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Abstract

This doctoral thesis explores two lines of work: (i) a search for heavy Higgs-like

resonances decaying via two / bosons to four leptons, and (ii) the development of a

novel algorithm for tagging muons in the ATLAS calorimeters.

The search concerns signatures of an extended Higgs sector motivated by exten-

sions to the Standard Model of particle physics that address the large discrepancy

between the gravitational and the electroweak energy scales known as the hierarchy

problem. A search for heavy // resonances decaying to ℓ+ℓ−ℓ ′+ℓ ′−, where ℓ stands

for either an electron or a muon, is conducted in the mass range between 200 and

2000 GeV using 139 fb
−1

of proton-proton collision data collected at a centre-of-mass

energy of

√
B = 13 TeV with the ATLAS detector during 2015–2018 data-taking at the

LHC. The search is performed separately in two analysis categories corresponding

to the resonance production mechanisms presumed to be dominant: the fusion

of two gluons (ggF) and the fusion of two vector bosons (VBF). A novel method

for categorising candidate events according to their production mechanism based

on deep learning is developed. It is validated in the context of the search in the

ℓ+ℓ−ℓ ′+ℓ ′− final state and is sensitive to high-mass signals with up to 40% higher

discovery significance compared to a previously employed, simpler categorisation

scheme. No significant excess in the four-lepton invariant mass distribution is found,

and upper limits on the production cross-section times branching fraction of a heavy

scalar are set. Using a combination of results with the ℓ+ℓ−��̄ analysis channel,

where � stands for a neutrino, the observed limits on the production cross-section

times branching fraction are between 215 fb at 240 GeV and 2.0 fb at 1900 GeV in

the ggF production mode, and between 87 fb at 255 GeV and 1.5 fb at 1800 GeV in

the VBF production mode. Upper limits on the production cross-section times

branching fraction of a spin-2 Randall-Sundrum graviton are set. Randall-Sundrum

gravitons are excluded up to a mass of 1830 GeV at 95% confidence level.
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The efficient identification of muons is central to the search in the ℓ+ℓ−ℓ ′+ℓ ′−

decay channel andmany other physics analyses. TheATLASdetector has a dedicated

instrument for muon identification: the muon spectrometer. There are, however,

regions of the detector where the muon spectrometer is only partially instrumented,

and therefore cannot be used to identify muons. A novel approach to tagging

muons in the ATLAS calorimeter called CaloMuonScore is developed based on

convolutional neural networks trained on calorimeter energy deposits. The method

is validated on simulation and its performance is assessed on data in a tag-and-

probe analysis. Compared to the previous approach to calorimeter-based muon

identification, CaloMuonScore identifies muons with up to 9% higher efficiency

while rejecting background coming predominantly from pi mesons up to 20 times

more effectively. The method is now commissioned within the central ATLAS

software repository for use in future physics analyses.
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Preface

Research efforts in experimental particle physics are typically conducted in large

international teams with many collaborators, and the results reported in this thesis

inevitably draw on the work of many individuals. Chapters 2 to 4 provide general

introductions to the theory of particle physics, high-energy physics experiments, as

well as machine learning, while Chapters 5 and 6 report onmy original contributions.

My contributions can be broadly categorised into three areas: a physics analysis,

performance work related to muons, as well as a hardware-based study for the

ATLAS inner tracker upgrade. Specific contributions are highlighted below.

Physics analysis: Search for heavy � → //→ ℓ+ℓ−ℓ ′+ℓ ′− resonances

I was a core member of an analysis team searching for heavy resonances beyond the

Standard Model decaying via two / bosons to the ℓ+ℓ−ℓ ′+ℓ ′− final state. The search

is the subject of Chapter 5. My specific contributions were:

• The development of an event classifier based on deep learning designed to

discriminate VBF- and ggF-produced signal events from background arising

from Standard Model processes. I designed, optimised, and trained the

machine-learning algorithm, integrated it into the analysis workflow, and

validated the approach on simulated Higgs signal and Standard Model Monte

Carlo samples.

• Validation of the previous event-classification cuts. I ran a study to investigate

the optimal working point for the legacy cut-based approach to event categor-

isation, in which simple cuts were placed on two kinematic event variables.

This contribution is not part of this thesis.

• Comparison between data and simulation. I validated the simulation samples

used by the analysis group by comparing kinematic variables among different
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Monte Carlo simulation campaigns, as well as between simulation and data

in a control region where no signal was expected (at masses below 200 GeV).

This contribution is not part of this thesis.

• Preliminary signal-modelling studies of radion invariant-mass distributions in

preparation for a planned ATLAS paper combining several resonance searches.

This contribution is not part of this thesis.

During my time in the � → //→ ℓ+ℓ−ℓ ′+ℓ ′− analysis team, the group wrote an

internal note of which I was a co-author (Reference [1]), published one conference

paper (Reference [2]), and one journal paper (Reference [3]).

Physics performance: Tagging muons in the ATLAS calorimeter

The muon software/performance work presented in Chapter 6 is entirely my own. I

developed a tagging algorithm for the ATLAS calorimeter that extrapolates particle

tracks from the inner detector into the muon spectrometer, forms three-dimensional

representations of energy deposits in the calorimeter, and runs a convolutional

neural network on these energy deposit patterns in order to assign a likelihood

score corresponding to whether the particle is a muon or not. I developed the

algorithm, validated it on data, and commissioned it within the ATLAS software

framework, making it available for all physics analyses. The algorithm known

as CaloMuonScore is now a core component of the main ATLAS software project

Athena Release 22 (released in November 2020), and will be available for use in

legacy Run-2 analyses and all analyses from Run 3 onwards.

Hardware: High-statistics irradiations of the ABC130 chip for the ATLAS ITk

I led irradiation damage studies of the read-out chips to be used in the Phase-II

upgrade of the ATLAS Inner Tracker (ITk) for the High-Luminosity era of the LHC

beginning in 2024. The chips called ABC130 exhibit leakage-current effects that

are correlated with the total ionising dose received. These vary greatly between

wafer production batches delivered by the silicon foundry, among individual wafers

in a batch, and among different chip locations within one wafer. Specifically,

I conducted X-ray irradiations of a large number of ABC130 chips in order to

quantify the batch-by-batch, wafer-by-wafer, and chip-by-chip variations of the

total ionising dose effects. The work was performed at the Rutherford Appleton

Laboratory in the UK as part of my ATLAS authorship qualification task from
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October 2017 until June 2018. This thesis does not report on the methods and

results of these high-statistics irradiations. I presented public results of this work

at the 2018 Topical Workshop on Electronics for Particle Physics, and published the

accompanying conference proceedings in Reference [4].
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Chapter 1
Introduction

High-energy scattering experiments are one of the most fundamental ways of

probing nature at small scales. Historically, through many generations of scattering

experiments combined with decades of theoretical progress, a theory of elementary

particles and their interactions through force mediators has been devised, known as

the Standard Model (SM) of particle physics. Among the many machines dedicated

to the study of the SM through the scattering of elementary particles, the Large

Hadron Collider (LHC) at CERN near Geneva, Switzerland, is the one that has

achievedc the highest energies and collision rates to date. Designed to measure the

properties of the SM and to look for new phenomena, two experiments located at

the LHC achieved a significant milestone by observing the Higgs boson, the last

missing particle predicted by the SM almost half a century earlier.

The SM predicts all phenomena observed in scattering experiments with excep-

tional accuracy and precision, yet it presents several theoretical shortcomings and

does not account for many phenomena observed outside scattering laboratories.

Among these, two of the most notable ones are the question of why the energy

scales between the weak force and gravity differ so greatly—the weak force is some

24 orders of magnitude stronger than the gravitational force—and the lack of an

explanation for a form of matter known as dark matter, which is at least five times

more abundant in our universe than baryonic matter.

After the discovery of the SM Higgs boson in 2012 by the CMS and ATLAS

collaborations at the LHC [5, 6], the physics programme of the LHC experiments

has focused on (i) measuring the parameters of the SM with greater precision in

order to find discrepancies between theoretical prediction and measurement that

could be explained by theories beyond the StandardModel (BSM), and (ii) searching

directly for signatures of phenomena not explained by the SM such as new particles

1
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or force carriers. Essential to both of these avenues are reliable experiments that

can observe and study the collisions of elementary particles at high energies and

identify the decay products of the scattering processes reliably.

This thesis addresses both lines ofwork and is structured as follows: A theoretical

introduction to the SM of particle physics is given in Chapter 2, with emphasis on

the Higgs mechanism and phenomena beyond the SM that are the subject of this

work. Chapter 3 gives an overview of the experimental apparatus used throughout

this thesis: the ATLAS detector at the LHC. Both original contributions presented in

this thesis use several techniques from the field of machine learning, and Chapter 4

provides an introduction to the mathematical basis underlying the specific methods

used in this work.

Chapter 5 presents a search for heavy BSM resonances decaying via two /

bosons to ℓ+ℓ−ℓ ′+ℓ ′− using 139 fb
−1

of proton-proton collision data collected with

the ATLAS detector during Run 2 of the Large Hadron Collider in 2015–2018. The

main target of the search is a heavy spin-0 resonance similar to the SM Higgs

boson, and it is assumed that the main production mechanisms of the resonance

are the fusion of two gluons as well as the fusion of two, or / bosons. Unlike in

the case of the SM Higgs boson, however, the search does not make assumptions

as to a specific BSM scenario that could give rise to the spin-0 resonance, and

therefore the ratio of the two production mechanisms is presumed to be unknown.

As a result, the search is conducted separately in the two production categories

presumed to be dominant. The chapter gives particular focus to the development,

optimisation, and performance of a novel event-categorisation algorithm based

on deep learning designed to classify potential signal events according to their

production mechanism.

The focus of Chapter 6 ismuons and their identification in theATLAS calorimeter.

While ATLAS is equipped with a dedicated muon spectrometer, this system has

lower acceptance in the central region of the ATLAS detector. Here, muons

are frequently identified on the basis of particle tracks in the innermost layer

of the ATLAS detector in combination with energy deposits in the surrounding

electromagnetic and hadronic calorimeters. Historically, ATLAS has approached

muon identification in the calorimeter by examining the energy deposits left by

candidate tracks in the following way: If the sum of a track’s energy deposits lies

above a noise threshold and is low enough to be consistent with a minimum ionising

particle, it is likely to be amuon. In this chapter, a newmethod for identifyingmuons

in the ATLAS electromagnetic and hadronic calorimeters called CaloMuonScore is
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developed based on convolutional neural networks trained on calorimeter images.

The chapter focuses on the development of this new method, the determination of

its performance compared to the previous method, and a validation of the approach

performed on simulated events as well as recorded collision data.

Finally, Chapter 7 presents concluding remarks.



Chapter 2
Theoretical Motivation

This chapter introduces the Standard Model of particle physics, describing the

interaction of matter through three of the four known fundamental forces. The

limitations of the SM are highlighted, and a brief overview of efforts to search for

physics beyond the SM is given. While the spectrum of searches for BSM physics is

vast, emphasis will be given to searches for signatures of an extended Higgs sector.

4



2.1. THE STANDARDMODEL OF PARTICLE PHYSICS 5

2.1 The Standard Model of particle physics

The SM of particle physics [7, 8, 9] is a quantum field theory (QFT) that classifies

all known elementary particles as well as the interactions between them through

three fundamental forces of nature. The three forces accounted for in SM are the

electromagnetic force, the weak nuclear force, and the strong nuclear force. The SM

does not provide a description of gravity.

The SM of particle physics is an extension of quantum electrodynamics (QED).

While QED postulates gauge invariance for the EM fields, the SM extends the

concept of gauge invariance to the remaining fields. In the SM, the universe is

described by a set of quantum fields, the excitations of which manifest themselves

as physical particles.

The dynamics of the SM are fully characterised by a quantity called the Lagrangian
density, ℒ. The theory of the SM should be independent of the reference frame in

which it is considered and consequentlyℒ must be a Lorentz-invariant scalar.

In the Lagrangian formalism of classical field theory, the dynamics of a system

are fully described by the action, which is given by

( =

∫
34G ℒ[)(G), %�)(G)], (2.1)

where ℒ[)(G), %�)(G)] indicates that the Lagrangian density is a functional of a

field and its covariant derivatives. Assuming the principle of stationary action,

which states that the path taken by a system is such that its action is stationary, and

varying the field according to )→ ) + �), it can be shown thatℒ must obey the

following Euler-Lagrange equation, which serves as the equation of motion for the

field )(G):

%ℒ

%)(G) − %�
%ℒ

%(%�)(G))
= 0. (2.2)

2.1.1 Scattering theory

Transition rates in quantummechanics are computed using Fermi’s golden rule [10].

It relates the transition rates between two states, Γ, to the matrix element,ℳ, of the

process, i.e. [11]

Γ ∼ |ℳ|2. (2.3)
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States in QFT are commonly expressed in the Heisenberg picture, in which the

evolution of states is contained in the operator. In the case of collider experiments,

the momentum eigenstates evolve over the time interval C ∈ [−∞,+∞], and the

time-evolution operator is called the (-matrix. It contains full information about

how the initial state, |Φ8〉, and the final state, |Φ 5 〉, evolve in time. Therefore in the

(-matrix approach, states evolve according to

〈Φ 5 | ( | Φ8〉. (2.4)

The (-matrix assumes that the states in the distant past at C = −∞ and in the distant

future at C = ∞ are free states, that is, they do not experience any interactions [11].

While the (-matrix contains all phenomena of interest in high-energy physics, it

cannot be probed directly. Instead, high-energy experiments prepare known initial

states |Φ8〉, and measure final states |Φ 5 〉, and infer from knowledge of these two

states properties about the (-matrix. The matrix element,ℳ, of Equation (2.3) is

closely related to the (-matrix, in that it comprises the part of the (-matrix that is

physically realisable where initial-state and final-state momenta are equal, and it is

therefore sufficient to measureℳ experimentally.

The following section shows how known initial states and measurable final

states relate to the (-matrix via quantities that can be measured in an experiment:

cross-sections and decay rates.

2.1.2 Relating the scattering matrix to observables

The differential cross-section of a process in a collision experiment, measured in

units of area, is given by [11]

3� =
1

� × � 3%, (2.5)

where 3% is the differential scattering probability, � is the time over which the

experiment is conducted, and � is the flux of the incident beam, i.e. the particle

number density of the beam times the velocity of the beam. 3� and 3% are differential

in the final-state properties measurable by experiment, such as the scattering angles

and energies of the final-state particles. The differential cross-section is related to

the number of scattered events measured in a collision experiment per unit time,

3 ¤# , according to [11]

3 ¤# = ℒ3�, (2.6)
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where ℒ is the instantaneous luminosity of the collider.
In all collision experiments that can be practicably measured, one is constrained

to two initial states with four-momenta ?8 = (�8 , �8<8vi) with 8 = 1, 2, and an

arbitrary number of final-state particles with index 9 = 1, . . . , =. Here, �8 are the

initial states’ energies, �8 are their Lorentz factors, <8 are their masses, and v8 are

their velocities. Instead of the full (-matrix, it is sufficient to consider only the

matrix elementℳ, and what one measures experimentally is the matrix element

squared, i.e. |ℳ|2 = |〈Φ 5 |ℳ|Φ8〉|2. The differential cross-section is related to the

matrix element squared via

3� =
1

4�1�2 |v1 − v2 |
|ℳ|23Π, (2.7)

where 3Π is the phase space over final-state particles 9 = 1, . . . , =.

2.1.3 Gauge invariance

Inherent to the internal structure of the SM are symmetries. Noether’s theorem [12]

states that if a Lagrangian has a continuous symmetry, then there exists a conserved

current associated with that symmetry under the equations of motion [11]. The SM

is a non-Abelian1 gauge field theory, i.e. a gauge-invariant or gauge-symmetric field
theory in which the transformation of a field to another, called a gauge transformation,
does not result in a change in any measurable quantity.

The SM is based on the gauge group SU(3)QCD×SU(2)weak×U(1). , which defines

all fundamental interactions of leptons and quarks. The group SU(2)weak ×U(1).
describes the electroweak (EW) theory, which, at a scale of E = 246 GeV, the

vacuum expectation value of the Higgs field, breaks down spontaneously to U(1)EM

(Section 2.1.5) [11]. The electroweak theory is also known as Glashow-Salam-

Weinberg (GSW) theory, named after its discoverers [7, 8, 13]. The gauge group

SU(3)QCD describes quantum chromodynamics (QCD), which is the theory of strong

interactions. The group has eight generators, corresponding to the eight colour

charges of QCD.

2.1.4 Particle content of the SM

The SM describes two types of particles: those with integer spin, called bosons,
which obey Bose-Einstein statistics, and those with half-integer spin, called fermions,

1Non-Abelianmeans that the generators of a gauge group do not commute with each other, i.e.

among the group there exists at least one pair of elements 0, 1 such that 0 ∗ 1 ≠ 1 ∗ 0.
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obeying Fermi-Dirac statistics. All known matter particles, i.e. quarks and leptons,

are fermions, whereas all force carriers are bosons. There exist three copies of

each fermion, different from each other only in mass. By ordering the three copies

of quarks and charged leptons, along with each lepton’s corresponding neutrino,

according to their mass one obtains the three generations of fermions. There are four

spin-1 bosons, known as gauge bosons, which are the carriers of the fundamental

forces: one of the electromagnetic, two of the weak, and one of the strong force. The

fifth boson is a scalar particle known as the Higgs boson, and is responsible for a

mechanism through which the remaining gauge bosons (except for the photon) and

the charged fermions acquire mass (see Section 2.1.5).

Leptons carry electric charge as well as weak hypercharge, and therefore interact

through the electromagnetic and weak forces. Neutrinos, on the other hand, do

not carry electric charge, and as a result only couple to the weak force through

their weak hypercharge. Similarly, quarks interact through the electromagnetic and

weak forces through their electric charge and weak hypercharge, and, in addition,

interact strongly due to their colour charge. The so-called up-type quarks (D, 2, C)
have electric charges of 2/3, while the down-type quarks (3, B, 1) have charges of −1/3.
The gluon is the mediator of the strong force, and it is massless. As the mediator

of electromagnetic interactions, the photon is also massless, while the weak force

carriers,,+,,−, and / are massive, as is the Higgs boson. The particles of the SM

are summarised in Figure 2.1.

The gravitational force is not part of the SM of particle physics. However,

a hypothetical massless spin-2 particle called graviton has been postulated to be

the mediator of the gravitational force, despite theoretical challenges of finding a

consistent way of describing a graviton within QFT.

The total number of free parameters in the SM is 25: six lepton masses, six

quark masses, three angles and one phase of the Cabibbo–Kobayashi–Maskawa

(CKM)matrix [15] determining the degree of �% violation2 in the quark sector, three

angles and a complex phase in the Pontecorvo–Maki–Nakagawa–Sakata (PMNS)

matrix [16] determining the degree of neutrino mixing and �% violation in the

neutrino sector, three gauge couplings, the Higgs vacuum expectation value, as

well as the Higgs mass. In principle, there is a 26
th

parameter that specifies the

degree of CP violation in strong interactions, which has so far been found to be

2�% violation is the violation of �% invariance. �% describes the simultaneous transformation of

one field through charge conjugation and parity transformation. A field is said to be invariant under

�% if a �% transformation leaves all observables unchanged.



2.1. THE STANDARDMODEL OF PARTICLE PHYSICS 9
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Figure 2.1: The Standard Model of particle physics. Shown are the twelve fermions

(quarks and leptons), the four gauge bosons (red), as well as the Higgs boson

(yellow). The fermions are ordered column-wise into the three generations of matter.

Indicated for a each particle are its mass, its electric charge in units of the elementary

charge, and its spin in units of ℏ. Figure adapted from Reference [14].



2.1. THE STANDARDMODEL OF PARTICLE PHYSICS 10

zero experimentally [17]. Determination of these 25 (26) parameters characterises

the SM completely. The predictive power of the SM is illustrated in Figure 2.2,

which shows the theoretically predicted and experimentally determined production

cross-sections of different processes as measured by the ATLAS experiment at the

LHC.

2.1.5 The Brout-Englert-Higgs mechanism

In order to generate massive gauge bosons, a mechanism is needed to break down

the local gauge symmetry SU(2)weak × U(1). . Known as the Brout-Englert-Higgs
(BEH) mechanism, it was discovered in 1964, independently by Brout and Englert [19],

Higgs [20], as well as Kibble et al. [21]. Unless stated otherwise, the following

derivation follows those given in References [11] and [17].

The symmetry breakdown can be generated in the following way: Consider a

complex doublet under SU(2), namely

) =
1√
2

(
)+

)0

)
=

1√
2

(
)1 + 8)2

)3 + 8)4

)
, (2.8)

which is described by the Lagrangian

ℒHiggs = (��))†(��)) −+()), (2.9)

where

+()) = �2)†) + �()†))2. (2.10)

Here, � is the mass of the complex scalar field, and � describes the self-interactions

of the two complex doublets. �� describes the covariant derivative that ensures

invariance under a local SU(2)weak ×U(1). gauge transformation, i.e.

�� = %� +
8

2

6, ®� · ®,� + 8 6′.��, (2.11)

where 6, is the weak coupling constant, and 6′ is the coupling strength of the gauge

field �� to the weak hypercharge, .. ®,� and �� are the SU(2)weak and U(1). gauge

bosons. � are the generators of the SU(2)weak gauge symmetry group, i.e. the Pauli

matrices. For the potential + to have a finite minimum, it is required that � > 0.

Finding a minimum of the Higgs potential (Equation (2.10)) by setting
%+

%()†)) = 0

yields two cases depending on the value of �2
. If �2 > 0, the potential has a single
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minimum at ) = 0. In this case, +()) describes a complex doublet with mass � and

self-interactions proportional to �. If, on the other hand, �2 < 0, + has infinitely

many non-zero minima, namely

)†) =
−�2

2�
=
E2

2

, (2.12)

where

E = ±
√

�2/� (2.13)

denotes the Higgs field’s vacuum expectation value. The shape of the Higgs potential,

including its degenerate minima, is illustrated in Figure 2.3. The choice of a vacuum

state away from the unstable minimum at )†) = 0 is known as electroweak symmetry
breaking (EWSB).

Figure 2.3: The Higgs potential+()) for �2 < 0. The degenerate minima are located

at |) |2 = −�2/2�. The vertical axis shows the Higgs potential, +()), as a function of

the real (Re())) and imaginary (Im())) components of ). Figure reproduced from

Reference [22].

Among the infinitely many field configurations of the complex doublet, we

choose )+ = 0 and )0 = E such that the field configuration that minimises + is

given by

〈0|) |0〉 = 1√
2

(
0

E

)
. (2.14)
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Now, consider small perturbations around theminimumvalue of theHiggs potential

+ , i.e. around its vacuum expectation value ∼ (0, E). The two components of the

doublet are perturbed according to

)+ =
1√
2

()1 + 8)2) (2.15)

and

)0 =
1√
2

(E + � + 8)4). (2.16)

By making an appropriate gauge transformation known as the unitary gauge trans-
formation, the Higgs doublet can be rewritten as

)(G) = 1√
2

(
0

E + ℎ(G)

)
, (2.17)

where ℎ(G) ≡ �(G) is identified as the Higgs field. Note that E + ℎ(G) is entirely real.

Returning toℒHiggs of Equation (2.9) and applying the covariant derivatives, ��
,

to Equation (2.17), it becomes evident how the gauge-boson masses are acquired.

We have

(��))†(��)) =
1

2

(%�ℎ)(%�ℎ) +
1

8

62

,

(
,
(1)
� + 8, (2)�

) (
, (1)� − 8, (2)�

)
(E + ℎ)2 +

1

8

(
6,,

(3)
� − 8 6′��

) (
6,,

(3)� − 8 6′��
)
(E + ℎ)2, (2.18)

where the charged vector bosons,±� are identified as

,±� =
1√
2

(
,
(1)
� ∓ 8, (2)�

)
. (2.19)

The masses of the gauge bosons appear in the terms that are quadratic in the, and

� fields. The terms proportional to,
(1)
� , (1)� and,

(2)
� , (2)� appear with factors

1

2
(1

2
6,E)2, and therefore the mass of the, bosons is

<,± =
1

2

6,E. (2.20)

The third massive gauge boson is given by

/� =
1√

62

,
+ 6′2

(
6,,

(3)
� − 6′��

)
, (2.21)
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with mass

</ =
1

2

E

√
62

,
+ 6′2. (2.22)

Lastly, the photon is identified as

�� =
1√

62

,
+ 6′2

(
6′, (3)� + 6,��

)
(2.23)

with mass

<� = 0. (2.24)

The fields corresponding to the physical gauge bosons, including three massive

ones, are therefore linear superpositions of the massless bosons that emerged from

the imposed SU(2)weak×U(1). gauge symmetry. After EWSB, the photon is identified

as the massless gauge boson of electromagnetism, preserving gauge invariance

under *(1)EM. The ratio of the heavy-gauge-boson masses, <,/</ = cos�, ,

has been experimentally verified, providing compelling evidence for the BEH

mechanism. By using measured values for <, and 6, , the vacuum expectation

value of the Higgs field is predicted to be

E = 246 GeV, (2.25)

which, together with the recently measured values of the Higgs boson mass of

<� ≈ 125 GeV, allows determination of the parameter � quantifying the triple

and quartic Higgs self-couplings. In addition to the gauge-boson masses, the BEH

mechanism is also responsible for generating fermion masses through a Yukawa

interaction [8], in which the coupling strength between the Higgs boson and the

fermions is proportional to the fermion masses. The details of this mechanism are

omitted here for brevity and may be found in References [11] and [17]. .

2.1.6 Discovery of the Higgs boson

A high-energy proton-proton (??) collider such as the Large Hadron Collider, which

operates at a centre-of-mass energy of up to 14 TeV and which is the subject of

Chapter 3, is sensitive to all four Higgs production mechanisms: the fusion of

two gluons (ggF, sometimes referred to as ?? → �), vector boson fusion (VBF,

sometimes referred to as ?? → @@�), the associated production of a Higgs with a
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vector boson (‘Higgs-strahlung’, or ?? →,�//�), and the associated production

of a Higgs with a pair of top quarks (ttH, or ?? → CC̄�) (c.f. Figure 2.4). The

SM Higgs boson production cross-sections and branching fractions are illustrated

in Figure 2.5. The 125-GeV Higgs boson’s branching fractions are illustrated in

Table 2.1.

Figure 2.4: Feynman diagrams of the production of a SM Higgs boson through (a)

gluon-gluon fusion, (b) vector-boson fusion, (c) associated production with a vector

boson, and (d) associated production with a pair of top quarks. Figure reproduced

from Reference [23].

Decay channel Branching fraction Rel. uncertainty

� → �� 2.27 × 10
−3 ±2.1%

� → // 2.62 × 10
−2 ±1.5%

� →,+,− 2.14 × 10
−1 ±1.5%

� → �+�− 6.27 × 10
−2 ±1.6%

� → 11̄ 5.82 × 10
−1 +1.2%

−1.3%

� → 22̄ 2.89 × 10
−2 +5.5%

−2.0%

� → /� 1.53 × 10
−3 ±5.8%

� → �+�− 2.18 × 10
−4 ±1.7%

Table 2.1: Branching fractions and relative uncertainties of the 125-GeV SM Higgs

boson. Table adapted from Reference [26].

Using LHC ?? collision data recorded at

√
B = 7 and 8 TeV in 2011 and 2012,

the CMS and ATLAS collaborations independently observed a new boson with

a mass of <� ≈ 125 GeV that is fully compatible with the SM Higgs boson. The

primary production process involved in the discoveries was ggF, with the Higgs
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Figure 2.5: (a) Standard Model Higgs production cross-section at

√
B = 14 TeV, and

(b) branching fractions as a function of Higgs mass. The ggF and VBF production

cross-sections are the two uppermost lines in plot (a), labelled ‘?? → �’ and

‘?? → @@�’. Both quantities are shown as a function of the Higgs boson mass, <� .

The uncertainty bands represent one standard deviation. Figures reproduced from

References [24] and [25].

decaying further into // → ℓ+ℓ−ℓ ′+ℓ ′−, ��, and,+,− → ℓ+ℓ−��̄. While having

rather low branching fractions at the observed value of <� , as shown in Figure 2.5b,

the ℓ+ℓ−ℓ ′+ℓ ′− and �� final states showed the highest sensitivity due to very

clean detector signatures and backgrounds from other SM processes that are well

understood. In a process called triggering (c.f. Section 3.2.6), particle detectors

rapidly decide which events among a large number of them that occur nearly

simultaneously in a single ?? bunch crossing could be of interest and should

therefore be recorded. The �� and // → ℓ+ℓ−ℓ ′+ℓ ′− final states have the added

advantage of being easy to trigger on due to their clear 4/� signatures in the

calorimeter, as well as their � signals in the muon system. Combining all three decay

channels, the CMS collaboration observed the Higgs boson with a local significance

of 5.0 �, while ATLAS measured a local significance of 5.9 �.

2.1.7 Limitations of the Standard Model

A number of phenomena are not explained by the SM, motivating searches for

physics beyond the SM. A brief overview of the main phenomena is given, with a

dedicated section on searches for an extendedHiggs sector presented in Section 2.2.1.
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• Dark matter. It is known from cosmological observations that there must

exist a form of matter that does not interact electromagnetically, and which is

five times more abundant than ordinary (baryonic) matter, called dark matter.
Direct evidence for dark matter comes from studying the rotational velocities

of stars around their galactic centres. For a star outside the centre of the

galaxy, that is, in the absence of matter, its rotational velocity around the

galactic centre should be predicted by classical mechanics in a Newtonian

gravitational field. If the distance from the galactic centre of a star is A, its

velocity should decrease like 1/
√
A, which is not what is observed. Instead,

astronomical observations indicate that the mass distribution of the galaxy

cannot be concentrated in the galactic centre, but is distributed roughly like

"(A) ∼ A [17].

• Dark energy. The SM of particle physics does not account for dark energy.

Experimental surveys of the cosmic microwave background (CMB) have

provided strong evidence for the cosmological standard model referred to as

the ΛCDMmodel. In the ΛCDMmodel, only 5% of the total energy density

of the universe is provided by baryonic matter. 23% consist of dark matter,

and the majority of it, 72%, consists of dark energy. In this model, dark energy

is associated with a non-zero cosmological constant in General Relativity, and

is therefore thought to be linked to the expansion of the universe [17].

• Baryon asymmetry. The universe is evidently made up mostly of matter,

yet the SM predicts that matter and antimatter should have been created in

equal amounts. In order to generate the apparent relative ubiquity of baryons

over antibaryons observed today from the CMB, there must have existed

10
9 + 1 bayons for every 10

9
antibaryons in the early universe [17]. Matter-

antimatter annihilation between them would then yield 10
9
photons and one

leftover baryon. The SM provides a mechanism for �% violation, which is one

of the Sakharov conditions [27] necessary to generate a baryon asymmetry.

Experimental evidence of �% violation in the quark sector—gathered by the

BaBar detector [28] at SLAC, the Belle experiment [29] at KEK, and the LHCb

Collaboration [30] at CERN—only accounts for a small fraction of the observed

matter-antimatter asymmetry.

• Neutrinomasses and oscillations. In the SM, neutrinos aremassless particles,

yet neutrino oscillation experiments have shown that neutrinos have mass [31,
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32]. One possible explanation is that neutrinos are Majorana particles, that

is, they are their own antiparticles. The Majorana nature of neutrinos can be

experimentally tested through neutrinoless double beta decay, which has to

date not been observed, and puts strong constraints on the neutrino masses of

O(1) eV [33].

Several additional theoretical limitations suggest that the SMcannot be a complete

theory. Perhaps the most striking one of these is that the SM does not include the

gravitational force, nor does it explain why gravity is 38 orders of magnitude weaker

than the strong force. Further, a theoretical tension known as the hierarchy problem
highlights that the BEH mechanism responsible for mass generation requires that

the Higgs scalar field have a mass of O(100) GeV in order to give the observed

values of the massive weak gauge bosons. The mass term of a scalar field, however,

receives quadratic radiative corrections in a prescription known as renormalisation.

If the SM has a cut-off scale around the grand unification energy (10
19

GeV), the

Higgs field’s bare mass would have to receive cancellations of order 10
38

GeV so as

to yield the physically observed Higgs pole mass3 of <� ≈ 125 GeV. This extreme

sensitivity of observable quantities, such as the Higgs mass, to tiny variations in

the parameters of the theory is called fine-tuning [11, 34]. Theories that propose an
extended Higgs sector, such as the two-Higgs-doublet model we will encounter in

Section 2.2.1, aim to provide theoretical solutions to the hierarchy problem.

2.2 Phenomena beyond the Standard Model

As outlined in the previous section, the SM has a number of limitations, and

numerous efforts are underway to find experimental signatures that hint at BSM

physics. Among these, this section focuses on searches for an extended Higgs sector

and graviton signatures at the LHC.

2.2.1 Searches for an extended Higgs sector

Supersymmetry (SUSY) is a proposed theory that addresses the hierarchy problem

by positing the existence of fermionic superpartners for all bosons in the SM, as well

as bosonic superpartners of all fermions in the SM. Quantum loop corrections to the

3The pole mass is the physical mass of a particle, corresponding to the rest mass in special relativity.

It is what experiments typically report. It is independent of any renormalisation scheme used to

subtract infinities in loop corrections.
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bare Higgs mass squared, <2

�
, through a generic fermion loop yield a contribution

of order −Λ2
, where Λ is the ultraviolet cut-off, i.e. the scale up to which the SM is

valid [22]. If the SM is valid up to the Planck scale—where quantum-gravitational

effects become relevant, i.e. Λ ≈ 10
19

GeV—the Higgs mass squared receives

corrections O(10
38) GeV. The loop of a generic scalar field on the other hand yields

corrections of order Λ2
. SUSY imposes the existence of a bosonic superpartner for

every fermion, and vice versa. Therefore, in a SUSY scenario, the quadratic radiative

corrections to the bare Higgs boson mass would cancel between SM particles and

their superpartners. As a result, the discrepancy between the electroweak gauge

bosons and the grand unification scale is obtained naturally. The corrections to

Higgs mass squared due to fermionic and bosonic loops, as imposed by SUSY, are

illustrated in Figure 2.6. As yet, no experimental signatures of SUSY have been

found, and a number of experiments have placed strong limits on potential SUSY

scenarios. Historically, these have been obtained by collider experiments at the

SPS [35], LEP [36], and Tevatron [37]. The most stringent limits to date have been

set at the LHC [38].

Figure 2.6: Feynman diagrams of one-loop corrections to the Higgs mass squared.

The top part of the figure shows the one-loop correction due to a loop of a top quark,

yielding a correction of order −Λ2
. The bottom part shows the one-loop correction

due to the bosonic superpartner of the top quark, the stop quark, with a contribution

of order Λ2
. Figure reproduced from Reference [39].

The minimal SUSY model is called theMinimal Supersymmetric Standard Model
(MSSM) [40], and it provides the simplest SUSY extensions to the SM. The MSSM
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postulates an extended Higgs sector in the form of a specific type of a two-Higgs-

doublet model (2HDM) [41]. In the 2HDM, the Higgs sector consists of two doublets,

Φ1 and Φ2, which, after electroweak symmetry breaking, yield five physical Higgs

bosons: two charged Higgs bosons (�±), a �%-even Higgs boson (�), a �%-even

neutral scalar corresponding to the observed SM Higgs boson (ℎ), and another

�%-odd neutral scalar (�). The two doublets can be written as [42]

Φ8 =

(
)+
8

(E8 + )0

8
+ 8!8)/

√
2

)
, (2.26)

where 8 = 1, 2, and the vacuum expectation values must satisfy

√
E2

8
+ E2

2
= E =

246 GeV. The free parameters in the 2HDM are the five physical Higgs masses

(<ℎ , <� , <� , and <�±), the ratio between the vacuum expectation values of the Φ8 ,

tan � = E1/E2, and 
, the mixing angle between ℎ and �.

There are several types of 2HDM, classified according to the coupling behaviour

of the Φ8 to up-type or down-type quarks. The SUSY-compatible 2HDM4 is referred

to as ‘Type II’, and in it, Φ1 couples to down-type quarks and all charged leptons,

while Φ2 couples to up-type quarks. Another commonly considered scenario is the

‘Type I’ 2HDM, in which Φ2 couples to all quarks and leptons (in this scenario, Φ1

does not couple to any charged fermion). 2HDMs can be broadly categorised into

flavour-conversing and flavour-violating types. The four flavour-conserving types

and their fermion couplings are summarised in Table 2.2.

Model D 3 ℓ

Type I Φ2 Φ2 Φ2

Type II Φ2 Φ1 Φ1

Lepton-specific Φ2 Φ2 Φ1

Flipped Φ2 Φ1 Φ2

Table 2.2: Summary of the fermion couplings of the four 2HDMs which lead to

flavour conservation. The column labelled ‘D’ corresponds to couplings to up-type

quarks, the one labelled ‘3’ to couplings to down-type quarks. The column labelled

‘ℓ ’ refers to couplings to charged leptons. Table reproduced from Reference [41].

There are, broadly speaking, two approaches to testing the existence of an

extended Higgs sector: through precision measurements of the couplings of the

42HDMs need not necessarily be considered in a SUSY or MSSM context. SUSY models, however,

cannot be constructed with a single complex Higgs doublet, necessitating at least two complex

doublets.
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SM Higgs boson, and direct searches for any of the other, as-yet-unobserved

Higgs bosons [42]. Direct 2HDM searches typically separately consider the mass-

degenerate case, in which some of the physical 2HDM Higgs bosons have the same,

or very similar, masses, and the hierarchical case. Current 2HDM searches at the

LHC usually focus on the decays of �, �±, and � to 5 5̄ ,,+,−, and //, as well

as final states involving the SM Higgs boson. If there exists a hierarchy between

the five Higgs boson mass parameters, a richer phenomenology emerges, allowing

for exotic decays such as � → �/, � → �/, �→ �/, �→ �/, � → �±,∓, and

several others [42]. Presented later in this work is a search for heavy resonances

beyond the SM, one interpretation of which is as a search for a 2HDM scalar (�)

decaying to two / bosons. Both ATLAS and CMS have conducted searches for a

number of decay modes of �/� to SM particles, which are summarised in Table 2.3.

2HDM Higgs decay channel CMS search ATLAS search

�/� → �+�− [43] [44]

�/� → 11̄ [45] [46]

�/� → �+�− [47, 48] [49]

�/� → �� [50, 51] [52, 53]

�/� → CC̄ [54] -

� →,+,− [55] [56]

� → // [57] [58]

Table 2.3: Summary of CMS and ATLAS results of direct searches for an extended

Higgs sector in the 2HDM. Building and improving on the result obtained in

Reference [58] will be the subject of Chapter 5. Table adapted from Reference [42].

2.2.2 Graviton searches

One way of incorporating gravity into the SM is through extra spatial dimensions.

These can be probed by searching for signatures of gravitational-field excitations in

the formof gravitons. InKaluza-Klein (KK) theory of the 1920s [59, 60], the unification

of electromagnetic and gravitational forceswas provided by adding a fifth dimension

to the Newtonian gravitational potential and reconsidering electromagnetism in

five dimensions, instead of the ordinary four spacetime dimensions. This idea was

extended more recently; in models beyond the SM with large extra dimensions,

the SM fields propagate in the four spacetime dimensions, while gravitons can

propagate freely across all dimensions. This so-called ADD model [61], named

after its originators, Arkani-Hamed, Dimopoulos and Dvali, explains the observed
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weakness of gravity compared to the remaining SM forces and proposes that the

combined effect of the gravitons in the extra dimensions and their excitations in the

five-dimensional KK theory—called KK excitations—become observable at the TeV

scale.

The ADD model confines the SM particles and forces to a four-dimensional

subspace called the 3-brane [62]. While it provides a solution to the hierarchy

discrepancy between the weak scale and the grand unification scale, it introduces

an additional hierarchy between the size of the 3-brane compared to the extra

dimensions and the electroweak scale. Overcoming this problem, two models

proposed by Randall and Sundrum, RS1 [62] and RS2 [63], suggest the existence of

a single warped extra dimension that separates the 3-brane associated with the SM

fields from the one in which gravity dominates (called the Planckbrane). In the RS1

model, the energy scale in the warped extra dimension is large at the end connected

to the Planckbrane, and small at the end connected to the 3-brane. The RS2 model

is a modified version of RS1, in which there does not exist a 3-brane, and the SM

particles and fields exist in the Planckbrane.

Both CMS and ATLAS have searched for RS gravitons, with CMS so far placing

the most stringent limits on their production cross-section. Depending on the

choice of the natural energy scale in the RS1 model, CMS excluded gravitons with

masses below 0.5–4.5 TeV [64]. The most stringent limits set by ATLAS exclude RS1

gravitons in the mass range 1.3–1.8 TeV [65].



Chapter 3
High Energy Physics Experiments

The ability to resolve distinct objects that are close to one another is limited by

the de Broglie wavelength, which relates wavelength of a massive particle, �, to

its momentum, ?, according to � ∼ 1/?. Thus, probing the structure of massive

particles at small length scales requires high momenta, and the scale that can be

probed, in other words, the resolution of the probe, decreases with increasing

momenta.

Experimental high energy physics has therefore endeavoured to build machines

with higher and higher energies. The most powerful machine ever built for this

purpose is the Large Hadron Collider (LHC) at CERN. Its aim is to accelerate

bunches of protons to very high energies and collide them head-on at four distinct

collision points. Around these collision points are located detectors that aim to

measure the fundamental properties of the elementary particles resulting from

these collisions. The LHC hosts two general-purpose detectors designed to measure

the broadest possible range of phenomena, namely the ATLAS detector [66], which

recorded the data which is the subject of this thesis, and the CMS detector [67].

The LHC is briefly introduced in Section 3.1. As this work studies collisions

observed in the ATLAS detector, it is described in detail in Section 3.2.

23



3.1. THE LARGE HADRON COLLIDER 24

3.1 The Large Hadron Collider

The LHC is a circular proton-proton (??) collider, consisting of a number ofmachines

aimed at accelerating protons, keeping them on a curved trajectory, and colliding

them at dedicated points. The protons circulate in two beams in opposing directions

around a 27-km ring located 100munderground at CERN.Along the ring are located

radio frequency (RF) cavities that accelerate protons, as well as superconducting

magnets designed to force them onto a circular trajectory, and focus the beams

within which they travel. The protons originate from a bottle of hydrogen gas; the

electrons are stripped from the �2 gas, and the resulting �+ ions are accelerated

in a linear accelerator called LINAC 2, generating protons with a momentum of

50 MeV. The protons are directed into the Proton Synchrotron Booster (PSB), in

which they are further accelerated to 1.4 GeV, followed by another acceleration stage

in the Proton Synchrotron (PS) to a momentum of 26 GeV. Within the PS, they reach

a momentum of 450 GeV, after which they are injected into the main LHC ring.

Here, they reach their final energy of 6.5 TeV, leading to a centre-of-mass collision

energy of

√
B = 13 TeV. The two circulating proton beams each contain a maximum

of 2808 populated bunches, with each bunch containing 1.15 × 10
11

protons. The

spacing between two bunch crossings is 25 ns, giving a collision rate at each of the

four interaction points of 40 MHz. The CERN accelerator complex, including the

LHC machine, is illustrated schematically in Figure 3.1.

The rate of events produced in a head-on ?? collision in the LHC is given by

¤# = ℒ�, (3.1)

where ℒ is the instantaneous luminosity of the LHC, and � is the cross-section

of the events under consideration [69]. Assuming that each particle beam has a

normally distributed profile, the instantaneous luminosity is given by

ℒ =
#2

1
=1 5 �

4�&=�∗
, (3.2)

where #1 is the number of protons per bunch, =1 is the number of bunches, 5

is the revolution frequency of the bunches, � is the relativistic Lorentz factor, �∗

is the beta function1 at the collision point, and &= is the normalised transverse

1The beta function is a function related to the transverse size of the particle beam along the beam

direction. For location G along the beam, it is given by �(G) = �2(G)/&= , where �(G) is the width of the

Gaussian beam profile at position G.



3.1. THE LARGE HADRON COLLIDER 25

Figure 3.1: The CERN accelerator complex, including the 27-km LHC ring (dark

blue). The hydrogen source is located near LINAC 2 (labelled ‘p’), and the protons’

ensuing sequence of acceleration can be traced through the PSB, the PS, and into

the main LHC ring. Figure reproduced from Reference [68].
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beam emittance [69]. In general, the instantaneous luminosity is a function of time,

i.e. ℒ ⇒ ℒ(C). In order to determine the total number of events observed for a

given process with cross-section � over a time interval [C1, C2], one can integrate

Equation (3.1), namely

# =

∫ C2

C1

3C ℒ(C)� = ℒint�, (3.3)

where ℒint is the integrated luminosity.
The instantaneous luminosity delivered by the LHC varies depending on the

experiment the machine caters to. However, in the case of the two general-purpose

experiments ATLAS and CMS, the targeted design luminosity for each experiment

is ℒ = 10
34

cm
2
s
−1
. The peak instantaneous and the total integrated luminosity

measured during 2018 at the LHC, and delivered to ATLAS, are shown in Figure 3.2.
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(a) Peak instantaneous luminosity

delivered to ATLAS during 2018.
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Figure 3.2: The LHC’s peak instantaneous luminosity (a) as well as the total

integrated luminosity delivered to ATLAS (b). Subfigure (b) also shows the total

luminosity recorded by ATLAS as well as the fraction of it that is deemed usable

in physics analyses. Both figures pertain to the data-taking year 2018. Figures

reproduced from Reference [70].

The LHC delivered an integrated luminosity of 30 fb
−1

during the data-taking

period 2011–2012, referred to as Run 1. The centre-of-mass energy during Run

1 was

√
B = 7 − 8 TeV, and the bunch spacing was 50 ns. The LHC subsequently

underwent a two-year-long shutdown in which upgrades to the machine allowed

for an increase in both instantaneous luminosity and collision energy. The period
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following the shutdown is referred to as Run 2, and in it the bunch spacing was

25 ns, while the centre-of-mass energy was increased to

√
B = 13 TeV. Comprising a

total of four data-taking years, the LHC delivered a total integrated luminosity of

150 fb
−1

in Run 2.

The point at which hard-scatter events occur within a ?? bunch crossing is

referred to as the primary vertex (PV). In any given bunch crossing, a number of

other inelastic ?? collisions are expected to occur, and one of the tasks of the

experimentalists and the detector is to appropriately assign particle tracks and

energy deposits to the PV, while reducing contamination from tracks originating

from additional inelastic collisions. The additional collisions are referred to as

pile-up. The pile-up occurring during a single bunch crossing is referred to as in-time
pile-up, while pile-up from neighbouring bunch crossings is referred to as out-of-time
pile-up. The latter can occur when events are misattributed to a bunch crossing,

for example due to detector read-out rates that are lower than the bunch-crossing

frequency. The mean number of interactions per bunch crossing is denoted by �,

which follows a Poisson distribution with mean 〈�〉. Figure 3.3 shows the mean

number of interactions per bunch crossing recorded by ATLAS during Run 2 of the

LHC.

3.2 The ATLAS experiment

The ATLAS (A Toroidal Lhc ApparatuS) detector is a cylindrical general-purpose

detector designed to measure particles produced in high-energy ?? collisions,

covering nearly the entire solid angle. It consists of several subsystems, each of

which is designed to measure different properties of the particles resulting from the

?? collisions.

ATLAS uses a right-handed coordinate system with the centre of the detector

as the origin [66]. The I-axis corresponds to the LHC’s beam line in the counter-

clockwise direction, while the plane transverse to the beam line is defined by

the G- and H-axes. Positive G is taken to point towards the centre of the LHC

ring, while positive H points upwards. The radial distance from the origin in the

transverse plane is given by A =
√
G2 + H2

. ) describes the azimuthal angle, with

the vector pointing to ) = 0 directed along positive G towards the centre of the

LHC ring. The polar angle is measured from the beam axis along positive I, and

is defined by � = arctan(A/I). The pseudorapidity is defined as � = − ln tan(�/2).
The distance between two vectors separated in the transverse plane by Δ) and in
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Figure 3.3: Distribution of the mean number of interactions per bunch crossing, �,
for the four data-taking years of Run 2 as recorded by ATLAS. The H-axis shows

the total recorded luminosity per 0.1�. The legend indicates the mean of the

distribution of �, denoted by 〈�〉, in the four data-taking years as well as in total.

Figure reproduced from Reference [70].
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pseudorapidity by Δ� is given by Δ' ≡
√(
Δ�

)
2 +

(
Δ)

)
2

. The projection of a particle

with momentum vector p onto the transverse plane is referred to as the transverse
momentum, pT, with magnitude ?T. The analogous projection for the energy gives

the transverse energy, ET, with magnitude �T.

A schematic overview of the ATLAS detector is shown in Figure 3.4. A tracking

system at the centre of the detector is designed to measure the trajectory of charged

particles inside a solenoidal magnetic field (Section 3.2.1). Surrounding this is

a system of electromagnetic and hadronic calorimeters aimed at stopping and

measuring the energy left by particles that enter it (Section 3.2.2), followed by a

spectrometer system based on toroidal magnets that is specialised in identifying

muons (Section 3.2.4). Coordinating the read-out electronics of all subsystems

is the task of an intricate triggering system, which aims to reduce the LHC’s

bunch-crossing rate of 40 MHz to a manageable value for all sub-detectors and

data-processing systems (Section 3.2.6).

Figure 3.4: Cut-away view of the ATLAS detector. The different detector subsystems

are labelled. The dimensions of ATLAS are 44 m in length and 25 m in diameter,

with a total weight of 7,000 tonnes. Figure reproduced from Reference [66].
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3.2.1 Inner detector

The ATLAS inner detector (ID) is designed to measure the trajectories and momenta

of charged particles, and provide accurate vertex information on up to 1000 particles

that are expected to emerge from each bunch crossing [66]. The ID achieves high

momentum and position resolution through separate subsystems: the pixel detector,

the semiconductor tracker (SCT), and the transition radiation tracker (TRT). The

layout of the ID is shown schematically in Figure 3.5.

Figure 3.5: Cut-away view of the ATLAS inner detector. The ID consists of three

sub-detectors (pixel detector, SCT and TRT), which are labelled. The separate barrel

and end-cap regions are shown for each of the ID’s sub-detectors. Figure reproduced

from Reference [66].

The ID is located inside a 2-T magnetic field generated by a solenoid, designed to

force charged particles onto curved trajectories in order to measure their momenta.

The central region of the ID is referred to as the barrel region and covers a range in

pseudorapidity of |�| < 2.5, while the region beyond the barrel is referred to as the

forward region (|�| ≥ 2.5). The ID’s subsystems are as follows:

• Pixel detector. The innermost layer of the ID is the pixel detector, and it is the

highest-granularity instrument of the ID. The sensors are arranged in four

concentric cylinders, the innermost one of which is called the insertable B-layer,
which was added during the extended shutdown after Run 1. The size of each

pixel is 50×400 µm2
, and the overall spatial resolution of particles that traverse

it is 14 × 115 µm2
. Particles produced within the barrel region traverse four



3.2. THE ATLAS EXPERIMENT 31

pixel layers on average, while particles in the forward region traverse three

end-cap pixel layers. The pixel detector has a total of 80 million channels and a

surface area of 1.7 m
2
.

• SCT. Surrounding the pixel detector is the SCT, which comprises four layers

of silicon microstrip detectors, both in the barrel and in the forward region,

each with an area of 6.36 × 6.40 cm
2
, and 768 strips with a pitch of 80 µm. The

total detector area of the SCT is 61 m
2
with 6.2 million readout channels and a

spatial resolution of 16 × 580 µm2
[71].

• TRT. The TRT surrounds the SCT, and it is designed to detect transition

radiation, which occurs when a relativistic charged particle traverses the

boundary between two materials. The TRT consists of 550,000 straw tubes,

each of which has a diameter of 4 mm and length of at most 1.5 m. The tubes

are filled with xenon gas, which is ionised by transition radiation. Due to its

greater distance from the interaction point, it is sufficiently instrumented with

a lower spatial resolution 140 µm while comprising the majority of the ID’s

overall volume (12 m
3
) [66].

Surrounding the ID is the central solenoid generating a 2-T magnetic field with a

length of 5.3 m and a diameter of 2.5 m.

3.2.2 Calorimetry

The calorimeters are designed to contain electromagnetic and hadronic showers, and

in doing so to measure their energy. The key parameter of a calorimeter designed

to stop photons and electrons is its radiation length, -0, which is defined as the

mean distance over which a relativistic electron loses all but 1/4 of its energy by

bremsstrahlung [72]. For stopping hadronic showers, the key parameter is the

interaction length, �= , defined as the mean free path of a particle between two

inelastic interactions [73]. The ATLAS calorimetry system consists of two separate

calorimeters: the electromagnetic (EM) calorimeter (ECAL) with a radiation length

of -0 > 22 and the hadronic calorimeter (HCAL), which has an interaction length,

�= , of at least 10 [66].

The fractional calorimeter resolution, �(�)/�, is generally a function of particle

energy, �, and is commonly parametrised as [74]

�(�)
�

=
0√

�/GeV

⊕ 1

�/GeV

⊕ 2, (3.4)
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where 0 is a stochastic coefficient accounting for statistical fluctuations in the

development of particle showers, 1 is an electronic-noise coefficient, and 2 is a

constant term accounting for inhomogeneities in the detector due to construction

and miscalibration.

A schematic overview of the ATLAS calorimeter system is given in Figure 3.6.

The energy losses experienced by particles traversing matter are described in detail

in Appendix A.1; additional information on the absorption of hadrons in the HCAL

is provided in Appendix A.2.

Figure 3.6: Cut-away view of the ATLAS calorimeters. The different components of

the EM and hadronic calorimeters are shown, with their respective barrel, extended

barrel, and end-cap regions indicated separately. Figure reproduced from Reference

[66].

3.2.2.1 Electromagnetic calorimeter

The EM calorimeter comprises two parts: a barrel region (|�| < 1.475) and end-caps

(1.375 < |�| < 3.2). The calorimeter material consists of interleaved layers of lead as

the absorbing material and liquid argon (LAr) as the active material. The barrel

region comprises three samplings with varying spatial granularities. The innermost

sampling in the barrel region has a granularity in Δ� × Δ) of 0.003 × 0.1, followed

by 0.025 × 0.025 in the subsequent sampling, and 0.005 × 0.0.025 in the outermost

one. In the central region defined by |�| < 1.8, the EM calorimeter has an additional

LAr presampler providing improved precision in that region with a granularity
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0.025 × 0.1. The segmentation in the end-cap region is split up more finely in �, and

varies between 0.025 × 0.1 and 0.05 × 0.025. The total number of channels in the

EM calorimeter is 236,160. A detailed description can be found in Reference [75]. A

schematic of an ECAL module in � − )-space is shown in Figure 3.7. The position

of all ECAL modules within ATLAS is presented in Figure 3.8, which shows the

electronic noise for all ECAL and HCAL modules. The four layers in the central

barrel region of ATLAS, which will revisited in Chapter 6, are labelled ‘PS’, ‘EM1’,

‘EM2’, and ‘EM3’.

Figure 3.7: Schematic of an ECAL barrel module, located at � = 0. All four barrel

layers are depicted, i.e. one presampler (PS) and three subsequent calorimeter

layers. The granularity in � and ) is shown for each layer. Figure reproduced from

Reference [76].

The resolution of the ECAL as a function of energy has been measured in

test-beam campaigns [66]. The result of a performance study of a barrel ECAL

module based on an electron test beam is presented in Figure 3.9, which shows

the fractional energy resolution as a function of electron energy. Electronic noise

has been subtracted from the data, and a fit to Equation (3.4) yields 0 = 10.1% and

2 = 0.17%. The subtracted electronic noise corresponds to a noise coefficient of
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Figure 3.8: Measured electronic noise in all sections of the ECAL and HCAL at zero

luminosity. The elements of the barrel region of the electromagnetic calorimeter are

plotted in red. Figure reproduced from Reference [77].

1 = 0.2. An electron with an energy of 100 GeV, such as one that would be common

in the � → //→ ℓ+ℓ−ℓ ′+ℓ ′− analysis that is the subject of Chapter 5, consequently

has an energy resolution in the ECAL of about 1.4 GeV (approximately 1.4%).

3.2.2.2 Hadronic calorimeter

The HCAL is a tile calorimeter comprising layers of steel as the absorbing material

and scintillating tiles as the active material [66]. The scintillating tiles are read

out by photomultiplier tubes (PMTs). The barrel region of the tile calorimeter has

a pseudorapidity coverage of |�| < 1.0, with a separate extended barrel region

covering 0.8 < |�| < 1.7. The HCAL barrel region consists of three samplings with a

granularity in Δ� ×Δ) of 0.1 × 0.1 for the inner two samplings, and 0.2 × 0.1 for the

outer one. The same granularities apply to the extended barrel region, consisting of

three samplings on either side of the detector. The end-caps of the HCAL are LAr

calorimeters that have a coverage of 1.5 < |�| < 3.2. Consisting of three samplings

on either side, the HCAL has a granularity of 0.1 × 0.1 in the region 1.5 < |�| < 2.5,

and 0.2 × 0.2 beyond that. A third forward calorimeter within the HCAL covers the

range 3.1 < |�| < 4.9, consisting of three samplings on either side with a granularity

of 0.2 × 0.2 in each sampling. The total number of readout channels in the HCAL is

17,024. Figure 3.10 shows the structure of an individual HCAL barrel module. The
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Figure 3.9: Fractional energy resolution as a function of the incident beam energy,

�beam, measured in an electron test-beam campaign, for an ECAL module in the

barrel region at |�| = 0.687. Electronic noise was subtracted from the data before

plotting the results. The curve represents the results of a fit to the data using

Equation (3.4) with 1 = 0. Figure reproduced from Reference [66].

overall segmentation and location of all HCAL modules within the ATLAS detector

is depicted in Figure 3.11.

The HCAL energy resolution has been studied as a function of the incident

beam energy in pion test beams [66]. The result of one such campaign is shown

in Figure 3.12, which shows the fractional energy resolution of combined ECAL and

HCAL calorimetry in the barrel region as a function of the inverse square root of the

incident beam energy. The data allow for a fit to Equation (3.4), yielding 0 = 52%,

1 = 1.59, and 2 = 3%. A pion with an energy of 40 GeV, such as one that would

be expected in the background studies presented in Chapter 6, has a resolution of

6.1 GeV, corresponding to a fractional resolution of approximately 15%.

3.2.3 Electron reconstruction

Electrons are reconstructed combining information from the electromagnetic calor-

imeter and the ID. Electrons are reconstructed using a topological cell-clustering

approach based on variable-size, or dynamical, calorimeter clusters [3, 78, 79]. The

dynamical approach allows for an improved measurement of the electron energy

in situations where the electron radiates bremsstrahlung. Electron candidates are
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Figure 3.10: Mechanical structure of an HCAL module, showing the layered

arrangement of steel and scintillating elements, as well as the light collection

through PMTs. Figure reproduced from Reference [66].
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and extended (right) barrels. The HCAL is symmetric about the interaction point

at the origin. The H-axis corresponds to the radial distance from the beam pipe.

Figure reproduced from Reference [66].
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Figure 3.12: Fractional energy resolution obtained for pions as a function of the

inverse square root of the beam energy, �beam, for combined ECAL and HCAL

calorimetry at an angle of incidence equivalent to |�| = 0.35. Figure reproduced

from Reference [66].

constructed by forming clusters of energy deposits in the EM calorimeter that are

associated with ID tracks. The matching of ID tracks to calorimeter clusters is per-

formed after fitting the tracks with a Gaussian sum filter (GSF) [80]. The GSF aims to

correct deviations from the original track after the electrons radiate bremsstrahlung

photons when traversing significant amounts of material in the ID. The energy of

the calorimeter cluster associated with the ID track, as well as the direction of the ID

track at the interaction point are used to compute the electron transverse momentum.

Background—mainly arising from pions which mimic the electron signature in the

EM calorimeter—is suppressed by relying on the longitudinal and transverse shapes

of the calorimeter showers, the matching between the tracks and the calorimeter

clusters, and various properties of the ID track; comprising 13 variables in total,

they are combined into a multivariate likelihood discriminant [79]. The values of

the likelihood discriminant are segmented into three bins which define the electron
working points [81]: ‘Loose’, ‘Medium’, and ‘Tight’. They correspond to identifying a

prompt electron, that is, an electron originating from the primary interaction vertex,

with ?T = 40 GeV with an efficiency of 93%, 88%, and 80%, respectively. The

corresponding fake rates for the ‘Loose’, ‘Medium’, and ‘Tight’ working points are

0.9%, 0.5%, and, 0.3%, respectively [82]. All reconstructed electrons are required to
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satisfy (i) ?T > 4.5 GeV in order to lie above the EM calorimeter’s electronic-noise

threshold, and (ii) � < 2.47 as this is where the ‘precision region’ of the ID with a

fully instrumented pixel detector and SCT ends.

3.2.4 Muon spectrometry

The ATLAS muon spectrometer (MS) is designed to measure the trajectories of

muons inside a toroidal magnetic field. The magnetic field is provided by a large

barrel toroid for |�| < 1.4 surrounding the HCAL, whereas for 1.6 < |�| < 2.7

the magnetic field is provided by smaller end-cap toroids inserted into the barrel

toroidal magnet [66]. The intermediate region is referred to as the transition region,
and here magnetic deflection is provided by both the barrel and the end-cap toroidal

fields. The MS consists of several subsystems: the monitored drift tubes (MDTs)

provide the main track coordinates over most of the � range, while cathode strip

chambers are used in the forward region. The muon triggering system is provided

by resistive plate chambers (RPC) in the barrel, as well as thin gap chambers (TGC)

in the end-cap region. A schematic overview of the ATLAS MS is given presented

in Figure 3.13. The total number of readout channels in the MS is 1.08 million.

Figure 3.13: Cut-away view of the ATLAS muon spectrometer. Indicated are the

different toroidal magnet components as well as the four subsystems of the MS.

Figure reproduced from Reference [66].
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The geometrical acceptance of the MS generally varies due to the segmentation

of the individual chambers as well as constrains imposed by the other detector

components. The MS has a region of nearly zero acceptance for |�| < 0.03 due to a

30-cm gap required for cryogenic pipes and other service lines to the electromagnetic

calorimeter. This loss of muons for |�| < 0.03 translates to an overall loss in muon

efficiency over the central barrel region of the detector (|�| < 1) of roughly 3%,

the partial recovery of which is the subject of Chapter 6. There are, in addition,

other regions of reduced acceptance due to mechanical structures to support the

barrel magnet—the transition region of the MS between barrel and end-caps near

|�| ≈ 1—as well as ‘cracks’ between end-cap MDT chambers that do not perfectly

overlap. Figure 3.14 shows the MS acceptance as a function of pseudorapidity.

More details on the MS and its subsystems can be found in Reference [83].

Figure 3.14: Muon spectrometer acceptance as a function of pseudorapidity. The

acceptances are shown separately for a requirement of hits occurring in at least

three stations (solid line) and a hit occurring in at least one station (dashed line).

Figure reproduced from Reference [83].

3.2.5 Muon reconstruction

The ATLAS detector performs muon reconstruction independently in the ID and the

MS in order to eventually combine the reconstruction information gathered from

different parts of the detector and create muon objects [84]. Every reconstructed

muon receives a tag associated with its type that indicates which parts of the detector
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were involved in reconstructing the muon. ATLAS distinguishes between four

different muon types [84] that are reconstructed by algorithms using information

available in the ID, the MS, as well as the calorimeters. The four muon types are as

follows:

• Combined muons have a successful track reconstruction performed independ-

ently in the ID and the MS. The two tracks are combined in a global fit. The

fitting procedure starts from the outside (the MS), and extrapolates the track

towards the ID and tries to match it with a track in the ID.

• Segment-tagged muons are muons that have a track in the ID that is extrapolated

to the MS, and has at least one track segment in one of two parts of the MS:

the monitored drift tube chambers or the cathode strip chambers. This muon

type applies when only one layer of the MS is crossed. This could either be

because of a low muon ?T, or because the muon traverses a region of the MS

with low acceptance.

• A muon type called extrapolated muon occurs when the muon is reconstructed

only in the MS and cannot be matched with an ID track. A requirement

is placed on the track in the MS that ensures it is compatible with having

originated from the primary interaction vertex. In order to qualify as an

extrapolated muon, the track is required to traverse two or more layers of the

MS in general and at least three layers in the forward region of the detector.

The primary use of extrapolated muons is to extend the muon-reconstruction

acceptance into the forward region of the detector that is not covered by

the ID (2.5 < |�| < 2.7). The efficiency of correctly assigning MS tracks to

interaction vertices in this pseudorapidity region is ∼ 70% at a muon ?T of

10 GeV, increasing to ∼ 90% for ?T > 30 GeV [85].

• Calorimeter-tagged muons have a track in the ID that can also be matched with

an energy deposit in the calorimeter that is found to be consistent with a

minimum ionising particle2. While calorimeter-tagged muons recover muon-

reconstruction acceptance in the regions of the ATLAS detector where the

MS reduced acceptance, they have the lowest purity among all muons types.

The selection criteria for this muon type are optimised for the low-eta region

2Aminimum ionising particle, or MIP, is a particle whose energy loss is close to the minimum

energy loss. The minimum energy loss occurs when the minimum ionisation energy threshold is

reached, that is, when the energy loss is just sufficient to remove the most loosely bound electrons

from the atoms in the material traversed.
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of |�| < 0.1 (where the MS has a gap to allow access for cryogenic and other

service lines to the ECAL) and amomentum range of 25 ≤ ?T ≤ 100 GeV.3 Only

ATLAS physics analyses that admit muons with a ‘loose’ quality requirement

use the calorimeter-tagged muon type.

In cases where a muon can be associated with more than one of the types mentioned

above, the muon to be kept is chosen in the following way: If two muons have the

same track in the ID, which is possible in the case of combined, segment-tagged,

and calorimeter-tagged muons, the combined type is preferred, followed by the

segment-tagged type. If a muon of any of these three types overlaps with an

extrapolated muon, the muon type with the better-quality fit and larger number of

hits in the MS is selected [84].

3.2.6 Triggering and data acquisition

The LHC’s bunch-crossing rate of 40 MHz is beyond what any of the ATLAS

subsystems can process in real time, and a subset of events that contains potentially

interesting phenomena needs to be selected in a process called triggering. ATLAS

handles triggering using two successive triggers; a hardware-based level-1 (L1) trig-

ger and a software-based high-level trigger (HLT), performing step-wise reductions

of the event rate [66]. In the first stage, a subset of the detectors is used to decide

whether to keep or discard a given event within 2.5 µs. The subsequent levels reduce
the final event rate written to disk to about 1 kHz, and produce events with a size of

roughly 1.3 MB [66].

The triggering system works as follows: The L1 trigger looks for signature of

particleswith high transversemomentumand indications of largemissing transverse

energy (hinting at the presence of high-?T neutrinos). High-?T muons are identified

in the MS’s RPCs and TGCs, whereas high-?T electrons, photons, jets, and � decays

are identified based on calorimeter energy deposits that are read out at reduced

granularity [86]. A central trigger processor combines the information collected

in the calorimeter and MS triggering systems, and passes events that fulfil a set of

pre-defined criteria in the so-called trigger menu on to the next level. Each interesting

feature identified by the L1 trigger is associated with its coordinates in � and ),

which can be exploited by higher-level triggers. The coordinates of potentially

interesting features are called regions of interest (ROIs) [66].

3This description of calorimeter-tagged muons pertains to their definition prior to the work

outlined in this thesis. Due to improvementsmade to the reconstructionmethod of calorimeter-tagged

muons presented in this work in Chapter 6, the definition of this muon type changes.
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The HLT uses the ROIs and performs a full read-out of all detector subsystems

within the ROIs. The HLT is a software-based trigger that runs in a computing farm

consisting of 40,000 CPUs [87], and it runs a series of reconstruction algorithms that

are very close to the ones run in offline physics analyses. The HLT processing time

for a given event is O(1) s. The trigger thresholds of the HLT are designed to reduce

the event rate further to 1 kHz.

The L1-trigger configurations relevant to Chapters 5 and 6 operate at fairly high

transverse-momentum thresholds of ?T > 20 GeV. Those that are used to seed the

single-muon HLTs used in both chapters are 70% efficient in the barrel region, and

have efficiency of 90% in the end-caps, where it is higher as the end-caps do not

suffer from the reduced geometrical coverage affecting the barrel (c.f. Section 3.2.4)

[88]. The L1 electron triggers that are used to seed the single-electron triggers in

Chapter 5 are 90 − 95% efficient depending on ?T and pile-up conditions [89].

3.2.7 Software and simulation

Monte Carlo (MC) simulations are central to the ATLAS experiment, as they provide

a way to study the detector response for a wide range of physics processes [90].

They are required for physics analyses in order to simulate SM and BSM processes

and obtain an understanding of their expected behaviour, for the development and

validation of reconstruction and identification algorithms, and for the evaluation

of the performance and degradation of detector components. The full software

infrastructure in ATLAS, from MC event generation to reconstruction, is provided

by the Athena [91] framework. The ATLAS simulation software chain is commonly

divided into three components, which are described in more detail below.

3.2.7.1 Event generation

Event generation refers to the production of particles which can be passed on to

the detector simulation. Event generators are provisioned within Athena, however,

they are usually written and maintained by external authors. Each generated event

contains all particles that originate from a vertex at the geometric origin, Here, a

number modifications to account for specific beam profiles can be made. Typically,

particles with a decay length of less than 10 mm (e.g. , or / bosons) are considered

unstable by the generator, and their decays are immediately simulated. Those with

a decay length of 10 mm or more (e.g. electrons, muons, and 1 quarks) are passed

on to the detector simulation, and any subsequent decays are handled therein. The
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most common event generators are general-purpose generators such as Pythia [92],

Powheg [93], Herwig [94], and Sherpa [95]. They produce events starting from a

proton-proton, proton-nucleus, or nucleus-nucleus initial state. They calculate the

matrix element of a hard-scattering interaction to lowest order in QCD, to which

simulated QED and QCD radiation is added in a so-called shower approximation.
Short-lived particles are decayed, before, finally, the particles are passed on to the

detector simulation.

3.2.7.2 Detector simulation

The simulation of the interaction of the generated events with the ATLAS detector is

based on the Geant4 [96] toolkit. Geant4 simulates the passage of particles through

matter and allows for the implementation of specific geometries—such as that of

the ATLAS detector—in great detail, including any misalignments. In the case of

ATLAS, the Geant4 detector geometry—referred to as the GeoModel—consists of

more than 4.8 million elements. During simulation, Geant4 records a list of energy

deposits in sensitive detector regions, each of which is associated with an exact

location in the detector. This list is written to an output file—the hit file—and is

passed on to the next step in the simulation chain for further processing.

3.2.7.3 Digitisation

The digitisation processes hits from the detector simulation. The overlay of pile-up,

the effect of detector noise, and the response of the hardware-based L1 trigger are

simulated in this stage. The main goal of the digitisation step is to create digits,
which serve as input to the simulated detector readout electronics. At a basic level,

a digit is produced if the voltage or current of a detector readout channel reaches a

pre-configured threshold value within a particular time window. The signal of the

detector readout electronics is fully emulated. The resulting detector signals are

saved in an output format known as raw data object (RDO). RDO files are passed

on to the reconstruction software, in which objects suitable for physics analyses,

such as electrons and muons with full kinematic information, are constructed

from lower-level information. At this stage, the reconstruction usually does not

distinguish between simulation and collision data.
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3.2.8 Computing

Providing the simulation infrastructure to ATLAS requires immense computing

resources. Small-scale experimentation and MC production is often conducted on

institutional computer clusters, however, large-scale MC production is typically

performed on the Worldwie LHC Computing Grid (WLCG) [97]. Shared among

many LHC experiments, it consists of over 900,000 CPU cores distributed across

more than 170 computing facilities in 42 countries. The data rates processed by the

WLCG regularly exceed 80 GB/s.



Chapter 4
Introduction to Machine Learning and

its Applications to High Energy Physics

Traditionally, the way particle physics data have been analysed is through human

expertise, that is, through careful engineering of algorithms that extract useful

information from the data. This approach is becomingmore andmore impractical as

the size of the available data grows and limits the interpretation and understanding

of the data to a preconceived set of event variables. Machine learning offers a

different approach by enabling the discovery of interesting patterns in data without

the need for human intervention [98].

The twomain avenues of the physics programme at the LHCaim to search for new

physics beyond the Standard Model as well as to make precision measurements of

Standard Model processes. Both of these avenues benefit from higher luminosities,

increasing the probability of the production of rare events while at the same

time increasing the amount of pile-up to be expected in every bunch crossing.

Consequently, the expected amount of data to emerge from the LHC experiments

in the coming decades is unprecedented. Running at increased luminosity in

Run 3 and beyond, the experimental particle physics domain of data analysis will

face compounded challenges of interpreting vast amounts of data in increasingly

complex environments. The amount of information that can potentially be extracted

from larger, more complex datasets would be significantly limited using traditional

methods without the aid of machine learning algorithms.

While the high-energy physics community has used neural networks for many

decades, recent advances in computing power, coupled with new methods for

45
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cheaply performing backpropagation on GPUs1, have led to the widespread applic-

ation of deep neural architectures. The primary forms of machine learning that

have been used at the LHC are deep neural networks and boosted decision trees. In

last decade or so, newer methods such as variational autoencoders and generative

adversarial networks have become more widely adopted. These techniques and

others have been applied to a wide range of problems in particle physics, a few of

which are highlighted here:

1. Event classification. One of the most common problems in which machine

learning is applied is in the classification of events into one out of two or more

classes. A typical challenge that machine learning tries to solve is identifying

a rare signal event among background events that occur orders of magnitude

more frequently. Here, the algorithm is typically trained on a simulated set

of signal and background events in the form of a supervised learning problem.

Here, class 1 are the signal events, and class 2 are the background events.

Machine-learning techniques for event classification have become widely

adopted in particle physics. Two notable examples are the D0 and CDF

Collaborations, which used BDTs and neural networks to classify events as

signal- or background-like in the observation of the electroweak production

of a single top quark [100, 101]. More recently, the CMS Collaboration used

machine learning in the observation of the Higgs boson in 2012 [5], in which

a boosted decision tree was adopted to discriminate Higgs-like signals in

the diphoton channel from Standard Model background. Another related

application is one that we will encounter later on in this work in Chapters 5

and 6: machine learning algorithms are adept at identifying the production

mechanism of, in this case, a heavy Higgs-like scalar (a task that before

the introduction of machine learning to this problem had been achieved

through a simultaneous cut on two high-level event variables), as well as by

discriminating muons in the calorimeter from other particles.

2. Event generation. Full physics event simulations typically simulate the passage

of particles through matter using a software package called Geant4 [96]. The

most computationally expensive part of the simulation chain is the showering

1The work presented in Chapter 6 of this thesis benefited from the availability of GPUs, allowing

for the exploration of more complex models as well as larger search spaces in the selection of optimal

training parameters, which would have been infeasible on CPUs. The author is grateful for and

would like to acknowledge the use of the University of Oxford Advanced Research Computing (ARC)

facility [99] in carrying out this work.



47

process, and in an ATLAS-like calorimeter, this step can take several minutes

per event. Generative adversarial networks (GANs) are a promising way to

generate physics events more cheaply than conventional methods. In a project

called CaloGAN [102], GANs are trained to provide fast simulations of realistic

particle showers in the calorimeter. GANs comprise two components: The first,

called the generator, tries to generate realistic samples from initially random

noise in order to fool the second part of the GAN, the so-called the discriminator.
The discriminator tries to distinguish fully simulated events (from Geant4)

from those synthetically produced by the generator. It calculates a score

corresponding to the probability that the seen example is real or fake, i.e.

generated. The generator, in turn, uses this score as feedback on its ability to

generate convincing events in order to further improve it. Initial studies have

shown that such an approach coulddeliver a factor in speed-upof 10
5
compared

to Geant4-simulated showers [102]. Reducing the overall computing load

through the speed-up of event generation would free up significant resources,

as currently it is estimated that more than 50% of computing resources at the

LHC are spent on Monte Carlo event generation [103].

3. Particle physics theory. Machine learning has broad areas of application in

particle physics theory, from determining physical parameters by constraining

effective field theories, to model-independent searches, to fitting parton

distribution functions. One proof-of-concept approach to performing model-

independent searches usingmachine learning considers the difference between

two datasets: the simulated Standard Model events, which constitute the

background, as well as recorded collision data, including a new physics

signature and Standard Model events, as an unsupervised learning problem,

without hypothesising a specific model in which to interpret the two datasets

[104]. The approach compares the two datasets in a high-dimensional space

using a nearest-neighbour search. It is non-parametric in the sense that it

does not make any assumptions as to the underlying probability distributions

that generated the datasets. It retains model independence by not requiring a

physical model to determine whether the two datasets differ in some way. In a

case study that looked for newphysics in two samples, one containing Standard

Model events, and the other containing Standard Model events and a small

fraction of injected monojet signals, the model-independent search strongly

disfavoured the background-only, i.e. Standard Model, hypothesis [104].
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4. Anomaly detection. The quality of data-taking during an LHC run is usually

monitored by physicists who study the output histograms of many diagnostic

variables and compare them to reference versions in order to spot potential

deviations, or anomalies. Many such anomalies, however, manifest themselves

not in a large deviation in one diagnostic variable alone, but in a large number

of small deviations in many variables, making them very hard to detect if

they have not occurred before. A machine learning method called anomaly

detection seems promising in its potential to improve this situation. It uses a

class of neural networks called autoencoders, which have a twofold structure:

The first part of the network, called the encoder, produces a representation

of the inputs in a greatly reduced number of dimensions (this is called the

latent space2), which is then restored by the second component, the decoder,

which tries to recreate as much of the inputs as possible from the latent-space

representation. Anomalous data appear much more rarely than regular data,

such that when the autoencoder detects an anomalous example, its output

differs greatly from its input, as the latent-space representation of the input

does not constitute ameaningful compression of the inputs. In particle physics,

autoencoders can be especially useful when coupled with a call to action upon

seeing an anomalous example, such as alerting a physicist or shutting down

and restarting the part of the detector that likely is responsible for the anomaly

through malfunctioning [98, 105].

Machine learning powers many parts of society with examples including medi-

cine, image recognition and processing, natural-language understanding, processing

and generation, recommendation systems, fraud detection, autonomous driving,

and virtual assistants. Particle physics is not exempt from this trend. The application

of machine learning to particle physics has enabled advances in the development of

new algorithms that extract interesting features from data, an improved understand-

ing of physical theory, and a reduction in the required computational resources to

process LHC-scale datasets. This chapter provides an introduction to the theoretical

basics of machine learning, and outlines several fundamental principles of some of

themachine learning algorithms used presently in particle physics. Special attention

will be given to deep neural networks in general, as well as convolutional neural

networks in particular, as these two methods will turn out to be of importance

2The latent space is a high-dimensional vector space spanned by latent variables. Latent variables
are variables that are not directly observable, but that are sufficient to describe the data, as inferred

by an algorithm.
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in this work through their application in the two following chapters: a search for

high-mass 4ℓ resonances (Chapter 5), and the identification of muons in the ATLAS

calorimeters (Chapter 6). Finally, practical aspects relevant to machine learning as

applied in this work related to training and optimising machine learning algorithms

are discussed.
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4.1 Machine learning basics

Machine learning is defined as a set of methods used to detect patterns in data and

further use these detected patterns to make predictions about unseen data [106].

Approaches to machine learning can be broadly classified into supervised and

unsupervised machine learning. The main difference between the two approaches is

that in the case of supervised learning, prior knowledge as to what the true labels of

the output data are is present, whereas in the unsupervised case this knowledge is

not available. This chapter focuses on the supervised-learning case, as this approach

is employed in Chapters 5 and 6.

4.1.1 Supervised learning

Given a set of # labelled input-output pairs, called the training set,

D = {
(
G8 , H8

)
}#8=1

, (4.1)

the goal of supervised machine learning is to learn a mapping 6 from the inputs x
to the output H

6 : x→ H. (4.2)

Each member of the training set G8 is a �-dimensional vector (typically of numbers).

Each dimension of the input space corresponds to a feature or variable, which in the

case of particle physics is frequently associated with an event-level observable such

as the ?T or � of a particle. The elements of x may in principle be objects with a

more complex structure such as an image (represented as a matrix containing pixel

values), a sentence (represented using a word embedding), or a graph (represented

as a set of vertices connected by edges).

The outputs H8 can have various forms, but in the two most common types of

machine learning problems, they are either categorical variables or real scalars. When

H8 is categorical, it can take one of any values of a finite set of classes or categories,
namely

H ∈ {1, ..., �}, (4.3)

where � is some positive integer. A typical example of such classes in particle

physics comes from the task of binary classification with two class labels for signal
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(class label 1) and background (class label 0). When the outputs H8 can take on

values corresponding to one of more than two categories, the problem is called

multiclass or multi-label classification3. One formal definition for the problem of

supervised learning is that there exists some function 5 such that

H = 5 (G). (4.4)

Moreover, the goal of the learning algorithm is to estimate the function 5 given a

training set D [106]. The approximation to 5 obtained using machine learning is

called a classifier or a model and is denoted by 5̂ . 5̂ can be used to make predictions,

i.e.

Ĥ = 5̂ (x). (4.5)

When the elements of H are real scalars, the problem is called regression, in which

case the task is to predict a numerical value. The learning task is the same as that of

classification, except that H can take on continuous numerical values, i.e.

H8 ∈ R. (4.6)

An example from particle physics is the reconstruction of a particle’s energy based

on the calorimeter energy deposits.

4.1.2 Generalisation and training

The challenge for a machine learning model 5̂ is to perform well on unseen

data, that is, when making predictions (called inference) on inputs that do not

belong to the training set and have therefore not been seen before. This ability

is called generalisation [107]. When evaluating the performance of a model under

consideration, it is usually evaluated on a test set, that is, a set of labelled input-output

pairs that do not belong toD.

3One example of multi-label classification in particle physics is the problem of discriminating

two different types of signal events, e.g. a new particle produced through one of two considered

production mechanisms, 0 and 1, from a single type of background, e.g. Standard Model events. In

this case, one would assign the class label 0 to the background, class label 1 to the signal produced

through mechanism 0, and class label 2 to the signal produced through mechanism 1.
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Obtaining a model 5̂ is achieved through training, which denotes the process of

using a training set in order to reduce some measure of error between the predicted

outputs Ĥ and the true outputs H, called the training error [107]. The crucial difference
between traditional optimisation and machine learning is that in machine learning,

there is an additional goal to reduce the test error, that is, the expected error on an

unseen input.

Amachine learning algorithm samples the training set andminimises the training
error using an optimisation algorithm, whichmodifies its internal parameters. When

the resulting model is applied to the test set, it is expected that the test error is equal

to or greater than the training error. A model is said to suffer from underfitting if it

does not achieve a sufficiently low training or test error, whereas overfitting denotes

the condition where the training error is much lower than the test error. There

is no general prescription for diagnosing over- or underfitting. Machine-learning

practitioners frequently study the evolution of the training and errors as a function

of training progress. Typically, if the test error flattens off while the training error

continues to decrease, the model has entered the overfitting regime. Conversely, if

neither the training nor the test error have stopped decreasing, the model is in the

underfitting regime.

4.1.3 Gradient-based optimisation

In order to be able to evaluate a machine learning model, both on seen and unseen

inputs, a measure of performance is needed. Typically, it quantifies the difference

between the predicted output and the true output. A fundamental measure of

performance is the mean squared error of the training set.

Machine learning algorithms typically involve optimisation, which is defined as

minimising some cost function, ℎ(θ), by changing the parameters, θ. This function is

also called an objective function, loss function, or error function. Minimising ℎ(θ) is
typically achieved through gradient-based optimisation, which relies on the gradient

∇ℎ(θ) in order to find θ such that ℎ is minimal.

Suppose that the cost function at time step C is given by ℎ(θC). Given the

first-order Taylor series of ℎ about θC ,

ℎ(θC + Δθ) ≈ ℎ(θC) +∇ℎ |θC Δθ) , (4.7)
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we know that for small changes to the parameters given by Δθ, ℎ can be reduced by

moving along the negative gradient [108]. Thismethod is called gradient descent [109],
and it chooses Δθ such that it is parallel to −∇ℎ |θC . At the subsequent time step

C + 1, the parameters are then given by

θC+1 = θC − 
∇ℎ |θC , (4.8)

where 
 is the learning rate, which is a parameter that needs to be chosen. Since

the first-order Taylor approximation in Equation (4.7) only holds for small Δθ, 
 in

general needs to be small, and choosing a learning rate that is too large can lead

to a situation where a local minimum in ℎ is missed. On the other hand, smaller

learning rates lead to longer training times; finding the right value for 
 is often a

delicate matter in practice.

4.2 Boosted decision trees

A class of machine-learning classifiers commonly used in particle physics is called

boosted decision trees (BDTs)4. BDTs consist of an ensemble of decision trees, all of

which are generally weak classifiers, and which are combined into a single robust

classifier through a process called boosting.

4.2.1 Decision tree classifiers

Adecision tree works as follows: Suppose a dataset consisting of# features contains

two classes, 0 and 1. At the beginning of the training process, a decision tree finds

the root node, which is a decision boundary5 on the single most discriminating

feature. A training example can either pass or fail this cut condition, creating two

leaves in the tree. The training examples that pass this requirement are split further

according to the second-most discriminating feature, and similarly for those that

fail the condition of the root node. A decision tree iteratively chooses the features

that most effectively split the input data into the two classes through this method.

The values at which to split the data for a given feature are chosen so as to minimise

the loss function. Figure 4.1 illustrates the basic structure of a decision tree. The

4In the machine learning literature, they are more commonly referred to as gradient-boosting trees.
5Decision boundary refers to the hyperplane that separates the underlying vector space into two

sets. In this section’s example, the decision boundary separates the #-dimensional feature space

into two sets corresponding to classes 0 and 1.
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splitting continues until a stopping condition is met; this happens when a tree

reaches a maximum number of splittings, i.e. a maximum depth6, or when further

splitting does not lead to a notable decrease of the loss function.

petal width

Iris Setosa petal length

sepal length

≥0.5 <0.5

<23.2 ≥23.2

Iris Virginica

<15.9 ≥15.9

Figure 4.1: Example structure of a decision tree. The root node ‘petal width’ is the

most discriminating feature in this dataset. If a sample has a ‘petal width’ value

of at least 0.5, it is classified as an ‘Iris Setosa’. If examples fail this cut, they are

discriminated further according to the remaining features, of which ‘petal length’

and ‘sepal length’ are shown. N.B.: The variable names and classes are inspired by

the Iris flower classification dataset [110].

4.2.2 Boosting

Decision tree classifiers such as the one described above are prone to overfitting, that

is, they do not show robust performance when presented with unseen samples. In

order to overcome this limitation, decision tree classifiers are frequently combined

into an ensemble of decision trees, creating a strong classifier out of many weak ones.

This ensemble is referred to as a BDT.

BDTs are created by trainingmany individual decision tree classifiers sequentially.

Let ) be the decision tree classifier trained at iteration C. Each training example

6The depth of a decision tree classifier is a parameter set by the human practitioner, often

motivated by a constraint on computational resources. It may be the case that the loss function has

not stopped decreasing when the depth condition is reached.
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receives a weight that increases when it has been misclassified by a given tree, and

decreases when correctly classified. In this way, misclassified examples are assigned

greater importance in subsequent trees, increasing the probability of being classified

correctly. Furthermore, each tree ) is assigned a weight, FC , that is proportional to

the overall accuracy7 achieved by ) on the training set. The output of the decision

tree ensemble is therefore given by

Ĥ(G) =
∑
C

FCℎC(G), (4.9)

where ℎC(G) is the output of tree ). The scheme follows the AdaBoost algorithm

[111], although many other variations of gradient-boosted decision trees exist

(LightGBM [112], XGBoost [113], and random forests [114] to name but a few). In

particle physics, a popular implementation of a boosted decision tree is provided by

the TMVA package [115].

4.3 Deep learning

While traditional machine learning systems are confined to processing data that

humans structure according to a set of engineered variables, modern methods have

moved away from this constraint by employing representation learning. Machine

learning methods are said to use representation learning if they can be provided

with unstructured raw data and discover representations of that data relevant to

detecting interesting patterns in an automated way [116]. Deep learning methods

employ representation learning in that they form internal representations of the

data in a way that is not determined by a human. Typically, machine learning

algorithms based on deep learning form multiple representations of the input data

by combining the representation at one level with a nonlinear transformation to

obtain a representation at a subsequent level. The representation of the input

data becomes more abstract with each layer, and the aim here is to represent

arbitrarily complex functions through the combination of a sufficient number of

abstract representations of the input data. In classification problems, each level of

abstraction in representation-learning algorithms emphasises aspects of the input

data that are more relevant to the discrimination problem while discounting parts

7Accuracy is a measure of how well the decision tree identifies examples correctly. In the case of

binary classification, it is given by Acc = TP+TN

TP+TN+FP+FN
, where TP denotes number of true positives,

TN the number of true negatives, FP the number of false positives, and FN the number of false

negatives.



4.3. DEEP LEARNING 56

less relevant [116]. By combining more processing layers and increasing the number

of nodes in each layer, deep learning models can represent functions of increasing

complexity [107]. Crucially in the case of deep learning, the abstract representations

are not human-engineered but are obtained by the algorithm itself.

4.3.1 Deep learning architectures

More specifically, deep learning is defined as a branch ofmachine learning concerned

with models based on artificial neural networks, which aim to mimic aspects of the

structure found in the human brain. Deep learning has proven to be very successful

at supervised-learning tasks with a large number of training examples, benefiting

from an increase in computing power that allows networks that are composed of

many processing layers to be trained efficiently.

4.3.1.1 Deep feedforward neural networks

The most common class of deep neural networks are deep feedforward neural networks
(DNNs)8, which are also known asmulti-layer perceptrons (MLPs). DNNs are artificial

neural networks comprised of many layers that aim to approximate a function 5

given a set of inputs x. During the training process, deep neural networks change

their internal parameters, θ, until they reach a satisfactory approximation

Ĥ = 5̂ (x;θ). (4.10)

The term feedforward comes from the observation that information in these networks,

starting from the inputs x, flows forward and traverses each layer of the network

until reaching the output H. The internal parameters, θ, are weights,W , and biases,
c, such that the output of the network at layer = given inputs x is [107]

5n(x;W , c) = 6(W )x + c). (4.11)

Feedforward neural networks are based on the principle that the output of the first

layer, 5input, can serve as input to a subsequent layer after being multiplied by a

nonlinear activation function9, 6. This process happens iteratively until the final layer

8Frequently, the terms deep neural network and deep feedforwardneural network areused synonymously,

and the same convention is used throughout this work.

9The activation function of a layer, consisting of one or more neurons, in a deep feedforward

neural network defines the output of the layer given an input. In a sense, it determines how "active"

the neuron is.
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is reached.

The structure of deep neural networks is analogous to a directed acyclic graph,

which describes how the functions are chained [107]. For instance, in a deep neural

network with two hidden layers10, the output of the first layer 5input becomes the input

to the first hidden layer 51, whose output is the input to the second hidden layer 52.

Finally, the output of the second hidden layer becomes the input of the output layer

5output, meaning given inputs x, this deep neural network with two hidden layers

performs the operation

5 (x) = 5output( 52( 51( 5input(x)))). (4.12)

Such a network is illustrated in Figure 4.2.

Input Layer ∈ ℝ⁶ Hidden Layer ∈ ℝ⁸ Hidden Layer ∈ ℝ⁵ Output Layer ∈ ℝ¹

Figure 4.2: Example of a deep neural networks with two hidden layers. The input

layer receives a six-dimensional input vector, which is fed forward through two

hidden layers to reach the output layer. Such a network could correspond to a binary

classification task, where the output takes values between 0 and 1. Illustration

created using the NN-SVG software package [117].

4.3.1.2 Nonlinearities in deep neural networks

For neural networks to be able to approximate real-world problems, which are

usually nonlinear, the activation functions must be nonlinear. In practice, one

10Layers are considered hidden if they are located anywhere between the input and the output

layer of a deep neural network.
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often distinguishes between the activation functions at the hidden layers and the

activation function at the final, or output, layer.

One of the most common activation functions used for the hidden layers in

DNNs is the rectified linear unit, or ReLU. It is defined as the positive part of its

argument, namely

ReLU(G) = max(0, G). (4.13)

In most cases, the type of problem one is trying to solve determines the activation

function at the final layer. In the case of binary classification, for instance, the choice

of output-layer activation function must meet the constraint that the output be

mapped to a binary class label. Usually, this is achieved by choosing an activation at

the final layer that can take values in the interval [0, 1], rounding down values < 0.5

to the class label 0, and rounding up values ≥ 0.5 to the class label 1. The activation

function used for the output layers throughout this work is the sigmoid function,

which is defined as

�(G) = 1

1 + 4−G . (4.14)

The two activation functions are illustrated in Figure 4.3.
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(a) ReLU activation function.
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(b) Sigmoid activation function.

Figure 4.3: ReLU (a) and sigmoid (b) activation functions, as functions of their input,

G. It is clear that the range of the ReLU function is [0,∞], while the range of the

sigmoid function is [0, 1]. This makes the latter a suitable choice for the output-layer

activation in binary-classification tasks.
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4.3.1.3 Backpropagation

Central to finding a local optimum in the loss function of a DNN is the ability

to calculate the gradient in a given network layer in order to perform gradient-

based optimisation of the kind encountered in Section 4.1.3. This is done using an

algorithm called backpropagation, which is based on applying the chain rule to the

weights in an artificial neural network successively from the last layer back to the first

one (hence the prefix ‘back’). The backpropagation algorithm was first discovered

in 1974 [118], but it took at least a decade until its applicability to neural networks

was fully appreciated [119, 120, 121]. Computing the gradients as a function of the

weights allows one to use gradient-based optimisation in order to adjust, or tune,
the weights towards lower values of the overall cost function each time the error

from a batch of training examples propagates back through the network.

What follows is a brief introduction to the backpropagation algorithm for DNNs,

which is an implementation of the general method of gradient-based optimisation

introduced in Section 4.1.3. Consider the =th
layer of a feedforward neural network

with a total of # layers with activation function 5= , inputs G= , and weights F= . The

output of layer = is given by [122]

H= = 5=(G=), (4.15)

and the inputs to the subsequent layer, G=+1, are just

G=+1 = F=H= = F= 5=(G=). (4.16)

Suppose ℒ denotes the loss function of the network. We define the gradient of the

loss function with respect to the input vector at layer = as

�= =
%ℒ
%G=

. (4.17)

Similarly, the gradient at the next layer = + 1 is given by

�=+1 =
%ℒ
%G=+1

. (4.18)
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Rewriting Equation (4.17) using the chain rule, we have

�= =
%ℒ
%G=

=
%ℒ
%G=+1

%G=+1

%G=

= �=+1

%G=+1

%G=
. (4.19)

Using Equation (4.16), this can be written as

�= = �=+1

%(F=H=)
%G=

= �=+1

%(F=H=)
%H=

%H=
%G=

= �=+1F=
%H=
%G=

. (4.20)

Using the definition of H= from Equation (4.15), and defining

% 5=(G=)
%G=

= 5 ′=(G=), this
becomes

�= = �=+1F=
% 5=(G=)
%G=

= �=+1F= 5
′
=(G=). (4.21)

Lastly, we find the partial derivative of the loss function with respect to F=

%ℒ
%F=

=
%ℒ
%G=+1

%G=+1

%F=

= �=+1

%G=+1

%F=

= �=+1

%(F= 5=(G=))
%F=

= �=+1H= , (4.22)

where we have made use of Equations (4.16) and (4.18).

Keeping the overall aim inmind of reducing the loss function through an iterative

process, Equation (4.22) provides a recipe for updating the weights in the network.

In each training iteration, the change in weights at layer =, ΔF= , should be such as
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to reduce ℒ:

ΔF= = −

%ℒ
%F=

= −
�=+1H= , (4.23)

where 
 is the learning rate from Equation (4.8).

4.3.1.4 Loss functions

The backpropagation algorithm only works for loss functions, ℒ, that are differenti-
able. There are a great number of loss functions to choose from, and here only a

brief overview is given of one type of loss function that has found application in

this work.

A common choice of loss function for binary classification tasks is binary cross-
entropy, which is defined as

ℒBCE = −
1∑
2=0

H2
true

log H2
pred

. (4.24)

Here, the sum over 2 runs over the two possible class labels (0 and 1). H2
true

denotes

the true label of the example of class 2 (this is either 0 or 1). H2
pred

is the output of

the classifier for the training example being considered; it can take on continuous

values in the interval [0, 1].

4.3.1.5 Regularisation

Ensuring that an algorithm does not only perform well on the training set, but also

on new inputs, is a central problem in machine learning. The set of techniques

concerned with achieving sufficiently low test errors is collectively referred to as

regularisation [107]. One of the most common regularisation methods for DNNs is

dropout [123]. It refers to randomly removing, or dropping out, neurons—along with

their connections—during training of the network with a certain probability that

is usually set as a training parameter by the practitioner. Applying dropout to a

network effectively leads to sampling from a large number of thinned networks,

which has the effect of preventing neurons from co-adapting11 too much. At test

time, one uses the full network, i.e. without dropped neurons, which is equivalent

11Co-adaptation refers to a configuration of multiple neurons which produce very similar outputs

for some given input data.
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to averaging the predictions of all thinned networks that were sampled during

training [123]. Overall, dropout leads to a significant reduction in overfitting, and is

used in both applications of deep learning presented in this thesis in Chapters 5

and 6.

4.3.2 Convolutional neural networks

Convolutional neural networks (CNNs) are a class of deep neural networks designed

to process information that can be represented in a grid-like way. Most frequently,

CNNs find application in the area of computer vision, which is concerned with

processing digital images or videos. In the case of (moving) images, the CNN inputs

are two-dimensional pixel grids [107]. Convolutional neural networks perform

convolutions on their inputs instead of ordinary multiplications as in the case of

feedforward neural networks.

The convolution operation involves convolving a grid-like input (such as an

image) with a kernel matrix (frequently referred to as kernel or filter). During training,

the weights of the convolutional kernels are iteratively adjusted until training

finishes. As with all internal neural network parameters, the weights are initially

assigned random values. The kernels are sensitive to local spatial features in the

input images and preserve translational invariance. This means that translating

spatial features in the input images by a small amount does not change the internal

representation of the image. This is especially useful if one tries to capture whether

certain features are present in the input images or not, as opposed to where features

are located with respect to one another.

4.3.2.1 Convolution operation

Suppose we have an input image represented as a 2D matrix of size (<, =). The
convolution operation requires a kernel, which is a two-dimensional matrix whose

size (<′, =′) is smaller than that of the input matrix. In the convolution operation,

subsections of the input image (called the image patch) are multiplied with the

convolutional kernel. Each such multiplication produces one real number, which

forms one element of the output matrix (called the feature map).
Figure 4.4 illustrates the convolution operation on a 3 × 3 input image. Here,

a submatrix of size 2 × 2, the image patch, is convolved with the convolutional

kernel of size 2 × 2. The resulting output matrix, or feature map, is of size 2 × 2.

The multiplication operation denoted by ∗ is the sum of all matrix elements of
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the element-wise multiplication of the image patch (red shaded area) with the

convolutional kernel. The element-wise product of matrices � and � is defined as

(� ◦ �)8 9 = �8 9�8 9 . (4.25)

Taking the sum of the resulting matrix (also referred to as the grand sum) results in

a scalar. The illustrated multiplication is repeated for all submatrices of the input

image, with the result of each multiplication forming one element of the feature

map. The process as a whole is referred to as the convolution operation, and it

differs strongly from the usual mathematical meaning of the term.

97 199 31

191 107 163

130 141 88
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1 3
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Figure 4.4: Example of a convolution operation on a 3 × 3 input matrix using a 2 × 2

convolutional kernel. The red shaded 2 × 2 image patch is multiplied element-wise

with the convolutional kernel of size 2 × 2. The symbol ∗ denotes the summation of

all matrix elements of the result of the element-wise multiplication. The resulting

2 × 2 matrix is called the feature map.

The visualisation in Figure 4.4 pertains only to a single colour channel. In

practice, one usually encounters at least three channels (such as for RGB images),

in which case the convolution operation is performed separately in each of the

colour channels, and the resulting three output matrices are added element-wise

to form a single feature map. Furthermore, one typically chooses more than one

convolutional kernel in order to create sensitivity to multiple spatial features in the

input image. The number of kernels is a tunable hyperparameter of the network,

and there is no general guideline as to the correct number of kernels to choose.

At this stage of the flow of an input image through a convolutional neural

network, we have only applied linear activations in the sense that the element-wise

multiplication is of linear nature. In order to retain nonlinearity in the overall

network, the feature maps are run through a nonlinear function, such as the ReLU

activation function encountered in Section 4.3.1.2.
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4.3.2.2 Pooling

In order to reduce the size of intermediate, or hidden, representations of the input

image, an operation called pooling is commonly applied. There exist various forms

of pooling, but its usual purpose is to reduce the size of the image by replacing

parts of the image with summary statistics. Pooling can be interpreted as adding

the assumption that the function learnt in a given layer must be translationally

invariant [107]. The two most common forms of pooling are max pooling, in which

the summary statistic is based on the maximum element within a submatrix, as well

as average pooling, in which the summary statistic is the average value of a submatrix.

The max-pooling operation is illustrated in Figure 4.5, where the pooling filter

chooses maximum elements within submatrices of size 2 × 2. The pooling filter

is moved across the input image until the entire matrix has been traversed. The

average-pooling operation works in a similar fashion (the average value of a given

submatrix is computed instead of the maximum value). Max pooling can help make

a convolutional neural network translationally invariant by choosing only maximum

values in a given neighbourhood as opposed to the exact location of features [107].

97 199 31

191 107 163

130 141 88
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Figure 4.5: Diagram showing the max-pooling operation on an example 3 × 3 input

matrix. The submatrix (green shaded area) contains a maximum value of 199, which

becomes the entry at position (0, 0) in the output matrix.

4.3.3 Recurrent neural networks

Traditional neural networks, both feedforward networks and convolutional neural

networks alike, cannot incorporate any notion of sequence. That is, information

in different parts of sequential input data is not available when the network is

applied to other parts of the input. Recurrent neural networks (RNNs) overcome this
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shortcoming by learning representations of sequential inputs [124]. At the core

of an RNN lies a cell, which iteratively handles a specific section of the input to

compute a new output. The next section of the input is handled in the subsequent

iteration, and a new output is computed based on the previous output state and the

new inputs. This process is repeated until the entire input sequence is exhausted.

In this way, an RNN creates a fixed-size representation for an input sequence of

arbitrary length. This fixed-length representation is then usually passed into a

feedforward neural network [124]. The fundamental operating principle of an RNN

cell is illustrated in Figure 4.6. In the case of particle physics, RNNs find application

where the input data follow sequential patterns that can be exploited, such as in

1-jet tagging, where the presence of one track with a large impact parameter means

a second track with a large impact parameter is more likely to occur [124].

Figure 4.6: Diagram of an unrolled recurrent neural network. The RNN cell on

the left handles an input sequence at timestep C, labelled GC . The cell applies

an activation � to GC by handling all subsequences (G0, G1, . . . , GC) until the input

sequence is exhausted. Figure reproduced from Reference [125].

4.4 Hyperparameters and validation

Machine-learning models have settings that can be adjusted and that are separ-

ate from the internal parameters. The settings are called hyperparameters and are

adjusted either by hand or in an automated process called hyperparameter optimisa-
tion. Hyperparameters are those classifier parameters that should not be learnt

automatically, as doing so would likely result in overfitting to the training set or, in

rarer cases, because the hyperparameter is too difficult to learn through training.

Most of the hyperparameters chosen not to be learnt are responsible for the overall

complexity of the model [107].

A data-driven approach to finding an appropriate set of hyperparameters is to

reserve a specific subset of the training data for validation. Typically, 20% of the

training set are reserved for this purpose. The validation set is not observed by
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the training algorithm but is used to evaluate the generalisation capacity during or

after training and to tune the classifier’s hyperparameters. Note that this is different

from the test set, which is used to make statements about the classifier’s capacity to

generalise once the training is finalised. Under no circumstances is the test set used

to make decisions about a classifier’s internal or hyperparameters [107].

4.4.1 :-fold cross-validation

In cases where one has access to only a relatively small amount of data, the observed

generalisation capacity on the test set can suffer from great statistical uncertainty.

One solution to this problem is called k-fold cross-validation. It involves splitting the

entire dataset (training and test examples) into  folds of equal size. Let : denote
the index of a fold such that : ∈ {1, . . . ,  }. The training process is repeated  

times, and each time the :th
partition of the data is reserved for testing, while the

remaining data are used for training. In this way, each training example is used

once for testing and  − 1 times for training. Let < be the size of each fold. The

cross-validation estimate of the prediction error of a classifier 5̂ is given by [126, 127]

CV( 5̂ ) = 1

 

 ∑
:=1

�:( 5̂ ). (4.26)

Here, �:( 5̂ ) is the prediction error of the :th
classifier, tested on the :th

fold,

namely [126]

�:( 5̂ ) =
1

<

∑
8∈:th

fold

(H 8
true
− H 8

pred
)2, (4.27)

where the sum runs over all examples of the :th
fold, H 8

true
denotes the true label

of example 8, and H 8
pred

is the output score of the classifier on example 8. �:( 5̂ )
estimates the model’s expected error on an unseen sample and can therefore be

interpreted as a measure of the model’s bias. It is common to repeat the :-fold

cross-validation multiple times in order to obtain an estimate of the model’s variance,
which is the standard deviation squared of many �:( 5̂ ) estimates.



Chapter 5
Search for Heavy // Resonances in the

ℓ+ℓ−ℓ ′+ℓ ′− Final State

With the discovery of a new particle in 2012 consistent with the Higgs boson

predicted by the Standard Model, the CMS and ATLAS collaborations provided

experimental evidence for and contributed to the understanding of the mechanism

of electroweak symmetry breaking. Many studies published since [128, 129, 130, 131]

indicate that the particle is consistent with the SM Higgs boson. A number of

models [132, 133, 134] attempt to solve the problems of hierarchy and naturalness,

in which the SM Higgs boson is part of an extended Higgs sector.

This chapter describes a search for heavy resonances decaying to two / bosons,

subsequently decaying to four charged leptons, referred to as the ℓ+ℓ−ℓ ′+ℓ ′− final

state, where ℓ = 4 , �. The results of this search are combined with those of a

separately conducted analysis, which looks for heavy resonances decaying via //

to two charged leptons and two neutrinos (ℓ+ℓ−��̄, where ℓ = 4 , � and � = �4 , ��, ��).

The two neutrinos cannot be reconstructed directly, and their presence must be

inferred frommissing transverse energy. The focus of this chapter is on the ℓ+ℓ−ℓ ′+ℓ ′−

decay channel; however, overall results are presented using a combination of both

final states. The search uses proton-proton collisions recorded at a centre-of-mass

energy of

√
B = 13 TeV collected with the ATLAS detector during Run 2 of the LHC

(2015–2018), with a total integrated luminosity of ℒint = 139 fb
−1
.

This chapter focuses on the development and implementation of a multivariate

classification method aimed at improving the sensitivity in each of the two analysis

channels probing different production modes of scalar resonances. It is structured

as follows: a brief overview of the analysis is given in Section 5.1, followed by a

description of the recorded dataset and simulation samples used in Section 5.2. The

67
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reconstruction of physics objects and events is outlined in Section 5.3, followed by

details on the selection of events in Section 5.4. The background estimation and

modelling of signal and background are outlined in Sections 5.5 and 5.6. A review of

a cut-based approach to the categorisation of events is given in Section 5.7, followed

by a description and performance analysis of the novel multivariate event classifiers

in Section 5.8. Sections 5.9 and 5.10 provide the detailed statistical interpretation of

the search and its results. Finally, concluding remarks are made in Section 5.11.

5.1 Analysis overview

The search in the ℓ+ℓ−ℓ ′+ℓ ′− channel aims to look for excesses in the distribution

of the ℓ+ℓ−ℓ ′+ℓ ′− invariant mass, <4ℓ , in the range 200 < <4ℓ < 2000 GeV. In the

ℓ+ℓ−��̄ channel, the final state cannot be fully reconstructed, and the transverse

mass, <) , is used as a discriminant. It is defined as

<) =

√[√
<2

/
+ (? ℓℓ

T
)2 +

√
<2

/
+ (�miss

)
)2
]

2

− |®? ℓℓ
T
+ ®�miss

T
|2, (5.1)

where </ is the mass of the / boson, ®? ℓℓ
T

is the transverse momentum of the

charged-lepton pair with magnitude ? ℓℓ
T
, and

®�miss

T
is the missing transverse energy

with magnitude �miss

T
.

The search considers the following resonance hypotheses:

• A heavy Higgs-like scalar with mass <� in the narrow-width approximation
(NWA), that is, a heavy Higgs boson whose natural width is the same as that

of the SM Higgs boson (Γ� = 4.07 MeV [135]).

• A heavy Higgs-like scalar with mass <� in the large-width assumption (LWA),

that is, a heavy Higgs boson with a non-negligible natural width. Different

natural widths are considered: 1, 5, 10, and 15% of the Higgs boson mass, <� .

• A spin-2 resonance in the Randall-Sundrum (RS) model [62, 136], which

gives rise to a Kaluza-Klein (KK) excitation with mass <�:: (Section 2.2.2).

The Randall-Sundrum (RS) model aims to solve the hierarchy problem by

introducing extra dimensions in which all SM fields can propagate. Their

ability to propagate causes the SM fields to create a tower of KK excitations,

including excitations of the gravitational field that appear as TeV-scale spin-2
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gravitons [137]. The key parameter in the RS model is :/"̄Planck, where :

defines the curvature scale of the extra dimension, and "̄Planck = "Planck/
√

8�

is the reduced Planck mass. It is assumed to have a value of 1 in this work.

Typically, gravitons in the RS model have non-negligible couplings to all SM

fields, which means they do not propagate into the extra dimensions. Here, a

simplifiedmodel is considered, inwhich the SMfields are allowed to propagate

into the extra dimensions (the bulk). In this scenario, the couplings of the

graviton to light fermions are suppressed, leading to significantly reduced

production rates from vector-boson fusion and lower branching fractions to

leptons and photons. This leads to a dominance of the ggF production mode.

:/"̄Planck is the only free parameter in this simplified ‘bulk RS’ model, and its

value of 1 is typical.

In the absence of an excess of events in either the <4ℓ or the <) spectrum,

upper limits on the production cross-section times branching fraction of a heavy

resonance, � × �(� → //), are set. The scalar search assumes that the heavy Higgs

(hereafter referred to as �) is predominantly produced through the vector-boson

fusion (VBF) process as well as the gluon-gluon fusion (ggF) process, but that,

unlike in the case of the SM Higgs boson, the ratio between these two processes is

unknown in the absence of a specific model. Consequently, limits on the production

cross-section times branching fraction are set separately in the two event categories,

i.e. �VBF × �(� → //) and �ggF × �(� → //). The upper limits on the production

cross-section times branching fraction of a narrow resonance are translated into

exclusion contours within the context of a 2HDM encountered in Section 2.2.1.

Limits on the production cross-section times branching fraction of a spin-2 graviton

are used to constrain the RS model.

The previous iteration of this analysis [58], which combined results in the

ℓ+ℓ−ℓ ′+ℓ ′− final with those in the ℓ+ℓ−��̄ final state, found two excesses in 36 fb
−1

of

data collected in 2015–16: at 240 GeV and 700 GeV, each with a local significance of

3.6 �. The excess at 240 GeV was seen predominantly in the 44 channel, while that

at 700 GeV was observed in all 4ℓ channels. The 700 GeV excess seen in the 44 final

state is excluded at 95% confidence level by the ℓ+ℓ−��̄ channel due to its higher

sensitivity in this mass range. The analysis was repeated in 2018 using 80 fb
−1

of data collected in 2015–17 [138] in order to obtain an early indication as to the

persistence of the two excesses. Both excesses disappeared nearly completely when

only considering the data collected in 2017, bringing down the local significance

of the excess at 240 GeV to 2.5 �, and that of the excess at 700 GeV to 3.0 � when
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considering the 2015–17 dataset. The excesses come exclusively from the 2015–16

component of the dataset.

The search presented here aims to further confirm or reject the previously

observed excesses by including data collected in 2018, using a total integrated

luminosity of 139 fb
−1
. Apart from switching to new ATLAS recommendations on

the version of the analysis software and the jet-reconstruction algorithm [86], this

search implements improvements leading to increased sensitivity in the ℓ+ℓ−ℓ ′+ℓ ′−

final state by switching from a cut-based definition of the ggF and VBF event

categories to a multivariate one.

5.2 Data and simulation

5.2.1 Data

The data used in this search were collected by the ATLAS detector between 2015

and 2018 at a centre-of-mass energy of

√
B = 13 TeV with a bunch spacing of 25 ns.

The recorded data are subject to quality requirements, and events are rejected if

parts of the detector are not fully operational. The average data-taking efficiency

across the whole of Run 2 of the LHC is 95.76% [139]. The total amount of usable

data for this analysis amounts to (139.0 ± 2.4) fb−1

. Data were reconstructed using

Athena Release 21.2 [91].

5.2.2 Simulation

Simulated events are used widely in this analysis. They form the basis of the

modelling of background events expected from the SM, the calculation of acceptances

in all final states and event categories, the optimisation of the VBF and ggF event

categories (including the training of a multivariate algorithm), as well as the

estimation of systematic uncertainties. The samples used were produced in three

official ATLAS Monte Carlo (MC) simulation campaigns: ‘mc16a’, which mimics

data-taking conditions in 2015–16, ‘mc16d’, which accounts for the 2017 data-

taking period, and ‘mc16e’, which covers data-taking during 2018. The major

differences between these three simulation campaigns are the pile-up conditions of

the data-taking periods they are designed to mimic.

All events were processed by the ATLAS simulation framework, which operates

in the context of Geant4 [96]. Collisions that are not part of the primary interaction

vertex are referred to as pile-up, and all events are reweighted in such a way as to
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match the observed distribution of the mean number of interactions per bunch

crossing (a process referred to as pile-up reweighting).
What follows is a description of the generation of high-mass signal and SM back-

ground events using the ATLAS simulation framework [90]. After the generation

of events, data and simulation are treated on an equal footing, that is, they are

processed in the same way by using the same trigger settings and reconstruction

algorithms.

5.2.2.1 Simulation of signal

Signal samples in the NWA were produced using the POWHEG-BOX v2 [140] event

generator with next-to-leading order (NLO) accuracy in QCD, which was interfaced

with PYTHIA8 [141] for the simulation of parton showering and hadronisation, as

well as decaying the Higgs boson into the two final states under consideration.

EvtGen v1.2.0 [142] was used to simulate 1 and 2 hadron decays, while the hard-

scattering process used the leading-order (LO) CT10 PDF set [143]. NWA signals

were generated separately in the ggF and VBF production mode at discrete mass

points between 200 and 2000 GeV, in steps of 100 GeV up to a mass of 1000 GeV, and

in steps of 200 GeV thereafter. In addition, the 2400 and 3000 GeV mass points were

generated in order to validate the extrapolation of the signal-shape parametrisation

to higher masses. The NWA signals were mainly generated using the full detector

simulation. Two of the samples were generated using the fast detector simulation

(300 and 700 GeV in the VBF production mode in the ‘mc16e’ campaign) [90],

in which the response of the electromagnetic and hadronic calorimeters uses a

parametrisation, while the response of the ID and the MS is fully simulated.

LWA signal samples in the ggF productionmodewere generated atNLO accuracy

in QCD using MADGRAPH5_MC@NLO v2.3.2 [144], interfaced with PYTHIA8 for parton

showering, hadronisation, and Higgs boson decays into the two final states. As in

the case of the NWA samples, 1 and 2 hadron decays were generated using EvtGen

v1.2.0. LWA signal samples were generated with a natural width of Γ� = 0.15 <�

between 400 and 2000 GeV, with a step size of 100 GeV up to 1000 GeV, and a step

size of 200 GeV thereafter. In addition, LWA signals were generated with natural

widths of Γ� = 0.05 <� and Γ� = 0.1 <� at <� = 900 GeV in order to validate the

signal parametrisation of the shape of the <4ℓ distribution in the ℓ+ℓ−ℓ ′+ℓ ′− channel.

Spin-2 gravitons within the RS framework were generated using MADGRAPH5

interfaced with PYTHIA8. The samemethod was used to generate the 1 and 2 hadron
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decays as for the NWA and LWA samples. The graviton samples were generated

with :/"̄Planck = 1.

The mass points of the NWA and LWA samples, the widths of the LWA samples,

and the :/"̄Planck parameter of the graviton samples were chosen for compatibility

with the previous iteration of the analysis using 36 fb
−1

of data.

5.2.2.2 Simulation of background

The ℓ+ℓ−ℓ ′+ℓ ′− analysis considers SM background from diboson (//), triboson

(+++), / + jets, CC̄, and CC+ processes. In the generation of all backgrounds, EvtGen

v1.2.0 is used to simulate 1 and 2 hadronisation.

The SM @@̄ → // background was generated using SHERPA v2.2.2 [95], as

well as the NNPDF3.0 PDF set at NLO [145] for the hard-scattering process. The

accuracy in QCD was NLO for events with up to one jet, and LO for events with

two or three jets. Parton showers were simulated using SHERPA’s built-in showering

algorithm [146], and were merged using MePs [147] at NLO.

The SM 66 → // process, including the production of a SM Higgs boson

and the interference between the two processes, were modelled using SHERPA

v2.2.2 in combination with OPENLOOPS [148]. The calculation of matrix elements

for zero and one jet was performed at LO, and combined with SHERPA parton

showers. The electroweak @@̄ → // process, @@̄ → // (EW), containing two

additional jets produced via vector-boson scattering was generated using SHERPA

v2.2.2. The PDF set used was NNPDF3.0 at NLO. Events containing a single /

boson with associated jets (/ + jets) were generated using SHERPA v2.2.2. The

calculation of matrix elements for up to two partons was performed at NLO, and

up to four partons at LO, using the COMIX [149] and OPENLOOPS matrix-element

generators. These were merged with SHERPA parton showers using MePs at NLO.

The SM backgrounds arising from +++ processes were generated using SHERPA

v2.2.1, while MADGRAPH5_MC@NLO was used for the CC̄ + / background with four

prompt leptons. The CC̄ background was generated using POWHEG-BOX v2 interfaced

with PYTHIA v6.428 [92], using the PERUGIA 2012 set [150] of tuned parameters

for parton showering and hadronisation. The generator was further interfaced

with PHOTOS [151] for the application of radiative corrections from QED and with

TAUOLA [152, 153] for the simulation of � decays.
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5.3 Object and event reconstruction

The reconstruction of electrons (Section 3.2.3) follows a new approach based on

dynamical topological cell clustering in order to improve the electron energy

measurement. Details on this approach are available in Reference [154]. The use of

this approach is newwith respect to the previous 36 fb
−1

analysis [58]. The resulting

electrons have a ?T of at least 4.5 GeV and lie within |�| < 2.47. The working point

for the electron selection is ‘loose’, yielding an efficiency of more than 90% for

electrons with a ?T of at least 30 GeV.

The reconstruction of muons is based on the ID, the calorimeters, and the MS.

All four muon types used in ATLAS are used in the ℓ+ℓ−ℓ ′+ℓ ′− final state. They

correspond to the combined, calorimeter-tagged, segment-tagged, and extrapolated

muon types introduced in Section 3.2.5. Segment-tagged muons are restricted to the

central barrel region (|� < 0.1|). Calorimeter-tagged muons are accepted in the same

� region if the ID track satisfies ?track

T
> 15 GeV. Extrapolated muons are included in

the forward region defined by 2.5 < |�| < 2.7 if they have hits in three traversed MS

stations. As is the case for electrons, the muon identification in this round of the

analysis implements several improvements. The improvements are related to the

extrapolation of ID tracks to the MS. The overall muon identification working point

is ‘loose’, which has an efficiency of 98.5% in the ℓ+ℓ−ℓ ′+ℓ ′− final state.

Another improvement with respect to the 36 fb
−1

analysis [58] comes from a

new jet-reconstruction approach based on the particle-flow algorithm [86]. The

particle flow objects are used as input to the anti-:C algorithm [155] implemented

in the FASTJET package [156]. Once jets are reconstructed, several corrections are

applied in order to calibrate the energy scale, as described in Reference [157]. All

jets in the ℓ+ℓ−ℓ ′+ℓ ′− final state must satisfy ?T > 30 GeV as well as |�| < 4.5. The

contamination from pile-up jets is reduced by placing additional requirements on

the tracks and vertices for jets with ?T < 60 GeV and |�| < 2.4 [158].

Four-lepton events are required to have at least one vertex with two associated ID

tracks, each satisfying ?track

T
> 500 MeV. The primary vertex is chosen to be the one

with the largest

∑(?track

T
)2. Potential overlap between leptons and jets is resolved in

the following way: If electrons and muons share the same ID track, the muon is

preferred if it is a combined or an extrapolated muon; in all other cases, the electron

is preferred. If jets overlap with electrons, the jets are removed within a cone of

Δ' = 0.2 around the electron. For muons, the cone within which overlapping jets

are removed has a size of Δ' = 0.1.
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5.4 Event selection

The ℓ+ℓ−ℓ ′+ℓ ′− final state has very good sensitivity to heavy resonances due to

its excellent mass resolution and small experimental and theoretical uncertainties.

Four-lepton events are selected and classified into one of three channels according

to their flavour, i.e. 44, 4�, or 242�. The selection is based on single-lepton, di-lepton

and tri-lepton triggers. The di- and tri-lepton triggers include triggers for 4� events.

Single-electron triggers need to satisfy a ‘medium’ or ‘tight’ likelihood requirement,

while di- and tri-electron triggers must satisfy a ‘loose’ or ‘medium’ requirement.

The minimum trigger thresholds vary in ?T due to an increase in peak luminosity

over the four data-taking years. In the case of single muons, they vary between

20 and 26 GeV, and in the case of electrons, minimum trigger thresholds vary

between 24 and 26 GeV. Overall, the trigger efficiency for events passing the selection

requirements is 98%.

In each of the flavour channels, charged-lepton quadruplets are formed by

finding two pairs of same-flavour, opposite-sign leptons. Each selected electron

must satisfy ?T > 7 GeV and be measured within a pseudorapidity range of

|�| < 2.47. Each selected muon must satisfy ?T > 5 GeV and |�| < 2.7. There are

additional requirements on the leptons’ transverse momenta: The lepton with the

highest ?T must satisfy ?T > 20 GeV, the one with the second-highest ?T must satisfy

?T > 15 GeV, while the one with the third-highest ?T must satisfy ?T > 10 GeV. If

two or four muons are present in the quadruplet, at most one of them is allowed

to be calorimeter-tagged, segment-tagged, or an extrapolated muon in the range

2.5 < |�| < 2.7 (see Section 3.2.5 for more details).

In events with ambiguity as to which charged leptons constitute the quadruplet

coming from the // decay, the quadruplet is kept with the highest dilepton , <12,

closest to the / boson mass, and the second-highest dilepton invariant mass, <34,

second-closest to the / boson mass. The first charged-lepton pair is the leading pair,
while the second one is referred to as the subleading pair. Constraints are placed

on the proximity of the dilepton pairs’ invariant masses to the / boson mass: The

leading pairwithmass<12 needs to satisfy 50 < <12 < 106GeV,while the subleading

pair with mass <34 has to satisfy 50 < <34 < 115 GeV. All charged leptons in the

quadruplet need to be separated byΔ' > 0.1. In order to suppress background from

�/Ψ decays, 44 and 4� events that have a charged-lepton pair with <ℓℓ < 5 GeV are

discarded. If, at this stage, events contain multiple quadruplets from the different

flavour channels, the quadruplet in the channel with the highest expected signal
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yield is kept, in the order 4�, 242�, 44. The fraction of events for which this occurs is

expected to be negligible. The inclusion of the quadruplet-ambiguity resolution is a

remnant of several related SM � → 4ℓ analyses such as [159], where events with

more than four leptons can occur due to SM CC̄� and +� production.

Background from / + jets and CC̄ events is suppressed by placing requirements

on the impact parameter as well as on track- and calorimeter-based lepton-isolation

variables. Background from heavy-flavour hadrons is reduced by placing a require-

ment on the transverse impact parameter significance, 30/�30
, where 30 is the impact

parameter, and �30
is its uncertainty. It is required to be less than 3 for muons, and

less than 5 for electrons. The lepton isolation requirements are as follows: a track-

isolation discriminant is computed based on all tracks with ?track

T
> 0.5 GeV found

close to the electron or muon within Δ' < 0.3. The tracks must either originate

from the primary vertex, or otherwise have a longitudinal impact parameter, I0,

that satisfies I0 sin� < 3 mm. If the lepton has a ?T greater than 33 GeV, the cone

size reduces to 0.2, falling linearly from 0.3 to 0.2 between a ?T of 33 and 50 GeV,

and remaining at a constant value of 0.2 thereafter. A calorimeter-based isolation

variable is computed based on topological calorimeter clusters with positive energy

(to suppress electronic noise) that are not associated with the track of a muon or an

electron, withinΔ' < 0.2. The requirement is such that the sum of the track isolation

and 40% of the calorimeter isolation must amount to less than 16% of the lepton

?T. This requirement is referred to as ‘FixedCutPFlowLoose’. Further measures are

taken to reduce the contamination from / + jets and CC̄ background: The algorithm

responsible for fitting the quadruplet of four charged leptons under the requirement

that they originate from a common vertex needs to fulfil a requirement on the

goodness-of-fit of "2/#dof < 6 in the case of the 4� channel, and "2/#dof < 9 in the

case of all other flavour channels. Here, #dof stands for the number of degrees of

freedom in the quadruplet fit.

Photons from final-state radiation (FSR) are included in the reconstruction of the

/ bosons, due to their being identifiable in the electromagnetic calorimeter as well

as being well-modelled by simulation. The incorporation of FSR photons works by

searching for a single FSR photon per event, which is consistent with having been

radiated from one of the charged leptons in the leading pair. The four-momentum of

this photon is then added to that lepton pair. Events with more than one FSR photon

are vetoed. Following the FSR correction, the four-momenta of both dilepton pairs

are recomputed using a kinematic fit that imposes a /-mass constraint following

the method described in [160].
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An overview of the event selection in the ℓ+ℓ−ℓ ′+ℓ ′− final state is provided

in Table 5.1.

Physics Objects
Electrons

Loose Likelihood quality electrons with hit in innermost layer, � > 7 GeV and |�| < 2.47

Interaction point constraint: |I0 · sin� | < 0.5 mm (if ID track is available)

Muons

Loose identification with ?T > 5 GeV and |�| < 2.7

Calo-tagged muons with ?T > 15 GeV and |�| < 0.1, segment-tagged muons with |�| < 0.1

Stand-alone and silicon-associated forward restricted to the 2.5 < |�| < 2.7 region

Combined, stand-alone (with ID hits if available) and segment-tagged muons with ?T > 5 GeV

Interaction point constraint: |30 | < 1 mm and |I0 · sin� | < 0.5 mm (if ID track is available)

Jets

anti-:) jets with bad-loose identification, ?T > 30 GeV and |�| < 4.5

Overlap removal

Jets within Δ' < 0.2 of an electron or Δ' < 0.1 of a muon are removed

Vertex

At least one collision vertex with two or more associated tracks

Primary vertex

Vertex with the largest ?2

)
sum

Event Selection
Quadruplet - Require at least one quadruplet of leptons consisting of two pairs of same-flavour

Selection opposite-charge leptons fulfilling the following requirements:

- ?T thresholds for three leading leptons in the quadruplet: 20, 15 and 10 GeV

- Maximum one calo-tagged or stand-alone muon or silicon-associated forward per quadruplet

- Leading di-lepton mass requirement: 50 < <12 < 106 GeV

- Sub-leading di-lepton mass requirement: <threshold < <34 < 115 GeV

- Δ'(ℓ , ℓ ′) > 0.10 for all leptons in the quadruplet

- Remove quadruplet if alternative same-flavour opposite-charge

di-lepton gives <ℓℓ < 5 GeV

- Keep all quadruplets passing the above selection

Isolation - Contribution from the other leptons of the quadruplet is subtracted

- FixedCutPFlowLoose WP for all leptons

Impact - Apply impact parameter significance cut to all leptons of the quadruplet

Parameter - For electrons: 30/�30
< 5

Significance - For muons: 30/�30
< 3

Best - If more than one quadruplet has been selected, choose the quadruplet

Quadruplet with highest Higgs decay ME according to channel: 4�, 242�, 2�24 and 44

Vertex - Require a common vertex for the leptons:

Selection - "2/ndof < 5 for 4� and < 9 for others decay channels

Table 5.1: Summary of the object and event selection requirements. The masses of

the leading and subleading leptons pairs are denoted by <12 and <34, respectively.

Table reproduced from Reference [1].

5.5 Background estimation

The main background in the ℓ+ℓ−ℓ ′+ℓ ′− final state, accounting for 97% of expected

events, comes from non-resonant // production. The // continuum background
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is irreducible1, and, in the ggF category, 89% of it arises from quark-antiquark

annihilation (referred to as @@̄ → //), 10% fromgluon-initiated production (referred

to as 66 → //), and 1% from electroweak (EW) vector-boson scattering produced in

association with two jets (denoted by @@̄ → // (EW)). The balance shifts slightly in

the VBF category, where the overall contribution of the @@̄ → // (EW) backgrounds
to all backgrounds is expected to be 16-20% depending on the categorisationmethod

used (Section 5.8). Feynman diagrams of the three leading SMbackground processes

are depicted in Figure 5.1.

(a) Feynman diagram of the process @@̄ →
//→ 4ℓ .

(b) Feynmandiagramof theprocess 66 →
//→ 4ℓ .

(c) Feynman diagram of the process @@̄ →
// (EW) with four charged leptons and two

associated jets in the final state.

Figure 5.1: Feynman diagrams of the leading SM backgrounds with four charged

leptons in the final state: (a) @@̄ → //→ 4ℓ , (b) 66 → //→ 4ℓ , as well as (c) the

electroweak production of two / bosons via vector-boson scattering decaying to

four charged leptons in association with two jets (referred to as @@̄ → // (EW)).

1A background is irreducible if its final-state particles are indistinguishable from those expected

from the decay of the signal. Conversely, a reducible background is one whose final-state particles are

in principle distinguishable from the final-state particles of the signal decay.
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The // background is modelled using MC simulation combined with a partly

data-driven approach: The shape in <4ℓ of the // background is modelled from

MC simulation, while the overall background normalisation is taken from data.

This helps reduce the total uncertainty in the SM // yield by constraining the

theoretical uncertainties associated with the modelling of this background. The

shape-modelling procedure using MC simulation is outlined in Section 5.6.2. An-

other source of background comes from / + jets and CC̄ processes. Contributing at

the per-cent level, they are reducible and are estimated using data-driven methods

where possible, following those outlined in Reference [161]. Minor contributions

are expected from triboson (+++) and CC̄ ++ events (here, + stands either for a,±

or a /), which are estimated using MC simulation.

5.6 Signal and background modelling

The discriminating variable in the ℓ+ℓ−ℓ ′+ℓ ′− is the four-lepton invariant mass, <4ℓ .

In order to apply the statistical interpretation to arbitrary resonance masses, <� ,

the <4ℓ distributions of signal and background are parametrised as a function of

the signal mass hypothesis. The shape of the <4ℓ distribution is estimated from MC

simulation, both for the expected SM background and for the high-mass signal.

5.6.1 Signal modelling

The signal modelling follows different approaches depending on the type of

resonance. The signal modelling methods for the narrow- and large-width scalar

hypotheses and the graviton signal hypothesis are briefly described below.

5.6.1.1 NWA scalar

High-mass signals in the NWA are modelled by fitting the <4ℓ distribution obtained

fromMC simulation to an empirical function. As the natural width of the resonance

is negligible compared to the detector resolution, the <4ℓ shape is modelled using

the sum of a Crystal Ball [162, 163] and a Gaussian function to model the detector

resolution. The function is given by

%B(<4ℓ ) = 5� · �(<4ℓ ;�, �� , 
� , =�) + (1 − 5�) · N(<4ℓ ;�, �N ), (5.2)

where � is the Crystal Ball function centred at a peak, which is denoted by �with

standard deviation �� . The parameters 
� and =� determine the shape and position



5.6. SIGNAL AND BACKGROUNDMODELLING 79

of the tail of the Crystal Ball function. N is the normal distribution with the same

mean � and standard deviation �N . The parameter 5� is required to ensure the

relative normalisation of the probability density functions.

The fitting procedure is performed separately in the ggF and VBF categories,

yielding a set of fit parameters at every available mass point. A polynomial is fitted

to these parameters, allowing for an interpolation of fit parameters along continuous

values of <4ℓ for the entire search range (200 < <4ℓ < 2000 GeV). The degree of

the polynomial is established by beginning with a polynomial of degree three, and

decreasing the degree until the coefficient of the highest-order term is greater than

its standard error. This is done in order to avoid overfitting. The polynomial fitting

procedure is conducted separately for all six fitted parameters in Equation (5.2), i.e.

5� , �, �� , 
� , =� , and �N . As a result, the final polynomial degrees are generally

different for each fitted parameter, and include polynomials of first, second, and

third degree. The bias in signal yield associated with this fitting procedure is 0.8%

in the 4� channel, 0.9% in the 44 channel, and 2% in the 242� channel, and is treated

as a systematic uncertainty. The bias on the extracted signal yield was assessed by

comparing the signal yield extracted from the fit with that from a simple count. It is

given by
#Rec−#Fitted

#
Fitted

, where #Rec is the number of reconstructed events and #Fitted is

the number of events obtained by integrating the fitted spectrum over the full <4ℓ

range.

Figure 5.2 shows an example fit of a ggF signal sample at a mass point of

<� = 700 GeV to the sum of a Crystal Ball and a Gaussian function, as well as

a series of projections of <4ℓ signal shapes obtained from the parametrisation

procedure described above. The signal <4ℓ spectra are very similar in the ggF and

VBF regions and are for that reason only illustrated for the ggF category. In the

figures of this thesis, panels labelled ‘pull’ show the standardised residual between

an observation and a fit. For an observation G8 with fitted value Ḡ8 and fit uncertainty

�8 , it is given by (G8 − Ḡ8)/�8 .

5.6.1.2 LWA scalar and graviton hypotheses

The shape of the <4ℓ distribution in the case of LWA scalar particles and spin-2

gravitons are modelled as a convolution of a truth-level distribution with a detector-

resolution function. It is given for LWA scalar particles in Appendix B.1, and for

gravitons in Appendix B.2. The detector-resolution function is taken to be the

same as the one obtained for the NWA signal parametrisation (Section 5.6.1), since
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Figure 5.2: (a) <4ℓ spectrum of a ggF sample in the 4� channel at a mass point of

700 GeV (black) fitted to a Crystal Ball + Gaussian function (blue). The bottom panel

shows the standardised residuals between the simulated distribution and its fit

(pull). (b) The projection of <4ℓ shapes based on interpolating the fit parameters

obtained from fits at all available mass points, such as as the one shown in (a).

Figures reproduced from Reference [1].

due to the negligible width of the resonance the <4ℓ shape in the NWA is entirely

dominated by the detector resolution.

The modelling of the LWA scalar hypothesis must take into account interference

effects between the heavy resonance and SM processes. The SM background

process of 66 → // → ℓ+ℓ−ℓ ′+ℓ ′−, the ggF-produced SM Higgs boson decay to

//→ ℓ+ℓ−ℓ ′+ℓ ′−, and the ggF-produced heavy resonance in the LWA decaying to

// → ℓ+ℓ−ℓ ′+ℓ ′− all share the same initial state of 66 and the same final state of

ℓ+ℓ−ℓ ′+ℓ ′−, and therefore interfere with one another. The interference contribution

becomes significant when the resonance width is non-negligible, affecting signal

yields by up to 10% [164]. It becomes more significant as the natural width of

the scalar increases. In the case of the interference between the heavy scalar and

the SM 66 → // process, dedicated MC simulation samples are generated. The

overall interference contribution is estimated by subtracting the <4ℓ distributions

of the signal-only and background-only samples from the dedicated interference

samples at truth level. The resulting <4ℓ distribution is convolved with the detector-

resolution function obtained previously. In the case of a heavy scalar interfering

with the SM Higgs boson, it is assumed that the only difference between the two

types of Higgs bosons in the production cross-section must originate from the

propagator. The interference contribution is obtained by reweighting the truth-level
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<4ℓ shape of the generated LWA signal samples with a function based on the

different propagators associated with the SM Higgs boson and the heavy Higgs

boson, the details of which are given in Appendices B.1 to B.3.

In the case of the graviton hypothesis, the natural width is assumed to be

relatively small, and it therefore does not take into account interference modelling.

5.6.2 Background modelling

The SM // continuum background from the processes @@̄ → //, 66 → //, and

@@̄ → // (EW) is modelled by fitting an empirical function to the MC-simulated

<4ℓ distributions, while the overall normalisation is a free parameter in the statistical

fit (Section 5.9). The background modelling function is given by

5<4ℓ = �0 × �(<0 − <4ℓ ) × 51(<4ℓ ) + �(<4ℓ − <0) × 52(<4ℓ ), (5.3)

where

51(<4ℓ ) =
(
<4ℓ − 04

03

) 01−1
(
1 + <4ℓ − 04

03

)−01−02

, (5.4)

52(<4ℓ ) = exp

[
11

(
<4ℓ − 15

14

)12−1
(
1 + <4ℓ − 15

14

)−12−11

]
, (5.5)

�0 =
52(<0)
51(<0)

, (5.6)

and 08 and 18 are real-valued fit parameters.

Incorporating the overall normalisation as a free parameter in the fit helps

constrain systematic uncertainties in the // yield associated with theoretical

uncertainties on the SM // production rate. This approach has been validated in

Reference [1], and reduces systematic uncertainties on the main backgrounds by up

to 30%.

Most other sources of background are modelled using MC simulation, both

in shape and normalisation. Exceptions to this are light-flavour jets, where the

<4ℓ distribution is extracted from a dedicated data control region; this method is

described in Reference [1].
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Figure 5.3: <4ℓ distribution of the MC-simulated @@̄ → // background in the

ggF category and the 4� final state (black), fitted to an empirical function given in

Equation (5.3) (blue). The bottom panel shows the standardised residuals between

the simulated distribution and its fit (pull). The green band in the upper panel

corresponds to a statistical uncertainty in the fit of ±1 �. Figure reproduced from

Reference [1].
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5.7 Cut-based event categorisation

The previous iteration of the analysis [58] using 36 fb
−1

of data employed the

following strategy for categorising events as ggF-like and VBF-like: if an event

contains two or more jets (#jets ≥ 2) that are well separated such that Δ� 9 9 > 3.3,

and their invariant mass, < 9 9 , is at least 400 GeV, it is categorised as VBF-like2.

Otherwise, an event is classified as ggF-like. This includes all events with fewer

than two jets (#jets < 2). Due to the two simple cuts on two high-level event

variables, this event-categorisation method is referred as the cut-based categorisation.
Figure 5.4 shows the Feynman diagrams for the two production mechanisms under

consideration.

Figure 5.4: Leading-order Feynman diagrams for the two Higgs production mech-

anisms under consideration. (a) VBF production of a Higgs, decaying to two /

bosons, each decaying to two charged leptons. (b) ggF production of a Higgs boson

decaying to two / bosons, each decaying to two charged leptons.

One advantage of the cut-based categorisationmethod is itsmodel independence,

in that the two dĳet variables it uses are assumed to be uncorrelatedwith the internal

structure of the resonance that is produced in the ggF or VBF process (such as

whether it is a scalar or a vector particle). This is because the VBF resonance

production occurs after the two incoming quarks each radiate a vector boson,

which subsequently are identified as jets. For reasons of model independence, the

cut-based categorisation continues to be used in this iteration of the analysis in the

search for large-width scalars and in the search for spin-2 gravitons. Furthermore,

the cut-based categorisation scheme is offered as an alternative strategy in the search

for narrow resonances. The latter interpretation is not presented in this chapter; it is

available in the appendix to Reference [3].

2The validity of these cuts was investigated as a preliminary study to the work presented in this

chapter. All possible simultaneous cuts on Δ�jj and < 9 9 were assessed with respect to their impact

on the discovery significance of a potential ggF or VBF signal at all available mass points. The study

confirmed that the previous cuts are very close to optimal.
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5.8 Event categorisation using deep neural networks

While the cut-based categorisation method outlined in Section 5.7 is well-motivated

by the kinematics of the VBF production mechanism, which in the majority of cases

produces a well-separated, high-mass jet pair, it is ultimately limiting, as it does

not take into account other event variables that may contain information that is

correlated with the production mechanism.

In order to improve the classification of events into ggF-like and VBF-like, two

multivariate classifiers are developed. Both classifiers are based on RNNs and

MLPs3. The first classifier is trained on simulated VBF events as signal and SM

events as background, and is intended to improve the separation between VBF

events and SM background events. The second classifier is trained on ggF events as

signal, and, again, SM events as background. The classifiers are applied in sequence:

A given event under consideration is considered VBF-like if it scores above a certain

threshold on the VBF classifier’s output score. Failing that, if it scores above another

threshold on the ggF classifier’s output score, it is considered ggF-like. Failing both

cuts, the event is considered background-like.

5.8.1 Classifier architecture

The two classifiers are similar in architecture. The VBF classifier comprises two

RNNs and an MLP. The first RNN takes as input the ?T-ordered pairs of ?T and � of

the four charged leptons. The second RNN takes as input the ?T-ordered pairs of ?T

and � of the jets in the event. The MLP receives a set of high-level event variables as

input.

The ggF classifier comprises a single RNN, which, just like in the case of the VBF

classifier, takes the ?T-ordered pairs of ?T and � of the four charged leptons as input.

In addition, it consists of anMLP,which as its input receives the remaining high-level

event variables, as well as the ?T and � of up to one jet. In both cases, the layers

are concatenated and fed into several additional deep layers, the last layer of which

produces an output score. The network architectures are summarised in Figures 5.5

and 5.6. The models were implemented using the TensorFlow library [165].

3It is worth mentioning that because several neural-network layers are involved, the classifiers are

frequently referred to as DNNs throughout this chapter.
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mlp_input: InputLayer
input:
output:

(None, 5)
(None, 5)

first_dense: Dense
input:

output:
(None, 5)

(None, 100)

dropout_mlp1: Dropout
input:

output:
(None, 100)
(None, 100)

second_dense: Dense
input:

output:
(None, 100)
(None, 90)

dropout_mlp2: Dropout
input:
output:

(None, 90)
(None, 90)

jet_input: InputLayer
input:
output:

(None, 2, 2)
(None, 2, 2)

jet_mask: Masking
input:
output:

(None, 2, 2)
(None, 2, 2)

third_dense: Dense
input:

output:
(None, 90)
(None, 64)

lepton_input: InputLayer
input:

output:
(None, 4, 2)
(None, 4, 2)

lepton_rnn: GRU
input:
output:

(None, 4, 2)
(None, 50)

jet_rnn: GRU
input:
output:

(None, 2, 2)
(None, 50)

mlp_out: Dense
input:
output:

(None, 64)
(None, 50)

concat_1: Concatenate
input:
output:

[(None, 50), (None, 50), (None, 50)]
(None, 150)

dropout1: Dropout
input:

output:
(None, 150)
(None, 150)

dense_1: Dense
input:
output:

(None, 150)
(None, 100)

dropout2: Dropout
input:

output:
(None, 100)
(None, 100)

dense_2: Dense
input:
output:

(None, 100)
(None, 90)

final_dense: Dense
input:
output:

(None, 90)
(None, 32)

dense_output: Dense
input:
output:

(None, 32)
(None, 1)

Figure 5.5: Diagram of the VBF classifier architecture. The upper part of the diagram

shows the three different network components: the MLP layer on the left with an

input dimension of 1 (labelled mlp_input), the lepton RNN in the middle with an

input dimension of 4× 2 (labelled lepton_input), and the jet RNN on the right with

an input dimension of 2 × 2 (labelled jet_input). The lower part of the diagram

shows how the three input layers are combined in a concatenation, run through

several dense and dropout layers, in order to eventually end on a single output

neuron. The ‘None’ labels in the first dimension of each layer are a placeholder for

the batch size, which is a variable training parameter and of no importance to the

classifier architecture.
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lepton_input: InputLayer
input:

output:
(None, 4, 2)
(None, 4, 2)

lepton_rnn: GRU
input:
output:

(None, 4, 2)
(None, 50)

concat_1: Concatenate
input:

output:
[(None, 50), (None, 9)]

(None, 59)

mlp_input: InputLayer
input:
output:

(None, 9)
(None, 9)

dropout1: Dropout
input:

output:
(None, 59)
(None, 59)

dense_1: Dense
input:
output:

(None, 59)
(None, 100)

dropout2: Dropout
input:
output:

(None, 100)
(None, 100)

dense_2: Dense
input:
output:

(None, 100)
(None, 90)

final_dense: Dense
input:
output:

(None, 90)
(None, 32)

dense_output: Dense
input:
output:

(None, 32)
(None, 1)

Figure 5.6: Diagram of the ggF classifier architecture. The top of the diagram shows

the two different input layers: the lepton RNN on the left with a dimension of 4 × 2

(labelled lepton_input) and the MLP on the right with a dimension of 9 (labelled

mlp_input). The two input layers are concatenated and run through several dense

and dropout layers, eventually ending on a single output neuron. The ‘None’ labels

in the first dimension of each layer are a placeholder for the batch size, which is a

variable training parameter and of no importance to the classifier architecture.
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5.8.2 Input features
5.8.2.1 Feature-selection method

The two classifiers’ input features are primarily selected in order to exploit the dĳet

kinematics in the VBF category (and the absence thereof in the ggF category). Both

classifiers were trained with a large set of high-level event variables, which was

iteratively reduced in size in a process called pruning.
The selection of features follows slightly different methods for the two classifiers

due to the availability of a more mature software library used for feature selection at

the time the ggF classifier was developed (several months after the VBF classifier).

In the case of the ggF classifier, the SHAP valuse [166] were used as a proxy for

the importance of a given variable. Based on Shapley values, developed initially

in the context of game theory [167], SHAP values aim to quantify the contribution

that each input feature makes to the output score of a classifier. Details on the

computation of SHAP values are available in Reference [168]; here, only a brief,

intuitive explanation is provided. Given # input features, models are trained on a

sample from the power set formed by # − 1 features, and the difference in model

output is compared with the original model trained on all # features. For a given

feature :, the SHAP value is computed from the difference in output score between

the model trained on all features, 5̂# , and the model trained on all features except
for feature :, 5̂#\: . The SHAP values were implemented using the shap software

package [166].

The feature pruning for the VBF classifier is based on a related measure of

variable importance, called the permutation importance [169]. The calculation of the

permutation importance is based on a single classifier trained on all # features. A

test set is evaluated on the trained classifier by replacing one feature at a time with

random noise, and comparing its output on the test set with that of the classifier

trained on the complete set of features. The difference between the output of the

noisy test set and the full test set is taken as a proxy for the importance of a given

feature. The feature ranking according to permutation importancewas implemented

using the eli5 package [170].

5.8.2.2 Choice of input features

The classifiers were initially trained with a large set of # input features, ranked

according to their mean SHAP value. The lowest-ranking feature was removed, and

the classifier was trained on the remaining # − 1 input features, and so forth. The
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pruning procedure was halted once the lowest-ranking feature had a SHAP value

above a threshold value of 0.001. The cut-off value of 0.001 was chosen as it roughly

corresponds to the uncertainty in SHAP value observed for a given feature when

repeating performing repeated training runs with the same overall set of features.

In other words, the set of input variables was chosen such that the average impact

on the model output of each feature was at least 0.1%.

The final choice of input features to the two classifiers is summarised in Tables 5.2

and 5.3. The SHAP value rankings for the two classifiers are presented in Figure 5.7.

It is noteworthy that the dĳet invariant mass, < 9 9 , is the highest-ranking feature for

the VBF classifier, indicating that the classifier chose this variable—the one most

sensitive to the dĳet topology along with the two jets’ pseudorapidities—as the

most important one. This is similar to the cut-based categorisation, in which < 9 9 is

one of the two dĳet variables used.

variable description

<4ℓ 4ℓ invariant mass

< 9 9 dĳet invariant mass

?
9 9

T
dĳet transverse momentum

Δ��,9 difference in pseudorapidities between the 4ℓ system and the leading jet

minΔ' 9/ minimum angular separation between one of the two ℓℓ pairs and a jet

?
9

T
transverse momenta of the two leading jets

� 9 pseudorapidities of the two leading jets

?ℓ
T

transverse momenta of the four charged leptons

�ℓ pseudorapidities of the four charged leptons

Table 5.2: Input features to the VBF classifier.

It is worth noting that in the feature ranking based on permutation importance,

all features shown in Table 5.2 scored sufficiently highly, however, Figure 5.7a

showing the SHAP values indicates that the five lowest-ranking variables could

have been safely removed without affecting the overall model output significantly.

The inclusion of these features in the final classifier is not expected to be problematic,

as partially redundant features generally do not negatively impact model accuracy.

The distributions of input features for four signal samples and the combined

SM background are shown in Figures 5.8 to 5.11. In the figures of this thesis,

distributions that are normalised to unit area are denoted by a.u. (arbitrary units)

on the ordinate.
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Figure 5.7: Ranked SHAP values for all input features of the VBF (a) and ggF (b)

classifiers. The ranking is according to the magnitude of the SHAP value across

5000 tested events. The H-axes show the input features. The I-axes correspond to

the value of a given feature, ranging from its minimum value (blue) to its maximum

(magenta).
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Figure 5.8: The MLP and jet-RNN input features to the VBF classifier for four

different signal mass points (300, 700, 1400, 2000 GeV) (coloured) and the com-

bined background (grey). Only events satisfying the training selection cut of

#jets ≥ 2 are shown. The distributions, from left to right, top to bottom, are

< 9 9 , ?
9 9

T
, Δ��,9 , minΔ' 9/ , <4ℓ , ?

91
T
, � 91 , ?

92
T
, and � 92 . All distributions are normal-

ised to unit area to facilitate comparison (a.u.).
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Figure 5.9: Input variables used in the VBF classifier that are passed to the lepton

RNN for four different signal mass points (300, 700, 1400, 2000 GeV) (coloured)

and the combined background (grey). Only events satisfying the training selection

cut of #jets ≥ 2 are shown. The distributions, from left to right, top to bottom, are

?
ℓ1
T
, �ℓ1 , ?ℓ2

T
, �ℓ2 , ?ℓ3

T
, �ℓ3 , ?ℓ4

T
, and �ℓ4 . All distributions are normalised to unit area

to facilitate comparison (a.u.).
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Figure 5.10: MLP input features to the ggF classifier for four different signal mass

points (300, 700, 1400, 2000 GeV) (coloured) and the combined background (grey).

Events with any jet multiplicity are shown, as this classifier is used in both categories

(#jets ≥ 2 and #jets < 2). The distributions, from left to right, top to bottom, are

<4ℓ , Δ' 9� , cos�1, cos�2, cos�∗, ), ?4ℓ
T
, �4ℓ , ?

ℓ1
T
, and �ℓ1 . All distributions are

normalised to unit area to facilitate comparison (a.u.).
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Figure 5.11: Input features to the ggF classifier used in the lepton RNN for four

different signal mass points (300, 700, 1400, 2000 GeV) (coloured) and the combined

background (grey). Events with any jet multiplicity are shown, as this classifier

is used in both categories (#jets ≥ 2 and #jets < 2). The distributions, from left to

right, top to bottom, are ?
ℓ1
T
, �ℓ1 , ?ℓ2

T
, �ℓ2 , ?ℓ3

T
, �ℓ3 , ?ℓ4

T
, and �ℓ4 . All distributions are

normalised to unit area to facilitate comparison (a.u.).
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variable description

<4ℓ 4ℓ invariant mass

cos�1 decay angle of the leading /

cos�2 decay angle of the sub-leading /

cos�∗ production angle of the // system

Δ' 9� angular separation between the 4ℓ system and the leading jet

) azimuthal angle of the // system

?4ℓ
T

transverse momentum of the ℓ+ℓ−ℓ ′+ℓ ′− system
�4ℓ

pseudorapidity of the ℓ+ℓ−ℓ ′+ℓ ′− system

?
9

T
transverse momentum of up to one jet

� 9 pseudorapidity of up to one jet

?ℓ
T

transverse momenta of the four charged leptons

�ℓ pseudorapidities of the four charged leptons

Table 5.3: Input features to the ggF classifier.

5.8.3 Training statistics

Both networks are trained on VBF and ggF signal samples generated at the following

mass points: <� = 200, 300, 400, 500, 600, 700, 800, 900, 1000, 1200 and 1400 GeV. The

background samples used for training comprise the processes @@̄ → //, 66 → //

and @@̄ → // (EW). All events considered for training are required to pass the event-

selection cuts outlined in Section 5.4. In addition, events are required to lie within

the mass range 200 < <4ℓ < 1300 GeV, as the available background statistics above

1300 GeV are far smaller than those available for signal, and meaningful training

in that mass range proved infeasible. As will be demonstrated in Section 5.8.11,

the networks show enough generalisation capacity to extrapolate to masses the

classifiers were not provided during training well beyond the cut-off value of

<4ℓ = 1300 GeV applied during training.

TheVBF network, aimed at exploiting the kinematics of eventswith a 9 9 signature,

is trained on events that contain two or more jets. The ggF network, on the other

hand, is trained on events with at most one jet. It can, however, be very effectively

applied to events with more than one jet, in which case the leading (i.e. highest-?T)

jet’s � and ?T are fed into the MLP part of the network as input to fill the variables

� 9 and ?T, while all other jets are ignored. The training of the ggF network is

restricted to events with at most one jet so as to have a statistically independent

background component during training (given the #jets > 2 requirement on the

VBF network). To assess the soundness of this approach, two versions of the ggF
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network were trained (one with at most one jet in a given event, and another one

with any jet multiplicity), and no significant difference in network output, when

applied to events with any jet multiplicity, was observed. For events with zero jets,

� 9 and ?
9

T
are assigned a value of 0. Note that this happens both during training and

during evaluation of the network. The overall number of events used for training

are summarised in Tables 5.4 to 5.7.

<� Raw events per MC campaign Total

mc16a mc16d mc16e

200 GeV 2213 2176 2210 6599

300 GeV 1306 1623 24699 27628

400 GeV 7020 7310 7181 21511

500 GeV 6406 7576 7531 21513

600 GeV 7335 7799 7508 22642

700 GeV 1529 1718 28486 31733

800 GeV 7322 7756 7592 22670

900 GeV 7473 7801 7584 22858

1000 GeV 7381 7681 7639 22701

1200 GeV 7157 7404 7362 21923

1400 GeV 435 575 481 1491

Total 55577 59419 108273 223269

Table 5.4: Number of raw VBF signal events used during training of the VBF DNN

passing the basic and training selection cuts for the three simulation campaigns

and in total. The mc16a campaign is designed to mimic data-taking conditions in

2015–2016, mc16d those in 2017, and mc16e those in 2018.

Process Raw events per MC campaign Total

mc16a mc16d mc16e

@@̄ → // 192234 342893 319883 855010

@@̄ → // (EW) 6812 8612 6777 22201

66 → // 13170 18732 18732 50634

Total 212216 370237 345392 927845

Table 5.5: Number of raw background events used during training of the VBF DNN

passing the basic and training selection cuts for the three simulation campaigns and

in total.
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<� Raw events per MC campaign Total

mc16a mc16d mc16e

200 GeV 2944 2879 2765 8588

300 GeV 17203 19447 27795 64445

400 GeV 9365 8808 8791 26964

500 GeV 9213 8861 8820 26894

600 GeV 9253 8728 8683 26664

700 GeV 18338 22453 32601 73392

800 GeV 9097 8417 8617 26131

900 GeV 8772 8299 8289 25360

1000 GeV 8668 8073 7957 24698

1200 GeV 8245 7584 7694 23523

1400 GeV 446 498 502 1446

Total 101544 104047 122514 328105

Table 5.6: Number of raw ggF signal events used during training of the ggF DNN

passing the basic and training selection cuts for the three simulation campaigns and

in total.

Process Raw events per MC campaign Total

mc16a mc16d mc16e

@@̄ → // 791848 988576 1143735 2924159

@@̄ → // (EW) 1330 1443 1178 3951

66 → // 59845 70216 70216 200277

Total 853023 1060235 1215129 3128387

Table 5.7: Number of raw background events used during training of the ggF DNN

passing the basic and training selection cuts for the three simulation campaigns and

in total.



5.8. EVENT CATEGORISATION USING DEEP NEURAL NETWORKS 97

5.8.4 Reweighting

The signal has been generated at discrete mass points; therefore, merely combining

all signal samples would lead to a classifier that would preferentially assign signal-

like scores to events with values of <4ℓ close to any of the mass points it was

provided during training. In order to overcome this limitation in the absence of a

continuous mass spectrum of signal samples, events are reweighted before training

such that the sum of all <4ℓ distributions of the available signal samples matches

the <4ℓ spectrum of the smoothly falling // continuum background. This ensures

equal importance is assigned to reweighted signal and background events across

the entire mass spectrum. N.B.: the events are only reweighting during training of

the classifier. When the trained classifiers are applied to test sets or to data, event

weights are not modified.

The reweighting procedure is as follows: a background event with index i
receives a sample weight during training given by

F
bkg

8
= F8 , (5.7)

where F8 , the event weight, is a number associated with every MC-generated event

that reflects the cross-section of the underlying process and the desired luminosity

of the generated sample. For #0 raw generated events of a process with production

cross-section �, and a recorded integrated luminosity ℒint, it is defined for event 8 as

F8 =
�ℒint

#0

. (5.8)

A signal event with index j, event weight F 9 , and 4ℓ invariant mass < 9 receives the

following sample weight during training:

F
sig

9
= F 9

∑
; F;∑
: F:

, (5.9)

where the index : (;) runs over signal (background) events with a 4ℓ invariant mass,

<:(;)
, in units of GeV, that satisfies

⌊
< 9

⌋
≤ <:(;) <

⌈
< 9

⌉
. (5.10)
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Here, bc and de are thefloor and ceiling functions4, respectively. The<4ℓ distributions

before and after performing the reweighting procedure are shown in Figure 5.12 for

the ggF classifier. The distribution on the right-hand side of the plot shows that the

reweighting procedure was applied correctly; the <4ℓ distribution of the combined

ggF signal samples perfectly overlaps with the background distribution (their ratio

is unity everywhere). The reweighting of VBF samples in preparation for training

of the VBF classifier follows the same procedure.
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Figure 5.12: Unweighted (a) and weighted (b) training events used to train the ggF

classifier. The bottom panels show the ratio between the number of signal events to

the number of background events (signal / background).

The reweighting is performed inclusively, that is, for all types of final state,

in the case of the VBF classifier. In the case of the ggF classifier, it is performed

separately for each of the three possible final states: 44 , 4� and 242�. This is due to

the relatively large fraction of events that are expected to be categorised as ggF-like,

compared to VBF-like and background-like.

5.8.5 Hyperparameter optimisation

Hyperparameter searches were performed using the Hyperopt package [171] in

order to find the optimal set of training parameters. As a result of the hyperparameter

4The floor function is a function that takes as input a real number G and gives as output the greatest

integer less than or equal to G, denoted bGc. Similarly, the ceiling function gives for G the smallest

integer greater than or equal to G, denoted dGe.
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optimisation, the networks are trained over 20 epochs5 with a batch size of 512

(VBF classifier) or 256 (ggF classifier). The optimisation algorithm is Adagrad [172],

with binary cross-entropy (Equation (4.24)) as the objective function. Dropout (c.f.

Section 4.3.1.5) between network layers is applied with a probability of 0.05. The

hidden-layer activation function is tanh(G), while the final-layer activation function

is the sigmoid function (Equation (4.14)).

5.8.6 Choice of classification cut

The optimal classification cut is chosen for good overall sensitivity, in terms of signal

acceptance and background rejection, across the entire mass range. The measure of

significance, /, quantifying this is given by

/ =
= − 1√
1
, (5.11)

where = is the number of observed events for 1 expected events [173].

Figures 5.13 and 5.14 show the improvement in / over the cut-based categor-

isation as a function of VBF and ggF signal mass in the VBF and ggF categories

for different cuts on the classifiers scores. For the VBF category, a cut on the VBF

classifier score of 0.8 for events with two or more jets produces the best overall

performance improvement. For the ggF category, a combination of cuts (a VBF

classifier score of less than 0.8 and a ggF classifier score of greater than 0.5 for

events with two or more jets, and simply a ggF classifier score greater than 0.5 for

events with fewer than two jets), produces the best overall improvement over the cut-

based categorisation. The category definitions are summarised diagrammatically in

Figure 5.15.

5.8.7 Classifier output

Figure 5.16 shows the classifier output for the SM background samples as well as the

700-GeV VBF and ggF signal samples. Figure 5.17 shows the VBF and ggF classifier

response for different VBF and ggF signal samples, respectively. Figure 5.18

compares the VBF and ggF classifier output between the different ATLAS MC

simulation campaigns, using the 700-GeV mass point as an example. The plot

5During training of a machine-learning classifier, an epoch corresponds to an entire pass of the

training algorithm over the full training set.
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Figure 5.13: Significance improvement of the multivariate over the cut-based

definition of the VBF category as a function of VBF signal mass for VBF signal

samples between 300 and 2000 GeV for seven different cuts on the VBF classifier.

The significance improvement on the ordinate is expressed in percent. The optimal

cut of 0.8 is represented by a solid line, while other alternative cuts are plotted using

dashed lines. Entries at 2000 GeV for cuts of 0.8 and 0.9 are not included due to a

lack of background events passing this selection.
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Figure 5.14: Significance improvement of the multivariate over the cut-based

definition of the ggF category as a function of ggF signal mass for ggF signal

samples between 300 and 2000 GeV for seven different cuts on the ggF classifier.

The significance improvement on the ordinate is expressed in percent. The optimal

cut of 0.5 is represented by a solid line, while other alternative cuts are plotted using

dashed lines.

indicates no significant difference in classifier output between the campaigns within

statistical uncertainties.

5.8.8 Agreement between data and simulation

It remains to be shown that the classifier output on data is well-modelled by

simulation. Figure 5.19 presents a comparison between the VBF and ggF classifier

outputs on data and MC on the entire Run-2 dataset, indicating that the classifier

scores are generally well-modelled. The indication of some degree of mismodelling

at low values of the ggF classifier (Figure 5.19b) is expected to have a negligible

impact on the results of this analysis, as events are classified as ggF-like if their

output score is greater than 0.5.

5.8.9 <4ℓ signal distributions

Figure 5.20 show the <4ℓ distributions of the VBF and ggF samples inclusively and

in the VBF and ggF categories, indicating that the VBF and ggF selection cuts do

not bias the <4ℓ distributions significantly. The distributions before and after the



5.8. EVENT CATEGORISATION USING DEEP NEURAL NETWORKS 102

(a) Category definitions for events

with fewer than two jets.

(b) Category definitions for events

with two or more jets.

Figure 5.15: VBF, ggF and background category definitions for events passing the

basic ℓ+ℓ−ℓ ′+ℓ ′− selection cuts. The category definitions are shown separately for

events with fewer than two jets (a), and for events with two or more jets (b). Here,

NN
VBF(ggF) is the VBF (ggF) classifier’s output score. The rest category is referred to

as background-like elsewhere in this work. Figures reproduced from Reference [1].
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(a) The VBF classifier response for the background samples (filled) and the

700-GeV VBF signal sample (black), for events with two or more jets.
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(b) The ggF classifier response for the background samples (filled) and

the 700-GeV ggF signal sample (black), for all events regardless of jet

multiplicity.

Figure 5.16: VBF (a) and ggF (b) classifier outputs for the three background

samples (coloured), as well as one example VBF (a) and ggF (b) signal sample. The

distributions are normalised to unit area to facilitate comparison (a.u.).



5.8. EVENT CATEGORISATION USING DEEP NEURAL NETWORKS 104

0.0 0.2 0.4 0.6 0.8 1.0
VBF DNN score

0

2

4

6

8

a.
u.

Njets 2
300 GeV
700 GeV
1400 GeV
2000 GeV

(a) The VBF classifier response for four

VBF signal mass points (300, 700, 1400

and 2000 GeV) for events with two or

more jets.
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(b) The ggF classifier response for four

ggF signal mass points (300, 700, 1400

and 2000 GeV), for events with any jet

multiplicity.

Figure 5.17: VBF (a) and ggF (b) classifier output at four different signal mass

points: 300, 700, 1400 and 2000 GeV. The distributions are normalised to unit area to

facilitate comparison (a.u.).

classification cuts overlap nearly perfectly. Any residual bias in the signal shape is

taken into account by the signal modelling outlined in Section 5.6.1.

5.8.10 <4ℓ background distribution in the VBF and ggF categories

Figure 5.21 compares the shapes of the <4ℓ distributions in the inclusive category

with those in the VBF and ggF categories, respectively. The overall changes

in shape of the <4ℓ distributions in the two categories are accounted for in the

parametrised modelling of the // continuum background due to the fact that the

fits are performed separately in all event categories. Importantly, the classification

cuts do not introduce any bumps into the // <4ℓ distributions, which could be

misinterpreted as signal. The noticeable change in <4ℓ shape at low values in the

ggF case (Figure 5.21b) indicate that more SM // events migrate into the ggF

categories in that region. This is likely caused by the fact that the low-mass region

is much richer in SM // background, which makes it a more challenging region for

discriminating signal from background.

5.8.11 Classifier bias

While the reweighting procedure of the training samples ensures equal importance

is assigned to signal and background events across the entire mass range, the

raw event statistics are limited to thirteen mass points for each production mode.
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(a) The VBF classifier output for 700-GeV VBFMC samples for MC

campaigns mc16a, mc16d and mc16e.
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(b) The ggF classifier output for 700-GeV ggF MC samples for MC

campaigns mc16a, mc16d and mc16e.

Figure 5.18: Comparison between the three MC campaigns for the VBF DNN score

(a) and the ggF DNN score (b). The distributions are normalised to unit area to

facilitate comparison (a.u.).
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(b) ggF classifier output comparison

between data and simulation.

Figure 5.19: Comparison between data (black) and different MC samples (coloured)

of the two classifier scores. The comparison is shown for the VBF classifier for events

with two or more jets (a), and for the ggF classifier for events with any jet multiplicity

(b). The output score of a VBF-produced signal with mass <� = 600 GeV is shown

in grey, that of a ggF-produced Higgs boson with mass <� = 600 GeV is shown

in black. The bottom panels show the ratio of the number of observed events to

the number of predicted events. The grey bands show the magnitudes of the ±1 �
statistical uncertainties of the data/prediction estimates. Figures reproduced from

Reference [3].
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(a) Distribution in <4ℓ of 13 VBF samples before any classification cut

(black), and in the VBF category (blue).
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(b) Distribution in <4ℓ of 13 ggF samples before any classification cut

(black), and in the ggF category (blue).

Figure 5.20: Simulated <4ℓ VBF (a) and ggF (b) signal distributions before and after

the VBF and ggF category cuts. In order to facilitate comparison, the distributions

for each mass point after applying the classification cut (blue) are scaled to the same

area as the distributions before any classification cut (black). This is denoted by

‘a.u.’ on the ordinates.
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(a) Distribution in <4ℓ of the combined SM background before any

classification cut (black), and in the VBF category (blue).
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(b) Distribution in <4ℓ of the combined SM background before any

classification cut (black), and in the ggF category (blue).

Figure 5.21: (a)Distribution in<4ℓ of the simulated, combinedSMbackgroundbefore

any classification cut (black), and in the VBF category (blue). The distributions are

normalised to the same area. (b) Distribution in<4ℓ of the combined SMbackground

before any classification cut (black), and in the ggF category (blue). In order to

facilitate comparison, the distributions after applying the classification cut (blue)

are scaled to the same area as the distributions before any classification cut (black).

This is denoted by ‘a.u.’ on the ordinates. The bottom panels show the ratio of the

number of events after applying the ggF- or VBF-category cuts to the number of

events before applying any classification cut (ratio ggF (VBF) cat./incl.).



5.8. EVENT CATEGORISATION USING DEEP NEURAL NETWORKS 109

Therefore, it is important to determinewhether the classifier is biased towards values

of <4ℓ that it has been provided as a mass point during training. In order to assess

this bias, the classifier is evaluated on a specially generated ggF signal mass point

at 450 GeV, which it has not seen during training. A mass of 450 GeV was chosen

because it is located exactly between two mass points used for training (400 and

500 GeV), andmid-way between the twomasses where the previous publication [58]

observed excesses (240 and 700 GeV). Furthermore, 450 GeV corresponds to a

region in <4ℓ that is still relatively high in SM background. In Figure 5.22, the

efficiencies in four event categories (ggF 44, ggF 4�, ggF 2�24 and background)

are interpolated using fifth-degree polynomial fits. In these fits, the 450 GeV mass

point has been excluded. This allows for a comparison of the predicted efficiency at

450 GeV with the measured efficiency at that mass point. In order to quantify the

deviation between the efficiencies at 450 GeV predicted by the interpolation curves

and the measured ones, it is helpful to compare these with the standard deviation

of the residuals (excluding 450 GeV). Table 5.8 compares the standard deviation of

residuals, �A , with the residuals at the 450 GeV mass point, A450.

category �A A450

VBF 0.00073 0.00028

ggF 44 0.0023 0.0015

ggF 4� 0.0020 0.0019

ggF 242� 0.0067 0.0097

background 0.0095 0.0099

Table 5.8: Standard deviation of residuals and residuals at 450 GeV in the five event

categories.

The residuals at 450 GeV all lie within, or very close to, one standard deviation

of the remaining residuals, indicating that the classifier is not significantly biased

towards values of <4ℓ it has been provided as mass points during training.

5.8.12 Overall improvement

The overall improvement obtained using the multivariate categorisation over the

cut-based categorisation is assessed by comparing expected upper limits on the

production cross-section times branching fraction calculated using each of the two

methods (Figure 5.23). The multivariate method provides an overall improvement

on the VBF production cross-section, �VBF, of up to 25%. In terms of the ggF
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Figure 5.22: Efficiencies of four event categories (ggF (44), ggF (4�), ggF (2�24), and

background) as a function of ggF signal mass. The dashed lines show fifth-degree

polynomial fits. The open circles at<4ℓ = 450 GeV indicate the measured efficiencies

on a ggF signal sample with <� = 450 GeV, which was not available during training.

The bottom panel shows the residuals between the efficiency measurements and

their polynomial fits, normalised to the value of the fits ((obs-pred)/pred).

production cross-section, �ggF, we observe an improvement of up to 40%. The lack

of improvement in the high-mass region can be attributed to the fact that that regime

is nearly background-free, leaving little room for improvement in sensitivity.

5.9 Statistical interpretation and systematic uncertain-
ties

Limits on the production cross-section times branching fraction are set using a test

statistic based on the profile likelihood ratio, @(
8 , θ), where 
8 are the parameters

of interest, i.e. the production cross-section times branching fraction of a heavy

resonance in the ggF and VBF production modes, and θ are the nuisance parameters.

The profile likelihood ratio is the probability of correctly rejecting the null hypothesis

assuming that the opposite, i.e. the signal hypothesis, is true [174]. For a given

signal or background hypothesis,ℋ , it is defined as

@(
8 , θ) = −2 ln

ℒ(
8ℋ , θ̂ℋ )
ℒ(
̂8 , θ̂)

, (5.12)
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(a) Upper limits at 95% CL on the cross-

section times branching fraction as a func-

tion of the heavy Higgs mass <� in the

VBF production mode. The limits are

compared between the cut-based ana-

lysis (red) and the DNN-based analysis

(black).

(b) Upper limits at 95% CL on the cross-

section times branching fraction as a

function of the heavy Higgs mass <�

in the ggF production mode. The limits

are compared between the cut-based ana-

lysis (red) and the DNN-based analysis

(black).

Figure 5.23: Upper limits at 95% CL on the production cross-section times branching

fraction of a heavy � as a function of <� , compared between the cut-based and the

DNN-based categorisation. The limits are shown separately for the VBF category

(a), and the ggF category (b). The bottom panels show the ratio of the cross-section

limits obtained using the cut-based categorisation (red) to the limits obtained using

the DNN-based categorisation (black). Figures reproduced from Reference [1].
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where 
8ℋ are the parameters of interest under the tested hypothesis (withℋ = ℋ0

in the case of the background-only hypothesis), θ̂ℋ is the best fit of the nuisance

parameters under the tested hypothesis, 
̂8 is the best fit of the parameters of interest

under the signal hypothesis, and θ̂ is the best fit of the nuisance parameters under

the signal hypothesis.

The likelihood function ℒ is given by the product of a Poisson distribution,

which represents the probability of observing = events under the null or signal

hypothesis, and a weighted sum of signal and background probability distribution

functions. In the case of the NWA signal hypothesis, and for an observation of =

events, it is given by

ℒ(G1, . . . , G= |�ggF, �VBF) = Poisson(= |(ggF + (VBF + �)×
=∏
8=1

(ggF 5ggF(G8) + (VBF 5VBF(G8) + � 5B(G8)
(ggF + (VBF + �

, (5.13)

where (ggF is the number of ggF-produced signal events, (VBF is the number of

VBF-produced signal events, and � is the number of expected SM events. The

functions 5G are determined from the signal and background modelling procedures

described in Section 5.6. The probability density functions 5ggF(G8) and 5VBF(G8)
give the ggF and VBF signal probability of observing the event G8 , whereas 5�(G8) is
the value of the overall background probability distribution function for event G8 .

The nuisance parameters θ are estimates of the systematic uncertainties, and are

constrained by normal distributions.

Upper limits on the production cross-section times branching fraction at a

resonance mass value under test, <� , are obtained, separately in the ggF and VBF

categories, using the �!B method [175, 176, 177]. It is an iterative process that

involves defining two ?-values for all hypotheses, ℋ , under test, each of them

corresponding to a specific production cross-section times branching fraction of a

heavy Higgs. The first, referred to as ?ℋ , corresponds to the probability that the

value of @ under the tested hypothesis is equal to or greater than the observed one,

@obs. The second one, referred to as ?�, is the probability that the value of @ under

the background-only hypothesis is equal to or greater than @obs. One then defines

�!( =
?ℋ

1 − ?�
. (5.14)

Finding the exclusion limit involves adjustingℋ , and, with it, the implied cross-

section times branching fraction of a heavy Higgs, until the desired value of �!(
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is reached. To quote a 95% �!( limit, as is done in this analysis, ?ℋ is adjusted

until a target value of �!( = 0.05 is reached. The exclusion limits as a function of

<� are obtained by repeating this procedure for all possible values of <� within

200 < <� < 2000 GeV. In each step, one fixes <� in ℒ (c.f. Equation (5.13), where

<� is contained implicitly in the probability density functions, 5G , and finds the

nuisance parameters θ that minimise ℒ.

5.9.1 Systematic uncertainties

The impact of systematic uncertainties is discussed in detail in References [1, 3, 178],

and only a brief overview is given here. The degree towhich a systematic uncertainty

impacts the results depends on the final state, the production mode, as well as

the resonance mass. In the ℓ+ℓ−ℓ ′+ℓ ′− final state at lower masses, uncertainties

associated with the parametrisation of the // continuum background (Section 5.6.2)

are dominant in the ggF production mode, while at higher masses, uncertainties

from parton showering become the most relevant ones. In the ℓ+ℓ−ℓ ′+ℓ ′− final

state in the VBF production mode, the dominant systematic uncertainty is the jet

flavour composition, while at higher masses the most important one comes from

higher-order QCD corrections to the Higgs production cross-section. Table 5.9

shows the four leading systematic uncertainties at four hypothesised values of

<� for the ggF and VBF production modes. Above a mass of <� = 600 GeV, the

systematic uncertainties in the ℓ+ℓ−��̄ final state are dominant; hence the systematic

uncertainties in the ℓ+ℓ−ℓ ′+ℓ ′− final state are not shown. The leading systematic

uncertainty in the ℓ+ℓ−ℓ ′+ℓ ′− final state in this region has an impact on the final

yield of 3% or less.

5.10 Results

In order to enhance the sensitivity of the overall results, the ℓ+ℓ−ℓ ′+ℓ ′− analysis

is combined with the ℓ+ℓ−��̄ channel. Full details on the ℓ+ℓ−��̄ analysis can be

found in References [3] and [178]. No significant excess in the ℓ+ℓ−ℓ ′+ℓ ′− or ℓ+ℓ−��̄

was found, and consequently, limits are placed on the production cross-section

times branching fraction of the different signal hypotheses. The total number of

observed events in the ℓ+ℓ−ℓ ′+ℓ ′− final state is 3275, while 2794 events are observed

in the ℓ+ℓ−��̄ final state. The deviation with the highest significance found in the

ℓ+ℓ−ℓ ′+ℓ ′− channel occurred at 240 GeV with an observed local significance of 1.9 �,

rejecting the excess observed previously in the 36 fb
−1

publication. The values of
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ggF production VBF production

Systematic source Impact [%] Systematic source Impact [%]

<� = 300 GeV

// parameterisation (ℓ+ℓ−ℓ ′+ℓ ′−) 4.5 Jet flavor composition 3.0
/ + jets modelling (ℓ+ℓ−��̄) 2.3 @@̄ → // QCD scale (VBF-enriched category, ℓ+ℓ−ℓ ′+ℓ ′−) 2.8
Parton showering of ggF (ℓ+ℓ−ℓ ′+ℓ ′−) 2.2 // parameterisation (ℓ+ℓ−ℓ ′+ℓ ′−) 2.3
4� statistical uncertainty ℓ+ℓ−��̄ 2.0 Jet energy scale (in-su calibration) 1.8
Data stat. uncertainty 53 Data stat. uncertainty 58

Total uncertainty 55 Total uncertainty 60

<� = 600 GeV

Electroweak corrections for @@̄ → // (ℓ+ℓ−��̄) 4.9 QCD scale of @@̄ → // (ℓ+ℓ−��̄) 7.6
QCD scale of @@̄ → // (ℓ+ℓ−��̄) 2.5 Jet energy resolution 5.4
/ + jets modelling (ℓ+ℓ−��̄) 2.5 Parton showering (ℓ+ℓ−��̄) 3.3
PDF of @@̄ → // (ℓ+ℓ−ℓ ′+ℓ ′−) 2.2 Electroweak corrections for @@̄ → // (ℓ+ℓ−��̄) 3.0
Data stat. uncertainty 54 Data stat. uncertainty 61

Total uncertainty 57 Total uncertainty 63

<� = 1000 GeV

Electroweak corrections for @@̄ → // (ℓ+ℓ−��̄) 9.3 Parton showering (ℓ+ℓ−��̄) 6.8
Parton showering (ℓ+ℓ−��̄) 5.2 Electroweak corrections for @@̄ → // (ℓ+ℓ−��̄) 4.7
QCD scale of @@̄ → // (ℓ+ℓ−��̄) 4.8 QCD scale of @@̄ → // (ℓ+ℓ−��̄) 2.4
/ + jets modelling (ℓ+ℓ−��̄) 2.4 Jet flavor composition 2.4
Data stat. uncertainty 57 Data stat. uncertainty 58

Total uncertainty 59 Total uncertainty 59

<� = 1500 GeV

Parton showering (ℓ+ℓ−��̄) 9.6 Parton showering (ℓ+ℓ−��̄) 9.0
Electroweak corrections for @@̄ → // (ℓ+ℓ−��̄) 6.8 Electroweak corrections for @@̄ → // (ℓ+ℓ−��̄) 4.6
PDF of @@̄ → // (ℓ+ℓ−��̄) 5.4 PDF of @@̄ → // (ℓ+ℓ−��̄) 3.4
QCD scale of @@̄ → // (ℓ+ℓ−��̄) 4.6 QCD scale of @@̄ → // (ℓ+ℓ−��̄) 2.8
Data stat. uncertainty 57 Data stat. uncertainty 55

Total uncertainty 59 Total uncertainty 57

Table 5.9: Impact of the leading systematic uncertainties, the data statistical un-

certainties, and the total uncertainties on the predicted signal event yield with

the cross-section times branching fraction being set to the expected upper limit,

expressed as a percentage of the signal yield for the ggF (left) and VBF (right)

production modes at <� = 300, 600, 1000, and 1500 GeV. Table reproduced from

Reference [3].
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the local ?0—corresponding to a rejection of the background-only hypothesis—as a

function of signal mass in the NWA is presented in Figure 5.24. The previous excess

at 700 GeV all but disappears. The second-largest observed excess occurs at 540 GeV

with a local significance of 1.5 �.
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Figure 5.24: Local ?0 as a function of scalar-resonance mass, <(, in the NWA. All

five event categories are combined. Plot (a) shows the local ?0 in the mass range

200–800 GeV, while plot (b) shows the local ?0 in the mass range 800–1800 GeV.

Figures reproduced from Reference [1].

The <4ℓ spectra in each of the five event categories are shown in Figure 5.25.

5.10.1 Scalar resonance in the NWA

Upper limits on the production cross-section times branching fraction, � × �(� →
//), for a heavy resonance are computed using the �!( method described in Sec-

tion 5.9. The limits are calculated separately for the two presumably dominant

production mechanisms, ggF and VBF. When setting limits on one, the other para-

meter is allowed to float freely in the fit. The expected and observed limits are

shown in Figure 5.26, combining results from both the ℓ+ℓ−ℓ ′+ℓ ′− and ℓ+ℓ−��̄ final

states. In the ggF production mode, the observed limits on �ggF×�(� → //) range
from 215 fb at 240 GeV to around 2.0 fb at 1900 GeV. In the VBF production mode,

the observed limits on �VBF × �(� → //) range from 87 fb at 255 GeV to 1.5 fb at

1800 GeV.
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(a) Distribution of <4ℓ in

the ggF (4�) category.

 [GeV]4lm

2−10

1−10

1

10

210

310

410

E
ve

nt
s 

/ 3
0 

G
eV Data ZZ

+V , VVVtt tt+jets, Z

Uncertainty
50 x obs. limit

=600 GeVHmNWA,

ATLAS
-1 = 13 TeV, 139 fbs
-e+e-e+e→ ZZ →H 

ggF-MVA-high

200 400 600 800 1000 1200 1400 1600 1800 2000
 [GeV]4lm

0.6
0.8

1
1.2
1.4

D
at

a/
P

re
d.

(b) Distribution of <4ℓ in

the ggF (44) category.
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the ggF (242�) category.
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the VBF category.
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Figure 5.25: Distribution of <4ℓ in the five event categories: (a) ggF (4�), (b) ggF
(4�), (c) ggF (4�), (d) VBF, and (e) background (labelled ‘ggF-MVA-low’). The

background contributions are determined from a combined likelihood fit to the data

under the background-only hypothesis. For illustrative purposes, the plots include a

simulated heavy-Higgs signal with a mass of <� = 600 GeV, which has been scaled

to a cross-section corresponding to 50 times the observed limit in the ggF production

mode (a, b, c, and e). In the VBF production mode, the signal cross-section has been

scaled to five times the observed limit (d). The lower panels show the ratio of the

data to the simulated SM prediction. The red arrows in the lower panels indicate

data points that are outside the displayed range. Figure reproduced from [3].
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Figure 5.26: Upper limits at 95% CL on the production cross-section times branching

fraction of a heavy scalar resonance with mass <� in the NWA. The upper limits are

shown separately for the ggF production mode (a) and the VBF production mode

(b). The observed limits are shown as black solid lines, while the expected limits are

shown as black dashed lines. The blue dashed lines show the expected limits in

the ℓ+ℓ−ℓ ′+ℓ ′− final state, while the red dashed lines show the expected limits in the

ℓ+ℓ−��̄ final state. The green bands represent a deviation from the expected limit of

±1 �, while the yellow bands show a deviation of ±2 �. Figures reproduced from

Reference [3].
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5.10.2 Scalar resonance interpreted in the 2HDM

The upper limits on the production cross-section times branching fraction of a

heavy scalar in the NWA are translated into exclusion contours in the context of a

CP-conserving 2HDM introduced in Section 2.2.1. While direct couplings to leptons

are possible in other types of 2HDMs, in the context of the � → // process, only

Type I, in which Φ2 couples to all quarks and leptons, and Type II, in which Φ1

couples to down-type quarks and leptons and Φ2 couples to up-type quarks, are

relevant. The coupling of the heaviest �%-even Higgs boson to, and / bosons

is proportional to cos

(
� − 


)
, and in the limit of cos

(
� − 


)
→ 0, the light �%-even

Higgs boson would be indistinguishable from the SM Higgs boson. Furthermore, it

is assumed that the mass hierarchy between the Higgs bosons is small enough so

that the heavy �%-even Higgs boson does not decay to other Higgs bosons.

The exclusion limits in the parameter space spanned by cos

(
� − 


)
and tan � as

well as the space tan � vs. <� are presented in Figure 5.27 for the Type-I and Type-II

scenarios. In both scenarios, the couplings of the heavier CP-even Higgs to vector

bosons are proportional to cos

(
� − 


)
. In the projection of cos

(
� − 


)
vs. tan �, <�

is fixed to a value of 220 GeV. The choice of <� is such that the NWA is valid over

most of the parameter space (i.e. � and 
), and the experimental sensitivity of this

analysis is maximal. In the complementary projection of tan � vs. <� , the value of

cos

(
� − 


)
is fixed to −0.1, which is chosen so that (i) it is non-zero, and therefore

compatible with a non-zero coupling to / bosons, and (ii) the properties of the

light Higgs boson in the 2HDM are still compatible with the recently measured

couplings of the SM Higgs boson and the resulting excluded regions of 2HDM

parameter space [179]. These results significantly improve on those obtained in the

previous iteration of the analysis using 36 fb
−1

of data [58]. For example, the region

excluded in the Type-II scenario in the space spanned by tan � and <� is 60% larger

for 200 < <� < 400 GeV than before.

5.10.3 Scalar resonance in the LWA

Upper limits on the production cross-section times branching fraction are set for a

scalar resonance in the ggF production mode in the LWA, as shown in Figure 5.26.

The upper limits are computed separately for four natural widths6: 1%, 5%, 10%, and

15% of<� . The observed limits are very similar across the four studies, ranging from

6These four widths are a standard configuration used in ATLAS searches for BSM scalars, allowing

for an easier combination of results from different analyses.
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Figure 5.27: The exclusion contours in the 2HDM Type-I (a) and Type-II (b) models

for <� = 220 GeV shown as a function of the parameters cos

(
� − 


)
and tan �.

The Type-I and Type-II models as a function of the parameters tan � and <� with

cos

(
� − 


)
is shown in panels (c) and (d), respectively. The green and yellow bands

represent deviations from the expected limits of ±1 � and ±2 �, respectively. The
hatched areas show the observed excluded regions. Figures reproduced from

Reference [3].
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∼ 100 fb at 400 GeV to ∼ 2 fb at 2000 GeV. The cut-based categorisation (Section 5.7)

is used to define the ggF-enriched category.
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(a) Limits on �ggF × �(� → //) in the

LWA with Γ� = 0.01 <� .
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(b) Limits on �ggF × �(� → //) in the

LWA with Γ� = 0.05 <� .
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(c) Limits on �ggF × �(� → //) in the

LWA with Γ� = 0.1 <� .
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Figure 5.28: Upper limits at 95% CL on the production cross-section times branching

fraction of a heavy scalar resonance with mass <� in the large-width assumption

(LWA). The upper limits are shown in the ggF production mode for different natural

widths of the resonance: 1% (a), 5% (b), 10% (c), and 15% (d). The observed limits

are shown as solid black lines, while the expected limits are shown as dashed black

lines. The dashed blue lines show the expected limits in the ℓ+ℓ−ℓ ′+ℓ ′− final state,
while the dashed red lines show the expected limits in the ℓ+ℓ−��̄ final state. The

green bands represent a deviation from the expected limit of ±1 �, while the yellow

bands correspond to a deviation of ±2 �. Figures reproduced from Reference [3].

5.10.4 Spin-2 graviton

The results are interpreted additionally as a search for a KK excitation in the context

of the bulk RS model with :/"̄Planck = 1. The expected and observed limits, as well
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as the predicted cross-section, are shown in Figure 5.29. The cut-based categorisation

(Section 5.7) is used to define the ggF-enriched category. The results exclude a

spin-2 graviton up to a mass of 1830 GeV at 95% �!.
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Figure 5.29: Upper limits at 95% CL on the production cross-section times branching

fraction of a gravitonwithmass<�:: in the ggF productionmodewith :/"̄Planck = 1.

The observed limits are shown as black solid lines, while the expected limits are

shown as black dashed line. The blue dashed lines show the expected limits in the

ℓ+ℓ−ℓ ′+ℓ ′− final state, while the red dashed lines show the expected limits in the

ℓ+ℓ−��̄ final state. The green bands represent a deviation from the expected limit of

±1 �, while the yellow bands correspond to a deviation of ±2 �. The red solid line

shows the predicted cross-section times branching fraction within the context of the

bulk RS model. Figure reproduced from Reference [3].

5.11 Conclusion

A search for heavy // resonances decaying to ℓ+ℓ−ℓ ′+ℓ ′− has been presented,

focusing specifically on a multivariate classification method to categorise events as

either ggF-like, VBF-like, or background-like. Two classifiers were described, each

based on a combination of RNNs and MLPs.

To facilitate a training of the classifiers in a way that is unbiased towards the four-

lepton reconstructed mass, the signal samples used for training were reweighted

so as to follow the smoothly falling // continuum background. Studies were
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presented that demonstrate the classifier’s ability to (i) perform well at intermediate

masses that were not available during training, and, (ii) perform well in the mass

range that lies beyond the cut-off value of <4ℓ = 1300 GeV at which events were

excluded from the training. It was further shown that cutting on the classifiers does

not bias the background <4ℓ distribution. After selecting optimal cut values on

the classifiers using a discovery-significance estimation, the sensitivity in terms of

upper limits on the production cross-section times branching fraction of VBF and

ggF resonances was presented, showing improved upper limits on the production

cross-section of up to 25% (VBF) and 40% (ggF) compared with the previously used

cut-based categorisation.

The search results in the ℓ+ℓ−ℓ ′+ℓ ′− final state were combined with the ℓ+ℓ−��̄

final state, and limits on the production cross-section times branching fraction were

set for heavy Higgs-like scalars in the NWA and in the LWA. The NWA limits were

used to expand the excluded parameter space in the context of a Type-I and Type-II

2HDM. Furthermore, limits on the production cross-section times branching fraction

of a spin-2 graviton within the context of the bulk RS model were set, excluding KK

excitations with a mass of <�KK
< 1830 GeV at 95% �!.



Chapter 6
Calorimeter-Tagging Muons Using

Machine Learning

Identifying muons efficiently and measuring their momenta accurately is central

to many ATLAS analyses. Several recent physics results would not have been

possible without a highly performant ATLAS muon system. Some examples of

physics analyses in which muons played an important role are the discovery of

the Higgs boson in 2012 [180], where efficient muon identification was important

in the ℓ+ℓ−ℓ ′+ℓ ′− decay channel, as well as BSM searches for high-mass dilepton

resonances [181], or the high-mass ℓ+ℓ−ℓ ′+ℓ ′− search presented in Chapter 5.

ATLAS distinguishes between different muon types that depend on which parts

of the detector are involved in their reconstruction. This work focuses on a specific

type called calorimeter-taggedmuons, i.e. muons with a track in the inner detector,

but without a matching track in the muon spectrometer (see Section 3.2.5). In this

chapter, a novel method for calorimeter-taggingmuons in the ATLAS detector called

CaloMuonScore is developed. This method aims to distinguish muons that have a

track in the inner detector from other particles based on the energy-loss patterns

they create in the ATLAS electromagnetic and hadronic calorimeters. Prior to the

introduction of this method, ATLAS used a cut-based approach in the identification

of such muons; CaloMuonScore improves on this approach by taking into account a

greater amount of low-level detector information.

Muons that originate from the primary interaction vertex are referred to as

promptmuons; those originating from the decay of light hadrons (such as �± and

 ±) are referred to as non-prompt muons. While these light-hadron decays produce

true muons, they can in principle be distinguished from prompt muons based

on the presence of larger energy deposits in the calorimeters. CaloMuonScore is
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a binary classifier, and was, consequently, developed with prompt muons as the

signal component and non-prompt muons as the background component. Among the

light hadrons, pions are the most abundant, and serve, therefore, as the source of

non-prompt muons during development and training of the algorithm. In addition,

kaons are explored as another source of background. It will be shown that while the

CaloMuonScore algorithm was trained on pions as the background component, it

performs equally well when discriminating prompt muons from kaon background.

This chapter first discusses the existing cut-based and a newly introduced feature-

based approach to calorimeter-tagging muons. This is followed by the description

of a novel method for calorimeter-tagging muons (CaloMuonScore) based on a

machine-learning approach using convolutional neural networks. The chapter

concludes with a tag-and-probe analysis, in which the performance of the novel

method is validated on collision data.
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6.1 Muon efficiency measurement

In the case of MC simulation, the efficiency with which a given algorithm identifies

muons is easily determined since the associated truth-level particle is generally

known. Here, the reconstruction efficiency is simply given by

&MC

� =
#reco

�

# truth

�

, (6.1)

where #reco

� is the number of muons reconstructed by the reconstruction algorithm

under study, and # truth

� is the number of simulated muons within the acceptance

region of the algorithm.

In the case of data, the true particle type is unknown and has to be inferred

from the overall event topology. One way of measuring the muon reconstruction

efficiency on recorded collision data is the so-called tag-and-probe method [84], and
it provides an important, complementary measurement to the efficiency derived

based on simulation only.

6.1.1 The tag-and-probe method

The tag-and-probe method is based on selecting an almost pure sample of /→ ��

events; this is achieved by selecting candidate events with one well-reconstructed

muon, the tag, and another muon candidate with opposite charge, the probe. The two

muons are required to have an invariant mass compatible with the / boson mass,

meaning that the reconstructed pair very likely originate from a /→ �� decay. No

specific muon selection criteria are applied to the probe, making it an unbiased

tool for studying the muon reconstruction efficiency. Applying the tag-and-probe

method to MC simulation instead of data can be used to extract an efficiency scale
factor. Quantifying the deviation of simulation from data, it is defined as the ratio

of the muon reconstruction efficiency measured on data to the one measured on

simulation, and is used in physics analyses to correct simulation-derived event

yields [84].

6.1.1.1 The tag-and-probe method with /→ �� events

The method requires the invariant mass of the di-muon pair to be close to the

/-boson mass (81 < <�� < 101 GeV). The tag muon is required to have triggered the
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event readout. Further, it needs to fulfil the loose1 isolation andmedium identification

criteria, which comprise the default muon selection in ATLAS. Medium muons are

either combined or extrapolated muons (c.f. Section 3.2.5) [84]. Aimed at measuring

the calorimeter-tagging efficiency, this study uses probes that are identified as

muons in the MS (so-called MS probes). In the low-� region (|�| < 0.1), where the

MS is not fully instrumented, the study uses probes that are based on tracks in the

inner detector (so-called ID probes).
A further requirement on the tag is a ?T of at least 24 GeV (this is the single-

muon-trigger threshold), and a transverse impact parameter significance of at most

three. In addition, the longitudinal impact parameter must satisfy |I0 | < 10 mm,

and the tag muon must have triggered the event readout. The requirements on the

probe muon are ?T > 10 GeV and a loose isolation criterion.

6.1.1.2 Measuring the efficiency of calorimeter-tagged muons using the tag-
and-probe method

Assume that the efficiency of a muon-reconstruction algorithm, -, is to be measured.

- is a method involving ID tracks as well as calorimeter information. The efficiency

of this reconstruction method is then given by

&(-) =
#

X|MS

#MS

, (6.2)

where #
X|MS

is the number of muons passing the selection criterion defined by -

given that they are reconstructed as muons in the MS, and #MS is the number of

muons reconstructed in the MS.

The scale factor relevant to physics analyses that use calorimeter-tagged muons

using method - is given by

SF- =
&(-)data

&(-)MC

, (6.3)

1The loose isolation requirement places simultaneous cuts on two discriminating variables such

that they achieve 99% muon efficiency that is constant in � and ?T, as measured on data in a /→ ��

tag-and-probe analysis [84]. The two discriminating variables are ?varcone30

T
/?�

T
and �

topocone20

T
/?�

T
.

Here, ?
�
T
is the muon’s transverse momentum, and ?varcone30

T
is a track-based isolation variable,

defined as the sum of the magnitudes of the transverse momenta of tracks with ?T > 1 GeV within a

cone of size Δ' = min(10 GeV/?�
T
, 0.3). �

topocone20

T
denotes the sum of the transverse energy of all

calorimeter topological clusters within a cone of size Δ' = 0.2 surrounding the muon, excluding the

energy deposit from the muon itself as well as pile-up contributions.
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where &(-)data denotes the calculation of the reconstruction efficiency given in

Equation 6.2 applied to data, and &(-)MC is the same efficiency measured on

simulation.

A small fraction of tag-and-probe pairs originates from events other than /→ ��

decays (about 0.1%). This small contribution to the / → �� background is not

considered in this work. It has to be estimated precisely and subtracted for high-

precision measurements of the muon-reconstruction efficiency using dedicated

simulation samples. Details of this approach can be found in Reference [84].

6.2 Calorimeter-tagging muons using CaloMuonTag

The algorithm for identifying calorimeter-tagged muons prior to this work is known

as CaloMuonTag. The workings of this algorithm are described extensively in [182],

and only a brief overview is given here. CaloMuonTag works on the basis of

tracks in the inner detector, which satisfy the track-preselection criteria outlined in

Section 6.2.1. The inner detector tracks are then extrapolated to the electromagnetic

and hadronic calorimeters, and the energy deposits in the calorimeter cells traversed

are recorded.

6.2.1 Track preselection

Particle tracks in the inner detector need to fulfil isolation criteria and are selected

to ensure that they originate from the primary interaction vertex. The preselection

of tracks is described in detail in Reference [182], and here only a brief description

is given. Tracks are selected if their transverse momentum, ?track

T
, satisfies ?track

T
>

2 GeV. The requirement that the track originate from the primary interaction vertex

is such that tracks need to have at least two hits in the pixel detector and six hits in

the SCT subdetector. In addition, tracks are required to satisfy 30 < 1.2 mm and

30/�30
< 7 in order to eliminate tracks that originate from FSR.

Two additional requirements are aimed at ensuring that the candidate track is

sufficiently isolated: The first such requirement on the tracks is log
10
(?iso

T
/?track

T
) <

0.7, where ?iso

T
is the sum of the ?T of the ID tracks withinΔ' < 0.45 of the candidate

track. Finally, a requirement is placed on the isolation of the track when extrapolated

to the calorimeters: The energy of all calorimeter cells within a cone of Δ' < 0.45

around the candidate track, �iso

T
, is required to satisfy log

10
(�iso

T
/?track

T
) < 0.4 [182].
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6.2.2 Muon identification

Amuon candidate receives a calorimeter tag if the energy deposits are consistent

with a minimum ionising particle. Selection cuts are applied to these calorimeter

deposits in order to filter out electronic noise. CaloMuonTag determines the energy

threshold, �th, above which muons are calorimeter-tagged as a function of the

scattering angle, according to

�th =
50 MeV

sin
2 �

, (6.4)

where � is the track scattering angle, i.e. the polar anglemeasured between the beam

line along positive I and the muon ID track. The functional form of Equation (6.4)

stems from an empirical approximation to the distribution of a muon’s deposited

energy in a calorimeter layer, which increases with its path length. 50 MeV is chosen

to ensure a constant tagging efficiency for a large range in � [182].

Table 6.1 summarises the muon efficiency, &sig, as well as the fake rate, &bkg,

estimated using a sample of truth-matched muons and truth-matched pions in the

range |�| < 0.1 (the range for which the method is optimised).

&sig &bkg

87.3% 1.5%

Table 6.1: Muon efficiency (&sig) and fake rate (&bkg) of the CaloMuonTag algorithm.

6.3 Training data generation

The data used for both the evaluation of the existing CaloMuonTag approach and the

training of the machine-learning algorithms presented in this chapter originate from

two samples of MC-generated /→ �� and CC̄ events. /→ �� events were chosen

as a source of prompt muons from / decays, while the CC̄ sample was chosen to

provide non-prompt muons. The CC̄ sample is a common choice for studies on muon

reconstruction, identification, and isolation in ATLAS [84, 85], as it contains muons

of several origins, such as prompt muons from,± decays, non-prompt muons from

light-hadron decays, and non-isolated, non-prompt muons from 1-jets. While pions

originating from C decays are kinematically different from muons originating from

/ decays, as will be seen in Section 6.3.3, this is not expected to affect the results of
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this study as the performance of the algorithms developed here—and usually that

of any muon-reconstruction algorithm—is generally considered as a function of ?T

and �.

Some of the algorithms that will be considered aim to identify muons and

distinguish them from other particles, and therefore need to interpret the detector

readout at a point that occurs prior to the ordinary physics object reconstruction.

More precisely, the algorithms are designed to work at the level of track particles,
which are objects that are associated with a track in the inner detector. They are a

set of hits that the ATLAS track-fitting procedure [183] has identified as consistent

with a charged particle. Track particles associated with a true muon are extracted

from the /→ �� sample and used as the muon, or signal, component for training,

whereas track particles associated with a true pion are extracted from the CC̄ sample

and are used as the pion, or background, component. TheMC samples are processed

in RAW Data Object (RDO) format, which means at this stage the sample contains

information as it is read out from the various detector components. Samples in

RDO format do not yet contain reconstructed physics objects, and in general, the

information is at the level of ‘amount of energy collected in each calorimeter cell’

and ‘trajectory of a track in the inner detector’. This level of derivation is ideal for the

problem at hand, in which the interest lies in information at the level of calorimeter

cells. Table 6.2 provides more details on the two selected samples.

label process sample ID generator #events

signal /→ �� 361107 Powheg + Pythia 100k

background CC̄ 410470 Powheg + Pythia 1M

Table 6.2: Monte Carlo samples used for the generation of training data.

6.3.1 Truth matching

Track particles that are considered to be used for training and evaluation data are

associated with truth-level particles in order to confirm that the track does indeed
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originate from a truth-level muon or pion2 3. The remaining particles, such as true

muons from C decays in the CC̄ sample, are not used; they could, however, in principle

be used to enhance the available training statistics in future iterations of this work.

The distributions of truth-level particles among all track particles in the / → ��

and CC̄ samples are summarised in Figure 6.1.

Z → µµ sample

µ

82.9%

π±

11.1%

K±

3.3%

(a) Truth-level particles matched to

ID tracks in the /→ �� sample.

tt̄ sample

e

9.4%

µ

12.5%

π±
51.7%

K±

18.6%

p

7.0%

(b) Truth-level particles matched to

ID tracks in the CC̄ sample.

Figure 6.1: Pie charts showing the distribution of truth-level particles matched to ID

tracks. The (a) /→ �� and (b) CC̄ samples were used for the generation of training

data. Only muons from the /→ �� sample were used for the signal component of

the training sample. Conversely, only pions from the CC̄ sample were used for the

background component of the training sample.

6.3.2 Calorimeter-layer naming convention

The MC samples in RDO format contain energy-deposit information at the level of

individual cells. Each of these cells is mapped to a particular part of the ATLAS

calorimeter system. This part is called calorimeter sampling. Calorimeter-tagged

muons are generally used at very low � values, and it is useful to restrict the track

particles and energy deposits to the barrel region of the detector, i.e. |�| < 1. Out

of the 24 calorimeter samplings, only seven cover the � region of interest, and the

2TraditionalΔ'-based truth-matching is not required; the association between reconstruction-level

and truth-level particles is available at truth level in the ATLAS MC samples in RDO format.

3N.B.: Due to a bug in the central ATLAS reconstruction software, Athena, flagged in May 2020,

a significant fraction of track particles (around 49% in the case of / → �� and 27% in the case of

CC̄) could not be correctly associated with truth particles. The affected tracks were not considered

for training. The bug affected track particles randomly based on their MC event number, and, as a

result, is not expected to have a systematic effect on this study.
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calorimeter samplings used in the generation of training data are chosen on the basis

of their � coverage. The presampler and the barrel regions of the electromagnetic

and the hadronic tile calorimeters all cover the � region of interest [75]. Table 6.3

summarises the seven calorimeter samplings used, as well as their � coverage and

layer indices. The layer indices are a helpful reminder of where the calorimeter

samplings are located in relation to the beam pipe; the higher the layer index, the

further away from the beam pipe. The radiation length of layer 1 (presampler) is

2-0. Layers 2–4 (EM barrel samplings 1, 2, and 3) have radiation lengths of 4.3, 16,

and 2-0, respectively. The interactions lengths of layers 5–7 (hadronic calorimeter

samplings 1, 2, and 3) in terms of �= , are 1.5, 4.1, and 1.9, respectively [184, 185].

layer index calorimeter sampling � coverage

1 presampler |�| < 1.52

2 EM barrel, sampling 1 |�| < 1.475

3 EM barrel, sampling 2 |�| < 1.475

4 EM barrel, sampling 3 |�| < 1.475

5 hadronic tile barrel, sampling 1 |�| < 1.0

6 hadronic tile barrel, sampling 2 |�| < 1.0

7 hadronic tile barrel, sampling 3 |�| < 1.0

Table 6.3: Calorimeter-layer indexing system used in this work. Each calorimeter

sampling is assigned an index, starting at 1. The layer indices increase with

increasing distance from the beam pipe, A.

6.3.3 Kinematics of the training samples

In order not to bias the training samples towards specific phase-space regions,

all true muons and pions in the |�| < 1 range are considered in the training and

evaluation datasets. This is done so as to allow the application of any developed

algorithm to data, for muons and pions over a wide kinematic region to potentially

allow for an expanded use of calorimeter-tagged muons in broader regions in �, as

calorimeter-tagged muons so far have only been used in the |�| < 0.1 region.

Figure 6.2 compares the ?T distribution between muons and pions. While the

pion ?T distribution is peaked at low ?T (roughly 8 GeV), the muon ?T distribution

peaks at higher values of around 40 GeV. Figure 6.2 compares the distribution in �

between muons and pions from the two samples.
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Figure 6.2: Distribution of the transverse momentum, ?truth

T
, for muons from the

/→ �� sample (orange) and pions from the CC̄ sample (green). The distributions

are normalised to unit area to facilitate comparison (a.u.).
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Figure 6.3: Distribution of the pseudorapidity, �truth
, for muons from the /→ ��

sample (orange) and pions from the CC̄ sample (green). The distributions are

normalised to unit area to facilitate comparison (a.u.).
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6.4 Evaluation of calorimeter-tagging methods

A practical way of evaluating and comparing the performance of different binary

classifiers is by visualising them in terms of their receiver operating characteristic
(ROC) curve. ROC curves indicate the diagnostic ability of a binary classifier as

the discrimination threshold is varied. ROC curves are created by plotting the true

positive rate, which in the problem at hand corresponds to the signal efficiency, &sig,

against the false positive rate, which is referred to as the fake rate or, equivalently,
the background efficiency, &bkg, in this work. A convenient metric that quantifies a

classifier’s overall performance as a single number, which can be derived from a

ROC curve, is the area under the ROC curve (AUC). The AUC can take values in the

interval [0, 1], and is equal to the probability that a classifier will rank a randomly

chosen positive event (a signal event) higher than a randomly chosen negative one

(a background event).

6.5 Calorimeter-tagging using a feature-based classi-
fier

As a first step towards improving the calorimeter-tagging of muons using the

CaloMuonTag approach outlined in Section 6.2, a method is investigated that is based

on a set of variables that can be extracted from particle tracks as they traverse the

calorimeter. This method is referred to as a feature-based approach, as it relies on a

set of human-engineered features as opposed to features generated by an algorithm,

or an algorithm working on low-level data such as energy deposits as will be seen

later on. It shall serve, along with the CaloMuonTag approach mentioned above, as

a baseline for the deep neural networks developed later on in this chapter.

The feature-based approach uses candidate tracks that satisfy the preselection

criteria outlined in Section 6.2.1. Particle tracks that pass the preselection are

extended into the calorimeter and are associated with all calorimeter cells within a

cone of Δ' < 0.2.

6.5.1 Variables used in the feature-based model

The feature-based model investigated is a gradient-boosting tree (Section 4.2),

implemented using the XGBoost library [113]. The feature-based gradient-boosting

classifier is referred to as XGB. It uses a set of engineered features based on physics

variables commonly used in calorimetry to characterise particle-shower shapes
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and energy deposits [186]. In total, the classifier uses 39 features, which are

summarised in Table 6.4. The second moments aim to capture the shower widths in

G, H, and I. The higher moments are included to capture even more shower-shape

information. The authors of Reference [186] do not provide explicit reasons for

including the higher moments, however, it is likely that they attempt to capture as

much shower-shape information as feasible.

variable EM calorimeter hadronic calorimeter #variables

total energy deposited X X 2

total number of hits X X 2

ratio of energy in first layer

to energy in second layer

X X 2

ratio of energy in first layer

to the entire calorimeter

X X 2

2
nd
–6

th
moments in

G, H, and I of energy deposits

X X 30

ratio of EM calorimeter energy

to hadronic calorimeter energy

× × 1

Table 6.4: List of variables used in the feature-based approach. All variables except

the last one (‘ratio of EM calorimeter energy to hadronic calorimeter energy’) apply

to both the EM and the hadronic calorimeters. The total number of variables is 39.

6.5.2 Optimisation of XGB training parameters

Training parameters for the feature-based classifier were optimised using a grid

search. Table 6.5 summarises the parameters over which the grid search was

performed, as well as the optimal values found as a result of the search. The objective

function was configured to a logistic-regression function for binary classification4.

For a given observed label Hpred and a true label Htrue, the logistic-regression objective

function is given by

ℒ = −
[
Htrue log

(
Hpred

)
+ (Htrue − 1) log

(
1 − Hpred

) ]
. (6.5)

4This is the recommended objective function for binary classification within the XGBoost library;
other objective functions were not explored.
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Values of ℒ above 0.5 are rounded to one, values up to 0.5 are rounded to 0, turning

the logistic regression into a binary classification objective function.

parameter search space optimum

learning rate [0, 1] 0.3

max. tree depth [1, 100] 8

boosting rounds [1, 100] 10

Γ [0, 100] 0

Table 6.5: Training parameters for the XGB classifier. The parameters were optimised

using a grid search. Γ denotes the minimum loss reduction required to create a new

partition in the tree [113].

6.5.3 Training statistics

As the XGB classifier aims to be compareddirectly to CaloMuonTag, which is optimised

in the range |�| < 0.1, XGB is trained on the same range in �. The events available for

training and testing in this � region are summarised in Table 6.6.

� range #total #train #test

|�| < 0.1 30,700 24,560 6,140

Table 6.6: Train and test dataset statistics available for the XGB classifier. The total
dataset of size 30,700 is divided into a training and a test set according to an 80/20

split.

6.5.4 XGB training

Figure 6.4 shows the output score of XGB on the training and test sets, indicating

that the classifier converged well during training, and that no over- or underfitting

occurred.

6.5.5 Performance

Figure 6.5 shows the performance of the feature-based model in terms of its ROC

curve and compares it to the point in ROC space (&sig vs. &bkg) obtained using the

CaloMuonTagmethod. It is not surprising that the feature-based model outperforms

the CaloMuonTag method, having access to 39 variables instead of just one in the
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Figure 6.4: Distribution of the XGB output score on the training set compared with

the test set in the range |�| < 0.1 for muons from the / → �� sample (blue), as

well as for pions from the CC̄ sample (green). The outputs on the test set are shown

as filled histograms, whereas the outputs on the training set are unfilled. The

near-perfect overlap of the distributions associated with the two particle types

indicates that no under- or overfitting occurred during training. The distributions

are normalised to unit area to facilitate comparison (a.u.).
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case of CaloMuonTag (the total calorimeter energy deposit). The gain in performance

from using a relatively large number of engineered features is very small, on the

other hand, indicating that the CaloMuonTag method is highly optimised. The

two approaches introduced thus far, XGB and CaloMuonTag, comprise the set of

performance benchmarks against which the more complex convolutional models

presented in later sections are evaluated.
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XGB, AUC=0.992
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Figure 6.5: Receiver operating characteristic (ROC) curve for the feature-based

classifier (labelled XGB). The signal efficiency is shown on the H-axis, while the

background efficiency is shown on the G-axis. ‘AUC’ refers to the area under the ROC

curve. The CaloMuonTagworking point is shown for comparison. The evaluation

was performed in the range |�| < 0.1.

6.6 Calorimeter-taggingusing convolutionalneuralnet-
works

The ML-based approach to calorimeter-tagging muons focuses on the central barrel

region of the ATLAS detector, as this is where calorimeter-tagged muons are

used most frequently. In practice, this means that the selection of events that are

considered for training, as well as the translation of calorimeter information to a

format a machine-learning algorithm can process, will focus on events that satisfy

the following criteria:
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• Events need to have a track in the ATLAS inner detector, that is, they need to

have associated with them an ID track.

• The track particle’s pseudorapidity, �track, satisfies |�track | < 1.

• Track particles need to be truth-matched, that is, associated with a truth-level

MC particle (see Section 6.3.1).

• The truth-matched particle is either a muon (in the case of the signal sample),

or to a pion (in the case of the background sample).

In this work, the track particle’s � range was expanded to cover |�| < 1 in order to

allow for a potential use of calorimeter-tagged muons in a broader pseudorapidity

range compared with the previous optimisation in the very narrow region of

|�| < 0.1.

6.6.1 Event selection

As in the case of the feature-based approach, inner detector tracks need to fulfil

the preselection criteria detailed in Section 6.2.1. Again, these particle tracks are

extended into the calorimeters, and all calorimeter cells within a cone of Δ' < 0.2

are considered for a given event.

6.6.2 Conversion into a 2D computer vision problem

Amatrix representation of calorimeter energy deposits is developed so that machine-

learning techniques from the domain of computer vision, such as convolutional

neural networks, can be applied. The scheme devised in this work extends the RGB,

i.e. three-channel, digitisation of images to seven channels. The advantage is that

reliable approaches from computer vision can be employed, as they can be readily

adapted to handle a higher number of ‘colour’ channels5. As this work is concerned

with the central barrel region of the ATLAS detector, which is covered by seven

distinct calorimeter layers, the convolutional neural networks are constructed such

that they can process seven ‘colour’ channels.

5The ‘colour’ analogy to describe the energy deposits read out by the individual calorimeter layers

is convenient for several reasons: The input data processed by the convolutional neural networks

described in this chapter can be thought of as 2D matrices with a multiplet of seven numbers for

each entry. Further, in the computer vision literature, the term channels refers to the depth of the

input image matrices or the number of distinct colours that are processed. While technically not

describing colours in the ATLAS calorimeter case, the channel terminology is adopted throughout

this work.



6.6. CALORIMETER-TAGGING USING CONVOLUTIONAL NEURAL

NETWORKS 139

Traditional computer vision approaches deal with two-dimensional images

using the RGB colour model6, where three channels represent the brightness values
of the individual colours. When dealing with energy deposits in several layers of

the ATLAS calorimeter, the situation is very similar: In a given layer, the smallest

unit of the calorimeter that can be read out can be thought of as a pixel that stores a

number corresponding to an energy deposit in the cell. This energy deposit can be

considered to correspond to a colour brightness, just like in the case of RGB images.

Stacking several such layers on top of one other is analogous to the combination

of three colour channels in the RGB colour model. Figures 6.6 and 6.7 illustrate

this idea. As a result, a given track particle that traverses the ATLAS calorimeter is

converted into an ‘image’ with seven colour channels (more on this in Section 6.6.3).

54 166 179

210 222 4

7 89 43

87 145 111

8 254 64

98 42 12

210 56 99

33 55 1

87 45 234

(210, 87, 54) (56, 145, 166) (99, 111, 179)

(33, 43, 201) (55, 90, 112) (1, 64, 4)

(87, 202, 90) (45, 70, 30) (234, 12, 43)

Figure 6.6: A three-dimensional RGB matrix of size 3 × 3 × 3 corresponding to a

3 × 3 px image. The input image on the left contains three layers, where each layer

is a two-dimensional matrix containing a brightness value for either the red, green
or blue colour channel. The two-dimensional matrix on the right is an equivalent

representation, i.e. a two-dimensional matrix in which each entry is a triplet of

numbers. For illustrative purposes, cell colours on the right correspond to the RGB

values of the brightness triplets contained within them.

6.6.3 Data preprocessing

In order to be able to use the computer-vision technique outlined above (Section 6.6.2),

one needs to choose the granularity of the resulting seven-channel 2D images (this

corresponds to the resolution of the 2D image). The approach to finding the optimal

resolution taken in this work was to train and evaluate the machine-learning

algorithms on images with increasing resolution and to stop at the resolution at

6Digital images that are stored in the RGB colour model can be thought of as a matrix of pixels,

where each pixel is a triplet of numbers containing brightness values for the colours red, green, and
blue.
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Figure 6.7: A three-dimensional matrix of size 3 × 3 × 7 corresponding to a 3 × 3 px

image consisting of seven layers. The entries in the matrix on the left are brightness

values corresponding to the energy deposited in each pixel. The resulting 3 × 3

matrix on the right contains a septuple of layer brightnesses for every pixel.

which no further increase in performance was observed. The resulting optimal

resolution was found to be 30× 30 px. Using this resolution, each pixel corresponds

to an area in �× ) of 1/60× 1/60 = 0.017× 0.017. It is worth noting that while both the

optimal image size in terms of pixels and the optimal pixel size in terms of � and )

were found to be square, this was not a requirement; rectangular configurations were

investigated, yet generally performed slightly worse than square configurations.

The presumed reason is that for the low pseudorapidities explored (� < 1), � ∼ −�,
resulting in (lateral) shower sizes in � − )-space that correspond almost exactly to

distances in � − �-space.
The calorimeter hit patterns are converted into images of size 30 × 30 px. The

conversion takes place for the generation of training data and in the preprocessing

of events during the application of the classifier alike; there is one difference in

treatment between the two cases, and it is highlighted below. The conversion of hit

patterns into images works as follows:

1. Select all track particles that satisfy |�track | < 1.

(a) For training data only: Keep only the subset of track particles that are

truth-matched to a muon or a pion.

2. Select all energy deposits within a cone of Δ' < 0.2 around the ID track for all

layers (1–7).

3. Split the energy deposits into seven layers corresponding to the central-barrel

calorimeter layers (Table 6.3).
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4. Shift in �: Shift the resulting hit pattern in each layer in � by �track, such that

�′→ � − �track. (6.6)

The largest possible shifts occur for �track = ±1.

5. Shift in ): Shift the resulting hit pattern in each layer in ) by )track, such that

)′→ ) − )track. (6.7)

6. Segment the resulting seven hit maps into 30 bins in �′, as well as 30 bins in )′.

The result of this preprocessing are 3D matrices with dimensions of �× )× channel,

which are easily visualised as 2D images. The conversion from 3D calorimeter hit

patterns into 2D images is illustrated by way of example in Figures 6.8 to 6.10, which

look at a randomly chosen muon from the /→ �� sample in calorimeter layer 3.

−2 −1 0 1 2
η

−3

−2

−1

0

1

2

3

φ

Total eloss: 3823 MeV

Z → µµ, , event 0, EMB2, analogue

Figure 6.8: 2D heat map of ) vs. � showing the energy deposits left by a muon in

calorimeter layer 3 (EMB2, which stands for EM barrel 2). The opacity of each blob is

proportional to the energy deposited. The total energy deposited by this muon in

layer 3 is 3823 MeV.

At this stage, it is instructive to examine the digitised hit patterns (30 × 30 px

images) for both muons and pions in order to highlight a few noteworthy differences.

An important observation is that pions tend to lose more of their energy in the first

few calorimeter layers traversed compared to muons. This is because muons lose
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Figure 6.9: 2D heat map of ) vs. � corresponding to the same muon shown

in Figure 6.8, with � and ) shifted by �track
and )track

, respectively.
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Figure 6.10: 2D ) − � grid of 30 × 30 px showing the discretised energy-loss pattern

for the same muon seen in Figures 6.8 and 6.9. This pixel grid corresponds to the

area in Figure 6.9 defined by −0.25 < � < 0.25 and −0.25 < ) < 0.25.
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relatively little energy through minimum ionisation, whereas pions lose most of

their energy through nuclear interaction with the detector material. The difference

is illustrated in Figure 6.11, which shows the images produced by two randomly

selected muon and pion events in calorimeter layers 2 and 3.
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(a) A muon in layer 2.
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(b) A pion in layer 2.
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(c) A muon in layer 3.

0 5 10 15 20 25
η bin

0

5

10

15

20

25

φ
b

in

eloss: 1275 MeV

10−5

10−4

10−3

10−2

10−1

100

101

102

E
n

er
gy

[M
eV

]

(d) A pion in layer 3.

Figure 6.11: 2D )−� grids of 30×30 px showing the discretised energy-loss patterns

for a randomly chosen muon event (a and c), and a randomly chosen pion event (b

and d) in calorimeter layers 2 and 3.

A convenient quantity used to compare the density of hits, or ‘lit pixels’, between

calorimeter images is sparsity, �, defined as the fraction of pixels with a non-zero

brightness. The average images of 20,000 muons and 20,000 pions are compared for

several calorimeter layers in Figure 6.12. Figures 6.12a and 6.12b show clearly that

the energy-loss patterns vary greatly in the inner layers of the calorimeter between

muons and pions. In the middle layers of the calorimeter, such as layer 4, as shown

in Figures 6.12c and 6.12d, the difference is more minor in terms of sparsity, but

large in terms of deposited energy. In the outermost calorimeter layer considered



6.6. CALORIMETER-TAGGING USING CONVOLUTIONAL NEURAL

NETWORKS 144

here, the difference between the two particle types is very small (Figures 6.12e

and 6.12f), both in terms of sparsity and energy loss. The average energy-loss values

and sparsities for muons and pions in the seven calorimeter layers are summarised

in Table 6.7. It is evident that the scale of the particles’ total energy deposits carries

important information—the mean energy losses of pions are significantly higher

than of muons in almost all layers—and, as a result, the calorimeter images were

chosen to not be normalised to the particles’ total energy.

layer 〈��〉 [%] 〈��〉 [%] 〈��〉 [MeV] 〈��〉 [MeV] Δ� [MeV]

1 1.46 1.82 91 1452 1361

2 1.64 2.65 502 6980 6478

3 3.54 6.68 1408 17580 16172

4 0.36 0.75 77 803 726

5 0.34 0.76 996 8463 6790

6 0.24 0.57 1673 6874 5201

7 0.11 0.07 622 524 −98

Table 6.7: Sparsities, average energy losses, and differences in energy loss for muons

and pions in seven calorimeter layers. 〈��〉 denotes the sparsity of muon images,

and 〈��〉 that of pion images. 〈��〉 is the average energy loss of muons, 〈��〉 that of
pions. Δ� is the difference in average energy losses between muons and pions, and

is defined as Δ� = 〈��〉 − 〈��〉.

6.6.4 Classifier architecture

Four convolutional architectures are developed and compared with each other. The

first two networks, ‘CNN 1’ and ‘CNN 2’ are designed from scratch, with their

architectures inspired vaguely by the AlexNet architecture [187]. AlexNet was one

of the most successful implementations of a convolutional neural network and

occupied top ranks on the popular image-classification benchmark ImageNet [188]
for several years. The remaining two networks’ architectures are adapted from state-

of-the-art image-classification networks introduced after AlexNet: Xception [189] and

ResNet [190]. The four network architectures investigated here can be summarised

as follows:

• CNN 1: This straightforward convolutional architecture consists of a series of

three combinations of convolutional layers directly followed by max-pooling

layers. The output of the third max-pooling layer is fed into a wide dense
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(a) Average of 20,000 muon im-

ages in layer 1.
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(b) Average of 20,000 pion images

in layer 1.
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(c) Average of 20,000 muon im-

ages in layer 4.
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(d) Average of 20,000 muon im-

ages in layer 4.
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(e) Average of 20,000 muon im-

ages in layer 7.
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(f) Average of 20,000 muon im-

ages in layer 7.

Figure 6.12: Average images produced by 20,000 muons and 20,000 pions in different

calorimeter layers. The muon images are shown on the left (a, c, and e), whereas the

pion images are shown on the right (b, d, and f). The plots are 2D ) − � grids of

30 × 30 px showing the binned energy losses.
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layer (it has a width of 2,304 neurons). The number of combinations of

convolutional and max-pooling layers and the width of the pre-final dense

layer were optimised using a grid search. The architecture of this network is

summarised in Figure 6.13.

• CNN 2: The architecture of ‘CNN 2’ makes use of a modified version of an

ordinary convolutional layer, called a depthwise separable convolution. Depthwise

separable convolutions were first introduced in Reference [191], and have

been recently used in the Inception [192, 193] andMobileNet [194] architectures;
they achieve a significant reduction in computational steps required to train

a CNN by restricting the convolutional kernels to one colour channel each.

The network consists of three units of two combined depthwise separable

convolutions, followed by a global average pooling layer7, and eventually a

dense layer. The number of depthwise separable convolutional units and the

width of the final dense layer of 32 neurons were optimised using a grid search.

The full network architecture is summarised in Figure 6.14.

• Xception: Xception is a convolutional neural network that is very deep with

36 convolutional layers. It outperformed previous models on the ImageNet
image-classification benchmark test when it was introduced in 2017. The

original Xception architecture was developed for RGB image-classification

problems and is summarised in Reference [189]. In order for a classifier of this

kind to be used on the calorimeter images at hand in this work, it was adapted

slightly to handle the input matrices containing seven colour channels.

• ResNet: The ResNet model architecture achieved state-of-the-art performance

on the ImageNet classification task. As in the case of Xception, ResNet was

developed for computer vision problems in RGB colour space. ResNet stands
for residual network, and its groundbreaking feature is the introduction of skip
connections, which allow it to skip layers in the network. This makes it possible

for extremely deep networks to be trained with finite computational resources.

The default ResNet architecture outlined in Reference [190] was adapted to

handle input images with seven colour channels.

7Global average pooling layers are very similar to max-pooling layers in that they perform a

dimensionality reduction. The degree of reduction in dimensionality, however, is much greater than

in the case of max pooling. For a matrix with dimensions F × ℎ × 3, global average pooling reduces

the dimension to 1 × 1 × 3, where the matrix layers projected onto F − ℎ space are replaced by a

single number (their averages) [195].
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input_11: InputLayer
input:

output:

[(?, 30, 30, 7)]

[(?, 30, 30, 7)]

conv2d_6: Conv2D
input:

output:

(?, 30, 30, 7)

(?, 28, 28, 32)

max_pooling2d_6: MaxPooling2D
input:

output:

(?, 28, 28, 32)

(?, 14, 14, 32)

conv2d_7: Conv2D
input:

output:

(?, 14, 14, 32)

(?, 12, 12, 64)

max_pooling2d_7: MaxPooling2D
input:

output:

(?, 12, 12, 64)

(?, 6, 6, 64)

flatten_3: Flatten
input:

output:

(?, 6, 6, 64)

(?, 2304)

dropout_28: Dropout
input:

output:

(?, 2304)

(?, 2304)

dense_39: Dense
input:

output:

(?, 2304)

(?, 64)

dense_40: Dense
input:

output:

(?, 64)

(?, 1)

Figure 6.13: Diagram summarising the architecture of ‘CNN 1’. The input images

of size 30 × 30 × 7 are fed into two successive combinations of convolutional and

max-pooling layers. The output of the last max-pooling layer is flattened into a

one-dimensional array of size 2304, followed by a layer that applies a dropout. The

last hidden layer is a dense layer that is 64 neurons wide. The final layer is just

a single neuron with sigmoid as its activation function (this is needed for binary

classification). The question marks (‘?’) in the first dimension of each layer indicate

the batch size, which is a variable training parameter and of no importance to the

classifier architecture.
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input_1: InputLayer
input:
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normalization: Normalization
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(?, 30, 30, 7)

separable_conv2d: SeparableConv2D
input:

output:

(?, 30, 30, 7)

(?, 26, 26, 64)

separable_conv2d_1: SeparableConv2D
input:

output:

(?, 26, 26, 64)

(?, 22, 22, 64)

dropout: Dropout
input:

output:

(?, 22, 22, 64)

(?, 22, 22, 64)

separable_conv2d_2: SeparableConv2D
input:

output:

(?, 22, 22, 64)

(?, 18, 18, 16)

separable_conv2d_3: SeparableConv2D
input:

output:

(?, 18, 18, 16)

(?, 14, 14, 64)

dropout_1: Dropout
input:

output:

(?, 14, 14, 64)

(?, 14, 14, 64)

separable_conv2d_4: SeparableConv2D
input:

output:

(?, 14, 14, 64)

(?, 10, 10, 64)

separable_conv2d_5: SeparableConv2D
input:

output:

(?, 10, 10, 64)

(?, 6, 6, 32)

dropout_2: Dropout
input:

output:

(?, 6, 6, 32)

(?, 6, 6, 32)

global_average_pooling2d: GlobalAveragePooling2D
input:

output:

(?, 6, 6, 32)

(?, 32)

dense: Dense
input:

output:

(?, 32)

(?, 1)

classification_head_1: Sigmoid
input:

output:

(?, 1)

(?, 1)

Figure 6.14: Diagram summarising the architecture of ‘CNN 2’. The input images of

size 30× 30× 7 are first fed into a batch-normalisation layer. In this layer, the images

are normalised using the mean and standard deviation of the current training batch.

The images are then fed into two depthwise separable convolutional layers, followed

by a dropout layer. This combination of layers is repeated twice more. The last two

hidden layers are a global average pooling layer and a dense layer 32 neurons wide.

The final layer is a dense layer (one neuron wide) with sigmoid as its activation

function. The question marks (‘?’) in the first dimension of each layer indicate

the batch size, which is a variable training parameter and of no importance to the

classifier architecture.
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The architectures were implemented using the TensorFlow library [165]. Where

mentioned, parameters related to the network architecture – such as how many

convolutional layers to use or how many neurons a dense layer should contain –

were optimised using grid searches. Training hyperparameters, on the other hand,

were optimised using a random search approach8, implemented using the Hyperopt

package [171]. The final set of hyperparameters obtained from this optimisation

and the total number of trained parameters in each of the classifier architectures are

summarised in Table 6.8.

architecture optimiser learning rate dropout epochs batch size parameters

CNN 1 Adam 0.01 0.5 22 256 168,129

CNN 2 Adam 0.001 0.25 30 32 25,136

Xception Adam 0.001 — 20 128 1,057,296

ResNet Adam 0.001 — 50 128 15,617,693

Table 6.8: Training hyperparameters and number of trainable parameters for the

four convolutional neural network architectures investigated. Dropout refers to a

regularisation technique that is used to reduce overfitting (c.f. Section 4.3.1.5).

All availablemuon and pion events are split into three classes. Out of all available

events, 20% are held for testing (they are not used during training). The remaining

80% are further split into a training set comprising 64% of the entire dataset and a

validation set comprising 16% of the entire dataset. The datasets are balanced so

that there is an equal number of muons and pions in each class (training, validation,

and test). The relative proportions of the three datasets are visualised in Figure 6.15.

Training

64%

Validation

16%

Test

20%

Figure 6.15: Proportion of the entire dataset reserved for training, validation, and

testing.

The training statistics available for the three datasets in the � region of |�| < 1

are summarised in Table 6.9.

8A grid search samples every point in the defined hyperparameter search space at some

predefined granularity. A random search, on the other hand, randomly samples a subset of points in

hyperparameter space. The choice of random search over grid search was made so as to keep the

computational resources required for training manageable.
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� range #total #train #val #test

|�| < 1 129,800 83,072 20,768 25,960

Table 6.9: Training, validation, and test statistics for events that satisfy |�| < 1.

6.7 The CaloMuonScore classifier

Out of the four convolutional architectures investigated, ‘CNN 2’ performs signi-

ficantly better than all others. More details on the performance of the different

classifiers will be given in this section, however, in order to facilitate the comparison

between the convolutional methods and previous ones, the classifier obtained from

‘CNN 2’ will from here on be referred to as CaloMuonScore.

The performance of CaloMuonScore is studied separately in two � regions: (1)

the wide � range for which training data are generated (|�| < 1), and, therefore,

over which calorimeter-tagging muons using the CNN-based approach developed

here is feasible, and (2) the narrow � range for which CaloMuonTag is optimised

(|�| < 0.1).

6.7.1 Performance in the range |�| < 1

Trained on the wider � range (|�| < 1), the four convolutional neural networks are

compared with each other, and the best performing one is selected. Figure 6.16

shows this comparison. It reveals that ‘CNN 2’ (i.e. CaloMuonScore) outperforms

all other models by a significant margin.

CaloMuonScore achieves excellent performance on the test set in thewide � range,

which is illustrated in Figure 6.17, indicating that the convolutional architecture

devised learns the binary-classification task very well. It is at this point instructive

to compare the classifier output on the test set with the output on the training set,

i.e. the data the classifier observed during training. Figure 6.18 highlights this

comparison, from which it is evident that no under- or overfitting has occurred.

6.7.2 Definition of CaloMuonScore working points

CaloMuonTag is not defined on a sliding scale (it is a binary label), and therefore

constitutes a single working point. In order to facilitate the comparison between

CaloMuonTag and CaloMuonScore, it is convenient to define four working points for

CaloMuonScore as follows:
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Figure 6.16: Receiver operating characteristic (ROC) curves for the four CNNs

investigated. The signal efficiency is shown on the H-axis, while the background

efficiency is shown on the G-axis. ‘AUC’ refers to the area under the ROC curve.

Training and evaluation of these networks were performed over the full � range

(|�| < 1). The grey dashed line represents the theoretical ROC curve one would

obtain by making random guesses.
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Figure 6.17: Distribution of CaloMuonScore on the test set in the range |�| < 1

for muons from the / → �� sample (orange), as well as for pions from the CC̄

sample (green). The H-axis is in arbitrary units (a.u.), and the two distributions are

normalised to unit area to facilitate comparison.
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Figure 6.18: Distribution of CaloMuonScore on the training set compared with the

test set in the range |�| < 1 for muons from the /→ �� sample (blue), as well as for

pions from the CC̄ sample (green). The outputs on the test set are shown as filled

histograms, whereas the outputs on the training set are unfilled. The near-perfect

overlap of the distributions associated with the two particle types indicates that no

under- or overfitting has occurred during training. The distributions are normalised

to unit area to facilitate comparison (a.u.).
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• WP1: The cut on CaloMuonScore that achieves the same muon efficiency as

CaloMuonTag for |�| < 0.1 and ?T ∈ [30, 40] GeV. This efficiency is 90.1%.

• WP2: The cut on CaloMuonScore that achieves a muon efficiency of 97.0% for

|�| < 0.1 and ?T ∈ [30, 40] GeV.

• WP3: The cut on CaloMuonScore that achieves the same background efficiency

as CaloMuonTag for |�| < 0.1. These are 10.0% for ?T ∈ [5, 15] GeV, 8.2% for

?T ∈ [15, 20] GeV, and an average of 6.8% thereafter.

• WP4: The cut on CaloMuonScore that achieves a flat fake rate of 6.8% for

|�| < 0.1 and all ?T.

The background efficiencies are based on non-prompt muons (i.e. muons that

do not come from the primary /→ �� interaction vertex). The working points can

be broadly categorised into those that are constant in ?T, expressed as a simple cut

on the value of CaloMuonScore, and those that vary in ?T, expressed as a cut on

CaloMuonScore that varies as a function of ?T.

The &sig targets for WP1 and WP2 are optimised for the ?T ∈ [30, 40] GeV range

as this where the majority of true muons from / → �� decays is expected (c.f.

Figure 6.2). Targeting a desired muon efficiency in a fairly narrow ?T window, WP1

and WP2 are expressed as constant cuts on CaloMuonScore. Referring to Figure 6.20,

and recording the values for which the two conditions are achieved, we find that

WP1 corresponds to a cut value on CaloMuonScore of 0.92, whereas WP2 corresponds

to a cut value of 0.59.

The background efficiency achieved by CaloMuonTag rises steeply with ?T,

leading to very high fake rates (60% or more) in kinematic regions that could

be of interest to physics analyses involving, for instance, prompt muons from /,

,±, or � decays. This behaviour can be suppressed using CaloMuonScore owing

to its continuous output by using ?T-dependent cuts. WP3 and WP4 are two such

?T-dependent working points, and are expressed as step functions in muon ?T. The

background efficiency achieved by CaloMuonTag varies especially strongly up to a ?T

of 20 GeV, and is relatively constant thereafter. As a result, WP3 and WP4 are expressed

as step functions in ?T, consisting of cuts defined by third-order polynomials up to

a ?T of 20 GeV, and constant cuts thereafter. The precise definitions of the functions

and the polynomial parameters are as follows:
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5WP3(?T) =
{

Poly3(?T)WP3 ?T ≤ 20 GeV

0.76 ?T > 20 GeV

and

5WP4(G) =
{

Poly3(?T)WP4 ?T ≤ 20 GeV

0.76 ?T > 20 GeV.

The coefficients of the third-order polynomials Poly3(?T)WP3
and Poly3(?T)WP4

are

summarised in Table 6.10. The fitting procedure is illustrated in Figure 6.19: The red

dots indicate the cuts on CaloMuonScore required to achieve the desired target fake

rates in four ?T bins (?T ∈ [5, 10], ?T ∈ [10, 15], ?T ∈ [15, 20] and ?T ∈ [20,∞] GeV),

corresponding to WP3. The blue line is a third-order polynomial fit, with the

constraint that the function be monotonically decreasing so as to avoid cut values

that increase at low ?T.

name a b c d

Poly3(?T)WP3 −1.98 · 10
−4 −6.04 · 10

−3 −6.13 · 10
−2

1.16

Poly3(?T)WP4 −1.80 · 10
−4

5.02 · 10
−3 −4.62 · 10

−2
1.12

Table 6.10: Polynomial fit parameters for the ?T-dependent cuts defining WP3 and
WP4 describing third-order polynomials of the form 5 (G) = 0G3 + 1G2 + 2G + 3.

6.7.3 Performance in the range |�| < 0.1

The performance of CaloMuonScore is benchmarked against CaloMuonTag and

the feature-based classifier (XGB), as shown in Figure 6.20. It is apparent that

CaloMuonScore performs significantly better than both CaloMuonTag and XGB. As

a result, the following performance comparisons will focus on CaloMuonTag and

CaloMuonScore.

6.7.4 &sig and &bkg in the two � regions

Having defined four CaloMuonScore working points, this section compares the

specific signal and background efficiencies as functions of � and ?T, separately in

the |�| < 0.1 and |�| < 1 regions.
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Figure 6.19: Third-order polynomial fit (blue line) to cuts on CaloMuonScore in four

?T bins (red dots). The blue line defines WP3 up to a ?T of 20 GeV. For ?T > 20 GeV,

WP3 is defined as a constant cut on CaloMuonScore. The H-axis is the minimum

value of CaloMuonScore, whereas the G-axis is the muon transverse momentum.

6.7.4.1 &sig and &bkg in the region |�| < 0.1

Regarding specific efficiency values of the different methods, it is helpful to compare

the signal efficiency at a given background efficiency. As CaloMuonTag does not

allow for a sliding cut (it is simply a binary tag), the background efficiency obtained

by CaloMuonTag for ?T ∈ [30, 40] GeV is chosen for comparison, namely &bkg =

48.18%. Table 6.11 compares the signal and background efficiencies obtained by

CaloMuonTag and the four CaloMuonScore working points. The comparison shows

that CaloMuonScore, operating at WP1, can identify true muons three percentage

points more effectively than CaloMuonTag, while suppressing background more

efficiently by a factor of 19.9. At WP2, CaloMuonScore would identify muons 7

percentage points more efficiently than CaloMuonTag, while also reducing the fake

rate by a factor of 7.6.

Figures 6.21 to 6.24 show theperformanceofCaloMuonTag and the fourCaloMuonScore

working points in terms of &sig and &bkg vs. ?T and � in the low-� region (|�| < 0.1).

6.7.4.2 &sig and &bkg in the region |�| < 1

Figure 6.25 shows the performance of CaloMuonTag and CaloMuonScore in the

|�| < 1 region in terms of &sig and &bkg vs. ?T and �, where CaloMuonTag operates
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Figure 6.20: Receiver operating characteristic (ROC) curves for CaloMuonScore
(green) and XGB (orange) on the held-out test set in the range |�| < 0.1. The signal

efficiency is shown on the H-axis, while the background efficiency is shown on the

G-axis. ‘AUC’ refers to the area under the ROC curve. The CaloMuonTag working

point is shown for comparison. The grey dashed line represents the theoretical ROC

curve one would obtain by making random guesses.

classifier &sig &sig improvement &bkg &bkg improvement

CaloMuonTag 88.06% — 48.18% —

CaloMuonScore WP1 90.99% 2.94 p.p. 2.42% ×19.9

CaloMuonScore WP2 95.23% 7.17 p.p. 6.36% ×7.6

CaloMuonScore WP3 95.14% 7.09 p.p. 3.94% ×12.2

CaloMuonScore WP4 95.14% 7.09 p.p. 3.94% ×12.2

Table 6.11: &sig and &bkg for CaloMuonTag and four CaloMuonScoreworking points

in |�| < 0.1 and ?T ∈ [30, 40] GeV. The columns labelled ‘improvement’ indicate

the performance improvement of CaloMuonScore over CaloMuonTag in terms of &sig

and &bkg, respectively. The column labelled ‘&sig improvement’ lists the percentage-

point improvement, whereas the one labelled ‘&bkg improvement’ indicates the

improvement factor.
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(a) &sig vs. ?T for CaloMuonTag and
CaloMuonScore operating at WP1.
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(b) &bkg vs. ?T for CaloMuonTag and
CaloMuonScore operating at WP1.
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(c) &sig vs. � for CaloMuonTag and
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(d) &bkg vs. � for CaloMuonTag and
CaloMuonScore operating at WP1.

Figure 6.21: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP1 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 0.1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency. The label ‘prompt muons’ used in these

plots and below refers to true muons originating from a /→ �� decay. The label

‘non-prompt muons’ refers to particles that are either true muons not originating

from the primary /→ �� interaction vertex, or hadrons that are misidentified as

muons.
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(a) &sig vs. ?T for CaloMuonTag and
CaloMuonScore operating at WP2.
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(b) &bkg vs. ?T for CaloMuonTag and
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(c) &sig vs. � for CaloMuonTag and

CaloMuonScore operating at WP2.
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(d) &bkg vs. � for CaloMuonTag and
CaloMuonScore operating at WP2.

Figure 6.22: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP2 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 0.1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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(a) &sig vs. ?T for CaloMuonTag and
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(d) &bkg vs. � for CaloMuonTag and
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Figure 6.23: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP3 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 0.1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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(a) &sig vs. ?T for CaloMuonTag and
CaloMuonScore operating at WP4.

10 20 30 40 50 60 70 80 90 100 110
0.2

0.1

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

ε b
k
g

non-prompt muons〈
ε
〉
 for 30<pT < 40 GeV

CaloMuonScore: 0.034
CaloMuonTag: 0.480

|η|< 0.1, CaloMuonScore WP4

CaloMuonScore WP4, 
〈
ε
〉
=  0.07

CaloMuonTag, 
〈
ε
〉
=  0.11

10 20 30 40 50 60 70 80 90 100 110
pT [GeV]

0.5

0.0

0.5

1.0

1.5
ε C

al
oM

u
on

S
co

re
ε C

al
oM

u
on

T
a
g

(b) &bkg vs. ?T for CaloMuonTag and
CaloMuonScore operating at WP4.

0.10 0.08 0.06 0.04 0.02 0.00 0.02 0.04 0.06 0.08 0.10

0.8

0.9

1.0

ε s
ig

prompt muons〈
ε
〉
 for 30<pT < 40 GeV

CaloMuonScore: 0.951
CaloMuonTag: 0.901

|η|< 0.1, CaloMuonScore WP4

CaloMuonScore WP4, 
〈
ε
〉
=  0.93

CaloMuonTag, 
〈
ε
〉
=  0.84

0.10 0.08 0.06 0.04 0.02 0.00 0.02 0.04 0.06 0.08 0.10
η

0.90

0.95

1.00

1.05

1.10

1.15

1.20

1.25

ε C
a
lo

M
u
on

S
co

re
ε C

al
o
M

u
o
n
T

ag
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(d) &bkg vs. � for CaloMuonTag and
CaloMuonScore operating at WP4.

Figure 6.24: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP4 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 0.1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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at WP1. The distribution showing the signal efficiency vs. � (Figure 6.25c) reveals

that &sig obtained by CaloMuonScore is significantly higher than CaloMuonTag, and,

furthermore, that the overall signal efficiency of CaloMuonScore is much flatter

across the entire � range compared to that of CaloMuonTag. A significant result

to emerge from this comparison is that the performance of CaloMuonScore in

terms of signal efficiency is much less ?T-dependent than that of CaloMuonTag (see

Figure 6.25a).

A similar overview is shown for WP2 in Figure 6.26. The same observations as

for WP1 regarding trends in signal efficiency hold here. Compared with WP1, this

working point, by design, has a very similar &sig to CaloMuonTag while achieving

a much better rejection of fakes than CaloMuonTag. It is worth noting that the

background rejection for both working points is much more ?T-dependent than that

of CaloMuonTag.

The strong ?T dependence of &bkg for WP1 and WP2 for ?T < 20 GeV is greatly

reduced in WP3 and WP4 (see Figures 6.27 and 6.28).

All four working points deliver excellent performance up to |�| < 1 with

significantly higher signal efficiencies than those achieved by CaloMuonTag.

6.7.5 Bias and variance of CaloMuonScore

In order to assess the bias and variance of CaloMuonScore, a :-fold cross-validation

(Section 4.4.1) was performed with : = 5. The :-fold cross-validation was repeated

ten times. Using Equations (4.26) and (4.27), the following estimate of the prediction

error, PE, was obtained:

PE = (1.87 ± 0.14)%.

This result indicates that the model has low bias and very low variance. The

prediction errors across all ten runs, as well as individual ROC curves for one :-fold

cross-validation run are shown in Figure 6.29.

6.7.6 Effect of the training data size

In order to assess whether CaloMuonScore used a sufficient number of training

examples, the model performance was evaluated as a function of size of the training

set. Twenty-two experiments were conducted, in which different fractions of the

total number of events (Table 6.9) were used, varying from 1% to 100%. The chosen
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Figure 6.25: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP1 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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Figure 6.26: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP2 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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Figure 6.27: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP3 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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Figure 6.28: Signal and background efficiencies for CaloMuonTag (red) and

CaloMuonScore at WP4 (blue) as a function of ?T (a, b) and � (c, d) in the re-

gion |�| < 1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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Figure 6.29: (a) Mean prediction error over ten :-fold cross-validation runs using

: = 5. The error bars indicate one standard deviation from the mean across the five

folds of a given run. (b) Receiver operating characteristic (ROC) curves for all folds

in a randomly chosen run (run number 5). The signal efficiency is shown on the

H-axis, while the background efficiency is shown on the G-axis. ‘AUC’ refers to the

area under the ROC curve. The mean ROC curve is shown in blue with an error

band covering one standard deviation from the mean (grey).

fractions at the low end are 1% and 3%, followed by regularly spaced 5% intervals

from 5% to 100%. The experiment at each sampling point was repeated ten times

with a different set of events, and each time 20% of events were reserved for testing.

In each repetition, the sets were randomly chosen from all available events; this may

lead to some events not appearing at all in the training set in any of the repetitions

(especially for sampling points at the lower end), or to events appearing in more

than one repetitions (especially for sampling points at the higher end). Figure 6.30

summarises the results, showing the prediction error on the test set as a function

of the fraction of training data available for training. It is clear from the plot that

the model performance saturates at around 50% of all training events, establishing

confidence that the available training statistics are more than sufficient to learn the

task. Therefore, it is reasonable to suspect that generating additional training data

would not lead to a significant improvement in model performance.
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Figure 6.30: Prediction error as a function of the fraction of all training events that

were used during training. The error bars indicate the standard deviation on the

prediction error, measured over ten runs.
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6.7.7 Generalisation to kaons

Having been trained only on pions as the background component, it is important to

verify the performance of CaloMuonScore on other background sources. Referring

to Figure 6.1b, it is apparent that the second most frequently occurring particles

in the CC̄ sample are kaons. In this section, the performance of CaloMuonScore is

evaluated on kaons from the CC̄ sample as background, and, as before, muons from

the /→ �� sample as signal.

As a first step, it is instructive to investigate whether or not there are any

qualitative differences between the pion and kaon components of the CC̄ sample.

Figure 6.31 compares the ?T and � distributions between pions and kaons coming

from the CC̄ sample. Both plots indicate that there are no notable kinematic

differences between the two particle types. Furthermore, there is no appreciable

difference in the average calorimeter images the two background types produce.

This is illustrated in Figure 6.32, which shows the average of 20,000 pion and kaon

images in three different calorimeter layers, indicating that the two particle types’

calorimetric signatures are comparable. The calorimetric energy-deposit patterns

are further examined in Figure 6.33, which compares the average energy deposited

by 20,000 pions with that deposited by 20,000 kaons along � and ) in the same three

calorimeter layers. The plots indicate a large degree of similarity in calorimetric

signature between pions and kaons.
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Figure 6.31: Distributions of muon ?T (a) and � (b) for pions (green) and kaons

(orange), both originating from the CC̄ sample. The distributions are normalised to

unit area to facilitate comparison (a.u.).
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(c) Average of pion images in

layer 4.
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Figure 6.32: Average images produced by 20,000 pions and 20,000 kaons in different

calorimeter layers. The pion images are shown on the left (a, c, and e), whereas the

kaon images are shown in the right (b, d, and f). The plots are 2D ) − � grids of

30 × 30 px showing the binned energy losses.
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(b) Energy deposit in ) in layer 1.
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(c) Energy deposit in � in layer 4.
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(d) Energy deposit in ) in layer 4.
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(e) Energy deposit in � in layer 7.
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Figure 6.33: Mean energy-deposit signatures of 20,000 pions and 20,000 muons from

the CC̄ sample in three calorimeter layers. The comparison is shown separately in

bins of � (a, c, e) and ) (b, d, f). The error bars shown are statistical only.
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The Figure 6.34 compares the output histogram of CaloMuonScore between

pions (green) and kaons (orange). The distributions are virtually indistinguishable

between the two particle types, demonstrating that CaloMuonScore is equally as

effective in discriminating prompt from non-prompt muons originating from pion

decays as it is in discriminating prompt from non-prompt muons of kaonic origin.

0.0 0.2 0.4 0.6 0.8 1.0
CaloMuonScore
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100
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a.
u
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|η| < 1

tt̄ pions

tt̄ kaons

Figure 6.34: Distribution of CaloMuonScore in |�| < 1 for pions (green) and kaons

(orange) from the CC̄ sample. The distributions are normalised to unit area to

facilitate comparison (a.u.).

Furthermore, it remains to be seen how the probabilities of faking a muon

compare between pions and kaons. Table 6.12 shows the background efficiency of

kaonsbeingmisidentifiedasmuons, separately forCaloMuonTag andCaloMuonScore

at all four working points. CaloMuonScore achieves a significant improvement in

fake suppression compared to CaloMuonTag at all working points.

The dependence of the kaon-background efficiency on ?T and � is presented

in Figures 6.35 and 6.36 for CaloMuonTag and CaloMuonScore at all four working

points. As is the case for pions, the background efficiency has a stronger dependence

on ?T than CaloMuonTag; it shows, however, little dependence on � up to � = ±0.7

and an increase in background efficiency beyond that.
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(b) Kaon &bkg as a function ?T for

CaloMuonTag and CaloMuonScore at
WP2 in |�| < 1.
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(c) Kaon &bkg as a function ?T for

CaloMuonTag and CaloMuonScore at
WP3 in |�| < 1.
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(d) Kaon &bkg as a function ?T for

CaloMuonTag and CaloMuonScore at
WP4 in |�| < 1.

Figure 6.35: Background efficiencies for kaons as a function of kaon � for |�| < 1 for

CaloMuonTag (red) and CaloMuonScore operating at four different working points

(blue).
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(c) Kaon &bkg as a function � for

CaloMuonTag and CaloMuonScore at
WP3 in |�| < 1.
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(d) Kaon &bkg as a function � for

CaloMuonTag and CaloMuonScore at
WP4 in |�| < 1.

Figure 6.36: Background efficiencies of kaons as a function of kaon ?T for

CaloMuonTag (red) and CaloMuonScore operating at four different working points

(blue) in |�| < 1. The bottom panel in each plot shows the ratio of the CaloMuonScore
efficiency to the CaloMuonTag efficiency.
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classifier &bkg &bkg improvement

CaloMuonTag 1.04% —

CaloMuonScore WP1 0.07% ×14.9

CaloMuonScore WP2 0.16% ×6.5

CaloMuonScore WP3 0.14% ×7.4

CaloMuonScore WP4 0.14% ×7.4

Table 6.12: Kaon &bkg for CaloMuonTag and four CaloMuonScoreworking points in

|�| < 1 and ?T ∈ [30, 40] GeV. The column labelled ‘&bkg improvement’ indicates the

performance improvement factor of CaloMuonScore over CaloMuonTag in terms of

&bkg.

6.8 Tag-and-probe results

The performance results shown in the previous sections are entirely based on

simulated events. For a new classification algorithm to be used in physics analyses,

its performance needs to be carefully evaluated on data. In this chapter, the results

of a tag-and-probe analysis, as described in Section 6.1.1, are presented.

The tag-and-probe results are based on 3.01 fb
−1

of data recorded by ATLAS

in 2017. 20 million /→ �� events simulated using Powheg + Pythia are used as

the MC component. The results are presented separately in two detector regions:

|�| < 1, using MS probes, and |�| < 0.1, using ID probes.

6.8.1 Tag-and-probe results in |�| < 1

6.8.1.1 Overall performance

The signal efficiency of CaloMuonScore at all four working points is compared with

that of CaloMuonTag, separately as a function of � in Figure 6.37 and as a function of

?T in Figure 6.38. The efficiencies are measured on 3.01 fb
−1

of data and provide the

most direct in-situ measurement of the performance of the new method. N.B.: The

tag-and-probe analysis only allows for a measurement of the signal efficiency; in

order to estimate the background efficiency, one has to rely on theMC-only numbers

presented in Section 6.7.3. The observed signal efficiencies generally agree very well

with the numbers measured on simulation in the same section.
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(c) Tag-and-probe &sig vs. � for

CaloMuonTag and CaloMuonScore
operating at WP3.
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(d) Tag-and-probe &sig vs. � for

CaloMuonTag and CaloMuonScore
operating at WP4.

Figure 6.37: Tag-and-probe signal efficiencies vs. � for CaloMuonTag vs.

CaloMuonScore at four working points using MS probes. The efficiencies are meas-

ured on 3.01 fb
−1

of data. The efficiencies achieved by the different CaloMuonScore
workingpoints are shown in blue, while those achieved by CaloMuonTag are shown in

red. The panels show the ratio of the CaloMuonScore efficiencies to the CaloMuonTag
efficiencies. The error bars shown are statistical only.
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Figure 6.38: Tag-and-probe signal efficiencies vs. ?T in |�| < 1 for CaloMuonTag vs.
CaloMuonScore at four working points using MS probes. The efficiencies are meas-

ured on 3.01 fb
−1

of data. The efficiencies achieved by the different CaloMuonScore
workingpoints are shown in blue, while those achieved by CaloMuonTag are shown in

red. The panels show the ratio of the CaloMuonScore efficiencies to the CaloMuonTag
efficiencies. The error bars shown are statistical only.
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6.8.1.2 Reduced CaloMuonScore efficiencies in three detector regions

From the efficiencies as a function of � (Figure 6.37), two notable regions of

slightly reduced CaloMuonScore efficiencies emerge. First, the working points are

significantly less efficient in the outermost bins near � = ±1. For a particle occurring

just inside the acceptance range of CaloMuonScore, i.e. at � = ±1, only roughly half

of its energy is deposited within the calorimeter cells accessible to CaloMuonScore.

This leads to significantly lowered classification confidences, manifesting in a

CaloMuonScore distribution that is shifted towards lower values.

Second, it is apparent that the CaloMuonScore efficiencies are slightly higher

for � ≥ 0 than � < 0. The reason for this is a dead tile calorimeter module located

in the region spanned by −1 ≤ � ≤ 0 and −0.2 ≤ ) ≤ −0.1. The module, named

‘LBC63’, experienced an severe electronic defect during data-taking in 2017, and

was subsequently switched off. In a process referred to as masking, those Monte

Carlo samples produced so as to match data-taking conditions in 2017 also have

this part of the calorimeter switched off (i.e. the energy readout in the cells within

LBC63 is set to zero). The tag-and-probe analysis at hand is based on data recorded

in 2017, and consequently uses a Monte Carlo production that replicates the 2017

detector conditions. As a result, the calculation of CaloMuonScore for particles

penetrating LBC63 is severely affected. The module went back online in 2018, and

any subsequently recorded data, as well as simulationmatching the 2018 data-taking

period, are not affected.

Both regions of lowered CaloMuonScore are illustrated in Figure 6.39, which

shows the mean value CaloMuonScore in small bins of ) and �. The two vertical

bands on the far left and the far right mark the end of the acceptance region. In

these bands, the mean value of CaloMuonScore is around 0.8. The horizontal strip

near ) = −0.1 and � ≤ 0 clearly shows the region corresponding to LBC63. Here,

the mean value of CaloMuonScore is around 0.3. Elsewhere in ) − � space, the

mean value of CaloMuonScore is 0.97. The empty bins at very central � values, the

so-called crack region, indicate that no events have been recorded; this is due to a

partial lack of MS instrumentation9.

The shift in the CaloMuonScore distribution towards lower values for � close to

±1 is detailed in Figure 6.40a, which shows two marginal slices of CaloMuonScore

in �. The red histogram, showing the marginal distribution of Figure 6.39 for

9The tag-and-probe analysis in the |�| < 1 region uses MS probes, and is therefore limited to

measuring efficiencies in regions where the MS is instrumented. The analysis in the |�| < 0.1 region

uses ID probes and does not exhibit these gaps in acceptance.
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0.98 < |�| < 1.00, is shifted significantly to the left of the blue histogram, showing a

marginal slice for 0.00 < |�| < 0.02. Similarly, Figure 6.40b shows the distribution of

CaloMuonScore in two ) − � regions. The red histogram shows the region in ) and

� corresponding to LBC63, while the blue histogram shows the same slice in ) but

on the opposite side in �. The histograms illustrate the severe effect of the masked

module on the output of CaloMuonScore.

Figure 6.39: Mean value of CaloMuonScore in bins of ) and �. The size of each bin

in ) × � is �/32 × 1/32. The plot is based on 7 million tag-and-probe muons from

simulated /→ �� decays and uses MS probes.

6.8.1.3 Scale factors

The scale factors for the four CaloMuonScore working points, and CaloMuonTag

for comparison, are derived separately in � and ?T. Figure 6.41 shows the muon

efficiency as a function of � in the region |�| < 1 for the four CaloMuonScoreworking

points as well as CaloMuonTag. The scale factors are around 0.3% or less in most bins,

indicating a small and expected level of mismodelling. The level of mismodelling in

the case of CaloMuonScore is of the same magnitude as observed for CaloMuonTag.

The scale factors of the CaloMuonScore workings points tend to differ from unity

in the left- and rightmost bins in �; a higher degree of mismodelling is expected
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Figure 6.40: Distribution of CaloMuonScore in different �−) regions for true muons

from / → �� decays. Plot (a) explores the regions of low efficiency near � = ±1,

while plot (b) illustrates the drop in the region corresponding to LBC63. The error

bars shown are statistical only.

here due to gaps between the barrel and extended-barrel regions of the hadronic

calorimeter which house ID cabling and electronics [185].

The scale factors are additionally derived as a function of ?T; this is shown in

Figure 6.42. The scale factors here, again, are generally of order 0.3% or less.

6.8.2 Tag-and-probe results in |�| < 0.1

In this section, the tag-and-probe results are presented in the region |�| < 0.1.

6.8.2.1 Overall performance

Figures 6.43 and 6.44 show the signal efficiency of the four CaloMuonScore working

points compared with CaloMuonTag as a function of � and ?T, respectively. As

before, the efficiencies are measured on 3.01 fb
−1

of data.

The efficiencies as a function of � (c.f. Figure 6.43) highlight that WP1 does not

offer a significant improvement over CaloMuonTag up to |�| = ±0.07. Beyond that,

WP1 achieves an improvement of around 5%. Working points 2, 3, and 4 offer a

less �-dependent performance improvement; all three of them show a minimum

efficiency improvement of 5% in the central-� region, and an increase to 10% beyond

that. The performance gain as a function of ?T (c.f. Figure 6.44) is largest up to

?T = 30 GeV for all four working points and reaches a roughly constant 5–10%

beyond that.
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Figure 6.41: Tag-and-probe signal efficiencies vs. � for CaloMuonScore at four

working points (a–d), as well as CaloMuonTag (e). The measurements are based on

MS probes. The efficiencies measured on data are shown in black, those measured

on simulation are shown in red. The panels show the ratio of the efficiencies

measured on data to those measured on simulation (i.e. the scale factors). The error

bars shown are statistical only. 〈SF〉 denotes the mean scale factor weighted by bin

content and its standard error.
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Figure 6.42: Tag-and-probe signal efficiencies vs. ?T in |�| < 1 for CaloMuonScore
at four working points (a–d), as well as CaloMuonTag (e). The measurements are

based on MS probes. The efficiencies measured on data are shown in black, those

measured on simulation are shown in red. The panels show the ratio of the

efficiencies measured on data to those measured on simulation (i.e. the scale factors).

The error bars shown are statistical only.



6.8. TAG-AND-PROBE RESULTS 183

0.100 0.075 0.050 0.025 0.000 0.025 0.050 0.075 0.100

0.80

0.85

0.90

0.95

1.00

ε

ID probes, data (3.01 fb − 1)〈
ε
〉
 for 30<pT < 40 GeV

CaloMuonScore: 0.928
CaloMuonTag: 0.890

|η|< 0.1, CaloMuonScore WP1

CaloMuonScore WP1
CaloMuonTag

0.100 0.075 0.050 0.025 0.000 0.025 0.050 0.075 0.100
η

1.00

1.05

1.10

ε C
a
lo

M
u
o
n
S
co

re
ε C

a
lo

M
u
o
n
T

a
g

(a) Tag-and-probe &sig vs. � for

CaloMuonTag and CaloMuonScore
operating at WP1.
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(c) Tag-and-probe &sig vs. � for

CaloMuonTag and CaloMuonScore
operating at WP3.

0.100 0.075 0.050 0.025 0.000 0.025 0.050 0.075 0.100

0.80

0.85

0.90

0.95

1.00

1.05

ε

ID probes, data (3.01 fb − 1)〈
ε
〉
 for 30<pT < 40 GeV

CaloMuonScore: 0.958
CaloMuonTag: 0.890

|η|< 0.1, CaloMuonScore WP4

CaloMuonScore WP4
CaloMuonTag

0.100 0.075 0.050 0.025 0.000 0.025 0.050 0.075 0.100
η

1.00

1.05

1.10

ε C
al

oM
u
on

S
co

re
ε C

al
oM

u
on

T
ag

(d) Tag-and-probe &sig vs. � for

CaloMuonTag and CaloMuonScore
operating at WP4.

Figure 6.43: Tag-and-probe signal efficiencies vs. � for CaloMuonTag vs.

CaloMuonScore at four working points using ID probes. The efficiencies are meas-

ured on 3.01 fb
−1

of data. The efficiencies achieved by the different CaloMuonScore
working points are shown in blue, while those achieved by CaloMuonTag are shown

in red. The bottom panels show the ratio of the CaloMuonScore efficiencies to the

CaloMuonTag efficiencies. The error bars shown are statistical only.
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20 40 60 80 100

0.2

0.4

0.6

0.8

1.0

1.2

ε

ID probes, data (3.01 fb − 1)〈
ε
〉
 for 30<pT < 40 GeV

CaloMuonScore: 0.972
CaloMuonTag: 0.890

|η|< 0.1, CaloMuonScore WP2

CaloMuonScore WP2
CaloMuonTag

20 40 60 80 100
pT [GeV]

1.0

1.5
ε C

a
lo

M
u
o
n
S
co

re
ε C

a
lo

M
u
o
n
T

a
g

(b) Tag-and-probe &sig vs. ?T for

CaloMuonTag and CaloMuonScore
operating at WP2.

20 40 60 80 100

0.2

0.4

0.6

0.8

1.0

1.2

ε

ID probes, data (3.01 fb − 1)〈
ε
〉
 for 30<pT < 40 GeV

CaloMuonScore: 0.958
CaloMuonTag: 0.890

|η|< 0.1, CaloMuonScore WP3

CaloMuonScore WP3
CaloMuonTag

20 40 60 80 100
pT [GeV]

1.0

1.5

ε C
al

oM
u
on

S
co

re
ε C

al
oM

u
on

T
ag

(c) Tag-and-probe &sig vs. ?T for

CaloMuonTag and CaloMuonScore
operating at WP3.

20 40 60 80 100

0.2

0.4

0.6

0.8

1.0

1.2

ε

ID probes, data (3.01 fb − 1)〈
ε
〉
 for 30<pT < 40 GeV

CaloMuonScore: 0.958
CaloMuonTag: 0.890

|η|< 0.1, CaloMuonScore WP4

CaloMuonScore WP4
CaloMuonTag

20 40 60 80 100
pT [GeV]

1.0

1.5

ε C
al

oM
u
on

S
co

re
ε C

al
oM

u
on

T
ag

(d) Tag-and-probe &sig vs. ?T for

CaloMuonTag and CaloMuonScore
operating at WP4.

Figure 6.44: Tag-and-probe signal efficiencies vs. ?T in |�| < 0.1 for CaloMuonTag vs.
CaloMuonScore at four working points using ID probes. The efficiencies are meas-

ured on 3.01 fb
−1

of data. The efficiencies achieved by the different CaloMuonScore
workingpoints are shown in blue, while those achieved by CaloMuonTag are shown in

red. The panels show the ratio of the CaloMuonScore efficiencies to the CaloMuonTag
efficiencies. The error bars shown are statistical only.
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6.8.2.2 Scale factors

The scale factors in the region |�| < 0.1 are shown separately as a function of � in

Figure 6.45 and ?T in Figure 6.46. The scale factors do not show a significant � or

?T dependence. Moreover, they do not differ significantly from unity anywhere,

indicating that the degree of calorimeter mismodelling in the low-� region is

negligible for the purposes of CaloMuonScore.

6.9 Performance summary

The preceding sections have presented the performance of CaloMuonScore in two

different detector regions, and, moreover, have relied both on MC-only measure-

ments and tag-and-probe results based on data. It is at this point instructive to

summarise the overall performance of CaloMuonScore in different kinematic and

detector regions. This summary is presented in Table 6.13. Here, the &sig values

are based on tag-and-probe measurements, while the &bkg values are based on

simulation only.

The table highlights that in terms of signal efficiency, CaloMuonScore WP2 offers

the best performance across all ?T and � regions. Its improvement over CaloMuonTag

varies between 7 and 9 percentage points. All CaloMuonScore working points offer

higher signal efficiencies than CaloMuonTag, and the selection of a working point for

physics analyses should likely focus on the degree of background rejection required

in a given analysis.

CaloMuonScore WP2 delivers the best performance in terms of background

efficiency. Its improvement over CaloMuonTag reaches a factor of 19.9 in the low-�

region and for ?T ∈ [30, 40] GeV.

CaloMuonScore WP3 offers the best overall performance, with improved signal

and background efficiencies compared to CaloMuonTag in both detector regions. Its

signal efficiency is 7–9 percentage points higher than CaloMuonTag, and it suppresses

background 1–12 times more effectively than CaloMuonTag.

In the region where CaloMuonScore and CaloMuonScore should be compared

most directly, i.e. |�| < 0.1 and ?T ∈ [30, 40] GeV, CaloMuonScore WP3 and WP4

deliver outstanding performance. Here, their signal efficiency is 7 percentage points

higher than CaloMuonTag’s, and they suppress background more effectively by a

factor of 12.2 (c.f. Table 6.11).
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Figure 6.45: Tag-and-probe signal efficiencies vs. � for CaloMuonScore at four

working points (a–d), as well as CaloMuonTag (e). The measurements are based on

ID probes. The efficiencies measured on data are shown in black, those measured on

simulation are shown in red. The panels show the ratio of the efficiencies measured

on data to those measured on simulation (i.e. the scale factors). The error bars

shown are statistical only.
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Figure 6.46: Tag-and-probe signal efficiencies vs. ?T in |�| < 0.1 for CaloMuonScore
at four working points (a–d), as well as CaloMuonTag (e). The measurements are

based on ID probes. The efficiencies measured on data are shown in black, those

measured on simulation are shown in red. The panels show the ratio of the

efficiencies measured on data to those measured on simulation (i.e. the scale factors).

The error bars shown are statistical only.
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|�| < 0.1 |�| < 1

ID probes MS probes

?incl

T
?
[30,40]
T

?incl

T
?
[30,40]
T

&TP

sig
&MC

bkg
&TP

sig
&MC

bkg
&TP

sig
&MC

bkg
&TP

sig
&MC

bkg

CaloMuonTag 85.86 10.70 88.06 48.18 88.05 37.00 88.97 57.56

CaloMuonScore WP1 90.03 14.91 90.99 2.42 92.21 29.83 92.82 8.89
CaloMuonScore WP2 94.15 43.66 95.23 6.36 97.02 50.32 97.25 13.78

CaloMuonScore WP3 94.07 10.19 95.14 3.94 95.41 25.06 95.82 10.67

CaloMuonScore WP4 94.07 6.69 95.14 3.94 95.38 20.16 95.82 10.67

Table 6.13: Performance summary of CaloMuonTag and all four CaloMuonScore

working points. ?incl

T
denotes all muons and fakes independent of ?T, while ?

[30,40]
T

denotes a selection of particles with a transverse momentum between 30 and 40 GeV.

The columns labelled ‘&TP

sig
’ indicate efficiency measurements that are based on a

tag-and-probe analysis, while those labelled ‘&MC

bkg
’ are based on simulation. For

each column, the best-performing algorithm is highlighted in bold. All efficiencies

are given as per-cent values.

6.10 Conclusions and future work

In this chapter, a novel method for identifying muons in the ATLAS calorimeters

was presented. This approach aims to improve the quality of calorimeter-tagged

muons, that is, muons that have a track in the inner detector but no matching track

in the muon spectrometer. This type of calorimeter-tagged muon is important in the

low-� barrel region of the ATLAS detector, where the muon acceptance is generally

lower as here the muon spectrometer is only partially instrumented.

The method for performing calorimeter-tagging used by ATLAS since 2009 is

called CaloMuonTag, and it discriminates muons from other particles by an energy-

deposit signature in the calorimeters that is consistent with a minimum-ionising

particle. In this work, it has been demonstrated that performing muon identification

using calorimeter energy deposits at the individual cell level is a viable approach

that outperforms the CaloMuonTagmethod. While the new method was developed

on simulation, its performance was measured both on simulation and data with a

high level of agreement between the two.

Several lines of work could be undertaken to extend, and improve upon, what

has been outlined here:

1. Different convolutional neural network architectures. The approach discussed
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in this work is based on multi-channel two-dimensional convolutional neural

networks. Another class of neural-network layers worth investigating are 3D

convolutional layers, inwhich the convolutional kernel operates in three instead

of two dimensions. While computationally much more costly, especially at

training time, it could be a suitable approach that can potentially better exploit

the spatial evolution of a particle shower along its depth.

2. Introducing a variable convolutional-layer granularity that depends on the

calorimeter layer. The calorimeter samplings (indices 1 through 7) used have

different intrinsic granularities in � and ). Future investigations into different

convolutional architectures should consider combining several layers of single-

channel convolutional layers on images of size <8 × =8 , where 8 ∈ Z : 8 ∈ [1, 7]
is an index associated with each calorimeter sampling. One hypothesis is that

such an architecture would be better able to exploit the high granularity of the

inner calorimeter samplings, while using images of very coarse granularity in

outer calorimeter samplings that are intrinsically less fine-grained.

3. Extending the calorimeter-tagging region for muons beyond |�| = 1. The

methods developed here can likely be applied beyond |�| = 1 in order to par-

tially recover muons in other regions of low MS acceptance (c.f. Section 3.2.4).

This is especially relevant for the transition region between the barrel and

end-cap sections of the MS near |�| ≈ 1, as well as the cracks in the end-caps

at |�| ≈ 1.2, 1.7, 2.1, and 2.3. The regions near |�| ≈ 1.2 and 1.7 would likely

benefit less from this approach due to reduced calorimeter acceptance in the

transition region between the ECAL and HCAL barrel and end-cap regions.

In order to investigate an adaptation of CaloMuonScore extending to higher

pseudorapidities, the classifier would have to be partially redesigned. Spe-

cifically, it would need to take into account a different selection of calorimeter

samplings, since only central-barrel calorimeter samplings are considered in

the configuration developed in this chapter.

4. Suppression of electronic noise in the calorimeters. All calorimeter samplings

exhibit electronic noise, which manifests itself in noisy, and in some cases

negative, energy-deposit readouts. Depending on the particular calorimeter

sampling, the noise is on the order of 100–1000 GeV100 to 1000 MeV per

readout channel [75]. Future studies should investigate whether ‘cleaning’ the

calorimeter images before training the classifiers can push the performance
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even further. As calorimeter images from both muons and pions in this

study exhibit the same amount of electronic noise, it is assumed that the

classifiers learn to ignore the noise and implicitly subtract background noise

from calorimeter images. It is therefore unlikely that such an approach would

provide a significant performance improvement.

5. Training dedicated classifiers in different ?T and � regions. Training of

dedicated convolutional neural networks in different � and ?T regions was

investigated, and it was found that the performance was worse compared to

training on the full� and ?T range. However, it is likely thatwith access tomuch

more training data (at least an order ofmagnitudemore), training separately on

different phase-space regions could provide marginal improvements. The two

/→ �� and CC̄ samples mentioned were the only suitable samples available in

the required RDO data format when CaloMuonScore was under development.

The first step towards determining if dedicated classifiers for regions of ?T and

�would be valuable is to repeat the study on the effect of the available training

statistics in Section 6.7.6, and to determine a trend in the classifier performance

as a function of the size of the training set. If the performance curve flattens out,

an increase in training set size is unlikely to further increase the performance.

If, on the other hand, the trend looks as though the performance would keep

increasing, future work would benefit from a greater number of MC samples.

The CaloMuonScore method outlined in this chapter has been implemented

into the central ATLAS code base. It offers for the first time a complementary

approach to calorimeter-tagging for all physics analyses that include muons in

addition to CaloMuonTag, which has been in use since 2009. Based on a study

performed on MC events containing truth-matched muons from /→ �� events, as

well as truth-matched pions and kaons from CC̄ events, several working points at

which CaloMuonScore can be operated have been derived, each of them targeting a

different muon efficiency or fake rate.

Depending on theworking point atwhich one chooses to operate CaloMuonScore,

an improvement in terms of muon-identification efficiency of 7–9 percentage points

above CaloMuonTag was measured. Further, the suppression of fake muons is

improved by up to a factor of 20. CaloMuonScore efficiently identifies muons over

a wide range in ?T, and further exhibits high muon efficiency beyond the narrow

range of |�| < 0.1 up to |�| < 1. These results, therefore, suggest that CaloMuonScore



6.10. CONCLUSIONS AND FUTURE WORK 191

can be used to recover muons with (i) higher efficiency, (ii) at a greatly reduced fake

rate, and (iii) in wider kinematic regions than CaloMuonTag.



Chapter 7
Conclusion

Several extensions to the Standard Model predict the existence of additional heavy

Higgs-like resonances that may be observable at hadron colliders at the TeV scale.

Operating at the highest luminosities ever achieved in a hadron collider, the

general-purpose particle detectors ATLAS and CMS at the CERN LHC can test the

predictions of the Standard Model with high precision and look for phenomena

beyond the Standard Model. Essential to both precision tests and searches for new

physics is the reliable identification of muons. Comprising both a search for BSM

physics and a step towards improved muon identification, the results of this thesis

are briefly summarised below.

A search for heavy resonances decaying via two / bosons to four leptons using

the ATLAS detector was presented in Chapter 5. The search results using 139 fb
−1

of

data collected during 2015–2018 improve significantly on those previously published.

This is achieved by a multivariate approach based on deep learning in both the

ggF and VBF analysis channels. This approach is shown to provide significantly

lower upper limits on the production cross-section of a heavy scalar compared to a

cut-based approach. No significant excess in the<4ℓ spectrum is found, and stronger

limits are placed on the production cross-section of a heavy Higgs-like scalar up

to 2 TeV. Using a combination of results with the closely related ℓ+ℓ−��̄ analysis,

the observed limits on the production cross-section times branching fraction are

between 215 fb at 240 GeV and 2.0 fb at 1900 GeV in the ggF production mode, and

between 87 fb at 255 GeV and 1.5 fb at 1800 GeV in the VBF production mode. The

results are interpreted in the context of a Type-I and a Type-II 2HDM scenario as well

as in the context of a search for a spin-2 graviton in the RS1 model. In the latter case,

gravitons are excluded up to a mass of 1830 GeV at 95% confidence level. Future

iterations of this analysis using more data acquired by the ATLAS experiment—an
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additional 300 fb
−1

are to be expected by the end of Run 3 in 2024, and a total of

3000 fb
−1

by the end of Run 6 in 2037—as well as novel analysis techniques will

probe the current ℓ+ℓ−ℓ ′+ℓ ′− search range with greater sensitivity and at the same

time push the reach in <4ℓ to higher values of 3 TeV and beyond.

A novel calorimeter-based muon-identification method called CaloMuonScore

was introduced in Chapter 6. Validated on data and simulation, the method

was implemented in the central ATLAS code base and commissioned for use in

future physics analyses. Based on convolutional neural networks trained on energy-

deposit patterns in the ATLAS electromagnetic and hadronic calorimeters, so-called

calorimeter images, the method can effectively discriminate muons from fakes. Four

working points offering different signal and background efficiencies were derived;

these were benchmarked against the previous algorithm called CaloMuonTag, and it

was demonstrated that CaloMuonScore’s ability to identify muons and its capacity to

reject fake muons coming from pions and kaons are both significantly greater than

for CaloMuonTag. For particles with a transverse momentum between 30 and 40 GeV

occurring in the ATLAS central barrel region (|�| < 0.1), CaloMuonScore WP3 has an

average muon efficiency of 95.2% and a fake rate of 3.9%, compared with a muon

efficiency of 88.1% and a fake rate of 48.2% for CaloMuonTag. The results indicate

that CaloMuonScore is a suitable alternative to CaloMuonTag that provides better

performance, and is fit for use in physics analyses that rely on calorimeter-tagged

muons. Accordingly, CaloMuonScore is now part of the central ATLAS code release.
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Appendix A
Particle interactions with matter

The ATLAS calorimeters measure particle energies in two main ways: (i) by

measuring the ionisation and radiative energy losses of charged particles, and

(ii) by absorbing hadrons through interactions with the detector material. The

electromagnetic calorimeter is designed to cover the former case, while the hadronic

calorimeter is responsible for the latter.

Charged particles traversing the detector material, such as muons or charged

pions, lose energy through three main processes: ionisation, bremsstrahlung, and

4+4− pair production. For energies typically encountered in the ATLAS detector,

ionisation is by far the most significant form of energy loss, however, radiative losses

due to bremsstrahlung and pair production become important at higher energies.

The muon critical energy, ��2 , is defined as the muon energy at which energy losses

from radiation become as important as energy losses from ionisation. In the main

material of the ATLAS electromagnetic calorimeter, argon, it has a value of roughly

500 GeV [26]. Energy losses from 4+4− pair production become significant at even

higher energies. The muon energies encountered in this thesis are typically of order

100 GeV or less; as a result, the following section will focus solely on energy losses

due to ionisation.

A.1 Energy losses due to ionisation

The mean rate of energy loss, sometimes referred to as the mass stopping power, due
to ionisation experienced by relativistic charged particles per unit length of material
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traversed is given by the Bethe formula [196],

〈3�
3G
〉 =  I2

/

�

1

�2

[
1

2

ln

2<4 2
2�2�2,max

�2
− �2 −

�(��)
2

]
, (A.1)

where  = 0.31 MeV mol
−1

cm
2
, I is the charge number of the incident particle, / is

the atomic number of the absorber material, � is the atomic mass of the absorber

material, � is the incident particle velocity in units of the speed of light, 2, <4 is the

electron mass, and � = 1/√1−�2 is the Lorentz factor. The mass stopping power1 of

MeV g
−1

cm
2
is expressed in units.

A density-effect correction to the ionisation energy loss is given by �(��)/2. It

accounts for the fact that at high particle energies, the traversed material becomes

polarised, which limits electric-field interactions of the charged particle with the

medium. This leads to a reduction in energy loss, becoming more significant at

higher energies. At very high energies, it is given by

�(��)
2

= ln

(
ℏ$?/�

)
+ ln �� − 1

2

, (A.2)

where ℏ$? is the plasma energy. It is equal to

√
�〈//�〉, where � is the density of

the absorber material in units of g cm
−3
. � is the mean excitation energy, which

is determined experimentally, and varies as a function of the atomic number of

the absorber material. For the ATLAS electromagnetic calorimeter—which chiefly

contains argon with / = 18—it has a value of around 0.55 eV. ,max is the maximum

possible energy transfer to an electron in a single collision. For an incident particle

with mass ", it is given by

,max =
2<4 2

2�2�2

1 + 2�<4/" + (<4/")2
. (A.3)

In the limit where 2�<4 � ", one has

,max = "22�2�. (A.4)

Themass stopping power for positivemuons in copper is illustrated in Figure A.1.

Equation (A.1) describes the central region of the plot, labelled ‘Bethe’, for a muon

momentumbetween 10 and 90 GeV. Beyond amuonmomentumof 90 GeV, radiative

1The mass stopping power is obtained by dividing the stopping power by the density of the

material. The stopping power has dimensions of �!−1
, where � is energy and ! is length. Dividing

by the dimensions of material density, i.e. "!−3
, where " is mass, shows that the mass stopping

power has dimensions of �!2"−1
.
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losses become more significant. While the plot applies to muons in copper (/ = 29),

the behaviour in the ATLAS calorimeter looks very similar, as 〈 3�3G 〉 decreases
only slowly with /. The minimum of the plot in the ‘Bethe’ region corresponds

to minimum ionisation, which occurs when the most loosely bound electrons are

ionised. The mass stopping power at minimum ionisation for muons is around

1.65 MeV cm
2

g
−1

[26], and occurs at a muon momentum of around 0.1–10 GeV.

Liquid argon, the main material in the ATLAS EM calorimeter, has a density of

around 1.40 g cm
−3

[197], yielding aminimum ionising stopping power formuons in

liquid argon of 2.31 MeV cm
−1
. In theATLAShadronic calorimeter, which ismadeup

chiefly of steel as the absorbing material with a density of around 7.86 g cm
−3

[198],

the energy loss of a minimum ionising particle is around 12.97 MeV cm
−1
. The

mass stopping power, and resulting minimum-ionising stopping power, for pions is

almost the same, as Equation (A.1), taking into account Equation (A.4), depends

only logarithmically on the incident particle’s mass.

Figure A.1: Mass stopping power, 〈3�/3G〉, for antimuons in copper as a function

of muon momentum. Solid curves indicate the total stopping power. Figure

reproduced from Reference [26].
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A.2 Hadronic interactions

The main difference in calorimeter signature between muons and pions comes from

the propensity of pions to create hadronic showers. Hadronic showers are produced

by hadrons interacting with the detector material. The result is that leptons such

as muons do not produce any activity in the hadronic calorimeter from hadronic

interactions, however, they may leave smaller electromagnetic signatures.

A hadronic shower typically has two components: (i) an electromagnetic com-

ponent coming from 4+4− pair production or neutral hadrons decaying into two

photons which launch an electromagnetic cascade, and (ii) a hadronic component

corresponding to the energy deposited through nuclear collisions, intranuclear

cascades (referred to as spallation), and subsequent secondary interactions. A shower

in the hadronic calorimeter typically contains a 15% electromagnetic component.

Electromagnetic showers tend to be much more contained than hadronic ones:

for iron—the main element of the absorbing material in the ATLAS hadronic

calorimeter—the length scale governing electromagnetic showers is -0 ≈ 1.76 cm,

whereas the hadronic-shower length scale is �= ≈ 16.8 cm. The ATLAS hadronic

calorimeter has a depth of around 11 interaction lengths in the barrel region; the

activity in a hadronic shower decreases exponentially with depth. A 300 GeV pion,

for example, loses 95% of its energy within 8�= , and 99% within 11�= .



Appendix B
Search for Heavy // Resonances in the

ℓ+ℓ−ℓ ′+ℓ ′− Final State

This appendix provides additional details on the signal and interference modelling.

It has largely been reproduced from Reference [1].

B.1 Signal modelling in the large-width assumption

The shape of the <4ℓ distribution under the large-width assumption (LWA) is

described as a convolution of a truth distribution with a detector-resolution function.

The truth-level distribution is given below, whereas the detector-resolution function

is modelled with the same function used in the NWA case (Equation (5.2)); its truth

width is negligible and the <4ℓ distribution is therefore dominated by detector

effects.

The cross-section of the BSM Higgs signal in the LWA decaying to // is given

by [1]

�??→�→//(<4ℓ ) = 2 · <4ℓ · ℒ66 ·
1

|B − B� |2
· Γ66→�(B) · Γ�→//(B), (B.1)

where ℒ66 is the gluon-gluon luminosity [199] and
1

B−B� is the Higgs propagator

given by [200, 201]

1

B − B�
=

1 + 8 · Γ�/<�

B − <2

� + 8 · B · Γ�/<�

, (B.2)
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with

<� =

√
Γ2

�
+ <2

�
(B.3)

and

Γ� = <� ·
Γ�

<�
, (B.4)

where B is the square of the centre-of-mass energy, <� is the BSM Higgs mass and

Γ� is the total BSM Higgs width in the LWA.

Γ66→�(B) is the 66 → � partial width, given by

Γ66→�(B) = �1 · B
3

2 · |�C(�)|2 (B.5)

with

�C(�) = 2

� + (� − 1) 5 (�)
�2

� =
B

4<2

C

5 (�) =
{

arcsin
2(
√
�), � 6 1

−1

4

[
log

1+
√

1−�−1

1−
√

1−�−1

− 8�
]

2

, � > 1,

(B.6)

where �1 is a constant and <� is the mass of the top quark.

Γ�→//(B) is the � → // partial width, given by

Γ�→//(B) = �2 · B
3

2 ·
1 −

4<2

/

B
+ 3

4

(
4<2

/

B

)
2 ·

[
1 −

4<2

/

B

] 1

2

, (B.7)

where �2 is a constant and </ is the mass of the / boson.
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B.2 Graviton signal modelling

The shape of the graviton <4ℓ distribution is described by the convolution of a truth-

level distribution with a detector-resolution function. The truth-level distribution is

given by the product of a relativistic Breit-Wigner factor, a parton-luminosity factor,

ℒ66 , and a factor that corresponds to the matrix element of the production process

as given in Reference [202].

The graviton cross-section of a ggF-produced graviton decaying to // is given

by

�??→�∗→//(<4ℓ ) = �3 · ℒ66 · B2 · B(1 + B)(1 + 2B + 2B2)
(B2 − <2

�∗Γ
2)

, (B.8)

where �3 is a constant, B is the square of the centre-of-mass energy, <∗
�
is the mass

of the graviton and Γ is the total graviton decay width.

As in the case of the LWA, the detector-resolution function is taken to be the

same as in the NWA (Equation (5.2)).
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B.3 Interference modelling

Three processes share the same 66 initial and // final states, and will therefore

interfere with each other [1]:

1. the SM process 66 → // with amplitude ��,

2. the SM Higgs boson with amplitude �ℎ , and

3. the BSM heavy Higgs with amplitude �� .

The full parton cross-section can be written as

�66→(-)→//(B) =
1

2B

∫
3Ω |�ℎ(B,Ω) + ��(B,Ω) + ��(B,Ω)|2

=
1

2B

∫
3Ω

(
|�ℎ(B,Ω)|2 + |��(B,Ω)|2 + |��(B,Ω)|2

)
+ 1

B

∫
3Ω

(
'4

[
�ℎ(B,Ω) · �∗�(B,Ω)

]
+ '4

[
��(B,Ω) · �∗�(B,Ω)

]
+ '4

[
��(B,Ω) · �∗ℎ(B,Ω)

] )
.

(B.9)

The term proportional to |�ℎ |2 corresponds to the on-shell contribution of the SM

Higgs, which is negligible in the high-mass region. The term proportional to |�� |2

corresponds to the heavy Higgs with a cross-section given by Equation (B.1). The

terms proportional to |�� |2 and �ℎ · �∗� correspond to the 66 → // continuum

background and the interference between the SM Higgs and the 66 → // con-

tinuum background, respectively. Both are accounted for through MC simulation.

The terms proportional to �� · �∗� and �� ∗ �
∗
ℎ
describe the interference between

the heavy Higgs and the continuum background, and between the heavy Higgs and

the BSM Higgs, respectively. These two terms become significant when the width

of the heavy Higgs is large. The relevant interference terms are discussed below.

B.3.1 Interference of the heavy Higgs with the SM 66 → //

background

The Higgs amplitude can be written as the product of a propagator, a production

amplitude, �%
�
, and a decay amplitude, ��

�
:

�� = �
%
� ·

1

B − B�
· ��� . (B.10)
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The parton cross-section of the interference can be expressed as

�66(B) =
1

B
Re

[
1

B − B�

∫
3Ω · �%�(B,Ω) · �

�
�(B,Ω) · �

∗
�(B,Ω)

]
. (B.11)

The integral in this equation is an unknown complex function of B. It is assumed

that this function is smooth, and that it can be replaced with a complex polynomial

of arbitrary order, namely

∫
3Ω·�%�(B,Ω)·�

�
�(B,Ω)·�

∗
�(B,Ω) ≈ (00+01 ·

√
B+ . . . )+ 8 ·(10+11 ·

√
B+ . . . ), (B.12)

where 08 and 18 are real-valued polynomial coefficients. They can be obtained

by fitting to the truth-level <4ℓ distribution after the reconstruction-level event

selections in order to take into account signal-acceptance and detector effects. As

neither the Higgs mass nor the width enter into this function, the coefficients have

the same values for all tested signal hypotheses.

The analytical function of the propagator is chosen to be consistent with the

definition used in the MCFM generator [203] that is used to produce the interference

samples. This propagator is shown in Equation (B.2). The parton cross-section

can be transformed to a hadron cross-section as a function of <4ℓ as described in

Appendix B.1. The final equation describing the interference of the heavy Higgs

and 66 → // is given by

�??(<4ℓ ) = ℒ66 ·
1

<4ℓ
· Re

[
1

B − B�
· ((00 + 01 · <4ℓ + . . . ) + 8 · (10 + 11 · <4ℓ + . . . ))

]
.

(B.13)
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B.3.2 Interference of the heavy Higgs with the SM Higgs

Similar to Equation B.10, the amplitude of the SM Higgs can be written as

�ℎ = �
%
ℎ
· 1

B − Bℎ
· ��

ℎ
, (B.14)

where �%
ℎ
is the production amplitude, and ��

ℎ
is the decay amplitude. The parton

cross-section for this process can then be rewritten

�66(B) =
1

B

∫
3Ω·Re

[
�%�(B,Ω) ·

1

B − B�
· ���(B,Ω) · �

%∗
ℎ
(B,Ω) · 1

(B − Bℎ)∗
· ��∗

ℎ
(B,Ω)

]
(B.15)

It is assumed that the heavy Higgs possesses similar properties to the one in

the SM. Specifically, the production and decay amplitudes are assumed to be the

same for the SM and heavy Higgs, since they depend neither on the mass nor on the

width of the boson, i.e. ��
ℎ
= ��

�
; �%

ℎ
= �%

�
. The cross-section then simplifies to

�66(B) =
1

B

∫
3Ω · Re

[
1

B − B�
· 1

(B − Bℎ)∗

]
·
���66→�(B,Ω)

��2 |��→//(B,Ω)|2 (B.16)

Using the definition of the partial width of a heavy Higgs decay to a state �,

namely

Γ�→�(B) =
1

2

√
B

∫
3Ω |��→�(B,Ω)|2 , (B.17)

the cross-section further simplifies to

�66(B) = 4 · Re

[
1

B − B�
· 1

(B − Bℎ)∗

]
· Γ66→�(B) · Γ�→//(B), (B.18)

where the partial widths are described in Equations (B.5) and (B.7), and the

propagators are given in Equation (B.2). The parton cross-section can be transformed

to a hadron cross-section as a function of <4ℓ as described in Appendix B.1. The

final equation describing the interference of a heavy Higgs and the SM Higgs is as

follows:

�??(<4ℓ ) = 4 · <4ℓ · ℒ66 · Re

[
1

B − B�
· 1

(B − Bℎ)∗

]
· Γ66→�(<4ℓ ) · Γ�→//(<4ℓ ). (B.19)

This equation is very similar to the differential cross-section of the signal-only
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production, with the only difference in the propagator part. However, the propagator

does not affect the kinematic properties of the final state, so this interference process

has the same acceptance as the one in the signal-only process. As a result, the

interference process can be reproduced by reweighting the signal events with

weights given by

F(<4ℓ ) =
2 · Re

[
1

B−B� ·
1

(B−Bℎ)∗
]

1

|B−B� |2
. (B.20)

The reweighting procedure was validated by comparing a reweighted signal

distribution for a certain mass and width to its nominal MC distribution for the

same signal hypothesis, the details of which can be found in Reference [1].

A set of pseudo-MC samples for the interference process was produced using

the reweighting procedure. These samples provide a precise description of the

interference including the reconstruction effects, and they were further used for the

validation of the interference model.

Modelling of the interferencewas achieved in the sameway as for the large-width

signal discussed in Appendix B.1. The truth-level cross-section is described by the

computation of the leading-order Feynman diagram given in Equation (B.18) which

is further corrected for acceptance effects.

B.3.3 Complete signal model

In the previous sections of this appendix, the pure LWA signal and its interferences

with the SM processes are discussed, while this section focuses on the integration of

the pure LWA signal with the interference models. Both contributions are added

and will be hereafter referred to as the "complete signal model". When searching

for signal or setting exclusion limits, the interference contribution is included as

part of the signal. The relative importance of the interference within the complete

signal model for the reconstructed <4ℓ shape is discussed here.

B.3.3.1 Relative importance of interference terms

The relative normalisation of the interferencewith respect to the pure signal depends

on the couplings of the heavy Higgs boson. Here, when referring to the BSM Higgs

boson’s couplings, we assume that the heavy Higgs has SM-like couplings that

are scaled by a factor, �. In this analysis, upper limits are set on the production

cross-section times branching fraction while both the mass and the width of the

signal are fixed. The signal cross-section is a function of couplings, mass, and
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width only, where the latter two are fixed. Therefore, the cross-section limit is

directly related to the heavy Higgs couplings, i.e. �� ∝ �2
. The normalisation of

both interference contributions will have only a linear dependence on the heavy

Higgs couplings, i.e. �interf ∝ �. This means that the relative normalisation of

the interference with respect to the pure signal contribution is dependent on the

analysis sensitivity. This has the consequence that the interference contribution

grows with the analysis sensitivity, a fact that is taken into account when setting the

cross-section limit in the LWA case.
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