratio in the different dilepton SRs and CRs.
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Figure A.9.: Pre-fit single-lepton resolved SRs.
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Figure A.10.: Pre-fit single-lepton boosted SR and CR.
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Figure A.12.: Pre-fit dilepton resolved SRs.
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Figure A.14.: Pre-fit dilepton resolved CRs.
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Figure A.15.: Other processes modelling NPs pulls for the different Asimov fits.
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Figure A.16.: Signal process modelling NPs pulls for the different Asimov fits.
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Figure A.17.: tH process modelling NPs pulls for the different Asimov fits.
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Figure A.18.: Instrumental/Experimental NPs pulls for the different Asimov fits.
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Figure A.19.: b-tagging NPs pulls for the different Asimov fits.
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Figure A.20.: Jets related NPs pulls for the different Asimov fits.
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Figure A.21.: Leptons related NPs pulls for the different Asimov fits.
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Figure A.22.:

(a): Single-lepton fit
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Best-fit signal strength POIs for the different STXS regions and their expected uncertainties for
the different per-channel fits. For both fits, the first and last (1 and 6) STXS bins show the largest
uncertainties, while the expected uncertainties of the dilepton channel are larger compared to
the single-lepton channel. This is expected due to the difference in statistics between the single-

lepton and the dilepton channel.
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Figure A.23.: Ranking of the 20 NPs with the largest post-fit impact on g7y (STXS 1). The empty boxes
visualise the pre-fit, and the filled boxes the post-fit impact on p;z7 (STXS 1). While black dots

(6-6,)/08

are used for NPs, red dots are employed for normalisation factors.
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Figure A.24.: Ranking of the 20 NPs with the largest post-fit impact on p;zpr (STXS 2). The empty boxes
visualise the pre-fit, and the filled boxes the post-fit impact on 1,77y (STXS 2). While black dots
are used for NPs, red dots are employed for normalisation factors.
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Ranking of the 20 NPs with the largest post-fit impact on ;77 (STXS 4). The empty boxes
visualise the pre-fit, and the filled boxes the post-fit impact on p;z (STXS 4). While black dots

are used for NPs, red dots are employed for normalisation factors.
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Ranking of the 20 NPs with the largest post-fit impact on p;z7 (STXS 5). The empty boxes
visualise the pre-fit, and the filled boxes the post-fit impact on 1,77y (STXS 5). While black dots

are used for NPs, red dots are employed for normalisation factors.
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Figure A.27.: Ranking of the 20 NPs with the largest post-fit impact on p;zzy (STXS 6). The empty boxes
visualise the pre-fit, and the filled boxes the post-fit impact on p;77; (STXS 6). While black dots
are used for NPs, red dots are employed for normalisation factors.
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Figure A.29.: tH process modelling NPs pulls for the different background-only fits.
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Figure A.30.: Instrumental/Experimental NPs pulls for the different background-only fits.
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Figure A.31.: b-tagging NPs pulls for the different background-only fits.
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Figure A.32.: Jets related NPs pulls for the different background-only fits.
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Figure A.33.: Leptons related NPs pulls for the different background-only fits.
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Figure A.34.: Background-only post-fit single-lepton resolved SRs.
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Figure A.36.: Background-only post-fit single-lepton resolved CRs.
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Figure A.37.: Background-only post-fit dilepton resolved SRs.
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Figure A.38.: Background-only post-fit dilepton boosted SRs.
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Figure A.39.: Background-only post-fit dilepton resolved CRs.
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