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Abstract

The study of high-energy collisions by the ATLAS experiment at the Large Hadron Collider
(LHC) is essential to test the validity of the Standard Model of particle physics (SM), the
current theoretical framework that describes the fundamental particles and how they interact,
as well as to constrain its possible extensions. In light of its third data-taking period and the
next generation of accelerators, the ATLAS experiment faces challenges associated with the

high-dimensionality of the recorded signals and the large amount of data still left unexplored.

In this context, the use of deep learning techniques has great potential to enhance the
performance of the classification of the physics objects that originate from these signals, as
well as to provide new tools to perform fast statistical inference from the data. This thesis
presents applications of these deep learning techniques to improve the electron identification
algorithm performance, as well as a new strategy to search for resonances in invariant mass

distributions with the ATLAS experiment.

Firstly, new measurements of the efficiency of the current electron identification al-
gorithm are presented, using data recorded at the beginning of Run 3, as well as the reprocessing
of the Run 2 data with the new version of the ATLAS software. A small reduction on the dis-
crepancies between the values obtained from MC simulated events and the data is observed,

a consequence of the improvements made to the ATLAS software at the start of Run 3.

Next, the development of a new electron identification algorithm is presented, where
low-level detector information is processed in the form of images via a convolutional neural
network. A study of the importance of its input features shows the relevance of all the current
inputs considered. Furthermore, the rejection of the larger background class is decreased
when a model trained with examples from simulated events is used to reject those obtained
from experimental data. We show this rejection power is recovered if these data examples are

incorporated into the training.

Lastly, a novel strategy to search for resonances in invariant mass histograms is presented.
It uses a neural network to predict the local statistical significance of resonances from its
bin entries. The implementation of this method using realistic simulation data shows good
results, with the prediction of the maximum significance within a histogram having no bias
and a small variance. Work towards an implementation of this method within the ATLAS
experiment is also presented, including the production of invariant mass histograms using
ATLAS simulation data.



Abstract

Keywords: particle physics, LHC, ATLAS, deep learning, neural networks, electron identifica-

tion, anomaly detection.

i



Résume

Létude des collisions a haute énergie par 'expérience ATLAS au Grand Collisioneur d'Hadrons
(LHC, de T'anglais Large Hadron Collider) est essentielle pour tester la validit¢é du modele
standard de la physique des particules (SM, de I'anglais Standard Model of particle physics), le
cadre théorique actuel qui décrit les particules fondamentales et leurs interactions, ainsi que
pour établir des limites dans ses possibles extensions. Compte tenu du début de sa troisieme
période de prise de données et de la prochaine génération d’accélérateurs, 'expérience ATLAS
est confrontée a des défis liés a la haute dimensionnalité des signaux enregistrés et a la grande
quantité de données encore inexplorées.

Dans ce contexte, I'utilisation de techniques d’apprentissage profond a un grand poten-
tiel pour améliorer la performance de la classification des objets physiques a I'origine de ces
signaux, ainsi que pour fournir de nouveaux outils pour effectuer une inférence statistique
rapide a partir des données. Cette these présente des applications des techniques d’apprentis-
sage profond dans I'algorithme d’identification des électrons, ainsi qu'une nouvelle stratégie de
recherche de résonances dans les distributions de masse invariantes avec 'expérience ATLAS.

Tout d’abord, de nouvelles mesures de I'efficacité de I'algorithme actuel d’identification
des électrons sont présentés, en utilisant les données enregistrées au début du Run 3, ainsi que
le retraitement des données du Run 2 avec la nouvelle version du logiciel utilisé par ATLAS.
Une légere réduction des écarts entre les valeurs obtenues a partir des événements simulés
et les données expérimentales est observée, une conséquence des améliorations apportées au
logiciel utilisé par ATLAS avant le début du Run 3.

Ensuite, le développement d’un nouvel algorithme d’identification des électrons est pré-
senté, ou les informations brutes du détecteur sont traitées sous forme d’images via un réseau
neuronal convolutif. Une étude de 'importance de ses variables d’entrée montre la pertinence
de toutes les variables considérées actuellement. En outre, le rejet de la classe de bruit de
fond la plus importante diminue lorsqu'un modéle entrainé avec des exemples provenant des
simulations est utilisé pour rejeter des examples obtenus a partir de données expérimentales.
Nous montrons que ce pouvoir de rejet est récupéré si ces exemples de données sont incorporés
dans la formation.

Enfin, nous présentons une nouvelle stratégie de recherche de résonances dans des histo-
grammes de masse invariante. Elle utilise un réseau neuronal pour prédire de la signification
statistique locale des résonances a partir des entrées dans 'histogramme. La mise en ceuvre

de cette méthode a I'aide de données de simulation réalistes donne de bons résultats, avec la
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Résume

prédiction de I'importance maximale au sein d’un histogramme ne présentant aucun biais et
peu de variance. Les travaux visant a mettre en ceuvre cette méthode dans le cadre de 'expé-
rience ATLAS sont également présentés, y compris la production d’histogrammes de masse

invariants a 'aide de données de simulation ATLAS.

Mots-clés: physique des particules, LHC, ATLAS, apprentissage profond, réseaux neuronaux,

identification des électrons, détection des anomalies.
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Introduction

The description of nature at its most fundamental level is the subject of the field of particle
physics, which focus on the constituents of matter and their interactions. Throughout the years,
scientists have unravelled the mysteries of these phenomena by developing new experimental
techniques to probe processes involving subatomic particles and formulating their description
in terms of quantum fields. Its culmination is the Standard Model of particle physics (SM),
a theoretical framework that has been shown to be very successful in describing how the
fundamental particles interact via the strong, weak and electromagnetic forces.

Nevertheless, there is reason to believe the SM is incomplete. Firstly, a large number of
ad hoc parameters are present in the model and, although some patterns are observed in the
values, there are no underlying concepts to describe them. Moreover, if we assume the SM
is supposed to be valid until the energy scales where gravitational effects become significant,
a very precise cancellation of terms is needed to keep the Higgs boson at the low energies
it has been observed. The improbability of such cancellation seems to indicate that there
are phenomena beyond the SM that must be accounted for. Also, the SM does not explain a
series of observations that we expect a theory of fundamental particles to describe, such as
the nature of dark matter and dark energy and the violation of the charge-conjugation—parity
(CP) symmetry responsible for the asymmetry between matter and antimatter in the universe.
These are just a few examples of the questions that are still open in the field of particle physics
and that motivate the work presented in this thesis.

That said, the study of high-energy processes has played a central role in helping de-
scribe the phenomena at the subatomic scales. To that end, particle colliders have provided
valuable insights to constrain our models via the assessment of different observables from
the experimental data. The largest such collider, the Large Hadron Collider (LHC), is located
at the CERN" laboratory near Geneva, where multiple experiments are performed. Among
them, the ATLAS experiment is one of the protagonists of this field of research, performing
measurements of the products of hadronic collisions with its general-purpose detector. By re-
gistering the signatures of particles produced after the collisions, the processes that originated
from them are reconstructed, providing large amounts of experimental data for inference.

In this context, the ATLAS physics programme is dedicated to precise measurements
that can constrain the SM predictions, as well as the search for signs of phenomena that

the current model cannot explain. Some challenges involved in these tasks include, among

(1) European Organisation for Nuclear Research, acronym from Conseil Européen pour la Recherche Nucléaire.
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others, the proper reconstruction and identification of particles, as well as the detection of
anomalies in the experimental data. The work presented in this thesis concerns both of these
challenges, focusing on the detection of electrons and the search for anomalies over invariant

mass distributions.

As of the writing of this thesis, ATLAS is going on its third data-taking period, referred
to as Run 3, while it prepares for an upgrade in light of the next-generation accelerator, the
High-Luminosity LHC (HL-LHC), which is planned to be operational in the next decade.
Both these scenarios bring notable challenges, such as the increase in the number of collisions
happening simultaneously at the centre of the detector, entailing a busier environment, as
well as the analysis of the large amount of experimental data recorded. The benefits of having
such vast experimental data at these high energies come with challenges that require the
development of new techniques to fully extract physical insights from the collected data. To
that end, the field of machine learning ofters powerful techniques to process this data and
extract relevant features. Having used many such techniques for quite some time now, the
ATLAS experiment offers a great opportunity for the application and development of new

machine learning methods.

In particular, some of the contemporary challenges of the ATLAS experiment require
the development of algorithms capable of handling the high-dimensionality of observables
measured by the detector. Combined with their non-linear correlations, the use of deep learn-
ing algorithms offers an optimal solution for tasks such as classification or anomaly detection.
By exploring the large amount of experimental data already recorded, these techniques have
the potential to improve the detector performance in more complex scenarios, as well as to
provide novel solutions to perform statistical inference from the data. The application of deep
learning methods to address challenges in both the identification of particles and the detection

of anomalies in the data is a central subject of this thesis.

Before developing tools to improve the algorithms used in the detector, their performance
must be properly assessed. For this reason, the first original contribution presented in this
work involves the measurement of the performance of the ATLAS detector to identify electrons.
These particles are involved in many of the central SM processes of interest, being produced
from the decay of the Z, W and Higgs bosons as well as the top quark. As a result, the high
performance of the electron identification algorithm is crucial to make precise inferences and
extract valid conclusions from the data. To quantify this performance, new measurements
are presented for the efficiency of the electron identification algorithm currently used in the
ATLAS experiment, covering the periods of the Run 2 (2015 — 2018 and early Run 3 (2022).

Furthermore, a new algorithm is being developed to perform electron identification in
ATLAS using neural networks. Given the impact of the misidentification of objects that mimic
the electron signatures in the precision of ATLAS measurements involving electrons, the goal
of this new algorithm is to improve the rejection of such objects for a fixed signal efficiency:

To do so, this method incorporates low-level detector information into neural networks that



are capable of extracting its most relevant features. Being developed using simulation data,
the evaluation of the algorithm performance over real data is an important validation of its
suitability to process real experimental data. The original studies presented in this work assess
the relative importance of the inputs used by this network, as well as its performance when
applied to real data and its comparison to the results obtained with simulation data.

Lastly, the search for new phenomena is a central theme in the field of particle physics,
and this work presents a novel approach to perform this task. One of its major limitations is
the large amount of resources needed to estimate the theoretical predictions made by the SM,
which considerably delay the data analysis workflow. To tackle this, a new search strategy is
implemented, which uses a neural network to search for resonances in invariant mass distri-
butions, envisioning its future application over the ATLAS experimental data. Such a network
would be able to identify and guide future analyses towards the more interesting regions of
the data. In this work, the method is described together with its implementation over realistic
data obtained from simulation. Efforts in preparation for its application in ATLAS are also
included, namely the production of the first invariant mass histograms produced from ATLAS
simulation data.

In what follows, we start with a general introduction of the SM in Chapter 1, including
an overview of its main concepts and the observed limitations that indicate the existence of
phenomena beyond its scope. Chapter 2 is dedicated to the concepts of statistics and machine
learning that are used throughout this thesis. The LHC and the ATLAS detector are described
in Chapter 3, with a dedicated overview of the electron reconstruction and identification
process being discussed in Chapter 4. The original contributions associated to this thesis
start being presented in Chapter 5, where the methods used to measure electron identification
efficiencies and the corresponding measurements performed for Run 2 and Run 3 are presented.
Next, Chapter 6 is dedicated to the description of the new electron identification algorithm
that incorporates low-level detector information using a convolutional neural network. Lastly,
the new technique to detect resonances in invariant mass distributions using a neural network
is presented in Chapter 7. The thesis concludes with a summary of the work presented and

some final remarks.






Chapter 1

The Standard Model of particle physics

We do not know what the rules of the game are; all we are
allowed to do is to watch the playing. Of course, if we watch
long enough, we may eventually catch on to a few of the
rules. The rules of the game are what we mean by

fundamental physics.

Richard Feynman!’]
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From all the experimental evidence gathered over the years, many theories were developed
and tested to attempt a description of what happens at the microscopic level. Today, the
Standard Model of particle physics (SM)!"~"!) is the theoretical framework that describes all the
known fundamental particles and their interactions. One of its greatest achievements was the
prediction of the Higgs boson, discovered at the Large Hadron Collider (LHC) in 2012!"*7%°},
Since then, many more precise tests have been made of the model’s predictions!'*'”). And
although no large deviations have been found, there is reason to believe the SM is not complete.
In this thesis, we will present contributions to the experimental research on SM particles and
the search for anomalous phenomena that might be beyond our current theoretical framework.
Hence, this chapter introduces the basic elements of the SM, including a summary of its greatest

challenges and future prospects.
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Figure 1.1: Fundamental particles and their interactions within the standard model of particle physics.

1.1 Fundamental particles

Particle physics is the scientific domain dedicated to the study of the constituents of matter and
how they interact among themselves. Starting from the discovery of molecules!'®!”) the quest
for more fundamental particles lead the community to investigate further within the atom.
Starting with the discovery of the electron!””!, the atomic structure was then understood to be

1= 'In due time, our understanding

formed by a nucleus surrounded by electronic orbitals!
of the nucleus as a composite particle lead us to also discover protons”*) and neutrons®’! in

the early 20th century.

In the 1950s and 1960s, a multitude of new particles were discovered and catalogued,
leaving physicists with many disconnected pieces and trying to make sense of it all. By the
1960s, the description of the strong force by Gell-Mann and Zweig postulated that hadrons

26,27

could be in fact made of constituent particles, now referred to as quarks”>*’). The observation
of such particles was finally confirmed in 1969 at the Stanford Linear Accelerator Center
(SLAC)P**”1 At the same time, theoretical developments to unify the electromagnetic and
weak force postulated the existence of the W= and Z bosons!“). After the first direct evidence
of a weak neutral current was observed by the Gargamelle bubble chamber in 19735 the
Z and W# bosons were finally observed by the UA1 and UA2 collaborations in 1983 at a

proton-antiproton collider at CERN*3,

All of these discoveries were only possible due to the technological advances of the
experimental systems developed to measure these particles. From taking pictures of particles
in bubble chambers!*!, to particle accelerators"”~"! and colliders*", today we are capable
of reaching incredible energy levels and continue the pursuit of understanding matter at the

fundamental level.

Our current understanding of the fundamental particles within the SM is illustrated in
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Fig. 1.1. They are classified into fermions, spin-half particles, and bosons, spin-integer particles.
In the first group, we find quarks and leptons, while in the second we have the gauge bosons,
responsible for the electromagnetic, strong and weak interactions, as well as the Higgs boson,
involved in the process that gives particles their mass.

A wide variety of composite particles have also been observed, corresponding to bound
states of quarks. Referred to as hadrons, these particles are also classified as fermions or bosons
depending on the number of quarks involved; In the first category we find the mesons, a com-
bination of a quark and an antiquark, while in the latter we have the baryons, a combination
of three quarks.

In what follows, we describe in more details our current understanding of these funda-

mental and composite particles.

111 Fermions

Quarks and leptons are the fundamental fermions of the SM, particles with spin +1/2 which
are distinguished by their flavour. They form a hierarchy based on their mass in ascending
order such that we identify three generations or families. In each one of these generations,
we find a quark with electromagnetic charge +2/3, namely the up (u), charm (¢) and top (¢)
quarks, and another quark with electromagnetic charge —1/3, namely the down (d), strange (s)
and bottom (b) quarks. Similarly, each family has a lepton with electric charge —1, respectively
the electron (e), the muon (i) and the tau (7), as well as a neutrino with no electric charge,
namely the electron neutrino (v.), the muon neutrino (v,) and the tau neutrino (v,).

Other than the electromagnetic charge, each fermion has an intrinsic chirality that is
defined by another type of charge called its weak isospin (I). This charge can take either a value
of +1/2, corresponding to a left-handed particle, or a value of 0, such that we call it a right-
handed particle. Other than that, quarks can also interact via the strong force, and thus take
one of three values of colour charge, conventionally referred to as red, green and blue, while
leptons have no colour charge. For each one of these particles, there exists another particle
with the exact same mass and spin, but opposite charges. We refer to those as antiparticles.

Moreover, the interactions through the electromagnetic, strong and weak forces are gov-
erned according to their corresponding values of the electromagnetic, colour or weak isospin
charges, respectively. This means that only particles with non-zero charge values interact
through the corresponding force. These forces are mediated by other particles, namely gauge

bosons, discussed in what follows.

11.2 Bosons

The gauge bosons are the force carriers, meaning interactions between particles happen via
their exchange. Namely, the electromagnetic interaction happens through the exchange of

photons 7, the strong interaction via the exchange of gluons GG, and finally the weak interaction
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happens through the exchange of the Z, W and W~ bosons. All the gauge bosons have spin
1, and, although some of them are massless, such as the photon and the gluons, the Z, W
and W~ bosons have mass.

Distinct from the gauge bosons, we find the Higgs boson. This spin-0 particle is in-
volved in the breaking of the symmetry that unifies the electromagnetic and weak forces at
high energies, which will be discussed later in Section 1.5. Its field and non-zero vacuum
expectation value has the important role of being responsible for giving mass to other massive
particles. Among them, we find all of the ordinary matter with which we interact, in the form

of composite states of quarks, which are discussed in what follows.

1.1.3 Hadrons

Due to the nature of the strong interaction, which will be discussed in Section 1.6, quarks
can only be found in bound states””). Hence, these states form composite particles called
hadrons which have been observed to be formed by either a quark—antiquark pair, referred
to as a meson, or by three quarks or three anti-quarks, referred to as baryons. More complex
states of fourl*"*! and five quarks!*”! have also been observed.

A variety of mesons have been observed to date, the list going up to more than 140",
The lightest ones, the ™ mesons, are formed by the coupling of the u and d quarks, and were

44](2)

also the first ones to be observed**!®. Other notable mentions include the mesons D, K and
B, that include the ¢, s and b quarks, respectively.

Similarly, many different baryons have been observed in the second half of the 20th
century, but the great majority of them are not stable and decay rapidly. The only stable
baryons are the proton and the neutron, with the exception that the latter also decays through
the weak interaction in specific cases!””.

Since the quarks within a bound state interact through the strong force by exchanging
gluons, the content of the baryons can be quite dynamic. This information is described via
parton distribution functions (PDFs), which describe the probability of finding a quark of a
given flavour and momenta within the composite particle’”. As an example, the PDF for the
proton are shown in Fig. 1.2, where we can see that at low energies, the valence quarks (two u
quarks and one d quark) take the majority of the proton’s momentum. Other contributions
come from the so-called “sea quarks” which arise from quark/anti-quark pair production from
gluons within the proton.

By involving composite particles with high mass, which loose less energy to synchrotron
radiation, hadron—hadron collisions can achieve high centre-of-mass energies, which allow

39]

the study of phenomena at high energy scales””!. These colliders play a central role in im-

proving our understanding of the fundamental particles and their interactions. Examples of

(2) We take this opportunity to highlight the involvement of the Brazilian physicist César Lattes in this discovery:.
He was the main researcher and the first author of the article describing the 7 meson. Due to the awarding
policies at the time, the 1950 Nobel Prize was solely awarded to Cecil Powell, the research head group, instead.
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Figure 1.2: Parton distribution functions for the proton as a function of the Bjorken-z, defined as the
fraction of the proton momentum carried by the parton. They are shown for energy scales
of u? = 10 GeV? (left) and p? = 10* GeV? (right), and were obtained in next-to-next-to-
leading order (NNLO) by the MSHT20 global analysis of available hard scattering data.
Taken from Ref. [45].

their protagonism include their use in the discoveries of the W and Z bosons, as well as the
discovery of the top quark and the Higgs boson. Presently, the LHC is the largest such collider,
with detectors such as the ATLAS experiment, described in Chapter 3, being at the forefront
of experimental research in the field. Beyond hadron colliders, many other experimental tech-
nologies have been used throughout the years and still push the scientific frontiers, such as
ete™ colliders, but also detectors dedicated to the measurement of dark matter ! and

49-55]

the neutrino observatories!

Concurrently with the development of experimental techniques, new concepts and in-
sights from the more theoretical aspects of particle physics also played a central role to the
establishment of our current understanding of nature. In particular, the culmination of our
knowledge in the form of the SM was greatly achieved due to the concepts of quantum fields
and their symmetries. They form the basis of the theoretical framework of the SM and are

briefly described in the following section.

1.2 Quantum field theory and symmetries

In the SM, particles are described as local excitations of a corresponding quantum field p(z) in
space-time x. This framework allows for the description of the interactions within systems of
multiple particles and the transitions between different states at the very small scale and with

very large energies, while not violating neither quantum mechanics nor special relativity"®.

These fields follow the principle of least action, such that their equations of motion follow
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from minimising the action (S) of the system. This quantity is defined by

S = /E(go,augo) d*z, (1.1)

where £ is the Lagrangian density (usually simply referred to as Lagrangian), a Lorentz invari-

ant that is written in terms of the fields () and its derivatives in space-timel*.

3(1]
b

It follows that the dynamic of the system satisfies the Euler—Lagrange equation!

oL } oL ~0 (1.2)

aﬂ{m T

Thus, the definition of a Lagrangian for the SM encodes all the dynamics of the fundamental
particles.

From Noether’s theorem!””!, we know that any transformation that leaves the Lagrangian
density invariant entails a conserved quantity. Thus, it can be shown that a global phase

transformation of a particle field, meaning its phase is changed by a constant value,

o(r) = ¢'(x) = p(x) exp(igx),

is associated with the conservation of the corresponding charge ¢!**.

Now, the existence and form of the interactions between the fundamental particles also
follow from these phase transformations of the particle fields, what is referred to as the gauge
principle®™. In particular, by requiring the Lagrangian density to be invariant under local
phase transformations of the particle fields, where the phase now has a dependence on x, that

p(r) = ¢'(x) = p(z) expligx(x)],

implies the existence of a gauge field which couples to the associated charge ¢*”.

Thus, if a particle carries a given charge, the interaction associated with that charge
follows by requiring the Lagrangian density to be invariant under a given local phase trans-
formation. As a result, these transformations are referred to as symmetries. Furthermore, since
the specification of a given value to this phase has no effect on the outcome of any experiment,
we can specify any definite value to the gauge fields, a process called gauging. Since the theory

originates from the existence of these degrees of freedom, we call it a gauge theory"*.

In this context, the SM is a gauge theory with the symmetry group
SU@)c x SU(2),, x U(L)y,

where C', L and Y correspond to charges, respectively the colour, the third component of the

weak isospin I3 (or “left-handness”) and the weak hypercharge (Y). It corresponds to the

10
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9—-11
I and

combination of SU(3),, the symmetry group from quantum chromodynamics (QCD)!
SU(2), x U(1)y, the symmetry group from electroweak theory="). After the breaking of the
electroweak symmetry, the U(1),, symmetry remains, describing quantum electrodynamics
(QED) [59-61] )

In the following sections, we discuss in more details the characteristics of the particle

fields and the theories that describe their interactions.

1.3 Fermionic fields

The quarks and leptons of the SM are described by fields called spinors 1(x)!*”). They can be
decomposed into two separate fields, 11, and g, called Weyl spinors, via projection operators

Py, g, such that

(14++°)

Yrp = Prpt,  where Ppp=-—

and ° = 17%y1y2~3 is the chirality matrix. The latter is defined in terms of the Dirac matrices

#=0.1.23 wwhich satisfy the relation {y™%y"} = 2n**T,, n* being the Minkowski metricl®’.
We refer to these Weyl spinors as the left-handed (L) and right-handed (R) components of the

particle fields. Moreover, they are solutions of the Dirac equation”,
(ihy*0,, — me)y =0,

where m is the particle mass, v* are the Dirac matrices and 0, = 9/02*. This equation follows

from the Dirac Lagrangian, given by

Lp =Y(iy"0, — me)p, (1.3)

where ¢y = 1)T70 is called the Hermitian conjugate field**). This Lagrangian describes the
fermion systems and, as a consequence, must be invariant under transformations of the SM

symmetry group. However, we note that this is not the case for the mass term,

m = m(Prvr + Vr'L).

As a result, fermions are described by massless fields and gain their mass from another mech-
anism.

Furthermore, the fermion fields correspond to representations of the group in the form
of multiplets. In particular, since the quarks possess colour charge, associated to the SU(3),

group, they correspond to triplets under the transformations of this group. On the other hand,

(3) We note that, in this thesis, we follow the particle physics convention of using natural units, where h = ¢ = 1
and GeV is the unit of energy, momemtum and mass!’”.

11
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Fields Colours I Y Qem

ur,cr,tr, r,g,b +1/2 +1/6 +2/3

Quarks dr,sr,br rg,b —-1/2 +1/6 -1/3
UR, CR, LR r,gb 0 +2/3 +2/3

dr, Sr,br rgb 0 -1/3 -1/3

Vel Vpp,VrL 0 +1/2 -1 0
Leptons €L, L, TL 0 _1/2 -1 -1

€R, UR, TR 0 0 —1 —1

Table 11: Quantum numbers of the fermion fields under the SM symmetry group. They are the colour,
the third component of the weak isospin I3 and the weak hypercharge Y, associated with
the SU(3), SU(2); and U(1)y, symmetry groups, respectively. The electric charge Qem =
I3 + Y, associated with the electromagnetic interaction after the electroweak symmetry
breaking, is also included.

the left-handed fermion fields correspond to doublets under the SU(2), symmetry, with the
corresponding charge taking the values /3 = £1/2, while the right-handed fields are singlets
with I3 = 0.

In summary, we denote the quark fields as

=123 _ [ U c AN i=1,2,3 _ . i=1,2,3 _ )
L = ) ) ) Up = uRaCthRa dR = dR7$R7bR7
d s b
L L L

and the lepton fields as

=123 — Ve Yy ZA N i=1,2,3 __
L = 3 ) ) €r = €Rr, UR, TR,
€ ) \F)p, \T/,

with their corresponding quantum numbers being presented in Table 1.1. Fields that have a
non-zero charge interact via the corresponding force by the exchange of their mediators, the
gauge bosons. These are also described with quantum fields in the SM and are presented in

the following section.

1.4 Gauge fields

The interactions between fermion fields enter the SM Lagrangian via the definition of the

covariant derivative D,, which replaces 0, in Eq. (1.3) and is given by

Y

ny (1.4)

A a .
D,=0,— igSGZ7k — ing‘f% —ig'B

12
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where the Einstein summation notation is used”*). It defines the gauge fields G}~ W =123

and B, and their couplings gs, g and ¢'. Also, in this expression we find the generators of the
SU(3), and SU(2), symmetry groups, A;/2 and 0,/2, respectively. Moreover, it is conven-
tional to choose as representations the eight Gell-Mann matrices for the Ay and the three Pauli
matrices for the o,".

Now, we note that the number of gauge fields associated with each interaction depends
on the number of generators of the corresponding symmetry group. For this reason, the strong

8 coupling to the colour charge of the

interaction is mediated by eight gluon fields G¥=1:2-
group SU(3) ., while the electroweak interaction has three boson fields W=!%3 coupling to
the third component of the weak isospin I3 under the SU(2), group. Lastly, we have a single
boson B coupling to the weak hypercharge Y associated to U(1),,.

Similarly to the fermion fields, all these gauge fields are massless. Although one can
immediately recognise G* as the gluon fields from QCD, the bosons of the unified electroweak
theory do not correspond immediately to the photon v and the W+, W~ and Z bosons
responsible for the electromagnetic and weak interaction, respectively. Their relations with
these fields are explained by the breaking of the electroweak symmetry, the subject of the next

section.

1.5 Electroweak sector and Higgs mechanism

Let us now take a closer look at the symmetries that define the SM. From one side, we have the
SU(3) symmetry group that describes the interactions via the strong force. Concurrently, we
find the SU(2), x U(1),- symmetry group, that corresponds to the electroweak interactions. In
the context of the gauge theory, the Lagrangian describing the physical states must be invariant
under transformations of this symmetry group.

However, we note that the vacuum ground state is not symmetric under transformations
of the SM symmetry group. This is a consequence of the spontaneous creation of particle—
antiparticle pairs. In fact, the only observed symmetries of the vacuum are the Lorentz invari-
ance with translational and rotational symmetries in space-time, together with neutral electro-
magnetic and strong interactions!”*). We can see that in the fact that if a particle-antiparticle
pair is created in the vacuum, they will have zero net electromagnetic charge and zero net
colour.

As a result, the SM gauge symmetry SU(3), x SU(2), x U(1),- must be reduced to a
SU(3), x U(1),,, symmetry on the physical vacuum, corresponding to the combination of
the strong and electromagnetic interactions, described by QCD and QED, respectively. This

—15](4)

process is explained by the Brout—Englert—Higgs mechanism!"> via the introduction of a

(4) The history of this mechanism involves many antecedents, especially from condensed-matter physics in the
theories of superfluidity and superconductivity“ /. As J. Ellis wrote, “The wheel has turned full circle
with their [superconductors] importance for the construction of the LHC.”[*"/.

13
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Figure 1.3: Illustration of the Higgs potential, Eq. (1.5), when p? < 0. Taken from Ref. [67].

complex scalar field, in particular a doublet in weak isospin with weak hypercharge Y = 1,

_ L[
o= 5 (%)

where ¢ and ¢° are the complex and charged neutral components, respectively!*”. By having

given by

non-zero quantum numbers under the SU(2), x U(1), group, this field interacts with the

gauge bosons and fermions as they propagate. Moreover, the Lagrangian of this field is written

Ly = (D.d)(D'¢) +V(¢), with V(¢) = ¢'¢+ \o'¢)?, (1.5)

where ;1 € C and A € R are constants and V' (¢) is the most general and renormalisable Higgs

][43,68]

potentia , which has the same form as the Ginzburg-Landau potential from the theory

of Sup€rconductivity[<w—6<»} _

If u? < 0, this potential takes the form illustrated in Fig. 1.3, with the minima located
[39]
at

1?2 1
T = —=—n——— = — 2
PO="5N T
which allows for infinite states with the minimal energy. By choosing the physical vacuum

ground state to be such that

(6) = (0][0) = %(0)

the electroweak symmetry is spontaneously broken, meaning that the interactions are still
governed by the gauge principle, but this dynamic selection of the vacuum has reduced the
symmetries of the vacuum!*!. We call v the vacuum expectation value, a non-zero real value,

that sets the energy scale in which the electroweak interaction is unified.

14
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In this gauge, the scalar field can be expanded around the minimum by writing

ola) = expliele) - 77 ( o ($)> .

Here, £(x) is a triplet of massless scalar fields, while H is a massive scalar field called the Higgs
field"®!.

The excitation of the Higgs field corresponds to a free-particle state, the Higgs boson,
with mass given by my = v/2X v!'*). Its observation was the last piece missing to validate this
mechanism in the SM. The measurement performed by the ATLAS and CMS collaborations at
the LHCin 2012 using the pp — H — yyandpp — H — ZZ* — 44({ = e, 1) channels*”""!

consolidated the great success of this formalism. Today, the Higgs boson mass is measured to
bel*]

my = 125.25 & 0.17 GeV,

which fixes the vacuum expectation value at v = 246.22 GeV!**,

The three degrees of freedom from the £(x) field correspond to Goldstone bosons!**!, that
are absorbed by the longitudinal polarisation of the three massive gauge bosons W+, W~
and ZU). Together with the photon field A, these physical fields are written in terms of the

massless gauge fields Wl}72’3 and B, 35581

1 . ~ 7
Wi (W), i =
1 . : il
Wi = 5 (W + 1), with e =5
. X m
7, = Wi’ cos(fw) — By sin(fw), with mz = cos(sz)

A, = Wpsin(Ow) + B, cos(by), with my =0,

where 0y is the weak mixing angle defined by

9 9

Moreover, the interaction of the Higgs doublet ¢ to the fermionic fields is written in the

cos(Oy) = and sin(fy) =

form of the Lagrangian terms

L3 = — g [Quodiy + Tnd Q| + 97| Quo iy + Wno” Qs
and
El;pms = =gy [ZL¢B§% + ER¢TLL] ;

15
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where g; is the Yukawa coupling constant of the given fermion and ¢ is the Higgs doublet

conjugate field™”. After the electroweak symmetry breaking, these Lagrangian terms become

[

ﬁgf-

As a result, we see that the fermion masses arise from their interaction with the Higgs field.

L= —msn) — %WH, with m;y =

Note, however, that the coupling values are not determined by the theory, they need to be
chosen to match the observed fermion masses'””*".
Lastly, the interaction of quarks with the W# bosons via charged-current weak interac-

tions 1s written as

dr,
g S —
———(ug, e, to ) YWV s; | +hc,
ﬁ(L L L)’Y p VCKM bL
L

where Vg is the Cabibbo—Kobayashi-Maskawa (CKM) matrix!">"?, This unitary matrix
can be parametrised by three mixing angles and a phase!*’, the latter being responsible for
phenomena that violates the conservation of the charge-conjugation—parity (CP) symmetry in
flavour changing processes!’”.

The unification of the electroweak interaction at energies above the vacuum expectation
value at 246 GeV and the process with each its symmetry is broken is known as the Glashow—

4-8]

Salam—Weinberg model=*). Tts combination with QCD, the subject of the following section,

completes the SM.

1.6 Quantum chromodynamics

While the electroweak theory describes both the electromagnetic and weak interactions ob-
served in nature, the remaining force described within the SM is the strong interaction. This
fundamental force was first postulated in order to explain how protons and neutrons are
bounded within the atomic nucleus. The idea that they were formed in fact by quarks?”**"!
led to the development of a gauge field theory describing their interaction, called quantum
chromodynamics or QCDI'1/,

In this framework, the strong interaction is described by the symmetry group SU(3),
where the colour charge takes the values conventionally referred to as red, green and blue. This
choice reflects the neutrality of states with three quarks of different colours and mesons with
colour—anticolour pairs”*). The gluon fields are the massless intermediates of the interaction
and correspond to the eight generators of the group, conventionally taken to be represented by
the Gell-Mann matrices, as previously mentioned. Carrying a colour and anticolour charge
themselves, gluons can self-interact via three-point and four-point vertices!”*,

In particular, this self-interaction of gluons is thought to be responsible for the colour con-
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Figure 1.4: [llustration of the hadronisation process. When a quark and an antiquark are separated,
the energy stored in the colour field is enough to produce new quark—antiquark pairs.
This process continues until all quarks are bound into colourless states. Adapted from Ref.
[39].

finement, that is, the observation that only zero-colour objects can propagate as free particles!””.
Since the energy stored in the colour field increases linearly with the distance, particles with
colour are always pulled toward each other and thus are arranged within hadrons that have
zero net colour charge™. For the same reason, free quarks and gluons cannot propagate to
macroscopic distances"””!, decaying into a cascade of colourless mesons and baryons, usually
referred to as jets. The process in which a quark becomes part of a meson or baryon is called
hadronisation”) and is illustrated in Fig. 1.4.

Moreover, we note that the strong coupling constant g, introduced in Eq. (1.4), is the only
fundamental parameter of QCD!*. Its strength varies according to the momentum transfers,
such that ag = g?/4m ~ 0.1 in the 0.1-1 TeV range and becomes weaker for higher energies

0.1 Given

or short enough distances!*”). This behaviour is referred to as asymptotic freedom!'
the small values of its coupling constant at high energies, perturbation theory can be used
to perform calculations and thus QCD predictions can be tested experimentally in modern
colliders.

In particular, high-energy pp collisions have extensively been used in recent years to test
QCD. One such example is the differential cross-sections of the production of two jets, or
simply dijet system, the most common outcome of pp collisions. An illustration of such a final
state registered by the ATLAS experiment is illustrated in Fig. 1.5. The predicted differential
cross-sections for this process from QCD agrees with the measurements made at the LHC by
both the ATLAS!! and CMS!"*! experiments. Many other tests of QCD have been performed
at the LHC!'"), with an overall excellent agreement between its predictions and experimental

measurements, thus consolidating its success.

(5) We note that in the same way that electromagnetic charges —1 and +1 add to zero, the colours (r, g, b) and
the anti-colours (anti-r, anti-g and anti-b) also “add” to zero
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ATLAS

EXPERIMENT

Figure 1.5: Event display of thee production of two jets (dijet) registered by the ATLAS experiment,
showing the tracks recorded at the inner detector (orange lines) and the energy deposits in
the calorimeters (green and yellow blocks), which will be described in Chapter 3. Taken
from Ref. [74].

Despite its success described in this chapter so far, the SM is far from being a complete
description of the nature. In the following section, we present an overview of its limitations
and why we have reasons to believe our understanding of the fundamental structure of nature

is far from complete.

1.7 Limitations of the Standard Model and open questions

The SM has successfully withstood experimental scrutiny, its predictions agreeing with the
experimental measurement in many different fronts. As shown in Fig. 1.6, for all the main
processes observed so far at the LHC, the production cross-section measurements performed
by the ATLAS experiment agree with the corresponding theory prediction within its uncer-
tainty. Nevertheless, from arbitrary theoretical characteristics to unexplained experimental
observations, there are many questions that the SM cannot answer.

Firstly, in its current configuration, the SM has a total of 18 free parameters that must be
specified in an ad hoc manner. Among them, we have the 9 fermion couplings to the Higgs field
that are tuned to their observed masses, the 3 coupling constants setting the strength of the
gauge interactions, the 2 parameters in the Higgs potential and the 3 angles and 1 phase of the
CKM matrix"*”). There is an additional parameter, the strong CP phase fqcp & 0, which would
allow for CP violation in strong interactions. Since such violation has never been observed,
Oqcp is assumed to be zero!*”). All these free parameters are measured by experiments!*.

We note that some patterns emerge within these parameters, hinting at the existence

18
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Chapter 1 The Standard Model of particle physics

(a) (b) (c)

Figure 1.7: Loop-level corrections to the Higgs boson mass from (a) fermions, (b) gauge bosons and
(c) other Higgs bosons. All these loop corrections must cancel out in order to keep the
Higgs mass value around the measured 125 GeV.

of underlying principles behind them. For instance, the three coupling constants having the
same order of magnitude could indicate the forces are unified at higher energies””). One could
argue that these are just numbers and the universe is as it is. But it is worth remembering
that the atomic numbers also seemed arbitrary until we discovered they actually correspon-
ded to the number of protons within the atomic nucleus. Similarly, such a large number of
ad hoc parameters might be an indication that there is something more fundamental to be

investigated.

Beyond the arbitrary nature of the SM parameters, there is also no explanation for the
fine-tuning of the Higgs boson mass, known as the hierarchy problem!”=*!1. Tts theoretical
calculation has to account for loop contributions, such as the ones shown in Figure 1.7,
which depend quadratically on the energy scale up to which the SM is valid, that is, Agy*".
We could suppose this scale to be higher than the electroweak scale, at 246 GeV (i.e., the
value of the vacuum expectation value) in which we have observed the SM is valid so far. For
instance, it could be that the SM is in fact valid for energies up to the order of the Planck
scale at A ~ 10" GeV, when gravitational effects become important. In this case, these loop
contributions would need to cancel out in order to keep the Higgs mass around the observed
value at the electroweak scalel””!. The improbability of such a precise cancellation leads us to

believe that there might be missing particles or phenomena of which we are still unaware!*".

Furthermore, experimental observations of neutrinos oscillating between flavours indic-
ate that neutrinos have mass!*>~*"). As previously discussed, the SM neutrinos have no mass
and, as a result, the model needs to be extended to incorporate massive neutrinos. More im-
portantly; this extension can be done in different ways, since there is no experimental evidence
that neutrinos satisfy the Dirac equation, being also possible that they satisty the Majorana
equation. The determination of the neutrino nature to be either Dirac or Majorana particles

43,62]

is one of the open experimental questions of the field!

Other experimental anomalies pertaining B-meson decays also raise suspicion that the
model is not complete!**”). In particular, tensions between theory and experiment have been

observed in processes involving the transitions b — s/7¢~ and b — c/v"’). Among these

(6) All Feynman diagrams in this thesis were made with the help of the package from Ref. [82].
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1.8 Beyond the Standard Model

disagreements, we have notably the angular observable P! of the 4-body decay

B — K*(— Km)utu,

which has small but persistent deviations!”

, together with the ratios Rp and Rp, which
disagree with the observed value by ~ 3.2¢1\. In some cases, the new physics scenario is
preferred over the SM by 5.80"° | a discrepancy that grants further investigation. Lastly;, another
conflict arises in the measurement of the anomalous magnetic moment of the muon!”*~*!, Its
theoretical prediction is one of the most precise ever obtained from the SM"“!. A deviation with
respect to the experimental measurement is observed only at the order of 107, corresponding
to ~ 3.507,

There are, of course, all the observed phenomena that are unexplained or completely
left out of the SM, but which we would expect to be included in a theory of fundamental
particles. For instance, the observed CP-violation that entails an asymmetry between matter

[43.98] "but from our current

and antimatter, with a clear deficit of antimatter in the universe

understanding should have been produced in equal quantities.
Furthermore, gravity is not accounted for in the model””, and although models pos-

tulating extra dimensions seem a promising solution for unifying all forces, no evidence for

100—-103]

them has been found so far! . Also, the SM has no description of dark matter and dark

104-106

energy! I, In contemporary estimates, these account for ~ 26.8% and = 68.3%, respect-

11071 Since we know the Higgs is involved in the

ively, of the energy content of the universe
process that gives mass to the SM particles, it would make sense that it is also involved in the
mechanism that gives mass to dark matter. Many studies are currently pursuing the search for
dark matter, but nothing has been observed so farl*=*,

With all these questions combined, one might wonder what lies beyond our current
understanding of the fundamental particles and their interactions. Many interesting ideas
have been proposed to address all these issues. We will briefly mention some of them in the

following section.

1.8 Beyond the Standard Model

Although the SM is very successful in describing the experimental observations involving fun-
damental particles, many questions remain unanswered, some of which have been discussed
in the previous section. To address these questions, different ideas and interesting hypothesis
have been developed to modify or expand the SM framework, usually referred to as beyond
the Standard Model (BSM). In this section, we present an overview of some of these theoretical
models, focusing on the ones that will be revisited later on in this thesis.

The most popular extension of the SM adds the concept of supersymmetry (SUSY)!!¢115,

An idea that gained traction during the 1980s, it corresponds to a new space-time symmetry
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Figure 1.8: Diagrams for the (a) RPV SUSY stop pair production and (b) scalar leptoquark pair pro-
duction at the LHC. Coloured lines indicate the hypothetical particles. Being both scalar
massive particles, each of them decays into a charged lepton and a b-quark.

that transforms fermions into bosons, and vice-versal*’l. Similarly to the multiplets of the
electroweak theory, described in Section 1.5, there could exist supermultiplets formed by both
fermion and boson states that have the same electric charges, weak isospin and colour degrees

1141 Particles within the same supermultiplet are referred to as superpartners, and

of freedom!
different possibilities are available on how these supermultiplets could be constructed.

In this context, extensions of the SM have been developed to incorporate this idea, one
such model being the minimal supersymmetric Standard Model (MSSM)!">="*] " In this model,
each particle in the SM would have a superpartner with spin differing by 1/2 unit!"'*/. For
quarks and leptons, for instance, there would exist spin-0 particles, which are usually referred
to by adding an “s”"” in front of its name and a “~” on top of its symbol (e.g. the superpartner
of the top quark ¢ would be the stop £). Similarly, the name of the spin-1/2 superpartner of a

<

boson in the SM is constructed by adding the suffix “-ino” to the name of its SM counterpart,
such that the superpartner of the gluon g, for instance, would be the gluino §!''*l. However, the
only way to conciliate this idea with these missing particles that were never observed would
be to have SUSY as a broken symmetry® .

The reason this theory is so attractive is its straightforward solution to the hierarchy
problem, since the loop contributions from SM particles would be cancelled by those involving

19-122

their superpartners!! I, For this to work, the superpartners masses have to lie at the TeV

scalel’”’! which is within the reach of modern colliders. Moreover, it provides a framework
for the unification of particle physics with gravity at the Planck energy scale!'' ") with some
of its variations even introducing a weakly interacting massive particle (WIMP), which is a
candidate for explaining dark matter!>*~"*",

As beautiful as the theory is, no experimental evidence has been found to corroborate
any SUSY model as suitable to describe naturel*’). One of its challenges relates to the concept of
43,128]

R-parity, which implies SM particles are R-even particles and the superpartners are R-odd!

The conservation of this R-parity has important consequences, namely that all superpartners

(7) This “s” stands for scalar, since they have spin 0.
(8) How the symmetry is broken and at which energy scales give rise to a wide variety of SUSY models'**), which
are beyond the scope of this thesis.
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Figure 1.9: Leading order Feynman diagrams for leptoquark pair production at the LHC!**,

eventually decay to the lightest supersymmetric particle (LSP) which is absolutely stable!*'*).
To further complicate things, this LSP would have zero electric charge and no colour, and, thus,
be undetectable by our current collider experiments!””.

In this context, R-parity violating (RPV) SUSY!"”***’! models provide an alternative land-
scape where R-parity is not conserved, thus allowing many possibilities’®). Of particular
interest is the stop particle, which could be the lightest squark of the model*"~"**!, If pair-
produced at the LHC, it could decay into final states of b quarks and leptons!'*?!, as shown in
Fig. 1.8a. Searches for this specific decay channel have been performed by the ATLAS exper-
iment!*"! with mass limits being set around the 0.8-1.8 TeV range for different hypotheses.
This is just one example of many searches that have been performed for particles predicted in
SUSY models, which have taken a central stage within the LHC experiments in the last years.
Although no experimental evidence has been found, these models will probably still be under
the radar of high-energy experiments for quite some time.

But SUSY is not the only option available to expand the SM. As a matter of fact, one
of the most common solutions for the semileptonic B-meson anomalies, for instance, is the
introduction of leptoquarks (LQ). These hypothetical particles couple simultaneously to a
lepton and a quark, with existing models covering the possibilities that it has either spin 0
(scalar LQ) or 1 (vector LQ). Moreover, having both colour and weak isospin charges, these
particles could mediate flavour-changing neutral currents that could explain the previously
discussed B-meson anomalies. Leptoquarks models also propose favourable solutions to the
origin of the neutrino masses!"”>~"**! and the origins of CP-symmetry violation, which could
explain the matter—antimatter asymmetry!*”4"},

At the LHC, the pair production of scalar LQ, for instance, is possible via gluon—gluon
fusion or quark—antiquark annihilation!*'*1as show in Fig. 1.9. Its decay into leptons or
third generation quarks, shown in Fig. 1.8b, is similar to the RPV SUSY stop signature discussed

above. Measurements performed by the ATLAS experiment found no significant deviations
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Figure 110: Leading order Feynman diagrams for Z’ production in the (a) 3x and (b) 4y final states.

from the SM expectation!'*”], however. These measurements exclude masses below 1.7 TeV for
the scalar leptoquarks, a limit that has been corroborated by CMS as well!"**l. Nevertheless,
given its versatility in addressing different problems within the SM, leptoquarks are also set to
remain a focus of experimental searches at the LHC.

Lastly, another solution to the semileptonic B-meson anomalies would be a hypothetical
vector boson labelled Z’. In one of its simplest variations, this particle is introduced within a
lepton-flavour-violating U(1), _; symmetry model, where no extra fermions are required to
cancel gauge anomalies!"**'**). Having no electric or colour charge, this spin-1 particle could
have a relatively low mass. In this particular model, the Z’ decays to leptons or neutrinos
and, thus, could be produced and detected at the LHC. Some examples of its decay channels
are shown in Fig. 1.10. In particular, the Z’ could be detected from a Z boson decay via
Z — Z'up — 4p (Fig. 1.10a), or from a W boson decay via the process W — Z'uv —
3u + v (Fig. 1.10b)["*) Searches for such a particle with mass values below 70 GeV have
been performed in the 4/ final state by both the ATLAS!"**) and CMS!"*"! experiments, but no
deviations were found.

All these models correspond to just a sample of all the possibilities being proposed by
theoretical physicists and investigated at the LHC experiments. Among them, the ATLAS phys-
ics programme has been dedicated to the thorough search of deviations of the SM predictions,

181 Having not found

focusing, among others, in the final states of these proposed models!
any deviation yet, new ways of using the detector data have emerged to identify hints of new
phenomena. An example of a change in paradigm is the shift towards anomaly detection
searches, where the focus is the scanning of the data and flagging of unexpected objects or
statistical features, as opposed to the traditional search for a pre-established model.

Either way, these searches rely on the statistical analysis of experimental data, which
is expected to increase in both quantity and complexity in the next years. To address these
imminent challenges, more sophisticated tools such as machine learning can be incorporated
to the task. That said, the next chapter is dedicated to an overview of the statistical methods
and machine learning techniques used to interpret the experimental results and that will be

employed in this thesis.
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Chapter 2

Statistics and machine learning

All models are wrong, but some are useful.

George E. P. Box!!#710]
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Measurements performed in high-energy collider experiments, such as the LHC, rely on strong
statistical inference to quantify the observables of interest. The ever-increasing amount of data
requires a continuous effort to optimise its analysis and thus guarantee that its full potential
is explored. In recent years, the rise of machine learning techniques have further propelled
the advances in the domain by introducing novel approaches to manage larger quantities of
data and tackle more complex tasks. In this chapter, we introduce many of the concepts and
tools that will be used later on in this thesis. We start with basic statistical inference tools,
followed by a closer look at the domain of machine learning and how these techniques are

being applied to high-energy physics experiments'” .

(9) Note that, unless otherwise stated, this chapter is based on Refs. [43, 151, 152].

25



Chapter 2 Statistics and machine learning

2.1 Introduction

The principle of high-energy collider experiments, such as the LHC, is quite straightforward:
we collide particles multiple times and register the products of these collisions through soph-
isticated detectors. Even though the initial states of the collision are always the same, the
outcome will depend on the physics phenomena involved. As such, the predictions of our
current model, the SM discussed in the previous chapter, can thus be tested when we compare

them to the actual observations made.

In this context, it is no surprise that the domain of statistics is highly relevant to our
field of study. After all, the goal of statistical methods is to make inferences about a given
model from a huge amount of data, either to determine the validity of the model or estimate
its parameters. As a result, the extraction of meaningful information from data is only possible
via the application of these techniques for the relevant tasks. These include quantifying the
accuracy of a measurement via its uncertainty, estimating a parameter of the model or testing

if a hypothesis is corroborated by the observed phenomenon.

For instance, the measurement of an observable will vary both due to the resolution of
the detector, but also due to a more fundamental probabilistic aspect of the system (e.g,, its
quantum mechanical nature). This randomness can be quantified by estimating the uncer-
tainty of the measurement and it is a fundamental property of any statement one could make
from the analysis of experimental data. Another central application of statistics in this context
is the determination of our confidence when observing a phenomenon that is not predicted
by the SM. More precisely, if we were to find new particles or measure a given observable to be
far from its expected value, we need to guarantee that what we see is not just a consequence of

the detector imperfection or due to the random nature of the observation.

Furthermore, the intersection of statistics and computer science in the field of machine
learning has demonstrated great success in making inferences from large amounts of data.
Its use in experimental particle physics is in rapid expansion, with applications ranging from

the more technical interpretation of the detector signals to the full statistical analysis of its

data[”f’*”(‘].

Being experiments of repetition by construction, high-energy colliders are the perfect
target for the application of statistics methods. As a consequence, such methods will be heavily
featured throughout this thesis, including techniques for hypothesis testing and the figures of
merit needed to quantify the performance of a given method. In the following section, we start
with a brief introduction of the fundamental concepts of statistics, upon which the methods

used in this thesis will be built.
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2.2 Fundamental concepts

2.2 Fundamental concepts

A central concept when quantifying the degree of randomness of a process is probability. It is
a real-valued function P that, when applied over subsets A and B of a sample space .S, must

follow certain axioms!"””), namely:

1. For every subset Ain S, P(A) > 0,
2. It A and B are disjoint subsets (AN B # 0), P(AU B) = P(A) + P(B);
3. P(S)=1.

By defining the conditional probability of A given B as

_ P(AnB)
it follows from these axioms that
_ P(BJA)P(A) .
P(AIB) = =5 55 with P(B) #0, (2.2)
known as the Bayes’ theorem!">*), and
P(B) = P(B|A;)P(A), (2.3)

such that A; correspond to mutually exclusive events that cover all the sample space. This
expression is known as the law of total probability.

Moreover, the assignment and interpretation of probability in data analysis follow two
main approaches. In frequentist statistics, we interpret the probability as the limiting relative
frequency of the outcome of a repeatable experiment. That is, P(A) corresponds to the number
of occurrences of outcome A over n measurements when n — oo. Conversely, Bayesian
statistics has a more subjective interpretation of probability; treating it as a tool to quantify the

degree of belief in a given hypothesis!'*"!

. Even with different interpretations of probability,
both these approaches provide useful tools for experimental particle physics. It is important
to highlight that neither approach is preferred over the other, with most applications using
concepts from both of them.

Another important concept is that of random variables, which are numerical values
assigned to each element of the sample space S. If we define x as the value of a single variable

10 the sample space S corresponds to all the

obtained from the outcome of an experiment
values = can assume. The probability that the measurement outcome lies between = and z +dz
is given by f(z;0) dx, where f(x) is referred to as the probability density function (p.d.f.), which

is normalised such that the total probability is equal to one, [, f(z)dz = 1.

(10) Note that « denotes both the random variable and the values assumed by the variable.
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Table 2.1: Examples of probability density functions.

Distribution Probability density function (p.d.f.) Mean (r) Variance (0?)
N!
Binomial f(z;N,p) = mﬁz(l -p)V® reN Np Np(1—p)
vr r €N
Poi V) = e
oisson flz;v) e =0 v v
1 (@=p)?

Gaussian

Furthermore, we define the expectation value E|x] of a random variable x as

+oo
Elz] = / xf(z)dr = p, (2.4)

o0

which is also referred to as the mean of . We note that any function of a random variable is
oo

itself a random variable, such that Efu(z)] = [ u(x)f(z) dz. Also, a particular expectation

o0
value of interest is the nth central moment of x, given by

Bl - = [ (o — ) (@) de = o )

(e 9]

The second central moment,
El(x — p)? = / (x — p)*f(x)dz = V]z] = 0, (2.6)

is called the variance of =, and quantifies how widely x is spread around its mean value p. We
call o its standard deviation.

Some notable p.d.f.s include the binomial, the Poisson and the Gaussian distributions.
Their expressions, together with the corresponding mean and variances, are shown in Table 2.1.
Starting with the binomial distribution, it describes the number of successes = obtained as the
outcome of a binary trial performed /N times, where the probability of a success is a constant
value p. Likewise, the Poisson distribution corresponds to the limit where N becomes large
and p becomes small. We note that x can be treated as a continuous variable if it is integrated
over a range Az > 1. Lastly, we have the Gaussian distribution, which describes a continuous
variable in the range —oo < x < oo. Its importance follows from the central limit theorem,
which states that the sum of n independent and continuous random variables with finite
mean and variances approaches a Gaussian random variable in the limit n — oco. In other
words, a large number of fluctuations will be distributed as a Gaussian even if the individual
fluctuations are not.

Now that we have established some basic concepts, we can shift our focus to the uses of

statistics in particle physics. One of the major tasks we want to perform is the comparison of the
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SM predictions with experimental observations. In fact, when performing any measurement,
we are assessing how our theory holds when confronted with the data, that is, the probability

P(theory|data). From Bayes’ theorem, we know that
P(theory|data) oc P(data|theory)P(theory),

where P(theory) is our prior belief on the theory and P(data|theory) is the probability of get-
ting a given outcome in light of the theory, also called the likelihood. Thus, we say P(theory|data)

is the posterior probability that our theory is correct, once it has been compared with the data.

Moreover, it is important to note that, in realistic applications, we might have high-
dimensional datasets, with multiple random variables and parameters. These high-dimensional
datasets often require more sophisticated tools, some of which we will discuss in Section 2.6.
For simplicity, in the remainder of this chapter we will consider only the one-dimensional case

where only one random variable is considered.

In the following sections, we will introduce specific uses of statistics to address the tasks

explored in this thesis. These include parameter estimation and hypothesis testing.

2.3 Parameter estimation

We start considering a random variable = such that, after performing n observations using our
experimental apparatus, we obtain a sample data & = (z1,...,z,). The measurements are
independent and identically distributed (i.i.d.); that s, they all follow the same distribution and
the probability of obtaining a value for a given measurement does not change the probability

1991, This means that each component of Z follows the same p.d.f. f(x;6),

of obtaining another!
where the parameter §'" is a quantity we want to estimate from this data. For this purpose,
we define the estimator 6(Z), which is a function of the data only. Since it depends on the

random variable z, it is itself a random variable.

Moreover, we define the bias of the estimator as the difference between its expected value
and its true value, b = E [9] — Oirue, while the mean squared error (MSE) is the sum of its
variance with the bias squared, MSE = E[(f — 04c)2] = V[0] — b2. The MSE is a measure of
the quality of the estimator and can be interpreted as the sum of the statistical and systematic

€rrors.

One useful concept needed to obtain the optimal estimator @ is the likelihood function,

which we introduce in what follows.

(11) For simplicity, we consider a single parameter 6, but the results are also valid for a set of parameters § =

(01,...,0m).
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2.3.1 Likelihood function

Since the n measurements z; are i.i.d., the probability of having z; € [x;, z; + dx;] for a given
value of the parameter 6 is [}, f(z;;6) dz;!""). In this context, since the dz; do not depend

on the parameters, we define the likelihood function L(0) as

n

L) = [ f(a::0). (2.7)

i=1

Now;, the number of observations n is usually fixed, since the experimental measurement
is over when the analysis takes place. However, if the probability of observing n events depends
on the parameter § — which is the case in most particle physics applications — the likelihood
function needs to account for this dependence. If we suppose, for instance, that n follows a
Poisson distribution with mean p, meaning we observe n events when we expected 1 events.

In this case, we write
_ M - .
L(9) = e H ”1 f(z;0), (2.8)

which is referred to as the extended likelihood function. In plain terms, it corresponds to the

likelihood function when the sample size n is also part of the result of the experiment!*.

Additionally, we must note that, most of the time, our model is not capable of accur-
ately describing the data even in the most optimal point of the parameters 6. In this case, the
estimated parameter will have a systematic bias. To address that, it is common to consider ad-
ditional parameters called nuisance parameters, denoted by v, in which we are not particularly
interested in analyses, but that must be included for the model to be able to accurately predict
the data. In this context, one can reduce the impact of the nuisance parameters in the result,

such that the parameter of interest 6 can be properly estimated.

A first possibility is to have a control data % that constrain their values, with the meas-

=[43]

urement of % being statistically independent from #'*"!. Another approach is to replace the
nuisance parameters in the model with functions of the parameters of interest. Referred to as
a profiling procedure, we take the nuisance parameters that maximise the likelihood function

for an specific §. The result is the profile likelihood function!*'*"! given by
L(#) = L(0,v), (2.9)

where 7 = 0(6) are the profiled values of the parameter v/,

Once we have constructed the likelihood function, we are ready to obtain the estimator

0 for our parameter 0, which we will describe in what follows.

(12) The choice of “o” is mainly to avoid confusion with the estimator for v denoted ©.
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2.3.2 Maximum likelihood estimator

In the method of maximum likelihood, the estimator € satisfies the equation

oL

— = 0. 2.10
20 (2.10)
As a result, it corresponds to the value of # for which the likelihood function L is an extreme.
Since it usually corresponds to a maximum, it is referred to as the maximum likelihood estimator

(MLE) for 6.

Now; the logarithm being monotonic, the maximum of the logarithm of a function co-
incides with the maximum of the function, with the advantage that the logarithm operation
turns a product into a summation. For this reason, it is usually more convenient to use the log-
arithm of the likelihood function instead. Furthermore, the great availability of minimisation

techniques in statistical packages makes it more convenient to write the estimator as
= arg min,{— In[L(0)]}. (2.11)

That is, we can estimate the parameter # by minimising the negative-log-likelihood function
—In[L(0)].

In our case, the data sample ¥ = (x5, ..., x,,) is large, that is, the total number of meas-
urements n is large. In this scenario, it is convenient to bin its values in a histogram with N
bins, such that we have a vector of data 77 = (n;,...,ny). For each number of entries n; in
a given bin i, we have an expected value E[n;| = u; which is determined by our model as a
function of the parameter #. As a result, if we treat the number of entries in each bin as an
independent Poisson random variable n with mean y, the data is described as the product of

Poisson probabilities
L(p) = T e, (2.12)

with n; and p; = E[n;] corresponding to the observed and expected values for the number of
entries in the bin 4, respectively. It follows that, in the applications we will use, the estimator 6

is the value of the parameter that minimises the negative log-likelihood, which is given by

—In[L(p)] = — ZN: {nl In(p;) +In (%) — uz]- (2.13)

i=1

Beyond estimating the parameters of a model, an important task performed in particle
physics is that of assessing the validity of a given statement regarding our understanding of
the data distribution. In the following section, we discuss how this can be done via hypothesis

tests.
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Figure 2.1: Probability density functions of the test statistic ¢ assuming each one of the hypothesis Hy
and H;. We say H) is rejected if ¢ is observed to be in the critical region ¢ > t,,. Adapted
from Ref. [151].

2.4 Hypothesis testing

Our hypothesis is a statement about the agreement between our predicted probabilities and
the observed data. In this context, hypothesis tests with the frequentist approach give us a
framework to accept or reject a given hypothesis based on the outcome of a given measurement.
In most scenarios, we want either to know if all data events correspond to a given category (e.g.,
only SM events) or if the data contains at least some samples of a different type (e.g., a BSM
signal). For simplicity, we refer to the first case as the background, while the latter corresponds
to the signal.

When claiming the discovery of novel phenomena, in particular, we need to completely
falsify the hypothesis that all events observed can be explained by the SM, that means rejecting
the background hypothesis. In statistics, the hypothesis we want to test, the background,
corresponds to the null hypothesis Hy, which is to be compared to the alternative hypothesis
Hy, where there is both background and signal. Similarly as we did before, if we denote our
data corresponding to n measurements of a random variable z as ¥ = (zy,...,,), both
hypotheses Hy and H; define a p.d.f. for Z, respectively denoted f(Z|Hy) and f(Z|H;)"?.

That said, we quantify our hypothesis test via a function of the measured variables called
a test statistic t(¥), also referred to as the discriminant. Each hypothesis defines a p.d.f. for
the statistic ¢, namely g(¢|Hy) and g(¢|H;), shown in Fig. 2.1. A statement can then be made
through the definition of a decision boundary ¢, enclosing a critical region, in such a way that
if the statistic ¢ obtained from the data is found within this region, Hj is rejected. In Chapter 4,
for instance, the choice of this threshold will be referred as the definition of a working point.

Also, the probability for ¢ to be observed in the critical region assuming H is called the

significance level of the test, written as

a:/ g(t|Ho) dt, (2.14)
tCU[

(13) Note that Hy and H; must be simple hypothesis, that is, they do not contain any undetermined parameters.
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such that we reject Hy if t > t.,. Likewise, we say the probability of accepting Hy while some

alternative hypothesis H; is true is given by

teut
/3=/ g(t|Hy)dt, (2.15)

where 1 — (3 is called the power of the test to discriminate against hypothesis Hy. A type-I
error is defined as the rejection of Hy when it is true, which might happen with a maximum
probability of « (vide Eq. (2.14)). Conversely, a type-II error is defined when Hj is not rejected
when the alternative H; is true (vide Eq. (2.15)).

When performing a hypothesis test, it is also interesting to quantify the level of com-
patibility between our hypothesis and the data, without considering an alternative hypothesis.
Referred to as goodness-of-fit test, its result corresponds to the p-value, which is the probability,
under the assumption of Hy, of obtaining a result as compatible or less with Hj than the one
actually observed. If, for instance, high values of the statistic ¢ correspond to poor agreement

with the hypothesis, the p-value is the probability
p:/ f(t[Ho)dt, (2.16)
tobs

where ¢, 1s the value of the test statistic obtained from the observed data.

An important application of such a test in particle physics is when quantifying if an
observation can be used to claim a new discovery. In this context, it is useful to convert the
p-value into an effective significance Z, which is defined as the equivalent number of standard
deviations of a Gaussian-distributed random variable. If we are looking for a positive signal

such that only positive fluctuations are accepted, it is defined as
7 =o11-p), (2.17)

where @ is the cumulative distribution of the standard Gaussian and @~ is its inverse function.
If both positive and negative fluctuations are accepted, we write Z = ®~!(1 — p/2) instead. In
particle physics, it is convention to claim a new discovery only when the significance is at least

7 = 5, referred to as a 50 effect, which corresponds to a p-value of 2.87 x 1077,

So far, we have described how to test our hypothesis against an alternative one, as well
as to measure the level of compatibility between our hypothesis and the data, with the help of
a test statistic t. Now, the definition of this function of the data depends on the scenario and a
multitude of techniques is available to address them. Beyond the statistic ¢ itself, the choice of
the critical region will also depend on the purity of events we want to accept or reject (i.e., our
tolerance to misidentified examples). Fortunately, statistics provides us with one particular
way to optimise the task, the profile likelihood ratio test, which will be used in Chapter 7 and

is described in what follows.
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2.41 Profile likelihood ratio test

From the Neyman—Pearson lemmal“"!| the optimal test statistic'® to distinguish between
hypotheses Hy and H, is the likelihood-ratio test!'*"!, written as
NT) = =t (2.18)

In practice, it might be difficult to obtain A given its dependence on the likelihood, espe-
cially in the presence of nuisance parameters. Building upon what we discussed in Section 2.3.1,
one way to construct a test statistic that is approximately independent of the nuisance para-

meters is via a profile likelihood ratio (PLR). It is given by the ratio of the profile likelihood
function L(#6, 5), from Eq. (2.9), divided by the maximum likelihood,

A(0) = (2.19)

where v is the value of v that maximises L for the specific 6, with 6 and © being the MLE. We
say v is the conditional MLE of v, which is a function of §. A convenient test statistic is then

given by
o= -2 208 220

which we refer to as the PLR test. This method will play a central role in Chapter 7, in the
context of looking for new signals in binned data. For this reason, let us derive the formula
we are going to use.

Our problem statement is the search for new phenomena, such that Hy corresponds
to our prediction of the known processes (only background events), while H; includes both
the known and new processes (background and signal events)!"”?). After the experimental
observation, our data is binned in histograms with N bins, such that the bin entries correspond

to 7 = (ng,...,ny). Thus, the expectation value of n; can be written as

where s; and b; are the mean number of entries on bin i corresponding to signal and back-
ground events, respectively, while y is the strength of the signal process. In this context, the
background hypothesis Hy corresponds to i = 0, while the signal hypothesis H; corresponds
to i # 0. Also note that here we suppose the background b; is known with negligible uncer-
tainty.

As discussed in Section 2.3.1, we treat n; as independent random variables which are

(14) By optimal, we mean a test that maximises the power of the test (1 — 3) for a given significance level ()51,
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Poisson distributed around the mean E[n;|. Hence, the likelihood function is given by

(2.22)

Y

Eln;|™
[n] o Elni]

LEm]) =]
i=1
with n; and E[n;] corresponding to the observed and expected values for the number of entries

in that bin, respectively. From Eq. (2.13), we can write the negative log-likelihood function as

N

LB = - Y [n In(E[n]) + In (%) _ E[ni]} | (2.23)

n;!
i=1 v

And since for both our hypotheses E[n;] = us; + b, it follows that!>?!

7.

L) = — i:v; [n In(jusi + by) + In (%) (i + bz-)]. (2.24)

In this context, the hypothesis test corresponds to the comparison of the background-
only hypothesis Hy, where ;1 = 0, to an alternative hypothesis where there are signal events.
Since we are interested in searching for any signal whatsoever, we have no predetermined value
for the signal strength p. As a result, we can set our signal hypothesis to correspond to the
most likely scenario given the data that was collected. To do so, we apply the techniques of
parameter estimation described in Section 2.3, which states that the MLE for the parameter p

is given by
fr = arg min, {— In[L(p)]}, (2.25)

which we define as the strength of our signal in the alternative hypothesis. In summary, the

expected number of entries for each hypothesis is given by

Background-only hypothesis : E[n;] = b;
Signal MLE hypothesis : E[n;] = b; + us;.

In this context, using the profile likelihood ratio test from Eq. (2.20), we can test the null
hypothesis ;1 = 0 against the alternative hypothesis 1 = fi. Also, we note that, in our case, we
suppose the presence of signal can only increase the event rate, such that g < 0. That is, if
we find a data such that i < 0, then the best level of agreement between data and any value
p occurs in our background-only hypothesis, such that we have In[L(x = 0)/L(g = 0)] =

In(1) = 0. As a result, our statistic is given by

2|70 Az

0, i < 0.

qo = (2.26)
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Furthermore, from Eq. (2.16), the p-value that quantifies the compatibility of the background-
only hypothesis (u = 0) with the observed data is given by

Do = /b f(ql0)dqo , (2.27)
>

where f(qo|0) is the p.d.f. of the statistic gy under the assumption of the background-only
hypothesis and ¢ is the observed value of the statistic. This distribution can be approximated

in the large sample limit, i.e., when the number of entries per bin n; is large, by the expression’”

1 1 1 1

where 0(qp) is the delta function. As a result, by replacing Eq. (2.27) and Eq. (2.28) into

—q0/2, (2.28)

Eq. (2.17), the significance Z in this asymptotic limit is given by

n.
2 niln —Z—I—bz—nz s AZO,

0, i< 0.

So far in this chapter, we have seen statistics concepts and techniques that allow us to
infer information from experimental data. Just as crucial as choosing a good test statistic for
the task in question, we must also make sure that we can properly quantify the performance of
the test we are using. In the following section, we investigate some figures of merit when evalu-
ating the performance of algorithms, metrics that will be largely used in different applications

throughout this thesis.

2.5 Figures of merit and ROC curves

One of the main tasks we perform in particle physics, which will be featured in different
contexts in this thesis, is the idea of distinguishing signal and background events. In Chapter 4
and Chapter 6, we will discuss an algorithm that classifies a given experimental signature as
either an electron or another object that shares the same signature. Moreover, in Chapter 7,
we will present a technique to identify BSM signals on top of the SM background. In all these
applications, we need to assess the performance of our algorithms through an appropriate
figure of merit.

As discussed in Section 2.4, the task of discriminating signal and background can be
performed by defining a function of the experimental data, called a test statistic t. Just as

important, we need to define a critical region such that our hypothesis is rejected if the statistic

(1S) For the full derivation, see Ref. [152].
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value is within the region. Each hypothesis will then correspond to a distribution of the statistic.
We will denote ¢(¢|S) as the distribution from the signal hypothesis and g(¢|B) as that from
the background. Their shape, illustrated in Fig. 2.1, together with an arbitrary value of the
critical region threshold ¢, allow a classification of a given event based on the value of the
discriminant ¢(Z) obtained from the experimental data 7 associated to that event.

However, from the overlap between the two distributions, it is clear that our discriminant
will inevitably classify certain background events as signals, as well as some signal events as
background. In the first scenario, we have a type-I error, given by the a from Eq. (2.14), which
correspond to a false positive (FP). Likewise, the type-II error, the 3 in Eq. (2.15), corresponds
to a false negative (FN). Moreover, we say we have a true positive (TP) and true negative (TN)
when we correctly classify a signal and a background, respectively. From these definitions, we

respectively define the true positive rate (TPR) and the false positive rate (FPR) as

TP FP
and FPR =

TPR = .
TP+FN FP+TN

(2.30)

In statistics the TPR is also referred to as the sensitivity, while the FPR corresponds to the
specificity of the classifier.

From the definition of TPR, we see that it corresponds to the ratio of objects that are
accepted by the test, i.e., classified as signal, from all the signal objects considered. That is,
it quantifies how many signal examples the classifier got right. For this reason, it is said
to correspond to the signal efficiency e of the classifier. Conversely, we can expect some
background objects to also be accepted by the test and classified as signal. Hence, we denote
the number of background events that is accepted by the classifier as the background efficiency
€bkg- 1 hat is,

signal events accepted as signal TP (2.31)
€sig = : = .
"¢ total number of signal events TP + FN
and
background events accepted as signal FP
€bkg = & p & = (2.32)

total number of background events TN + FP’

Now;, in some applications, we might be interested in maximising the rejection of the
background, thus guaranteeing a purer sample. In this case, it is convenient to use the concept

of background rejection, defined as the inverse of the background efficiency,

Lo I 233)
€bkg N FP ’ )
which has values always greater than unity. We note thatin the limit TN > FP, the background
rejection corresponds to the ratio TN/FP.

Of course, all these metrics will vary according to the critical region boundary ¢, thatis
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Figure 2.2: [llustration of ROC curves for different classifiers, defined as the true positive rate as a
function of the false positive rate. One can alternatively write it as the background rejection
1/épg as a function of the signal efficiency eig.

used to define the classifier output. In this context, it is convenient to compare how these rates
vary for different values of the threshold. Since both the TPR and the FPR will vary with the
threshold, one convenient way to visualise this dependence is by plotting the TPR as a function
of the FPR. Illustrated in Fig. 2.2, this plot is referred to as a receiver operating characteristic
(ROC) curve'’. For a perfect classifier, we will always have TPR = 1 and FPR = 0 for all
threshold values, which means the ROC curve would be a single point in the top left of the plot.
In contrast, if the classifier would just randomly choose between the signal and background
classes, we would have TPR = 0.5 and FPR = 0.5 for all values of the threshold. Thus, it
would present a diagonal line as its ROC curve. Hence, we expect a good classifier to have a
ROC curve that approaches the top-left region of the plot.

The performance assessed via a ROC curve can be further condensed in a single number
by measuring the area under the curve (AUC). This number is a convenient metric, since
random classifiers have AUC = 0.5, while perfect classifiers have AUC = 1.0. Hence, the
higher the AUC value, the better the classifier.

Lastly, in applications where we want to maximise the correct classification of back-
ground objects (as we will see in Chapter 6), it is convenient to rewrite the ROC curve as the
background rejection 1/epq as a function of the signal efficiency €. In this variation, we
expect the best classifiers to have shapes with higher values of background rejection for any
value of the signal efficiency. This is particularly convenient, since we know such models will
have a good power to reduce background contamination for any value of signal efficiency that

we choose.

(16) The name is a leftover from its use in the analysis of radar images, which was developed in the context of

signal detection theory!!¢*!¢],
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All things considered, these metrics are essential to quantify the performance of any
discriminant, independent of the choice of the critical region. They are particularly useful
when implementing more sophisticated scenarios such as non-linear test statistics. The most
notable example is a neural network, a powerful tool to parametrise the non-linearity within
large datasets. Being a central technique used in this thesis, they are the subject of the following

section, which starts with a contextualisation of the field of machine learning.

2.6 Machine learning

As we have seen so far in this chapter, statistics plays a central role in the research done in
experimental particle physics. In fact, the large amount of data that needs to be processed when
performing the measurements, combined with their high-dimensionality, makes the field a
hub for innovation and application of state-of-the-art data mining 8techniques. These include,
of course, the recent developments at the intersection of statistics and computer science in the
domain of machine learning. In this section, we present a brief overview of this dynamic field
of research and how it is being used in modern experimental particle physics, focusing on the

techniques that we will revisit later in this thesis.

2.6.1 Motivation

The core principle behind machine learning techniques is the possibility that computer al-
gorithms can learn to perform a specific task from examples. The term itself was popularised
by Arthur Samuel in 1959 but the idea was already discussed by Ada Lovelace more than

165

100 years before the first computer was built!!*”). This learning process would allow for the

development of methods capable of detecting patterns in data and the automation of data
analysis when building statistical models!*.

Nowadays, the combination of powerful computational processing with the tools of
applied statistics has opened the way for the development of artificial intelligence (AI) as we
know it. However, the development of more sophisticated and complex algorithm structures
was needed to deal with high-dimensional data and tackle more challenging tasks of A, such
as recognising objects or speech. These techniques concern the still-growing subfield of deep
learning and allows computers to learn how to perform tasks that we would say are more
intuitive to humans, such as identifying a face, but that cannot be passed as a set of individual
mathematical instructions!'*.

The development of these machine learning methods and their success in a variety of
tasks has provided a toolbox of techniques that are gradually being used more in the nat-

1561681 Being a tool of statistical inference by construction,

ural sciences, especially in physics!
particle detectors such as the ATLAS detector offer a perfect scenario for the implementation

and development of machine learning techniques. Likewise, the increased amount of data
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to be recorded in the next years, especially with the HL-LHC, requires an eftort to find more
robust ways to perform analyses of this data, with machine learning techniques having the
potential to address these challenges.

In this context, this thesis presents a glimpse of the usefulness of these techniques with
two applications being discussed at length in Chapters 6 and 7. That said, we start by defining
some basic concepts that we hope are useful to navigate and understand the central ideas of

this field of research.

2.6.2 Basic concepts

Any machine learning application starts by the definition of a task to be performed by a
computer. In its simplest form, given a set of input features ¥ € X, the goal of the algorithm
is to find a model f : X — ) that can predict the corresponding label y € ) associated to
a given input. For instance, for the task of identifying if a black-and-white image contains a
cat or a dog, the input is the grid of pixels of the image, with values normally ranging from 0
(white) to 1 (black) and the output is one of the two labels, “cat” or “dog” More precisely, the
output is usually expressed as probabilities for the input to be associated to each one of the
labels, which can then be treated to provide one single label if needed.

Now, the search for this optimal model is based on a performance metric that establishes
the quality of each prediction. By having access to a huge number of examples of input features
and their corresponding labels, the algorithm is able to improve its prediction capabilities by
minimising the error based on this metric. This process is what we refer to as learning.

Moreover, the choice of the algorithm that will look for this optimal model depends, of
course, on the type of data that is available. Methods that use labelled data, such as pairs
of inputs and their corresponding labels, perform the so-called supervised learning!'*”). Tasks
such as classification and regression usually require this type of data to perform well. On the
other hand, some tasks do not need labels from the start, such as clustering or dimensionality
reduction. In this case, the goal is usually to infer labels from the existing structures in the

[166

datal"™*!, performing what we call unsupervised learning! ). Similarly, techniques that require

just a few entries of labelled examples in the data are often referred to as weakly- or semi-

1ol where we try to infer values for

supervised learning. Tasks such as matrix completion!
missing entries, can benefit from techniques in this category. Lastly, approaches that exploit a
system of trial and error, where the algorithm aims to maximise a given reward, are described
as reinforcement learning!'*”.

Once a given task has been established, the process of learning itself relies on quantifying
how well the model performs through the definition of a loss function. This measure of the
model success associates a value to the error depending on the prediction made and must be
adapted to the task at hand. Some of the most common metrics are the misclassification rate

for classification and the mean squared error for regression.
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In other words, the goal of any machine learning algorithm is to find an optimal predictor

[70] More precisely, by minimising the loss function we are

that minimises this loss function
also minimising the empirical risk, which is the average of the loss function over the data
samples, that also corresponds to an estimate of the risk function in the frequentist sensel'*“.
Some contexts can require a given function to be maximised instead, so this function is more

[¢7] This process of optimisation where the

generally called objective function or criterion
algorithm goes over a set of examples and tries to minimise the loss function in the search for
an optimal predictor is referred to as the training of the model.

During this learning process, the algorithm adjusts the parameters of the model, which
can be seen as weights that determine how much each one of the input features influences
the prediction!'“”). The optimal model is then defined as the set of parameters that minimises
the loss function. Furthermore, there are a number of characteristics that one can specify in
the machine-learning algorithm itself, variables that define the structure used to find the best
model, called its architecture. Quantities such as the number of layers in a neural network or
the function of choice by which the values are to be evaluated after each node are some of these
variables that can be adjusted. These parameters of the network are called hyperparameters
and must also pass through a process of optimisation. This process, however, is usually based
on trial and error, and, as such, relies heavily on the experience of researchers!" >l

The main example of an optimisation technique used to minimise the loss function
is called the gradient descent""". This iterative algorithm converges to a local minimum by
considering the steepest direction, that is, against the gradient of the objective function, with
the size of each step being quantified by the learning rate. A variety of techniques exist to
improve the chances that the algorithm properly finds the loss-function minimum!““!, For
instance, the method we are going to use in our applications, the adaptive moment estimation
(Apam) optimiser!!”!) uses a variable adaptive learning rate that progressively gets smaller as

the minimum of the loss function gets closer.

Once an optimal model is obtained after the training stage, its performance must be
determined using examples that were not used in the training and thus never seen by the model.
This validation over “unseen” data is used to establish the quality of a model when compared
to others. This approach is particularly important in identifying if there was overfitting, that
is, if the model performed well during training because it “memorised” the results instead of
learning the important features needed to perform the task!""”! (akin to fitting a polynomial
of order n over a dataset with n + 1 points). Some of the techniques we use to avoid this
overfitting are the L,!""”! and Dropout!'”*! regularisation.

This validation step is crucial to determine if the optimal model will generalise well
and have a good performance when deployed. For this reason, once the algorithm has made
predictions for all the examples available in the training set, the metric used to measure the
performance of the model is obtained from its predictions on the validation dataset instead.

We refer to this step as an epoch, and repeat it as long as needed until we get a satisfying metric

41



Chapter 2 Statistics and machine learning

value.

Furthermore, to ensure the generalisation of the model, it is important that the data used
for training matches the distributions of the data upon which it will be used. Although having
more data is helpful, it is generally not enough to guarantee a good performance if its quality is
not adequate. For instance, the samples used must be independent and identically distributed
(i.i.d.), as defined in Section 2.3.1, which means that all the random variables have the same
probability distribution and the probability of obtaining one example does not change the
probability of obtaining another">”). As a result, it is crucial to perform some data engineering,
to guarantee the data we have available for training and testing the model reflects the samples
on which it is expected to be used.

In addition, when applying machine learning to any real-world problem, it is important
to understand the limitations of its use. For instance, due to its capabilities to extract more
subtle features from data, it is natural to see the interest in using these techniques when dealing
with many input features. However, difficulties arise in problems with an input space with
a large number of dimensions, usually referred to as the curse of dimensionality!*!. If N
samples are required to describe the p.d.f. in a single dimension, scenarios working with d
input variables will have an exponential need for more data, at O(N¢), in order to train the

70]

model!" "), Fortunately, real-world data is usually well behaved and without discontinuities, so

it can be described by a lower-dimensional space, a characteristic that most of the techniques
exploit when working with high-dimensional inputs!"".

Moreover, since there are regularities in the data that can be exploited by the algorithms
when finding the optimal model, we can assume that induction is possible. This means that
all machine learning algorithms make assumptions, which leads to learning or inductive bias.
Finally; it is also important to consider that there is no type of algorithm that performs well for
all classes of problems, stated as the no free lunch theorem for machine learning!' . A good
understanding of the available techniques is the best way to have a successful application of
machine learning in particle physics, and some of these tools will be described in what follows.

One of the most common tasks that are performed by machine-learning algorithms
concern classification, which will be heavily featured in this thesis. It looks to establish a
model f that best approximates the output associated with a given input when the output is
part of a discrete set of categories. Another task that we will discuss in this thesis concerns
anomaly detection, which tries to identify outlier events from the experimental data. Before
discussing how these techniques are used in the field of particle physics, we discuss some of

the architectures that define our neural networks.

2.6.3 Fully-connected network (FCN)

One of the earliest models in the history of neural networks is the perceptron!'’*), developed in

the 1960s to perform a binary classification with just one node connected to all input features,
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thus simulating a neuron. A diagram of its structure is shown in Figure 2.3a. The learning

process of a perceptron consists on determinin

model
y(7) = O(w

such that if the weighted sum of the inputs &

g the weights @ € R? and the bias wy of the

€ RP reaches a threshold, controlled by the

step function O, the neuron “fires” This model defines a hyperplane with dimension D — 1

in the input space; a diagrammatic representation is shown in Figure 2.3b for D = 2. This

hyperplane splits the space into two regions, wi

th all inputs in one side corresponding to the

same label. By construction, therefore, it supposes the data is linearly separable, which limits
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its applications to more complex tasks'”.

The ability of neural networks to learn non-linear functions was only achieved with the
development of the multi-layer perceptron (MLP). As the name suggests, the idea is to combine
multiple perceptrons in a layered structure, as shown in Figure 2.4. From a D-dimensional
input Z, we introduce one hidden layer with M nodes z,,. These correspond to M linear
combinations of the input, with weights V;,, 4, each one of them transformed by a non-linear
activation function h. Each one of the outputs of the hidden layer z,, is then linearly combined
with weights W, ,,, and transformed via another activation g function to obtain the final C'
outputs of the network. For such a network with one hidden layer, the output label y, that the

model learns corresponds to

M D
Ye=09| > Wemh| Y Vinaza ||, (2.35)
m=0 d=0

where the index 0 in the sum corresponds to the bias incorporated as a constant entry in the
input vector and the hidden units. Usually, the non-linear activation functions h and ¢ are
taken to be sigmoidal functions, such as the logistic sigmoid or the hyperbolic tangent! ", the
specific choice depending on the task. In this work, for instance, we will use the ReL.U and
the softmax activation functions, such that we can normalise the output of the network to a
probability distribution!*.

Furthermore, this network can easily be extended to include more hidden layers, with
the number of layers and units per layer corresponding to the hyperparameters of the network.
Given enough hidden units, it can be shown that the MLP can approximate any suitably
smooth function to any level of accuracy, stated as the universal approximation theorem! .
Moreover, it is a type of feed-forward neural network and it can also be referred to as a fully
connected network (FCN).

The replacement of the step function in the perceptron to a non-linear activation function

in MLPs allows for the neural network to be differentiable with respect to the model parameters
w!"", a shift responsible for the development of the techniques of backpropagation””!. In
summary, this technique performs a gradient descent, described above, that implements the
chain rule from calculus at each one of the layers. This technique introduces an optimised
way to determine the network’s prediction errors by calculating, in a computationally efficient
way, the loss in the forward pass and its gradient in the backward pass''""!. Once this error is
established, the weights are adjusted based on the gradient direction that minimises the loss
function and the process is repeated iteratively until a satisfactory minimum of the loss value
is reached. It is worth noting that these techniques are not limited to MLPs and are used in

other types of architectures as well.

(17) Acritique of this model was published in the book “Perceptrons” by Marvin Minsky and Seymour Papert!"”",
which negatively impacted the research done in neural networks and it is said to be responsible for the decline
in funding for neural computing research until the mid-1980s!""".

44



26 Machine learning
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Figure 2.5: Illustration of the convolution operation. Adapted from Ref. [43].

Being one of the most straightforward architectures for neural networks, FCNs are widely
used in many applications. But considering connections between all the elements of the input
and its layers might not be the optimal approach in some scenarios. Especially with high-
dimensional inputs, the resources needed to have so many weights in the model might be a
problem. An alternative approach is to consider a different type of operation at each layer, such

as the convolution, which we discuss next.

2.6.4 Convolutional neural network (CNN)

For tasks where the inputs can be structured in a grid-like form, such as an image, the sur-
roundings of each input can be exploited to infer patterns, inspired of how the biology of
vision works!'*"!. Even for a single vector of numbers, the neighbouring entries can be rel-
evant when extracting the patterns of interest. In this context, convolutional neural network
(CNN) are specially designed for these tasks, being introduced in the 1990s to identify hand-
written numbers in checks!"*'*’!. They rose to prominence in the field when, in 2012, this
particular architecture was used by the winning team!'**! of the ImageNet object recognition
challenge!"*"), a benchmark for visual classification and object detection by computers.

The principle behind the architecture of a CNN is based on the ability to identify loc-
alised elements in the input and combine them in an abstract way. This is done via the
convolution operation, illustrated in Fig. 2.5, where the information of neighbouring cells is
encoded in the form of a kernel. This matrix-like object stores the weights of the model and,
in a way, abstract the features more useful for the task. The output of this convolution is the
product of the kernel with the input entries, an operation that is repeated until all the input

cells are covered. To control the size of this output, a pooling operating is usually performed,
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such that only the maximum or average value of a region is taken instead.

The architecture of a CNN is then built as a sequence of convolution layers, each layer
adding a level of abstraction to the model. In most cases, these layers are followed by a
set of fully-connected layers to further incorporate the non-linearity of the features learned.
Moreover, this architecture can easily be extended to work on multi-dimensional images as
well. To do so, we treat each one of the dimensions as a different image, in the same way an
RGB image can be decomposed in each one of the three colour channels, and then treat each
channel as a separate image.

The appeal of CNNs lies on three aspects of its architecture. Firstly, different from an
FCN, not all output cells are connected to all input cells, which means that the model itself
will have fewer parameters. Not only that, but these parameters will be shared by all the input
cells, since the kernel that runs over the image is the same across the whole input. This makes
CNN:s a lot more efficient on what concerns computer memory usage and processing time.

Another consequence of this parameter sharing, and an additional motivation for the
use of CNNG, is that the model is equivariant to translation!*”); so the features learned in a
given region of the image can be reused in another region of the image. As an example, if the
model is able to identify a given feature in the middle of an image, it will be able to identify
the feature if it appears in the bottom of another image. This is not true for other types of
transformations, such as rotation and scaling, which would need to be handled using other
techniques!”’.

Hence, it is easy to see that a natural application of CNNss is the task of image classi-
fication, where the goal is to match a given image to a label. Still, the architecture has also
been shown to perform well at text detection, speech processing and caption generation!*”),
In high-energy physics experiments, one of the earliest applications of CNNs was done by
the NovA experiment when processing the two images produced by a scintillator!**!. More
recently, CNNs have also been used for other types of analysis in particle colliders, such as
classification and anomaly detection in jets!*".

This architecture will be used in both Chapter 6 and Chapter 7, being applied to different
studies using the ATLAS detector. To further characterise the importance of machine learning
techniques in particle physics, the next section presents an overview of its applications, focusing

on the tasks that we will present later on.

2.7 Applications of machine learning on high-energy physics

Developments in the domain of machine learning are already being applied in particle physics
in a number of different contexts!!>*!>*!%] For years, physicists have been using techniques
such as support vector machines, kernel density estimation, or more notably, boosted decision
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trees!"*”). But it was with the emergence of the deep learning techniques around the 2010s that

large neural networks started being used to handle higher-dimensional and more complex

46



2.7 Applications of machine learning on high-energy physics

problems!>*.

In collider experiments such as ATLAS, examples of applications of machine learning
techniques can be found across all the different areas of study. Starting at the low-level detector
systems, neural networks are largely used to help the reconstruction of particle hits and their
assembly into tracks!"”"). The interpretation of these signals can also be greatly improved
when performing object identification!”"), an example of such application being the subject
of Chapter 6.

Next, after the detector signals are interpreted, machine learning techniques are widely
used to classify a given object or final state as either being expected within the SM (i.e,, a
background event) or corresponding to a completely new BSM phenomenon (i.e., a signal
event)!"””). Many techniques are also applying this classification in the system that decides
which event signals will be recorded, called the trigger systems, such that we maximise the
number of interesting events that are recorded!"”*'”*). Some examples of notable analyses that
rely on machine learning techniques include the searches involving ¢ quarks!'””! and the Higgs

[19¢] In Chapter 7, a novel machine learning approach will be presented to identify BSM

boson
resonances directly from the experimental data.

As introduced in Section 2.6.2, there are different approaches to defining which data
will be used for the learning step. Given the probabilistic nature of the collisions happening
inside the detectors, we cannot know which processes originated which signatures — this is
what we are trying to determine in the first place. Hence, it is impossible to construct labelled
examples from experimental data. Therefore, machine learning applications performing su-
pervised learning usually relies on simulated Monte Carlo (MC) events, where the processes
happening at the collision point are known and can be associated with their respective detector
signatures!>*!. As we will discuss in Section 3.2.6, these simulations usually suffer from mis-
modelling, and thus do not exactly correspond to a representation of the experimental data in
some scenarlos.

To avoid the dependence on simulation data, some alternatives have been developed.
Techniques such as semi-supervised approaches incorporate the use of real data obtained

S[l&)*,ms

with well-engineered cuts to correspond to background event I, Weakly supervised ap-

proaches, on the other hand, allow the training of an optimal classifier from noisy experimental

data instead!" """

. Lastly, we also have techniques performing completely unsupervised learn-
ing, where no label information is used, such as the use of autoencoders*"*="*,

In this thesis, we present applications of machine learning techniques in two particular
tasks using the ATLAS detector. Firstly, Chapter 6 presents a technique to perform classification
of detector signals, aiming to distinguish electrons from objects that mimic its signatures. Then,
Chapter 7 presents a technique to identify resonances in the mass spectrum, thus identifying
anomalies that are not explained by the SM. The remaining of this chapter is dedicated to a
contextualisation of these two tasks, classification and anomaly detection, in the context of

high-energy physics.
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2.71 Classification

In many different contexts throughout experimental high-energy physics, we want to discrim-
inate signal and background from each other. In this context, signal usually refers to an object
for which we are looking, such as an electron we want to identify in the detector, or a particular
process we are interested in studying, such as a particle decaying into a specific final state.
Here, background corresponds to all the objects or processes that have similar signatures, but
that, in truth, do not originate from the same phenomenon in which we are interested. For
this reason, the use classification techniques are widely used in the field, where a discriminant
value is obtained from a given list of observables Z. In this context, deep neural networks are
a powerful way to approximate the optimal classifier in a high-dimensional scenario!"**!.
One example of such classification task is the distinction between the signatures of
objects detected by collider experiments. For instance, particles that decay hadronically are all
recorded as a jet of collimated particles in the detector, making the distinction of the particle
that originated the shower particularly difficult. To perform this task, deep learning networks
have been used to discriminate between quark and gluon jets”””!, with other examples also
considering the classification of jets originating from heavy particles such as the W, Z and

1 In fact, many techniques are dedicated to the proper

Higgs bosons, as well as ¢ quarks!
tagging of jets originated from ¢ quarks”’!, b quarks®”’"! or the distinction between the heavier
b and ¢ quarks against the lighter quarks, a task referred to as flavour tagging”**l. Of course,
the examples of applications of machine learning techniques to perform classification tasks is
vast and will keep growing in the future!’>*).

One thing that all these applications have in common is the need to reduce the dimen-
sionality of the problem. To do so, physicists usually rely on the engineering of high-level
features, which are functions of the low-level detector signals. However, deep learning models
using low-level detector inputs directly have been shown to outperform the techniques relying

2091 'In this context, the implementation

on the high-level variables instead in some scenarios
of a deep learning network using low-level features on the task of electron identification will

be presented in Chapter 6.

2.7.2 Anomaly detection

Another central task we want to perform is the detection of phenomena that are beyond what
we expect within the SM. If they exist, these unusual processes are the key to quantifying the
limitations of the SM and improving our understanding of the fundamental particles and
their interactions. To address this challenge, machine learning techniques have been used to
perform anomaly detection in particle physics”!**!1,

At the detector level, vide Chapter 3, these techniques usually involve the identification of
anomalous particles, mostly jets, at the event-by-event level. Some examples include the search

12—

for anomalies within the jet substructure”’*~'*! while others focus on the reconstruction of
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its decay products, which were able, for instance, to rediscover the top quark?”’”!. One of the
main advantages of having networks capable of identifying unusual signals at the event-by-
event level is their application at the trigger system used to decide if a given event will be
recorded at all. Having such networks could then guarantee that interesting results are being

1931941 Moreover, the monitoring of

recorded, with some of them already being developed!
detector systems can also benefit from anomaly detection techniques!””.

Another way to incorporate anomaly detection in high-energy physics is in the search for
resonances. A first approach consists on the direct comparison of simulated MC events with the

217

recorded data”'“”'"), More recently, searches incorporating machine learning techniques have

2HL2182191 Most of these techniques

been developed to address the complexity of this task!" %!
rely on simulated MC events for the training of the network, which is then used to isolate real
data that is more signal-like. Other approaches incorporate experimental data to try to reduce
the dependency on these simulations and have shown good performance!”"’. In Chapter 7, we
will present a novel approach that tries to minimise the dependency on simulated MC events

when searching for anomalies in the form of resonances in the mass distributions.

As we saw in this chapter, statistical methods are a powerful way to extract meaningful
information from data and test our hypotheses. The comparison between the expectation from
SM predictions and experimental measurements is the only way to identify its limitations
and constrain alternative models. Moreover, machine learning techniques have shown great
potential in tackling the high-dimensionality and complexities of the experimental challenges,
while exploring the large amount of data already recorded by the detectors. In this thesis,
we will apply many of these concepts in different aspects of the ATLAS experiment, namely
the measurement of electron identification efficiencies (Chapter 5), the improvement of its
classification task (Chapter 6) and searches for anomalous resonances in mass distributions
(Chapter 7). Before discussing these applications, however, we present a description of the

experimental apparatus in the following chapter.
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Chapter 3

The ATLAS experiment

The most essential characteristic of scientific technique is

that it proceeds from experiment, not from tradition.

Bertrand Russel]*?"]
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Modern particle colliders play a central role helping us understand the limitations of

our current description of the fundamental particles and their interactions. Among them,

the LHC has allowed the scientific community to venture into the highest energy scales ever

achieved, with, for instance, the measurements performed by general-purpose detectors such

as the ATLAS experiment. In this chapter, we introduce the ATLAS detector, the experimental

apparatus in which we are interested in this thesis

(18)

3.1 The Large Hadron Collider (LHC)

3.1.1 Introduction

Being the world’s largest particle accelerator, the Large Hadron Collider (LHC)!

221,226

I'has been

a protagonist of the latest advancements in the field of particle physics since it began operating.

(18) Note that, unless otherwise stated, this chapter is based on Refs. [43, 221-224].
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Figure 3.1: The CERN accelerator complex, highlighting the ATLAS experiment, the LHC and its
injection chain. Adapted from Ref. [225].

This particle accelerator located on the border between France and Switzerland is home to
detectors and experiments with different objectives, studying the collisions of high-energy
particle beams. The results produced at the LHC have allowed the physics community to push
the energy frontier and explore particle physics in conditions never explored before.

Constructed on the same tunnels that accelerated electrons and positrons at the Large
Electron-Positron (LEP) collider (1989-2000)"""!, the LHC is part of the CERN accelerator
complex, illustrated in Fig. 3.1. Its main ring has 27 km of circumference with four crossing
points, where dedicated detectors are positioned. A total of nine experiments are performed
at the LHC: the ATLAS"*?) and CMSP**] experiments, large general-purpose detectors; the
LHCb” and ALICE”*"! experiments, detectors optimised for B-meson and heavy-ion stud-
ies, respectively; and the TOTEMP !, MoEDALP LHCf***!, SND**] and FASERF**! exper-
iments, which are smaller and specialised detectors located along the beam line close to the
four major experiments.

Since it started operations, three data-taking periods, referred to as runs, were planned
up to this day for the LHC, with two of them completed and the third one ongoing as of
this writing. So far, many results have already been published after the successtul completion
of Run 1 (2009-2013) with centre-of-mass energies of 7 TeV and 8 TeV, as well as Run 2
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(2015-2018) at 13 TeV. Today, the ongoing Run 3 allows the study of the collisions of protons
at the record centre-of-mass energy of 13.6 TeV. Once the LHC programme is finished, a
new accelerator is planned to operate in the same facilities within the next decade, the High-
Luminosity LHC (HL-LHC)*****", Expected to start operations in 2029, it will allow the
study of collisions with more energetic beams and increasing the amount of data recorded by
factors of 5-7.

Combined with the collisions of heavy ions such as lead, the physics programme of the
LHC experiments cover a wide range of high-energy phenomena, including the recreation of
the hot and dense matter expected to have occurred just after the Big Bang.

In this thesis, we focus on proton—proton (pp) collisions and the particles created from
these collisions that are registered by the ATLAS detector. Before colliding at the centre of
the detector, the protons are accelerated throughout the accelerator chain, a process that we

describe in what follows.

3.1.2 Creating a proton collision

The proton beam is accelerated in stages, starting from negative hydrogen ions H~, which
consist of hydrogen atoms with an additional electron. These are injected in the first accelerator
in the chain, the Linear accelerator 4 (Linac4)***). Using radiofrequency cavities”*”), the ions
are pulsed through alternating positively and negatively charged conductors 400 ms at a time.
At this stage, their energy ramps up from 3 MeV to 160 MeV. This principle of using electrical
impulse to accelerate charged particles is used throughout the whole injection chain up to and
including the LHC.

After leaving the Linac4, the electrons are removed from the ions and the remaining
protons enter the Proton Synchrotron Booster (PSB). With its four superimposed synchrotron
rings, it accelerates the protons up to 2 GeV before transferring them to the Proton Synchrotron
(PS), where they will be further accelerated up to 26 GeV. The next stage in the accelerator
chain is the Super Proton Synchrotron (SPS), where protons reach 450 GeV. At this point, the
protons are ready to enter the LHC, with the beams entering two pipes, one running clockwise
and the other anti-clockwise. After around 5 min, the full LHC ring is filled, with another 20
min being needed for the protons to reach their maximum energy at 6.8 TeV.

The circular trajectory of the beams is only made possible due to the strong magnetic
fields that bend the path of the charged particles and are generated by superconducting tech-
nology. These dipole magnets are 15 m-long and guide the beam into tight turns along its
circular path. Achieving 8.3 T, they need to be kept at a temperature of 1.9 K (—271.3°C) to
function, with this cryogenics system being one of the main sources of energy consumption
at the LHC. Moreover, quadrupole magnets are used to make sure the beam remains focused,
especially before entering the collision points.

To maximise the chance that the protons will collide, they are grouped into bunches. At
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the LHC, the beam is formed by 2800 bunches, each of them having approximately 10! protons.
They travel in a vacuum, which requires two weeks of cryogenic pumping to bring the pressure
down to 1071% atm. Reaching speeds of 99.9999991% of the speed of light, the beam is squeezed
before colliding with the beam in the opposite direction at the collision points where the major
detectors are positioned. The one in which we are interested, the ATLAS experiment, is the

subject of the remainder of this chapter.

3.2 The ATLAS experiment

The ATLAS detector, acronym for A Toroidal LHC ApparatuS'”*”), is one of the two general-
purpose experiments at the LHC designed to study particles produced after pp collisions, but
also heavy-ion collisions. Together with the CMS experiment, it allowed for the discovery of
the Higgs boson in 2012°>7%1a milestone that helped consolidate the SM!“=*! as our current
theoretical framework for understanding the fundamental particle interactions, vide Chapter 1.
Since then, measurements from ATLAS not only allowed for a better understanding of
the properties of particles, but also served as a probe for phenomena beyond what the SM can
describe. Moreover, the ATLAS experiment is the result of a global collaborative effort, a true
testament to the cooperative and international nature of the scientific endeavour. It has been
and it will remain a key player in the advancements of particle physics in the next decades.
As can be seen by its layout in Fig. 3.2, the ATLAS detector has a cylindrical shape around
the beam line with the collision point at its centre. By registering the signatures left by particles
over successive collisions, the detector allows for the measurement of the rate of events, R. This
rate is directly related to the probability that an event can occur and is proportional to the
cross-section o of a process via the concept of integrated luminosity L via R = Lo. The value
of L is usually given in units of cm™2 - s7! and depends on characteristics of the collider. For
two equal-size beams travelling close to the speed of light and colliding at their centre of mass,
if we assume Gaussian charge distributions and densities that are uncorrelated in all planes,

[242]

the integrated luminosity is given by the expression

NN
L=f—12 (3.1)
dro,oy

where N1 and N, are the number of particles in each one of bunches travelling in opposite
directions, f is the frequency with which they cross each other and o, and o, are the transverse
beam sizes in the horizontal and vertical directions, respectively. It follows that rare events
can be probed with higher luminosity by collecting more data. For instance, at the end of the
second data-taking period, referred to as Run 2, after reaching an accumulated luminosity of
139 fb~!, the ATLAS experiment was able to find strong evidence for the process with four top
quarks at the final state!”*”), the heaviest particle final state ever seen at the LHC.

Due to its geometry, the coordinate system used by the ATLAS detector places the z-axis
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Figure 3.2: Illustration of the ATLAS detector. Taken from Ref. [240].

X

Figure 3.3: Schematic illustration of the ATLAS coordinate system. The z-axis is placed along the
beam line, the y-axis points to the top and the z-axis points to the centre of the collider
ring. The position of the particles is determined in terms of the azimuthal angle ¢ and the

pseudorapidity 7 = — In[tan(#/2)], where 6 is the polar angle. Adapted from Refs. [39,
241].
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along the beam line and has its origin at the centre of the collision, called the interaction point.
The z-axis points from the interaction point to the centre of the LHC ring, while the y-axis
points upwards. The relative position of the particles is described by the azimuthal angle ¢
around the z-axis in the traverse plane, together with the pseudorapidity n, defined in terms of
the polar angle 6 as 7 = — In[tan(#/2)]"”. A schematic illustration of the ATLAS coordinate
system is shown in Fig. 3.3. All the angular distances are measured in units of the distance
AR in the pseudorapidity—azimuthal angle space, defined as AR = /(An)2 + (A¢)? . We

also note that the part of the cylinder closer to the origin of the coordinate system is referred

to as the barrel region, while the extremities of the cylinder are referred to as the end-caps or
forward region. The region between these two is referred to as the gap or transition region.

When the two bunches travelling in opposite directions cross each other at the centre
of the detector, multiple pp collisions happen. The most interesting one is referred to as the
primary interaction, while the others correspond to the pile-up. The latter is quantified by
the average of collisions per bunch cross, denoted (). For Run 2, its value was measured at
(1) ~ 30, while for Run 3 it is expected to reach up to (i) ~ 60 due to the increase in the
centre-of-mass energy!”*’!.

Once a collision happens, the particles produced pass through the different layers of the
detector, leaving signals in each one of these layers along its path. By studying the combination
of these signatures, we can identify which particle corresponds to each path, as illustrated in

Fig. 3.4. In what follows, the composition and purpose of each one of these layers are described.

3.21 Inner detector

The innermost part of the detector is dedicated to the detection and tracking of the path of
charged particles up to 1 m in radius from the interaction point within the range of |n| < 2.5.
It is comprised of two layers of silicon detectors, followed by an ensemble of drift tubes, all of
this surrounded by a solenoid generating a strong magnetic field, as illustrated in Fig. 3.5. The
whole sub-system has an extension of 5.3 m, with a diameter of 2.5 m,

The signals recorded from these sensors will then establish the points where a given
particle crossed each one of the sub-layers. This system relies on the fact that a charged
particle traversing the depletion zone of a semiconductor will create particle-hole pairs, as well
as ionisation in the drift tubes, which can then be detected as electric current signals. When
these points across sub-layers are combined, we can trace the path of the charged particle.

A high granularity of sensors is required in the first millimetres of the detector to distin-
guish between the tracks. For this reason, the first layers of the inner detector are formed by
silicon pixel detectors, sensors with a nominal size of 50 x 400 pm? in R — ¢ x z. Referred to
as the Pixel detector, it has four coaxial layers around the beam line, thus providing four hits
or points of the charged particles’ path up to 12 cm radially from the beam axis”**!. Smaller

pixel sizes are found in the layer closest to the beam line, the insertable B-layer, which has
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Figure 3.4: Particle signatures in the ATLAS detector. The inner detector (green) registers the path of
charged particles. When particles enter the calorimeters (orange and blue), the succession
of decays that follows forms a shower of electromagnetic or hadronic nature. The energy
deposits are combined to determine the energy of the particle that originated the shower.
Lastly, the muon spectrometer (gray) register the path of muons, the only charged particles
that can traverse the detector this far. Adapted from Ref. [244].

pixels of 50 x 250 pm?. This layer allows for a better discrimination of the tracks closer to the
interaction point, thus improving the measurement of the impact parameter. This quantity is
one of the important metrics to distinguish, for instance, particles coming from the collision
itself or from heavy-hadron decays.

Next, the following layers correspond to the semiconductor tracker (SCT), which uses
the same detection principle as the pixel detector, but with modules of two layers of silicon
microstrip sensors. Since the strips provide information in only one direction, they are paired
with an angular misalignment between strips. Thus, from its four layers in the barrel, they
provide eight hits per track over the region with radius between 30 cm and 51 cm from the
beam axis, while nine layers are found at the end-caps region.

The last set of tracking measurements is obtained by the transition radiation tracker (TRT).

These are formed by straw drift tubes filled with a xenon-based gas mixture, interleaved with
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Figure 3.5: Illustration of the ATLAS inner detector. Taken from Ref. [223].

polypropylene/polyethylene radiators, and with a gold-plated tungsten wire in the middle of
the tube. Each tube has a diameter of 4 mm, being 144 cm-long and parallel to the beam axis in
the barrel region, while being 37 cm-long and arranged radially in the end-caps regions. Since
xenon is a rare gas, some of the modules use argon-based gas mixtures instead, especially given

[245

it is difficult to fix gas leaks at such an internal part of the detector”*”). The principle behind
this detection technique is the fact that when the charged particles traverse the detector, they
ionise the gas. The presence of a high electric field near the wire then generates a cascade of
electrons that are registered as an electric signal in the wire. In total, the TRT provides the last
35 hits that will establish the path of charged particles, corresponding to the radial distances

of 55cm to 1 m from the beam axis.

Surrounding the inner detector, a solenoid magnet generates a magnet field of 2T, re-
sponsible for bending the path of charged particles. The curvature of their path when traversing
this magnetic field allows for the measurement of both their charge, depending on the direction

19 Since this curvature

to which their path is bent, as well as their transverse momentum py
is very subtle for the most energetic particles, which follow an almost linear path, it is crucial
that the path is recorded with high precision. Thus, the use of semiconductor detectors is ideal
for this task, since they are very compact and thin, providing good spatial resolution and fast

signals.

(19) In this context, transverse refers to the plane perpendicular to the beam and corresponds to the zy plane in
the ATLAS coordinate system, vide Fig. 3.3.
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Figure 3.6: Illustration of the ATLAS calorimeters. Taken from Ref. [223].

3.2.2 Calorimeters

After the inner detector, the next layers of the detector, the calorimeters, are responsible for
measuring the energy of both charged and neutral particles, vide Fig. 3.6. The principle of these
devices is to induce a particle shower, as shown in Fig. 3.4. This means that when the particles
interact with certain materials, referred to as the absorber material, they lose energy which is
deposited in the form of ionisation or scintillation light. In the case of an electron, for instance,
after interacting with the absorber material, it can emit a photon via the bremsstrahlung process,
and this photon can also be converted into another electron—positron pair. The succession of
these decays produces what we call an electromagnetic shower. A similar process also occurs
with particles interacting via the strong force, with the difference that they can also produce
hadrons which lose energy through nuclear interactions, forming a hadronic shower. By the
interleaving of absorption layers, which induce the particles to develop these showers, and
sensitive layers, which record the energy itself, the detector can register the energy deposited in
each layer and reconstruct the total energy of the particle that initiated the shower.

In the ATLAS detector, the first calorimeter in the particle’s path is the Liquid Argon (LAr)
electromagnetic (EM) calorimeter, responsible for registering the energy of particles decaying
electromagnetically, such as electrons, positrons and photons. The absorption layers are made
of tungsten, copper and lead, while the sensitive layers are chambers filled with liquid argon.
These layers are interleaved in an accordion geometry, which allows for the placement of several
layers in depth and offers a complete coverage over ¢.

Moreover, this calorimeter is formed by two half-barrels covering |n| < 1.475 and two

end-cap components covering the 1.375 < || < 3.2 region, with a transition region around
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Figure 3.7: lllustration of the ATLAS muon systems. Taken from Ref. [223].

1.37 < |n| < 1.52 where the measurements are compromised. Radially, it is separated into
four main regions: one pre-sampler and three sub-layers. The pre-sampler is responsible
for improving the energy resolution and it measures the energy of particles that might have
started the shower before the electromagnetic calorimeter. Next, the first sub-layer has a
fine n segmentation and thus provides excellent information on the position, allowing for the
discrimination between photons and 7 — ~+ decays, for instance. The second sub-layer is
the one that registers most of the shower and thus collects most of the energy. Finally, the
information coming from the last sub-layer is used to establish the shower length and helps to

1 This is possible since hadronic showers

distinguish electrons and photons from hadrons!
are much longer than the electromagnetic showers, reaching distances in the order of meters

into the detector.

For this reason, surrounding the electromagnetic calorimeter, the Tile hadronic calori-
meter is responsible for registering the energy of hadronic showers, although part of its energy
is also deposited in the form of electromagnetic showers coming from 7° — ~+ decays. The
Tile uses steel in its absorption layer and a plastic scintillator for its sensitive layer, with its
output light being transmitted through optical fibres to photomultiplier tubes. It covers the

barrel and extended region (|| < 1.7) and has a three-layer structure.

Lastly, in the region with 1.7 < |n| < 3.2, the Liquid Argon hadronic end-cap and forward
calorimeters are used to register the energy coming from hadronic showers in the extremit-
ies of the detector. The hadronic calorimeters also perform the energy measurement of the
electromagnetic shower’ tail and are important tools in discriminating events with hadronic

origin?**,
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3.2.3 Muon spectrometer

The last layer of the ATLAS detector is responsible for the detection of muons, charged particles
that can traverse the detector without having important interactions along the way, thus not
producing any particle showers. Moreover, since they have a longer lifetime, of 2.2 x 1076 s**],
they typically do not decay inside the ATLAS detector. For this reason, a tracking system for
muons is located beyond the calorimeters, called the muon spectrometers. They allow for the
measurement of the muons momenta from the curving of their path by the non-homogenous
magnetic field provided by toroid magnets. The ones located at the barrel region provide up
to 2.5 T, while two of them are located at the end-caps and provide up to 3.5 T. In the barrel
region, it consists of three concentric cylindrical systems, while three discs (or wheels) are
found at each end-cap, as illustrated in Fig. 3.7.

In the |n| < 2.7 region, the measurement of the track coordinates of muons is performed
by monitored drift tubes (MDT) chambers. These are formed by aluminium tubes filled with
an argon-gas mixture with an axial wire serving as the anode. When charged particles traverse
the gas, the electrons are knocked out of the gas molecules and drift towards the anode, thus
producing an electric signal. Moreover, the azimuthal coordinate of the tracks is measured by
the resistive plate chambers (RPC) for |n| < 1.0 and the thin gap chambers (TGC) for || > 1.0,
both of which also containing dedicated trigger systems. For the larger pseudorapidities,
namely 2 < |n| < 2.7, cathode strip chambers (CSC) are used, given the demanding rate and
background conditions”””!. Referred to as the old small wheel, this sub-detector was removed
at the start of Run 3%,

Additionally, in light of the increased luminosity expected for the next years, an important
upgrade was introduced to the ATLAS detector before Run 3, namely the new small wheel
(NSW) >l Being the innermost wheel at the end-cap region, covering |n| > 1.3, it provides
an improved pr resolution. It uses two new chamber technologies: the small-strip TGC
(sTGC) and the micro-mesh gaseous structure (Micromegas) detectors, which were designed
to improve the precision in the bending direction and the azimuthal coordinate of the tracks,
as well as delivering faster and more precise pr measurements.

The assembly of all these layers forms the bulk of the detector apparatus. Throughout
the whole structure, dedicated systems are designed to record the signals from all the sub-
detectors and process them to decide which ones are worth saving. This is the task of the

trigger and data acquisition systems, which are described in what follows.

3.2.4 Trigger and data acquisition

A total of 40 x 10° bunch crossings per second are delivered by the LHC at the centre of
the ATLAS detector. Recording all these events is not only impossible, but also not really
needed, since the most interesting events are usually rare (vide Fig. 1.6 in Chapter 1). For this

reason, a quick and well-founded selection of the most interesting events is crucial to make
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sure such rare events are not missed. This task of decision-making is assigned to the trigger
and data acquisition (TDAQ) system, which reduces the actual data taking to a smaller rate
that is recorded. This is accomplished by a combination of fast-processing hardware- and
software-based algorithms that run after each event in a two-level system.

The first phase of the trigger system is called the Level-1 trigger (L1), which is a custom-
built electronics system that processes the signals recorded by the sub-detectors with reduced
granularity. The reconstruction of the event and decision-making must be completed within
2.5 ps. At this level, the rate is reduced to around 100 kHz, which corresponds to 300 GB of
data per second.

The next processing step happens at the high-level trigger (HLT), a software-based system
that uses the full information from the detector sub-systems. This step uses a computer farm
to reduce the rate to around 3 kHz rate, which corresponds to 6 GB of data per second. These
final selection algorithms uses multi-threaded CPU architectures since it also must operate at
a very high-processing rate, spending 400 ms per collision on average.

Working in parallel to the trigger system, the data acquisition (DAQ) system is responsible
for the transport of data from the detector to the trigger systems and finally to the offline storage.
Each event that is chosen to be stored takes around 1.3 MB of data, which is made available
for the whole collaboration via a dedicated cluster of servers.

Known as the LHC computing grid, simply referred to as the Grid**"), this network of
servers is distributed worldwide in various sites. This infrastructure provides data storage and
computer processing for the whole scientific community working at the LHC. In particular, the
data recorded by the experiments is distributed according to a hierarchical model, with a Tier-0
centre referring to the computer farms located at CERN, Tier-1 corresponding to 11 computer
centres storing large portions of the data, followed by a larger number of Tier-2 centres scattered
around the world which store a moderate fraction of the data and provide computer power
for analyses. Beyond storing the data, the Grid is also used for the large-scale production of

simulations, managing the distribution of jobs between the various Grid sites.

3.2.5 Particles and event reconstruction

Once the signals of the detector have been registered, the process of interpreting and making
inferences from this data follows. It is by combining the different signatures measured by the
detector that the particles can be distinguished, a process referred to as reconstruction. From
its reconstruction, different algorithms are employed to further characterise and identify each
object.

For electrons, for instance, this detector signature corresponds to the combination of
a track in the inner detector with an energy deposit in the electromagnetic calorimeter. A
similar energy deposit without an associated track corresponds to a photon. Similarly, charged

hadrons will also leave a track in the inner detector, but their energy will be mostly deposited at
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the hadronic calorimeters. Moreover, neutral hadrons have similar energy deposit signatures,
but do not leave any track in the inner detector. Furthermore, tracks left in both the inner
detector and the muon spectrometer allows for the reconstruction of the muons, and while
neutrinos leave no signature in any part of the detector, a missing momentum in the transverse
plane allows to determine the events where they might have been present.

The combination of all signatures registered after a collision defines an event and it is
the basis of the data analysis that is done using particle collider data. Since we can suppose
that all events are statistically independent, useful information can be inferred by applying the
tools of probability theory to measure the rate with which events happen and compare it to the
predicted values from theory, calculated in terms of cross-sections. Moreover, beyond the four-
momenta obtained from the momentum-vector jj and energy F measurements obtained from
the track and calorimeter deposits, a number of other observables are defined. For instance,
since before the collisions there is no momentum in the plane transverse to the beam line, it
is convenient to work with the projections on this plane, such as the transverse momentum
pr. This allows for the determination of missing transverse energy £ from conservation of
momentum, a metric used to indicate the presence of particles that leave no detector signature,
such as neutrinos. Other variables of interest include the invariant mass m of a group of
objects, an observable that will be featured in both Chapter 5 and Chapter 7. Depending on
the measurement, more specific quantities can be constructed, being usually referred to as
high-level variables.

In the ATLAS experiment, the reconstruction, simulation and analysis of the data is
performed by a software framework called Athenal***). It uses Python as the configuration
layer to load algorithms and objects written in C++. It is based on the Gaudi framework!****>"],
which defines the basic classes used for event processing and provides optimal algorithm
execution. To take advantage of multi-thread machines, a redesign of the framework was
performed in preparations for Run 3 to create a new software called AthenaMT. Using multi-
threading, it implements parallelism at different levels, such as the processing of different
events or different algorithms.

We note that the Athena software is regularly updated and new releases are made avail-
able. An important upgrade happened between major release 21 and release 22, where the use
of Python 3 was adopted instead of its predecessor, Python 2, among many other upgrades.
In light of this upgrade, a new software for measuring electron efficiencies was implemented,

which will be discussed in Chapter 5.

3.2.6 Event generation and detector simulation

As we discussed in Chapter 1, an important part of the ATLAS physics programme is the
comparison of the experimental data with the predictions made by the SM. These include,

among others, the prediction on the probabilities that a given final state will be produced and
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how it will interact with the detector. As described in the SM, these values can be estimated
from the known interactions between the fundamental particles. In this context, the process
of simulating these events and the subsequent interaction with the detector is referred to as
simulation.

The first step when obtaining these simulations is the event generation, which uses the
MC method to predict the probability that a given final state will be produced at the parton

251]

level >} Since free quarks do not exist in nature, the process of hadronisation that follows the
collisions has to be simulated after the event generation stage!”””. The last step is then to pass
these products of the collision through a simulation of the detector itself and thus obtain the
predicted signatures of a given event!****>’],

The process of obtaining data from this chain of stochastic simulations establishes the
predictions for the rate at which a given event might occur. Moreover, these simulations are
the only tool we have to match the true nature of particles and the quantities registered in the
detector. For this reason, they help the development of algorithms aimed at the prediction of
this truth information”>*!, such as neural networks relying on supervised learning, as we dis-
cussed in Chapter 2. Finally, the data generated by these simulations is important to establish
the efficiency of the detector, and subsequently determine the precision of the measurements
performed from the experimental data. Since they are major components of the analysis chain,
the quality of these simulations is of the uttermost importance and its ability to reproduce
the experimental data is one of the major challenges of the physics programme of the ATLAS
experiment.

However, these simulations are known to be imperfect!”””!. Already at the theoretical
level, given that the calculations are based on perturbation theory, an approximation is done
by keeping terms up to a given order, which introduces uncertainties to the modelling of the
physics process itself. Furthermore, limitations on the precision with which we can describe
the detector variables, like the energy calibration or its efficiency, adds to the mismodelling
of the signatures of particles in the detector simulation. Other sources of discrepancies are
also introduced by the uncertainties in our knowledge of some physical parameters, such as
the mass of particles, or the limited number of events that can be generated in the first place.
Mitigating these discrepancies is thus an important challenge of the physics programme of

the ATLAS experiment.

3.3 Future upgrades

Since the start of data taking in 2008, the ATLAS collaboration has published over 1200 pub-
lications as of this writing, probing the physics of the SM and beyond. After Run 2 finished in
2018, the shutdown of the LHC machine allowed the installation of new infrastructures, both
at the accelerator and the detectors. These included, for instance, the new linear accelerator

(Linac4) and improvements to the injection beam energy of the PSB and the superconducting
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radiofrequency cavities. For the ATLAS detector, this period allowed the installation of the
Phase-I upgrade, which included the NSW and new front- and back-end electronics for the
Liquid Argon calorimeter and the TDAQ system, among others.

In 2022, a new data-taking period started, the Run 3, where 250 fb~" of data is expected
to be recorded at a centre-of-mass energy of \/s" = 13.6 TeV. Marking the last period of the
LHG, it is expected to finish by the end of 2025 or 2026“"’. In the meantime, the next generation
of accelerators with more energetic beams is already being prepared. Among them, we find
the HL-LHC***") which is expected to start operations in 2029. With the goal of increasing
the luminosity recorded by the LHC by a factor of 5-7, some of the new technologies being
developed for this upgrade include stronger superconducting magnets, precise control of the
phase of the radiofrequency cavities and better beam collimation, among others**".

To prepare for the considerable increase in luminosity expected with the HL-LHC, the
ATLAS experiment will undergo a Phase-1I upgrade”°“**”). Among the improvements, a com-
pletely new inner detector is being developed, namely the inner tracker (ITk). This all-silicon
detector is designed to improve the track reconstruction and vertex identification, as well as
extending the coverage to || < 4.0. Moreover, one of the major challenges of the HL-LHC
is the much higher pile-up, which is expected to reach () ~ 200. Since the calorimeter
performance will be particularly degraded by this, a new high-granularity timing detector
(HGTD) is being developed. With a precise timing measurement, combined with the position
information of clusters, algorithms will be able to determine which cluster belongs to which
pp collision within a given bunch crossing. Many other improvements are expected for the

different detector sub-systems, including the muon spectrometers and the TDAQ system!”".

In this thesis, we present measurements of the performance of the ATLAS detector when
identifying electrons (Chapter 5), as well as applications of machine learning to improve the
electron identification algorithm (Chapter 6) and optimise the search for new physics when
analysing its data (Chapter 7). Before presenting this work, in the next chapter we take a closer
look at how the reconstruction and identification of electrons is performed within the ATLAS

experiment.

(20) As of this writing, running in 2026 is still uncertain, with the final decision expected to be made after the
submission of this thesis.
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Chapter 4

Electron reconstruction and identification

People populate the darkness; with ghosts, with gods, with

electrons, with tales.
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Being the first subatomic particle to be discovered!””!, electrons are the protagonists of the
interaction between molecules and participate in a number of high-energy processes. As such,
they play an important role in various measurements performed by the ATLAS experiment,
especially those involving the Higgs boson, the W= and Z bosons, or the top quark. Part of the
work in this thesis involves the study of the electron identification procedure, in particular the
measurement of its efficiency (Chapter 5) and improvements on the algorithm itself (Chapter 6).
Hence, in this chapter, we present the signatures of electrons in the detector, as well as the

process with which they are reconstructed and identified.

41 Introduction

At the LHC, electrons are produced in various processes within the SM. They are the signa-
ture®! of the weak decays from Z and W= bosons”*’!, and consequently of the Higgs boson
via H — ZZ* — 40 ({ = e, ), making them central in a number of precision meas-
urements of the SM**%**!] " Also, electrons are used to probe physics beyond the SM, such

[262,263

as searches for supersymmetry or new electroweak bosons I, As a result, the ability to

properly reconstruct the signals left by electrons and distinguish them from misidentified had-

(21) In this context, signature refers to the signals left on the detector, allowing the reconstruction of a given
particle and, consequently, the event.
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Figure 4.1: Illustration of the path of a prompt electron in the ATLAS detector. A track is formed by
the combination of hits in the layers of the inner detector, namely the Pixel, SCT and TRT
subsystems. The electron energy is then deposited in the electromagnetic calorimeter, and
no signal is expected to be deposited in the hadronic calorimeter. Taken from Ref. [245].

rons or electrons not coming from these interesting decays are an essential part of the ATLAS
physics programme.
In particular, a better understanding of the detector and the hadron collider environment

(22)

has made viable a number of precision measurements'*” within the SM. Among them, meas-

264]

urements of the weak mixing angle!”**!, the W boson mass”*"! and properties of the Higgs

265

boson!**") are all dependent on a good understanding of the electron signatures in the detector.
Quantifying and reducing the systematic uncertainties associated with these objects is one of
the major limiting factors in the precision of such measurements!**..

Once an electron is produced at the collision point, it will traverse the different layers
of the ATLAS experimental apparatus, described in Chapter 3. The detector registers the
signatures of the products of collisions that happen at its center, and it is the task of the recon-
struction procedure to characterise and interpret these signals as particles. In the following
section, we discuss the specific signature left by an electron in the detector and how it is

reconstructed.

4.2 Electron reconstruction

Following its production at the interaction point, an electron traverses the different layers of
the ATLAS detector as depicted in Fig. 4.1. Throughout its path, signals will be recorded due

to the electromagnetic interaction between the electron and the detector’s subsystems. It is

(22) Precision measurements refer to those that aim the reduction on the value’s uncertainty.
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the goal of the reconstruction algorithm to interpret these signals and assemble the detector
signatures that can be interpreted as electrons.

Starting at the inner detector, electrons will follow a curved path, given its charged nature
and the strong magnetic field present in this region. This path is extrapolated from the hits
recorded by the Pixel detector layers, including the insertable B-layer, together with the SCT
double-sided strips and the TRT. The maximum number of hits recorded by these layers for
an electron will be 4, 8 and 35 hits, respectively!**.

From its interaction with the material of the detector, the electron will undergo brems-
strahlung processes, where the emitted photon will further decay into an electron—positron
pair. This iterative conversion between electrons and photons form an electromagnetic shower
that is recorded by the EM calorimeter. The energy deposits recorded by these calorimeter
cells, referred to as topological clusters, are combined via an algorithm that allows the recovery
of the energy of the shower”!. No amount of energy is expected to be deposited at the
hadronic calorimeter. Using a sliding window algorithm”*”! this EM cluster is matched to

266]

tracks reconstructed from the inner detector!”**). After undergoing position corrections and

2682691 "these signatures define what we call electron candidates.

energy calibrations

In most analysis performed within the ATLAS experiment, we are interested in prompt
electrons that originate from the interaction point. Referred to as signal electrons, these include
electrons coming from the decay of W, Z and Higgs bosons, as well as the ¢ quark, for instance.
We must note, however, that other objects might leave a similar signature in the detector.
Referred in what follows as the electron background or simply background, these other types
of objects will also be reconstructed as electron candidates. These include jets, photons or
electrons originating from heavy hadrons with b or ¢ quarks, as well as charged hadrons from
light quark flavours (u, d or s) such as the 7% mesons. Electrons produced from the conversion
of a photon, either produced at the interaction point or from a light-quark hadron decay (e.g.,
70 — ~) are also considered as background. Lastly, non-prompt electrons that are not coming
from the interaction point are also considered part of the background.

It is the goal of the identification algorithm to discriminate the signal electrons of interest
from these background objects. In this context, the current implementation of the procedure

used in the ATLAS experiment is described in the following section.

4.3 Electron identification

The proper identification of electrons relies on the understanding of the objects that mimic
their signatures. By far the most common objects that populate the electron background are
charged hadrons, mostly those formed by light quarks (u, d and s). Despite having a curved
track and a large energy deposit in the EM calorimeter, these objects have a more diffuse shape
in its energy cluster and a considerable amount of their energy is deposited in the hadronic

calorimeter. Additionally, electrons coming from photon conversions into e*e™ pairs or those
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Type Variable Description
MB-layer Number of hits in the innermost pixel layer
NPixel Number of hits in the pixel layer
Track quality NSCT Number of hits in the SCT layer
do Transverse impact parameter relative to the beamline
do/o(dp) Significance of transverse impact parameter defined as the ratio of
dp to its uncertainty
Ap/p Momentum lost by the track between the perigee and the last meas-
urement point divided by the momentum at perigee
TRT eProbabilityHT  Likelihood probability based on transition radiation in the TRT.
This variable is set to a default value for candidates with > 2.01
due to the limited coverage of the TRT
Am An between the EM cluster position in the first layer and the extra-
polated track
Track-cluster
matching Apres A¢ between the cluster position in the second layer of the EM calor-
imeter and the momentum-rescaled track, extrapolated from the
perigee, times the charge ¢
E/p Ratio of the EM cluster energy to the track momentum
EM Ws tor Shower width, \/(Z Ei(i — imax)?) /(0. E;) , where i runs over all
calorimeter, strips in a window of An x A¢ = 0.0625 x 0.2, corresponding
first layer typically to 20 strips in 77, and imay is the index of the highest-energy
strip
FEradio Ratio of the energy difference between the maximum energy deposit
and the energy deposit in a secondary maximum in the EM cluster
to the sum of these energies
fi Ratio of the energy in the first layer to the total energy in the EM
calorimeter
EM W2 Lateral shower width, /(3" Ein?)/ (3 Ei) — [0 Eimi) /(O B2
calorimeter, where E; is the energy and n; is the pseudorapidity of cell 7 and the
second layer sum is calculated within a window of 3 x 5 cells
Ry Ratio of the energy in 3 x 3 cells over the energy in 3 x 7 cells centred
at the EM cluster position
R, Ratio of the energy in 3 x 7 cells over the energy in 7 x 7 cells centred
at the EM cluster position
EM I3 Ratio of the energy in the third layer to the total energy in the EM
calorimeter, calorimeter. Due to the known mismodelling at high |7|, this vari-
third layer able is set to a default value for candidates with |n| > 2.01
Hadronic Rp.a1 Ratio of the transverse energy Et in the first layer of the hadronic
leakage calorimeter to Et of the EM cluster
Ry Ratio of the transverse energy Ft in the hadronic calorimeter to Et

of the EM cluster

Table 4.1: High-level variables from the tracks, track-cluster matching and calorimeter that are used
to discriminate electrons of interest from their background in the context of the LLH

identification method”**/.
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coming from hadronic jets from heavy-flavour decays (i.e., involving b or ¢ quarks) will present
a large impact parameter, which allows for its discrimination from the signal electrons that are
coming from the interaction point.

As aresult, from the recorded signature of the electron candidates, a number of discrimin-
ant variables are constructed to distinguish the signal electrons from their background. These
are defined from the quantities recorded by the inner detector and calorimeter subsystems,
and are listed in Table 4.1. In particular, their discriminating power relies on properties of the
primary electron track and the lateral/longitudinal development of the EM shower, as well as
the compatibility between these two!***],

From the primary track associated with an electron candidate, the number of hits in
each of the layers of the Pixel and SCT sub-systems is used to leverage its quality. Then, the
transverse impact parameter relative to the beam line dy and its significance dy/o(dy) are used
to quantify the displacement of the electron origin, values that will be higher for electrons
coming from photon conversions and heavy hadronic jets. Moreover, the momentum lost
by the electron along the track, measured as Ap/p, is used to quantify its loss of energy to
bremsstrahlung, which is considerably higher for the signal electrons but not for the charged
hadrons.

Likewise, the inner detector TRT subsystem, described in Chapter 3, is also optimised to
distinguish electron signatures. In particular, light particles such as the electron radiate more
photons when traversing the radiator foil when compared to heavier particles such as the 71>
This means more high-threshold hits are recorded in this subsystem along the reconstructed
track for electrons, which, however, is not the case for its hadronic backgrounds”**"?. Thus,
we define a variable called eProbabilityHT to quantify the likelihood of a given candidate to
be an electron from the TRT signals****"*!,

Additionally, since an electron produces a rather narrow cluster in the EM calorimeter, the
lateral development of the shower is also an important discriminant. Quantified in variables
such as the widths w; o, and w2, or the ratios R, and Ry, the lateral spread of the showers are
expected to be larger for hadronic jets. Furthermore, these jets are expected to generate showers
with larger depths, meaning that they can reach into the hadronic calorimeters. As such, the
ratios of energy deposited in the hadronic calorimeter to the EM calorimeter, Ry,,q and Ryaq1,
are used to discriminate these hadronic backgrounds. Also, the depth of the showers within
the EM calorimeter are quantified via ratios of the energy in its different layers, via the f, f3
and FE,.q, variables.

Lastly, the process of matching which tracks correspond to a given EM calorimeter cluster
helps identify if the pairing is appropriate. This compatibility of the calorimeter cluster with
the track in the X ¢ space is quantified via the An; and A¢, variables. A further metric to
assess if they correspond to the same object is the ratio of the EM cluster energy to the track
momentum F/p.

It is via the definition of these high-level variables that the implementation of identifica-
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Figure 4.2: Distributions of the (a) Ry and (b) fi observables, defined in Table 4.1, for both signal
(solid black line) and background (red dashed line) electrons. Both distributions are
obtained from MC simulated events, where Z — eTe™ processes are used to obtain signal
and QCD two-to-two processes are used to obtain background. The distributions have
been smoothed and corrected. Taken from Ref. [245].

tion algorithms is optimised to discriminate between electrons and the objects mimicking their
signatures. From 2010 to 2012, a cut-based approach”’") was used, where simple thresholds on
these variables were defined to separate signal and background. This method was implemen-
ted and optimised using the Toolkit for Multivariate Data Analysis (TMVA)!"*"! with the ROOT

[245,274

framework. Its successor, the likelihood method I, has the advantage of combining the
information of all the discriminating variables, as well as allowing the use of quantities that
have similar distributions between data and MC simulation and thus could not have been used
in the cut-based approach!”’?). This is the case, for instance, of the R, and f; variables shown
in Fig. 4.2, which have significant discriminating power between signal and background. Since
the likelihood method is the standard currently used for the identification of electrons in the

ATLAS detector, we will describe it in what follows.

4,31 Likelihood-based identification

As previously discussed, the goal of the identification procedure is to decide if a given electron
candidate corresponds to a signal electron, that is, one coming from the interaction point, or
if it corresponds to one of its backgrounds. In the likelihood-based identification algorithm
(LLH), the high-level variables listed in Table 4.1 are used as input to perform this task***.
The current ATLAS identification algorithm defines five working points, referred to as Ticnr,
MEepium, Loosk, VeryLoose and UrtraLoose!”*”). These correspond to increased values of the
discriminant, and, consequently; of increased background suppression at the cost of a reduced
signal acceptance. The LLH threshold values depend on the Er— bins, and are defined to
have a rather constant background efficiency with decreasing levels on the signal efficiency.

On top of the thresholds on the discriminant values, each working point has extra re-
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Figure 4.3: Electron identification efficiencies (top) measured as a function of (a) transverse energy Ft
and (b) pseudorapidity 7gg> in both data (filled markers) and MC simulated events (open
markers). The measurement was performed in data recorded by the ATLAS experiment
in the full Run 2 data-taking period (2015-2018) from pp collisions at y/s" = 13 GeV,
corresponding to an integrated luminosity of 139 fb~1. Three working points from the
likelihood identification algorithm were considered, namely, TiguT, MEpium and Loosk,
with an extra B-Layer requirement on the latter. The ratio of the data efficiencies with
respect to the MC ones, referred to as scale factors, is shown (middle) together with its
total and statistical uncertainties (bottom). Taken from Ref. [266].

quirements on the number of hits in the Pixel and SCT inner detectors. For the Loosg, Mepium
and Ticut working points, values of npiy > 2 and npixe] + nscr > 7 must be satisfied, with one
of the Pixel hits happening at the insertable B-layer for Mepium and Tigut. Moreover, a vari-
ation of the Loose working point is also defined, namely the LooseAnpBLaver working point,
which uses the same discriminant threshold for Loosg, but adds a requirement of at least one
hit in the insertable B-layer. This extra requirement is done to reduce the background coming
from converted photons that occur early in the detector. Also, only one hit in the pixel detector
is required on top of the VeryLoose working point, in particular, since it is defined to provide

a more relaxed identification requirement for background studies.

The efficiency of the LLH identification working points are measured in both experi-
mental data and MC simulated events. These quantify the rate of electrons that pass each
selection criteria from a sample of signal electrons. From the data-to-simulation ratios of these
efficiencies, referred to as scale factors, corrections to the MC simulation can be obtained to

better reflect the detector performance in data.

The latest measurement!”““! of these efficiencies is presented in Fig. 4.3, where the full Run
2 data-taking period (2015-2018) was considered, corresponding to an integrated luminosity

of 139fb~!. A clear decrease in the efficiencies is observed for lower values of Fr, while their
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values remain symmetric across n**. Also, we note that data efficiencies are slightly lower
than MC efficiencies for the Ticut working point, with a better agreement between the two for
the Loose working point. Overall, the data/MC ratios remain close to unity within 5%.

On top of the identification procedure, most studies performed within the ATLAS exper-
iment also need the electron signature to not overlap with any other objects registered by the

detector. This is quantified by the isolation procedure, discussed in the following section.

4.4 Electron isolation

When investigating processes involving electrons with the ATLAS detector, most of the time
we are only interested in those produced at the interaction point. As previously discussed, the
identification algorithm is optimised to discriminate these signal electrons from the misidenti-
fied hadrons mimicking its signature, as well as the electrons from photons and heavy-quark
decays. Since these backgrounds mostly originate from hadronic processes, they will be pro-
duced within a jet and thus many energy deposits will be found around the electron candidate.
As a result, the activity in a An x A¢ region surrounding the electron candidate is a great
metric to discriminate signal electrons, a concept referred to as isolation. Such a concept is
particularly useful when investigating electrons produced in busy environments with many
particles in the final state, such as the ¢¢ production, or when boosted particles decay into
collimated electron—positrons pairl**’.

To that end, specific variables are defined to quantify the isolation of both the track in the
inner detector and the energy deposits in the calorimeter for a given electron candidate. The
vicinity of the object is quantified in the form of a cone of radius AR = /(An)? + (A¢)?

around the direction of the candidate, defined from either the track or the energy cluster
barycentre, and excluding the candidate itself!***!.

For the calorimeter-based isolation, the variable £$°"X is defined using the method
illustrated in Fig, 4.4. Itis given by the sum of the transverse energy of all clusters that have their
barycentre within a cone of size AR = X/100, centred at the barycentre of the corresponding

[266

cluster associated to the electron candidate. In most applications, X is set to 20°°°), During
the estimation of this quantity, the energy of the candidate and contributions from pile-up
activity® are subtracted”*”!.

Likewise, the track-isolation variable p$*™X is defined as the scalar sum of the transverse
momenta of tracks within the cone of size AR previously defined, centred at the direction of
the candidate’s track. In this case, X is usually taken to be 20 or 30!, Moreover, only tracks

that satisfy minimum quality requirements and originate from the primary vertex”” of the

(23) We note that this 7 is obtained from the barycentre of the energy cluster in the second layer of the EM
calorimeter. For this reason, it is also denoted in this work as ;.

(24) As discussed in Section 3.2, pile-up refers to the additional pp collisions that happen together when two
bunches cross the detector.

(25) Primary vertex refers to the one with the largest scalar sum of transverse momenta of the associated tracks.
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n

Figure 4.4: Schema of the calorimeter isolation method, where the grid represents the second-layer
calorimeter cells in the 7 x ¢ space. The energy deposits (red patches) that have their
barycentre within the isolation cone (purple circle) are included in the computation of the
isolation variable, after removal of part of the cluster associated to the electron candidate
(vellow rectangle). Taken from Ref. [245].

event are considered”*!. An alternative track-isolation variable is also defined to accommod-
ate scenarios where the electrons are produced in cascade decays of high-momentum heavy
particles”**. This pireeneXX quantity is obtained with a variable cone size, that gets narrower

as the transverse momentum of the object increases, that is,
) 10

AR = mm(E—, AR |,
T

where Er is given in GeV and AR, is the maximum cone size accepted.

Similar to what is done for the identification, working points are also defined from fixed
requirements on the calorimeter or the track isolation variables”““! as listed in Table 4.2. These
working points are then used on top of the identification ones to complete the identification
procedure in ATLAS studies. For the TigutTrackOnLY_FixepRap working point, in particular, a
variable cone size is used at low energies (£t < 50 GeV) to increase the rejection of hadronic
activity.

In this context, we present in Fig. 4.5 the electron isolation efficiencies latest measure-
ments”*), obtained in the 2018 data-taking period of Run 2 that corresponds to 58.5fb™!.
Both data and MC efficiencies are presented, together with the data/MC ratios, as functions
of the electron Er and 7. The five isolation working points defined above are considered, with
electrons being required to pass the Meptum likelihood identification working point®®.

It is clear that the TicnT_VarRap isolation criteria presents the highest background rejec-

(26) Measurements were also performed for the Loost and TigHT identification working points, but they are
not presented here for simplicity.
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Table 4.2: Isolation working points, defined with respect to the calorimeter-based and track-based
isolation variables!**.

Working point Calorimeter isolation Track isolation
HicuPtCaLoOnLy Ene20 < max(0.015pr, 3.5 GeV)

varcone30 /p < 0.06

TicHTTRACKONLY_VARRAD

varcone30
< 0.06 (BT < 50 GeV
TicuTTrRACKONLY_FI1xEDRAD /pr (Er ev)

Ticut_VarRaD E5one20 /pr < 0.06 yarcone30 /< 0.06

PY
PT
P20 /e < 0.06 (Ep > 50 GeV)
p
p

Loose_VARRAD Eone20 /p < 0.20 varcone30 /iy < 0.15
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Figure 4.5: Electron isolation efficiencies (top) measured as a function of (a) transverse energy Et and
(b) pseudorapidity 7. The measurement was performed in data recorded by the ATLAS
experiment in the Run 2 2018 data-taking period from pp collisions at /s = 13 GeV,
corresponding to an integrated luminosity of 58.5 fb~!. The five isolation working points
are considered, with electrons being required to pass the Mepium likelihood identification
working point. The ratio of the data efhiciencies with respect to the MC ones, referred to
as scale factors, is shown (bottom). Taken from Ref. [266].
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tion for lower energies (Et < 60 GeV), while for higher energies (F'r > 100 GeV) HicuPtCa-
LoOnLy is preferred for this task. We note symmetric efficiencies across 7 for all working points,
with TicuT_VarRap having significant differences along the full range. Lastly, the data/MC

ratios are overall close to unity, with differences ranging below 5%—7%.

For the whole electron reconstruction, identification and isolation procedures, it is crucial
to properly estimate the efficiency of each one of these steps. In particular, we want to quantify
how well each algorithm is capable of accepting true electrons and with what precision we
know this rate. By properly quantifying the detector performance, we can properly calibrate the
detector simulation to reflect this performance, as well as gauge areas of improvements for all
the different methods being used. Moreover, the ratios of the efficiencies measured in data and
MC simulated events allow for the correction of the latter, known to suffer from mismodelling,
as discussed in Section 3.2.6. In this context, the following chapters are dedicated to the
improvements introduced by this work to both the electron identification algorithm and its
efficiency measurements. We start with the method used to measure the electron efficiencies
and scaling factors, together with new results obtained for the identification efficiencies, in

particular, which are the subject of the next chapter.
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Measurement of electron identification

efficiency

We demand rigidly defined areas of doubt and uncertainty.

Douglas Adams!*"°]
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As discussed in Chapter 4, the electron identification algorithm is responsible for discriminat-
ing between the electrons in which we are interested, that is, those coming from the interaction
point, and those that are non-prompt or actually other objects with similar detector signa-
tures, such as charged hadrons or electrons decaying from jets. Quantifying the efficiency of
this method is an important metric for assessing the systematic uncertainty of the detector
and properly correcting the MC simulated events to match the detector performance. In this
chapter, we present measurements of the electron identification efficiency in the ATLAS exper-
iment for the Run 2 data, from 2015 to 2018, and for the early Run 3 data from 2022, which
both represent original contributions from the author of this thesis. Moreover, we describe the

implementation and improvements made to the software used to perform these measurements.
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5.1 Motivation for efficiency and scale factors measurement

The electron reconstruction and identification algorithm described in Chapter 4 is used by all
ATLAS analyses involving electrons. As such, the proper estimation of the systematic uncer-
tainties introduced by these methods impacts the precision of all the corresponding physics
measurements performed. In particular, analyses that rely on the counting of the number
of electrons produced are particularly sensitive to how efficient the electron identification
algorithm is. This is the motivation behind the measurement of the efficiency with which

1[245,266,268,27

electrons are identified in the detecto ‘1. Ideally, we want all the electrons of interest
that are produced at the interaction point to be properly identified as electrons. However, this
is not always the case. Thus, we must make sure that we properly quantify how well these
methods are performing. This is possible by measuring the electron identification efhiciency
and properly estimating the uncertainty we have on its value.

The precision with which these efficiencies are measured is a limiting factor for results
that rely on the accurate detection of electrons. This is the case, for instance, for one of the
latest ATLAS results where lepton-flavour universality was tested by comparing the decays of

W -bosons into electrons or muons in top-pair events!”’!. This measurement of the ratio
Ryern = BIW — uv)/B(W — ev),

quantifying the difference between the branching ratios B(W — (v),{ = e, p, is the most
precise to date, an achievement made possible greatly due to the improvements done to reduce
the uncertainty on the electron efficiency uncertainties”*"’,

Furthermore, the electron identification algorithm is known to suffer from the mismod-
elling in MC simulation events, as discussed in Section 3.2.6. These are known to exist from

Leel p

the simulation of tracking properties, calorimeter shower shapes and their isolation
particular, the energy deposits in the calorimeter subsystems are known to be different between
the simulated detector model and the real detector. This can be explained, for instance, by the
presence of passive material in front of the electromagnetic calorimeter, which is imperfectly
accounted for in the detector simulation”””. As a result, the MC simulated events must be
corrected to better represent the experimental data they are intended to describe.

To address this issue, a correction is added to the MC simulated events to match what
is observed in real data. This multiplicative factor, known as an scale factor (SF), is obtained
from the ratio of the efficiency obtained in the experimental data €g4,,, with respect to the one

obtained in the MC simulated data eyc, that is,

o €data

SF = .

EMC

Since different kinematics will impact the efficiency values, the SFs are obtained as a function

of pr and ). By introducing these SFs when processing MC simulated events, the final distribu-
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tions better represent the behaviour that is observed in the experimental data. In particular, the
definition of such ratio allows for the cancellation of residual effects coming from kinematic
differences between the physics process used to obtain the efficiency measurements and the
ones being studied in other data analyses. That is, even though the efficiency measurements
are performed using objects coming from a particular process (namely the Z — e*e™ decay),
the corrections obtained from the SF values can be universally used by all processes studied
in the ATLAS experiment”.

As described in Chapter 4, the process of reconstructing and identifying an electron
within the ATLAS detector relies on a series of sub-systems and procedures. To better quantify
the impact of each one of these steps, the total electron efhiciency e is factorised into the

measurement of reconstruction, identification, isolation and trigger efficiencies, that is,

€ = €EM-cluster X €reco X €ID X €jso X €trigger-

Each one of these factors is responsible for quantifying how well the given step in the re-
construction and identification chain is being performed. They are obtained individually by
counting the number of electrons that satisfy the corresponding selection over the ones that

passed the previous requirement,

o NEM-cluster Nreco NID « Niso x Ntrigger

= X X (5.1)
N, all N EM-cluster N, reco N D ]Viso

In summary, these efficiencies are defined as follows:

EM-cluster efficiency egyn_custer reflects the probability to reconstruct the electromagnetic
cluster of an electron. It is given by the ratio of reconstructed EM calorimeter clusters,
NeM_duster> Over all produced electrons, N,;

Reconstruction efficiency €., reflects the quality of the track reconstruction and its matching
to a cluster. It is calculated as the ratio of reconstructed electron candidates with a track,
Nieco, over the number of EM-cluster candidates, Ngyster;

Identification efficiency €;p reflects the efficiency of the menus designed to massively reject
backgrounds at different signal efficiencies. It corresponds to the number of electrons
that pass the identification criteria, Nip, over all the reconstructed electron candidates,
NI'CCO;

Isolation efficiency €, reflects the probability that an identified electron passes track and
calorimeter isolation requirements. It is calculated as the ratio of electrons satisfying
both identification and isolation requirements, N, over those that pass the identifica-

tion requirements, Np;

(27) We also note that, when performing the efficiency measurements, no distinction is made between the charges
of the electron (™) and the positron (). As such, unless otherwise stated, any references to electrons in
this work also includes positrons.
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Chapter 5 Measurement of electron identification efficiency

Trigger efficiency €,igeer is the rate at which an electron passing all the previous requirements
will also satisty the online requirements of a specific trigger. It is given by the number of

triggered (also reconstructed, identified and isolated) electron candidates Nyigger divided
b}’ Niso;

Except for egyieusier, which is measured entirely from MC simulation”**! all these efhi-
ciencies are estimated directly in data. To do so, a high-purity sample of electrons is needed,
but it must not be biased by the algorithm of which the efficiency we are trying to quantify. In
our case, we will focus on the identification efficiency, meaning we need a sample of electrons
selected without using the identification algorithm. Such a selection is obtained using the

tag-and-probe method, described in the following section.

5.2 Tag-and-probe method

The goal of the tag-and-probe method is to obtain an ensemble of objects that we are confident
correspond to a given type without using any identification algorithm. To measure electron
efliciencies, for instance, we need to have a sample of true electrons without using the iden-
tification methods designed to distinguish electrons from their backgrounds. Thus, we take
advantage of well-known resonances in the SM, such as the Z — ete™ and J/ip — eTe™

decays, where we know the final products are electron pairs.

The procedure consists of selecting one of the electrons in the pair using strict require-
ments, in such a way that we are confident it is a true electron. This object is referred to as
the tag. The second electron, referred to as the probe, will populate our unbiased dataset since
it will have passed the EM-cluster and reconstruction procedures but not the identification
requirements for which we want to measure the efficiency. By requiring the invariant mass of
the tag and probe pair, m.., to be close to the Z boson mass, for instance, we will maximise
the chances that the probe corresponds to an electron as well, without using any identification

algorithm.

In this way, the efficiency of a given selection is obtained by counting the number of
probes that pass our selection of interest (e.g., an identification criteria) among all the probes
obtained in the dataset. It so happens that in some events two objects satisty the more strict
tag requirements. In such cases, both of them are considered separately as tag, allowing the

other to be counted as a probe, a process referred to as cross-probing.

The tag-and-probe method used to measure electron efficiencies is implemented using
the ATLAS software suite!”**!, which is used for the reconstruction of events and processing
of both simulation and experimental data. Presented in Section 3.2.5, this library is regularly

updated to incorporate the latest developments to the event-processing scheme. An import-
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ant release update'”® was performed before the start of Run 3, requiring a completely new
implementation of the whole electron efficiency calculation software. As a result, the previ-
ous software, used to obtain the most precise measurements over the Run 2 period”!, for
instance, was replaced with a new framework, the TacAnpProse”"*! software suite. This new
implementation was designed to perform, among other things, the efficiency measurements
for the different reconstruction, identification and isolation algorithms.

Later in this chapter, we will present the measurements performed with this new software,
in particular the identification efficiencies €jp previously defined. Before doing so, a description

of this efficiency calculation is presented.

5.3 Electron identification efficiencies

As discussed in the previous chapter (Section 4.3.1), the identification of electrons in ATLAS
is currently performed using a likelihood approach. This method defines different working
points, namely the Ticut, Mepium, Loose and VeryLoose working points, each one of them to
increasing levels of signal efficiencies. This means that a sample of objects that pass the Ticur
working point will be mostly populated by true electrons, but many true electrons will be left
out of the sample. Alternatively, a selection of objects that satisfy the Loosk requirement will
contain almost all electrons available, but also be contaminated by many background objects.

The efficiency of each one of these identification working point using the tag-and-probe

method is measured as

Number of probes that pass the identification criteria

: (5.2)

b = Total number of probes
such that efficiencies close to unity correspond to the ideal scenario. Since the measurement
is performed with respect to reconstructed electrons, all probes are required to have a good
quality track matched to an EM cluster. Moreover, these ratios are measured as a function
of the transverse momentum pt“” and the pseudorapidity 1, the latter obtained from the
barycentre in the second layer of the EM calorimeter. This layer is where the majority of the
electron energy is deposited, such that it is known to give a better proxy for the location of the
cluster of an electron in the EM calorimeter.

The identification efficiencies are measured in bins starting from pr > 4.5 GeV. For ener-

gies of pr > 15 GeV, the Z boson resonance is used to extract the probe electrons. Conversely,

(28) The ATLAS software used in the last published efficiency results”* was in its major version 21, and it
is referred in this work as release 21. Now, its update to major version 22 allowed, among other things,
compatibility with Python version 3, instead of the previously used version 2. In this work, other major
versions of the ATLAS software were also used, namely versions 22-25. For simplicity, all these versions are
taken to be equivalent and referred to as release 22.

(29) Since the mass of the electron is small when compared to its momentum, Et & pr. As such, the electron
transverse momentum and transverse energy have the same value and are used interchangeably in ATLAS
efficiency measurements. In this work, we have used mainly the transverse momentum pr.
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Figure 5.1: Examples of histograms used to estimate the background in the (a) Z-mass and (b) Z-iso
methods. In the Z-mass method, the invariant-mass distributions of the electron pair me,
is used. In the Z-iso method, the probe E$1¢30 isolation variable is used, defined as the
sum of the transverse energy deposited in the calorimeters in a cone of AR < 0.30. The
signal regions used in the efficiency measurements, which correspond to the Z peak, are
shown in gray. Taken from Ref. [266].

given the low statistics observed at lower energies, such as 4.5 GeV < pr < 20 GeV, the J/¢
resonance is more appropriate to the task in these ranges, with a mass of m ;,, = 3.1 GeV!*'l,
Both approaches are performed in the 15 GeV < pr < 20 GeV window, where the results are

cross-cheked and combined”**!.

Furthermore, we know that among the selected probes there will be contamination
from hadrons or electrons from semi-leptonic decays of heavy-flavour hadrons or photon
conversions. Since these objects are not electrons produced at the interaction point, the ones
we are interested, they should not be included in our efficiency calculation. Estimating the
amount of these background objects among the probe electrons is one of the major challenges

of the efficiency measurement.

To this end, two approaches have been developed: the Z-mass method, which uses the
invariant mass of the electron pair m,, to estimate the background, and the Z-iso method, which

245,266,268,27

uses the energy deposits in the isolation cone of the probe electron! 1. Examples of
the distributions used for both these methods are shown in Fig. 5.1. For lower energies, in the
range [1.8,4.6] GeV, the background estimation is done with the invariant mass distributions
of the J/¢ — ete™ decay. Although only prompt J/1) — ete™ processes produce isolated
electrons, we also have non-prompt .J/v¢ production from the decay of b quarks, which are

266

considered background!”*!. To suppress this non-prompt contribution, a requirement is made

on the pseudo-proper time variable t,, defined as a function of the displacement of the J/v
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54 The Z-mass method

vertex, its mass and its transverse momentum, since smaller values are associated with the
prompt contribution”*!. All these methods are combined, accounting for the statistical and
systematic correlations between them®”.

For the measurements presented in this work, the Z-mass method was used. Its descrip-
tion and upgrades with respect to the previous iterations of these results are described in the

following section.

5.4 The Z-mass method

The invariant mass distribution of the electron pair m., forms a clear peak around the Z boson
mass, at myz = 91 GeV! as shown in Fig. 5.1a. Thus, we define the signal region (SR) of the
measurement as a given range in the mass spectrum that includes the Z peak. It is the ratio of
signal electrons in the SR that correctly pass the identification requirement, Sip, among all the
probe electrons that satisfy the reconstruction requirements, Sprobes, that is used to measure

the electron identification efficiency; that is

Sip ~ Nip—Bp

‘b = g =N ) ; (5.3)
probes | ;.. € SR probes probes | ;.. € SR

where Npohes and Nip are the total number of electron candidates and those passing the iden-
tification requirement, respectively, while Byopes and Bip are the respective number of objects
that are not signal electrons and thus correspond to the background. These quantities are
obtained as the integral of the corresponding distributions over the SR. When measuring the
efficiency in MC simulated events, all events are properly selected to correspond to true elec-
trons, so there is no background present. However, this is not the case when performing the
measurement in data, where objects such as light-flavour mesons or electrons coming from a
heavy flavour decay can mimic the electron signature in which we are interested.

The main challenge of the Z-mass method is to obtain this background estimate (solid
blue line in Fig. 5.1a), from which the By and Byp values can be extracted. In this particular
method, these background distributions are derived from data using m., as the discriminant
variable. For this purpose, invariant mass histograms are built from objects satisfying the
signal selections for both numerator and denominator. The ones obtained from data are
directly used to estimate the number of events Nip and Nopes. Histograms are also built from
objects that satisfy a selection built to accept mostly background events using both data and

MG, referred to in this work as background templates.

(30) The combination of J/t¢ and Z methods is easier since the events used are different. The combination of
the two Z methods, however, is a bit more complex, since they rely on the same events. For instance, since
both methods use the same signal definitions, the statistical uncertainty of the signal are correlated. On the
other hand, since the background estimation is based on different control regions, the background statistical
uncertainties are uncorrelated.
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Chapter 5 Measurement of electron identification efficiency

Two approaches have been developed to obtain the background estimate. A first ap-
proach normalises the background template obtained from the data to the signal histogram
in a mass region far from the Z peak, namely m., € [120,250] GeV""”!. A more sophisticated
approach, on the other hand, fits the background templates to the signal data using a full
maximum-likelihood fit, a method that was used in the latest measurements”*". Being easiest
to implement, the first method was used to perform measurements with the early Run 3 data
available in 2022. Then, once the latter was fully implemented, it was used to perform meas-
urements in the full Run 2 data, including improvements with respect to the latest published
results”**). We emphasise that the implementation of the first method together with these two
measurements (early Run 3 data and full Run 2 data) correspond to an original contribution
of the author of this thesis.

For the measurement to properly reflect the efficiency of the detector, we need to build
reliable histograms. In particular, the background templates will be populated by signal events
that must be removed. Furthermore, the uncertainties on the measurement need to be accoun-
ted from both the statistical size of the sample used and those introduced by detector effects.
As such, systematic variations of the measurement are performed, where different elements of
the analysis are modified. While the central value and its statistical uncertainties are obtained
from the nominal variation of the measurement, its systematic uncertainty is estimated as the
difference between the variation values and the nominal one, added in quadrature.

In what follows, the formalism of the Z-mass method is presented, covering the event se-
lections used, the background estimation procedure, as well as the efficiency and SF calculation.
Finally, a summary of the improvements added with respect to the previous implementation is
also presented. We note that the implementation of the event selection and input preparation,
which will be described in Section 5.4.1, as well as the first iteration of the background estima-
tion, which will be described in Section 5.4.2, were performed by the author of the thesis. The
implementation of its second iteration, the method described in Section 5.4.3, including its
improvements with respect to the previous implementations of this method, was performed
by others. Lastly, the measurements presented on this thesis, presented in Section 5.5, also

correspond to an original contribution from the author of this thesis.

5.41 Event selection and input preparation

Datasets containing events recorded by the ATLAS detector for the full Run 2 period (2015-2018)
and the early Run 3 period (2022) were used for the measurements presented in this work.
Events from MC simulation were also generated and processed through the detector response
using the ATLAS simulation infrastructure”**), presented in Section 3.2.6. Both simulated and
experimental data were then reconstructed using the ATLAS software!>**!. A first filter to keep
only relevant events was performed, such that the input datasets were populated mainly by

electrons from the Z — e*e™ process.
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The tag-and-probe method was then used to obtain samples of unbiased electron can-
didates for the measurement using the selections listed in Table 5.1 and Table 5.2. Only events
that passed minimum reconstruction quality requirements were kept. Moreover, these events
had to be originated from a primary vertex and pass one of the single-electron triggers, listed
in Table 5.3.

For each event, a tag and probe pair was identified using the requirements also listed in
Table 5.1°". Both objects were required to satisfy basic data-quality requirements and had
its energy and resolution corrected. Moreover, the reconstruction algorithm that defines the
electron candidates also defines ambiguous candidates that could be potentially either a photon
or an electron”*”!, For this reason, both candidates considered as electron or ambiguously
a photon or an electron are included. For MC simulated events, a selection at truth-level
guaranteed that only electrons originating from a Z boson and considered as prompt were
kept.

An object was accepted as a tag if it satisfied kinematic and track isolation criteria that
guaranteed it was a prompt electron. In particular, this means they had pr > 27GeV and
|neE2| < 2.47, with |ngg2| € [1.37, 1.52] such that they were not reconstructed in the transition
region between the barrel and end-cap calorimeter. Also, a small value was required for the sum
of the pr from the tracks in a cone having radius AR = 0.20 over pr, namely p$>¢?° /pr < 0.1.
Also, tag objects had to satisty requirements concerning the transverse and longitudinal impact
parameter, dg and zg, respectively, recorded by the inner detector. More precisely, the maximum
absolute transverse impact parameter significance of the electron primary track was required
to be |dy/o(dp)| < 5.0, while |zpsin 0| < 0.5 selected a small value for the maximum absolute
longitudinal impact parameter (with respect to the hard-scattering primary vertex) times the
sine of the scattering angle € of the electron primary track, given in millimetres. Furthermore,
the tag needed to match to a single electron trigger (Table 5.3) and also pass the Ticar LLH
identification working point.

On the other hand, the probe was required to have pr > 15GeV and |ngg,| < 2.47,
corresponding to the kinematic region of interest for the measurement. Moreover, it had to
satisfy a jet veto that guaranteed an electron and a jet with £+ > 20 GeV would not overlap
in a region with AR < 0.4, as well as good track quality with the number of hits in the Pixel
and SCT detectors satisfying npixe; > 1 and ng; > 8, respectively. Furthermore, the sum of the
charge of the tag and the probe were required to be zero, such that we are confident they have
opposite sign (OS) and thus originate from the neutral Z boson. Events where the charge sum
corresponded to either —2 or 42 were also used in a separate selection, since these same sign
(SS) events are used when estimating the background, as will be discussed in Section 5.4.2.

From these selections, we are confident the objects satisfying the probe criteria corres-

(31) We note that for the Run 3 measurements, some of the selections were different. In particular, the tag was
required to have pr > 25GeV and the track quality cuts had ng; > 7. The values in Table 5.1 represent
minor improvements made when performing the more recent Run 2 measurements, and, as such, represent
the state-of-the-art values.
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Table 5.1: Selections performed to construct a sample of electrons unbiased by the identification
algorithm via the tag-and-probe method.

Event selection

Event cleaning (data only)

Included in good-run lists (GRL)

Primary vertex selection

Matched to a single electron trigger (see Table 5.3)

Tag selection Probe selection

Pass detector data-quality criteria Pass detector data-quality criteria

Apply electron energy scale and resolution correc- Apply electron energy scale and resolution correc-
tions tions

Accepted authors: Electron, Ambiguous Accepted authors: Electron, Ambiguous

Matched MC truth criteria (pre-2020) for electrons Matched MC truth criteria (pre-2020) for electrons
from the decay of a Z boson that are considered from the decay of a Z boson that are considered

prompt (MC only) prompt (MC only)

pr > 27GeV pr > 15GeV

|77BE2| S 247 and |77BE2| ¢ [137, 152] |77BE2| S 247

Matched to a single electron trigger (see Table 5.3) Isolated from AntKt4 jet with Bt > 20 GeV within
AR<04

|do/o(do)| < 5.0 and |zpsind] < 0.5 Good track quality (npixe; > 1 and ng; > 8)

Pass Ticut LLH identification
pgl_oneZO/pT § 0.1

Multi-object requirement

OS selection: sum of tag and probe charges equal to 0
SS selection: sum of tag and probe charges equal to —2 or 42

Numerator selection

Pass probe selection
Pass corresponding LLH identification (e.g. Loosg, Mepium or TIGHT)
|do/o(do)| < 5.0 and |zpsin ] < 0.5

Table 5.2: Selections performed to define background objects.

Background selection in the normalisation in the mass tail method

Variation 1 Variation 2
pr < 30GeV pr > 30GeV pr < 30 GeV pr > 30 GeV
Fail UrtrRaLoose LLH Fail VEryLoose LLH Fail UrtraLoose LLH Fail VEryLoose LLH
B0 [pr > 0.02 Ee /pr > 0.05 Ere0 [pr > 0.02 Eet /pr >0.20

Background selection in the likelihood fit method

Nominal Variation 1 Variation 2
Pass probe selection Pass probe selection Pass probe selection
Fail Loose LLH Fail VeryLoose LLH Fail VeryLoose LLH
E_T_one?)O/pT > 0.01 E’T_oneBO/pT > 0.01 E’T‘One40/pT > 0.07
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Table 5.3: Single-electron triggers used in the ATLAS detector over the Run 2 (2015-2018) and the
early Run 3 (2022) data taking periods.

HLT e24 lhmedium_ L1EM20VH 2015
HLT_e60_Tlhmedium 2015, 2016
HLT_e120_1hloose 2015

Run 2 HLT_e26_lhtight_nod0_ivarloose 2016,2017,2018
HLT_e60_lhmedium_nod® 2016,2017,2018
HLT_e140_lhloose_nod® 2016,2017,2018
HLT e300 _etcut 2016,2017,2018
HLT_e26_lhtight_ivarloose_L1EM22VHI 2022
HLT_e60_lhmedium_L1EM22VHI 2022

Run 3
HLT_e140_lhloose_L1EM22VHI 2022
HLT e300 etcut LI1EM22VHI 2022

ponding to electron candidates without passing any identification selection. Then, further
requirements were used to define the signal and background regions needed for the efficiency
measurement. Objects that satisfied all the probe requirements populated the denominator
of the efficiency measurement. Among them, the numerator was obtained by the number
of objects that passed each LLH identification working points being assessed, namely Ticur,

Mepium and Loose ANDBLAYER?

). These signal objects were also required to satisfy the im-
pact parameter requirements, |dy/o(dy)| < 5.0 and |zpsind| < 0.5, since these are usually
combined to the LLH identification working points in ATLAS analyses.

Lastly, background objects that contaminated the denominator selection were identified
by checking if they also failed a given LLH identification requirement, while also having
poor isolation. The latter was quantified as a large value of the ratio of the sum of transverse
energy deposited in the calorimeter in a cone of AR < 0.30(0.40) with respect to the particle’s
transverse momentum, that is, 5% /p.. Two different approaches were then used to
estimate the background within the Z-mass method in the Run 2 and Run 3 measurements
presented in this work. Referred to as the likelihood fit method and the normalisation in the
mass tail method, they use different definitions for the background selections, which are listed
in Table 5.2.

The assessment of biases introduced by the choice of these selections is performed using
systematic variations. That is, the whole efficiency measurement is performed once again with
a modification in one or more requirements. A summary of the systematic variations used in
the measurements reported in this work will be discussed in Section 5.4.6.

Once the selections have been performed, histograms of the invariant mass of the tag
and probe objects are filled with a 1 GeV-binning for m.. € [60,250] GeV. These are ob-
tained for different pr and ngg, values, listed in Table 5.4. Objects from both MC simulation

(32) As described in the previous chapter, this working point is a combination of the Loose working point with
an additional requirement of at least one hit in the insertable B-layer of the inner detector.
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Table 5.4: Binning on pr and 7pg;.

Observable Binning

pr (GeV)  [15,20,25,30, 35,40, 45, 50, 60, 80, 150, 250]
TBE> [—2.47,-2.37,-2.01, —1.81, —1.52, —1.37, —1.15, —0.80, —0.60,
—0.10,0.00,0.10, 0.60, 0.80, 1.15,1.37, 1.52, 1.81, 2.01, 2.37, 2.47]

and experimental data passing the denominator and numerator signal selections populate the
histograms which will be used to calculate the Npopes and Nip values, respectively. In addi-
tion, background template histograms Nemplaee are drawn from the objects that satisfy these
corresponding selections from experimental data.

However, these background templates are also contaminated with signal events that
must be accounted for. As a result, before being used to estimate the background events
Bhprobes and Bip needed for the measurement, these templates must be corrected to remove the
contamination from signal events. Supporting histograms are then constructed to achieve this,
such as objects that satisfy the numerator selection in data, but have a tag and probe pair
with the same sign, Nip/ss, as well as objects that satisfy the background requirements in MC
simulated events instead, Nemplate/Mc-

Having discussed the selection requirements used to obtain the invariant mass distri-
butions of both signal and background templates, the next step is to properly estimate the
background contribution in the data. In the next sections, we describe the procedure with
which these histograms are used to estimate the background in both the normalisation in the

mass tail and the likelihood fit to data versions of the Z-mass method.

5.4.2 Estimation of the background with a normalisation in the mass tail

As previously discussed, the efficiency is calculated with values of the integral of the invariant
mass distribution of the signal events in a region around the Z mass. Referred to as the integra-
tion region, it corresponds to me. € [75,105] GeV. Consequently, the number of background
objects in this range must be obtained from an estimate of the background shape.

One way to estimate the background shape consists in scaling the background template
obtained from the experimental data, using a region of the signal mass spectrum that we
know is enriched in background. This region, referred to as the normalisation region, must not
include the Z mass resonance, and thus is chosen to be in the higher-mass region, at the tail
of the distribution, where m.. € [120, 250] GeV.

The starting point of the procedure is the template distribution of the events that satisfy
the background selections in data, Nemplate/raw- Even though the requirements were chosen
to optimise the presence of only background events, some signal events might be present in
these distributions. With that in mind, a process of cleaning these templates is performed

by subtracting from it the distribution of the signal events in the template, Siemplae. This
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shape is estimated by performing the same background selections on the MC simulated events,
Niemplaermc, Which should have only true electrons by construction. This distribution is then
scaled by a rough estimate of an SF obtained from the objects that satisfy the Ticut LLH
requirement. That is, the SF is obtained from the ratio of events in the integration region from
the signal distribution in data with respect to the same value in MC, Ntgur/data/ NTicumc. As

a result, the background template after the removal of the signal contamination is given by

N, template — 4 Vtemplate/raw template s

where

g _ NTicu1/data
template = 4Vtemplate/MC X PV

NTIGHT/MC Mee€[75,105] GeV

Once we are confident the background template contains only background events, it
still needs to be scaled in order to match the signal distribution from data. This is done
by matching the number of events in the normalisation region of the template to those of
a reference distribution from data. For the numerator, the reference distribution is taken
to be the histogram obtained from the objects that pass the identification requirement, but
had a SS selection, Nipsss. This choice is based on the fact that, far away from the Z mass
resonance peak, this distribution should be dominated by background, while having the same
order of magnitude as the background template in the OS selection'””*). Thus, the numerator

background estimate is given by

NID/SS
Ntempl

ate |, €[120,250] GeV

BID = Ntemplate X (54)

Now; for the denominator, ideally we could use as reference the signal distribution Npgpes,
since far from the peak we expect there will not be any signal electrons. Unfortunately, this
is not true and these events must be removed from the number of background events found
in the normalisation region. An estimate of this value is obtained using the efficiency of the
Ticut LLH working point, €r,qr, Wwhich in its first iteration is calculated without this signal
contamination subtraction. Hence, to obtain the number of signal events in the normalisation
region, we assume that the objects satisfying the Ticut requirement in data, divided by this
€Tienr €Stimate, correspond to only signal electrons, with the possible background electrons

that are contaminating this number being neglected. As a result, the background estimate for

the denominator is obtained from the expression

Nprobes - NTIGHT/GTIGHT

B probes — {Vtemplate X (S S)

Ntemplate Mee€[120,250] GeV
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Figure 5.2: Invariant mass of the tag and probe pair m., for the denominator (left) and numerator
(right) selections in selected pt and npg, bins. The signal distributions obtained in data
(black) and MC simulated events (orange) are drawn, together with the background tem-
plate distribution (purple). The background estimate (blue) is obtained using the norm-
alisation in the mass tail method, and it is combined to the MC signal shape to form the
expected distribution (red).
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54 The Z-mass method

Examples of the mass distributions obtained using this method are drawn in Fig. 5.2. We
observe that, in some cases, this method allows for a good estimate of the background shape,
properly accounting for the signal contamination under the peak, such as shown in Fig. 5.2a,
where the background estimation shows no resonance peak for the denominator. However,
we also note that sometimes the signal contamination removal in the background, obtained
via the rough estimate of the SF using the Ticut selection histograms, actually overestimates
the number of signal events in the high-mass region”*!). This generates a depletion in the
background shape, which can be observed in Fig. 5.2b. Moreover, the signal contamination in
the background is clearly underestimated in the numerator shapes, as well as in regions where
the MC modelling is known to be problematic. This is the case of the bin before the transition
region (|72 | € [1.15, 1.37]) and higher values with |ngg,| > 2.0, as shown in Fig. 5.2¢c. Another
limitation of the method presented in this section is that the choice of the normalisation region
introduces a large systematic uncertainty, since either the low-mass or high-mass region could
be considered, but their different levels of signal contamination largely affect the result!>**

To address these issues and improve the background estimate, we can replace the simple
normalisation used to obtain the signal template Siemplae and the background estimates Byp
and Bipyohes With a proper likelihood fit of the templates to the data. This method is described

in the following section.

5.4.3 Estimation of the background with a likelihood fit

In this approach, the starting point of the background estimation remains the same: we use
the mass distributions of objects satisfying the background selections obtained from data,
Niemplate/raw- INOW; as previously discussed, this distribution is expected to contain signal events
that must be removed in order to not contaminate the measurement.

Similarly to what was done before, an estimate of the signal distribution Siemplate i 0b-
tained from scaling the histogram of the background selection when performed in MC events,
Neemplaeermc. In order to reduce the dependence on the MC simulation”*), the scaling factor is
obtained using a likelihood fit, which is implemented using the RooFit package!**”. The fit is
performed for each pr and 7gg, bin, and a model is constructed by adding this signal template
obtained from MC together with a Bernstein polynomial shape to represent the background.

The choice of using this analytical function for the background allows for the flexibility
to adjust the shape of the background as it varies according to the energy range in question.
Since the shape of the background is highly dependent on the pt of the electrons, different
orders of polynomials are chosen according to the energy range. As shown in Fig. 5.3, the
background changes from a concave shape at low energies with pr < 20 GeV, assuming an
S-shape at intermediate values of pr € [20, 25] GeV, until finally taking a convex shape for
pr > 25GeV. For this reason, a linear polynomial is used instead for this transition region

pr € [20,25] GeV, while a second-order polynomial is used everywhere else.
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Figure 5.3: Evolution of the background estimation shape obtained via the likelihood fit method as
a function of the transverse momentum pr, in particular for pr € [15,20] GeV (left),
pr € [20,25] GeV (center) and pr € [25,30] GeV (right).

Since this background approximation is not valid for the whole mass spectrum, the fit
is restricted to the region under the Z peak, such that all histograms are rebinned according

to the following mass binning:

Signal contamination: 70,73, 76,79, 82, 85,88, 91,94, 97,
100,103,106, 109, 112, 115] GeV.

The model combining the background polynomial shape and the signal template from
MC s then fitted to match the signal denominator distribution obtained from data, Nprobes/data-

As a result, the background template after removal of the contamination from signal events is

given by
N, template — 4 Vtemplate/raw — templates
where
model = Npolynomial + Ntemplate/MC
Stemplate = Neemplaremc X | scale from fit where

data = Nprobes/data

Once the background templates have had the signal events removed, they can be used
to obtain the background estimate. To do so, they are scaled according to another fit per-
formed once again by the RooFit package. In this fit, numerator and denominator are treated
independently, using the corresponding signal distributions from data and MC, as well as the
shared background distribution from data. These histograms are rebinned to avoid any bias

that the Z mass peak could introduce in the shapes, such that the following binnings are used:
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54 The Z-mass method

Numerator:  [65, 80, 100, 250] GeV and
Denominator: [65, 70, 75,80, 100, 120, 150, 250] GeV.

We note that the choice to have more bins below and above the peak for the denominator is a

way to guarantee the influence of the shapes in the tails on the final fit?*!!,

For the fit procedure, the model used is the combination of the background template
with a signal model, where the latter corresponds to the distribution in question (numerator
or denominator) obtained from MC simulation events. This model is then fitted to the signal
distributions satisfying the numerator or denominator selections obtained from data. As a

result, the final background estimate shape is obtained by scaling the templates using

model = Ntemplate + Nprobes/MC

Bhpiobes = Neemplaee X | scale from fit where (5.6)

data = Nprobes/data
and

model = Nemplae + 2V
Bip = Neemplaee X | scale from fit where empt IbME . (5.7)

data = Nip/dara

However, since this background estimate relies on signal templates obtained from MC
simulated events, residual miscalibrations and inaccuracies from the MC modelling introduce
a discrepancy between the data and the simulated shape of a few percent”. As discussed in
Section 3.2.6, these include the material effects that lead to additional bremsstrahlung processes
which the simulation cannot properly model, but also electroweak effects not accounted for

in the next-to-leading order prediction of the MC generator**!],

To address this issue, a two-step procedure is performed where, during its first iteration,
weighting factors are extracted to better describe the signal shape in data. These weights are
calculated using the Ticut data distributions, being defined as the ratio of the signal distribu-

tion after removal of this first background estimate to the predicted MC signal shape, that is,

W — NTIGHT/data - BTIGHT (58)

Ntigurmc Mee€[75,105] GeV

They are obtained for the following m.. bins:

MC weight: [60, 65, 70, 75, 78, 80, 82, 84, 86, 88, 90,
92,94, 96, 98,100, 102, 105, 130, 250] GeV,
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Chapter 5 Measurement of electron identification efficiency

a choice that accounts for the low statistics in these histograms*!l.,

Once this first estimate of the Ticur efficiency is performed and the MC weights are
stored, in all subsequent measurements the MC templates are scaled using these factors, while
keeping the original 1 GeV-binning. These include the ones used for the signal contamination
fit (NViemplaresmc) and the background estimate fit (Nprobesmc and Nipic). The introduction of
this MC weighting before the fits makes the final invariant-mass distributions smoother and
we achieve a better agreement between the combination of the background estimate and the
MC signal when compared to the data.

Examples of the invariant mass distributions obtained for numerator and denominator
are drawn in Fig. 5.4. The same pr and 7, bins previously presented for the normalisation
in the mass tail method (Fig. 5.2) are shown. We observe a much better signal contamination
removal, especially in the problematic 7gg, regions mentioned before and in the numerator
shapes. These results indicate that efficiencies measured using the fit method are much more
accurate.

That said, we note that the complexity involved in the fit procedure was such that im-
plementing the normalisation in the mass tail method as a first step was more appropriate,
while the fit method was implemented at a second stage. In the process of re-implementing
the measurement in the new TacAnpProsE software, many improvements were made to the
likelihood-fit method with respect to its previous iteration. A summary of these changes is

presented in the following section.

5.4.4 Improvements with respect to the previous implementation

As previously discussed, the main challenge of the Z-mass method is to properly estimate the
background distributions in the experimental data. Using an approach based on a likelihood
fit instead of a normalisation in the mass tail already entails a large improvement for this
task. On top of that, many improvements have been made with respect to the previous fit
implementation”*! used in the last measurements”) to address some remaining issues on
this front. Although these improvements were not introduced by the author of the thesis,
measurements using this new method will be presented in Section 5.5.2 and correspond to
part of the original contribution. In what follows we will briefly discuss these changes.

Firstly, the fits performed to obtain the background estimate were not checked for conver-
gence or fit quality. Especially in the case of failed fits, it might be useful to retry it either using
a different strategy or starting with the last point of the previous fit attempt. To address this
issue, automatic fit checks were implemented, allowing for retries and generating warnings
and logs to make sure the fits converge.

Concerning the event selection, the anti-identification selection used to obtain the back-
ground events was changed from an anti-VeryLoosk to an anti-Loose working point. The

previous choice of an anti-VeryLoosk selection is good at first glance, since it reduces the signal
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Figure 5.4: Invariant mass of the tag and probe pair m., for the denominator (left) and numerator
(right) selections in selected pr and 7pgz bins. The signal distributions obtained in data
(black) and MC simulated events (orange) are drawn, together with the background tem-
plate distribution (purple). The background estimate (blue) is obtained via a likelihood
fit and it is combined to the MC signal shape to form the expected distribution (red).
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Chapter 5 Measurement of electron identification efficiency

contamination as much as possible. However, this impacts the estimate and subtraction of this
signal contamination, given that in bins with almost no signal, the polynomial fit could com-
pletely flatten the background shape around the peak. The problem arises especially in regions
where the background dominates the denominator, such as the low pt region, where even a
sub-percent amount of signal can have an impact on efficiencies of more than 1%. Moreover,
in the previous implementation, to avoid fitting no signal contamination at all, a minimum
requirement of 90% was made on the ratio of the MC prediction with respect to the reweighted
MC shape for pr < 35 GeV. This choice was based on completely arbitrary parameters. For
this reason, an anti-Loost requirement is used instead, allowing for more signal contamination
which can be better estimated. It must be noted that for medium pr values and higher ngg,
regions, a considerable increase in signal is observed. Nevertheless, the impact on the result is

not large, since the background is smaller in the measurement regions.

Furthermore, the previous iteration of the method used a Chebychev polynomial shape as
the background model when estimating the signal contamination in the background template.
This function can have negative values, which entailed problems in regions with low statistics.
For this reason, a Bernstein polynomial is used instead, allowing for more stable fits since it
only have positive values in this context. To further improve the fits in regions with very low
statistics, the possibility to re-bin the histograms or force a first order polynomial was also

introduced.

Lastly, as shown in Fig. 5.3, the background shape is heavily dependent on the probe trans-
verse momentum pr, moving from concave to convex, with the inflexion happening around the
[20, 25] GeV region. It is not clear how this shape should be described, but it has an important
effect on the fit of the signal electron contamination. The choice of the polynomial order, for
instance, allows for changes of up to 30 on the final scale factors. However, in the previous
measurement, a third-order polynomial was used for all bins. To better address the complexity
of the background shape at the inflexion-point region, now a linear function is used, while

the third-order polynomial is considered as a systematic variation.

Having estimated the background shape for both numerator and denominator, the final

step is to calculate the value of the efficiency and SF, discussed in the following section.

5.4.5 Efficiency and scale factors

Using the previously discussed methods to estimate the background, the values needed for the
efficiency calculation can be extracted. For each (pr, 175, ) bin, the efficiency of each identifica-

tion working point measured in data is given by

data Sip o Nip — Bip

€ g
ID )
Sp - Bprobes Mee€[75,105]GeV

=¥ (5.9)
robes |y, €[75,105]GeV probes
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54 The Z-mass method

where the values are obtained from the number of objects within the integration region of
each distribution. Similarly, these efficiencies are measured in MC simulated events, with the
exception that no background estimation is needed and thus we have

S N
Me— D =D . (5.10)

Sprobes Mee€[75,105]GeV Nprobes Mee€[75,105]GeV

Since we use fits to determine the numerator and denominator values in these measurements
and the number of objects before the ID cut (denominator) is correlated with the number of
objects after the cut (numerator), the statistical uncertainties of these efficiencies cannot be
calculated using simple error propagation. Instead, the statistical uncertainties are obtained

using the following expression!**’!

. data \/(1 — 9% MC data)(ASID)Q + (ei\]/I)C data) (ASprobes)Z
€D _

S probes

A , (5.11)

where ASip and AS;pes are the statistical uncertainties on the numerator and denominator
values, respectively. When using the normalisation in the mass tail, these AS values were
calculated using the expressions derived in Ref. [273], while, for the fit method, they were

taken from the ROOT framework!”*"! estimated error for the integrals"”

Lastly, the ratio of the data and MC efhiciencies is used to measure the SF, that is

data

€
SFip = 2o, (5.12)
€D

with its statistical uncertainty being estimated via the usual error propagation of a ratio,

ASF A¢data 2 AeMC 2
1D D) (=D ) (5.13)
SFip Gfll%ta €ID
which, combined with Eq. (5.12), leads to
|
A data dataA MC\ 2
ASFip = ( = ) + (%) . (5.14)
€ID (e1p7)?

where Aeda® and AeMC are the statistical uncertainties of the efficiencies measured in data and
MC simulated events, respectively.

We know, nevertheless, that detector effects and certain choices in the background es-
timation procedure may bias the final result. To account for that, systematic uncertainties

are estimated and added in quadrature to these statistical uncertainties to obtain the final

(33) When the uncertainty of the numerator, ASp, is larger than that of the denominator, AS,;ohes, the cor-
relations are ignored and we use a conservative error calculation instead to avoid raising unreasonable
uncertainties.
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Chapter 5 Measurement of electron identification efficiency

uncertainty of the efficiency and SF measurement. That is,

A-)(total - \/(A*Xvstatistical)2 + (A*erystematic)2 . (515)

The process of estimating this systematic uncertainty consists in performing the same meas-
urement with a given modification. A summary of how it was estimated in the context of the

Z-mass method is discussed in the following section.

5.4.6 Systematic variations

Variations of the measurement were performed with modifications to different aspects of the
analysis. These accounted for choices that are expected to have a large impact on the final result,
such as the choices on the object selection or on the approach used to perform the background
estimation. Overall, the variations covered the impact of allowing in more background, via
the choice of the tag isolation or the integration region, or by modifying how the background
selection and subtraction is performed.

Starting with the choice of the tag selections, variations were performed with modifica-
tions on its isolation requirement. In the measurements using the normalisation in the mass
tail, a calorimeter isolation requirement was added, such that the transverse energy Frt within
a cone of radius AR = 0.40 satisfied F$""4? < 5.0 GeV. This requirement reduces the back-
grounds coming from multi-jet processes when compared to W — ev + jet, since in the latter

27

the tag would be a real electron””*!. Conversely, in the fit method, the track isolation require-
ment was modified, such that one variation considered a smaller value, p$™?° /pr < 0.06,
while the other had a larger value, p$™?° /pr < 0.14.

Now;, the Z-mass method relies on the definition of a signal region around the peak
formed at the Z boson mass value of 91 GeV. In both background estimation approaches, the
reference range around this value was taken to be m.. € [75,105] GeV, with both wider and
narrower ranges of m.. € [70,110] GeV and m,. € [80,100] GeV being added as variations.

Furthermore, the selections used to isolate background objects in both data and MC
events were modified, as previously listed in Table 5.2. We note that, when normalising the
background template in the mass tail, no variations are performed for the selection of the
backgrounds with pr < 30 GeV. Instead, the choice of normalisation region is varied from
the high-mass tail (m.. € [120,250] GeV) to the low-mass region (m.. € [60,70] GeV).
Alternatively, for objects with energies beyond this threshold, a variation on their isolation
is performed, with variations using the E$°"%0 /pr > 0.05 GeV or ES0 /pr > 0.20 GeV
requirements. The lack of enough events at the low-mass region for these high-energy objects
favours the use of only the high-mass normalisation region at m.. € [120, 250] GeV.

In contrast, the use of the fit method defines three variations beyond the nominal back-
ground selections. These change the identification requirements the objects must fail (from

Loosk to VeryLoosk), while also changing the object’s isolation from E$"30 /pr > 0.01 GeV
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to £ /pr > 0.07 GeV. Beyond the choices of background objects definitions, the mass
binning used to perform the background fit was also modified. In one of the variations, the

high-mass bins are removed, such that,

Numerator:  [65, 80, 100, 120] GeV, and
Denominator: [65, 70, 75,80, 100] GeV,

while another variation removes the lower mass bin instead,

Numerator:  [80, 100, 120, 250] GeV, and
Denominator: [80, 100, 120, 150, 250] GeV.

The uncertainties on the scaling value obtained from both the background fit and the
signal contamination fit are also considered, with variations using the upper or lower limit
on the scaling factors instead. Moreover, the choice of a third-order Bernstein polynomial is
added as a variation when estimating the signal contamination for pr € [20, 25] GeV, where
the inflexion of the background shape happens. Lastly, a variation is performed without the
reweighing of the MC distributions (Eq. (5.8)).

Once all variations have been measured, the final values of the efficiencies can be estim-
ated. When using the normalisation in the mass tail method, the central value is given by
the mean value of all the variations, while for the fit method it is obtained from the nominal
variation. Moreover, the total systematic uncertainty is obtained by adding the difference of
the variations to the central value in quadrature.

Using the Z-mass method described in this section, measurements of the electron iden-
tification efficiencies were performed in data and MC simulated events. The results obtained

in this work are presented in the following section.

5.5 Results

Alongside its implementation in the new software suite, measurements of the electron iden-
tification efficiency were performed using the Z-mass method. Results were obtained for the
efliciencies over MC simulated events and experimental data for the pr—ngg, bins previously
listed in Table 5.4, as well as the corresponding SF values. All measurements quantified the
performance of the LLH working points being used at the time, which were calibrated with
the previous release of the ATLAS software, as described in Section 4.3.1.

Firstly, we present measurements performed with the data collected early on Run 3. This
represents the first look at the collected data from this new data taking period. Next, measure-
ments were also performed using the data recorded during Run 2 after its reprocessing with

the new ATLAS software version. In what follows, we present these electron identification
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Figure 5.5: Electron identification efficiencies (top) and scale factors (bottom) measured as a func-
tion of (a) transverse momentum pt and (b) pseudorapidity npg,. The measurement
was performed in data recorded by the ATLAS experiment in 2022 from pp collisions at
V5" = 13.6 GeV, corresponding to an integrated luminosity of 3.4 fb~!. Three working
points from the likelihood identification algorithm were considered, namely, TiGHT, ME-
prum and Loosk, with an extra B-Layer requirement on the latter. The Z-mass method
was performed to estimate the background, via a normalisation of the invariant mass dis-
tribution templates to the data in a mass region far from the Z peak.

efficiencies and SF measured using the Z-mass method implemented in the new TacANpProBE

software.

5.5.1 Run 3 (2022)

The ATLAS data taking period for Run 3 started in July 2022 and it represented the first data
recorded entirely using the ATLAS software in its major version 22. As a consequence, the
newly implemented software suite for efficiency measurements was needed to get a first look
at how the electron identification working points were performing.

Measurements were taken over both data and MC simulated events. This data corres-
ponded to 3.4 fb™* of pp collisions with a centre of mass energy of 13.6 TeV recorded by the
ATLAS detector in 2022. The background was estimated using the normalisation in the mass
tail approach, described in Section 5.4.2, since the fit method was not yet implemented at the
time. Three working points of the likelihood identification algorithm were considered, namely
Ticut, Mepium and Loosk.

The results are presented in Fig. 5.5. Both the efhiciency and SF values are symmetric
and rather uniform across ngg, (Fig. 5.5a), attaining their higher values in the central region

and decreasing as g, increases. Moreover, the efficiency values decrease as we decrease the
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Figure 5.6: Run 3 electron identification scale factors central values (left) and total uncertainty (right)

for different values of pr and 7ngg,, for three likelihood working points, namely (a) TiGHT,
(b) Mepium and (c) Loosk, the latter with an extra B-layer requirement. The measurement
was performed in data recorded by the ATLAS experiment in 2022 from pp collisions at
/5 = 13.6 GeV, corresponding to an integrated luminosity of 3.4 fb~1.
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Figure 5.7: Electron identification efficiencies (top) and scale factors (bottom) measured as a func-
tion of (a) transverse momentum pr and (b) pseudorapidity 7pg;. The measurement
was performed in data recorded by the ATLAS experiment in 2018 from pp collisions at
Vs = 13GeV, corresponding to an integrated luminosity of 58.7 fb~!. Three working
points from the likelihood identification algorithm were considered, namely, TiHT,ME-
prum and Loosk, with an extra B-Layer requirement on the latter. The Z-mass method
was performed to estimate the background, via a likelihood fit of the invariant mass dis-
tribution templates to the data.

signal efhiciency, when changing from the Loose to the Ticut working points, as expected. We
also note the data/MC ratios are slightly higher for the Ticur working point, the agreement
improving for the Loost working point. Lastly, we observe a smooth decrease in performance
as the electron pr decreases (Fig. 5.5b), while the data/MC SF values remain close to unity for
the whole energy spectra.

The SF central value and total uncertainty corresponding to the Ticut, Mepium and Loose
LLH working points are presented as a function of the pr—gg, bins in Fig. 5.6. In these intensity
plots, or heatmaps, we observe that the general tendencies of the SF values are stable across the
different working points. In particular, smaller values are observed in the forward region, such
as Mpga € [2.37,2.47], while slightly higher values are observed for low-pr (pr < 30 GeV). In
these low energy regions, we note the total uncertainty is in the 2%—8% range, while elsewhere

the error remains at the sub-percent level.

5.5.2 Run 2 (2018)

While waiting for more Run 3 data to be recorded, measurements were also performed over
the full Run 2 data that was reprocessed using the release 22 of the ATLAS software. This

time, the newly implemented background estimation with the likelihood fit method was used.
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As such, it allowed a comparison with the previous published results”**), which gauged the
changes between the ATLAS software versions together with the new implementation of the
efficiency measurement.

During the entire Run-2 period, ATLAS recorded a total of 139.9 fb ™! of pp collisions at a
centre of mass of 13 TeV, such that 3.2 fb~! was collected in 2015, 33.4 b~ in 2016, 44.6 fb~!
in 2017 and 58.7 b~ ' in 2018. Since the measurements are performed separately for each one
of these years and their results are very similar, in this work only the ones obtained for the
2018 data will be presented for simplicity.

The efficiencies measured in MC simulated events and real data are presented in Fig. 5.7,
together with the corresponding SF values. They were obtained for the same LLH working
points used in the previous Run 2 measurements, namely Ticut, Mepium and Loosk, the latter
with an extra B-layer requirement. We observe the same symmetry and uniformity across
1pE2, With drops around the transition (|ngg,| € [1.37,1.52]) and forward (|ngg,| € [2.37,2.47])
regions. The efficiencies also decrease as the electron energy gets smaller, especially below
pr < 50 GeV. Nevertheless, the SF values remain close to unity except for the last |ngg, |, where
it go as low as 0.8 for the Ticut LLH working point.

Heatmaps showing how the SF central values and total uncertainties vary as a function
of the pr—ngg, bins for the different working points are drawn in Fig. 5.8. As expected, the
values are overall close to unity, with the total uncertainty at the sub-percent level. We note
deviations from this, however, at the last |ngg,| bins and in the low pr region, with the total
error ranging within the 2%—10% range.

General tendencies on how the data and MC efficiencies changed within releases are
presented in Fig. 5.9. In these heatmaps, we present the relative difference between the central
values of the data (left) and MC (right) efficiencies obtained using the Z-mass method in
release 21 and release 22 for the three working points. Also, we note that the comparison in the
last pr € [150,250] GeV is not reliable, since the release 21 measurement was performed over
|neE2| bins to increase statistics, while also not having the higher limit of pr < 250 GeV that
the new measurement has. The comparison is further presented as a function of pr and 7gg,
for the MC and data efficiencies in Figs. 5.10 and 5.11, respectively, where the Tigut working
point is shown for selected bins. The ratio with respect to the previous measurements are
shown at the bottom plots, with its uncertainty drawn as a yellow band.

We observe a decrease in the efficiency in the low pr region, especially in the [20, 25] GeV
bin, accompanied by an increase in the corresponding uncertainties. As previously discussed,
this bin contains the transition in the background shape from convex to concave, which we
believe is better modelled in the new implementation. Furthermore, we note a general im-
provement in efficiencies for the central region (|nsg,| € [0.0,0.1]) and the transition region
(|m8E2| € [1.37,1.52]), in particular for the MC efhiciencies.

Lastly, a comparison of the SF values of the Tigur working point is shown in Fig. 5.12

for selected bins.We observe an overall improvement across all ngg, bins, with SF values being
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Figure 5.8: Electron identification scale factors central values (left) and total uncertainty (left) for
different values of pt and ng», for three likelihood working points, namely (a) Ticur, (b)
Mepium and (c) Loosk, the latter with an extra B-layer requirement. The measurement was
performed using the software in its release 22 over data recorded by the ATLAS experiment
in 2018 from pp collisions at v/s" = 13 GeV, corresponding to an integrated luminosity

of 58.7fb L.
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Figure 5.9: Relative difference on the central value of electron identification efficiencies measured
with the ATLAS software release 22 with respect to their latest published results!”**! meas-
ured with its release 21, presented for different values of pr and 7pg,. The measurement
was performed in data recorded by the ATLAS experiment in 2018 from pp collisions at
/s = 13GeV, corresponding to an integrated luminosity of 58.7 fb~!. Efficiencies were
measured in both data and MC simulated events for the three likelihood working points,
namely Tigut, Mepium and Loosk, the latter with an extra B-layer requirement.
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Figure 5.10: Electron identification efficiencies measured for the TiguT likelihood working point in
MC simulated events with both the new ATLAS software release 22 (red) and their latest
published results”*°) measured with its release 21 (black), as a function of pr and 7gg»
for selected bins. The ratio of the release 22 measurement with respect to the release
21 measurement is drawn, with an yellow band corresponding to its uncertainty. Both
measurements were performed in data recorded by the ATLAS experiment in 2018 from
pp collisions at /5" = 13 GeV, corresponding to an integrated luminosity of 58.7 fb~1.
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Figure 511: Electron identification efficiencies measured for the Tigur likelihood working point in
experimental data with both the new ATLAS software release 22 (red) and their latest

published results!

266]

measured with its release 21 (black), as a function of pt and g,

for selected bins. The ratio of the release 22 measurement with respect to the release
21 measurement is drawn, with an yellow band corresponding to its uncertainty. Both
measurements were performed in data recorded by the ATLAS experiment in 2018 from
pp collisions at /5" = 13 GeV, corresponding to an integrated luminosity of 58.7 fb~1.
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Figure 512: Electron identification scale factors measured for the TiguT likelihood working point
with both the new ATLAS software release 22 (red) and their latest published results!2¢¢!
measured with its release 21 (black), as a function of pt and ngg, for selected bins. The
ratio of the release 22 measurement with respect to the release 21 measurement is drawn,
with an yellow band corresponding to its uncertainty. The measurement was performed
in data recorded by the ATLAS experiment in 2018 from pp collisions at /s" = 13 GeV,
corresponding to an integrated luminosity of 58.7 fb 1.
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closer to unity. This aligns with the improvements made in the ATLAS software release 22
version, and show that the discrepancies between MC simulated events and the experimental
data have decreased in this context. The improvement is not so clear for lower energies, since
results overlap within the uncertainty of the measurements. No major decrease in the SF is
observed outside the quoted error, further establishing the general tendencies of improvement

in the ATLAS performance.

5.6 Future improvements

In this chapter, we presented measurements of the electron identification efficiency and SF using
the Z-mass method. These were obtained using its new implementation in the TacANpProBE
software, which was completely rewritten in light of the update of the ATLAS software to its
major version 22. Alongside with the software development to implement the two background
estimation approaches of the method, measurements were performed using data taken in early
Run 3, as well as the full Run 2 data reprocessed using the new software version.

The general behaviour of the identification efhiciencies in both Run 3 and Run 2 follow
the previously observed patterns!”**), namely symmetrical and rather uniform values across
nee2 and an increased performance as pr increases. Both data and MC efhiciencies are smaller
for the Tigut working point and have a smaller data/MC ratio, while we observe increasing
efficiency values and a better agreement for the Loose working point. Additionally, we observe
scale factor values are within the 0.95-1.0 range, except for higher values of |npg, |, where the
MC simulation mismodelling is known to be large.

Many challenges were encountered in the new implementation, both in the technical
and physics side. As previously discussed, the lack of enough statistics in certain pr — npg>
intervals made it hard to properly perform a fit, a challenge that was addressed by allowing
more signal contamination and a creating a better method to estimate it. Despite not being
discussed in this work, similar improvements were developed in the other complimentary
methods used to measure the identification efficiencies, namely the Z-iso method and the .J/v
method previously mentioned. Moreover, the new implementation presented in this work was
also used to measure isolation and trigger efficiencies, covering all the different elements of
the full electron efficiency measurement.

The measurements presented here allowed the assessment of the performance of the
electron identification algorithm in light of the new data-taking period of Run 3. We note
that it is hard to make a fair comparison between the Run 2 and Run 3 results, given the
changes in the detector configuration and running conditions between the two data-taking
periods. For instance, during Run 3, the TRT gas was modified and a new pile-up modelling
was introduced””’!. Nevertheless, we observe an overall stability between the identification
efficiencies and SF values (Fig. 5.5 and Fig. 5.7). With no major surprises observed in the Run

3 results, the challenge now is to further decrease the uncertainty on these values in order to
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continue improving the precision of the affected ATLAS measurements.

As presented in this work, some changes were introduced to the Z-mass method during
its re-implementation. Among the improvements, we highlight the use of a more accepting
anti-identification working point that allows a better signal contamination fit, as well as the
use of a linear Bernstein polynomial in the non-trivial region where the background changes
its curvature. Nevertheless, some further improvements could be addressed in the method,
especially concerning how the fits are performed.

Firstly, the main challenge is the proper understanding of what populates the background.
While at low energies we are confident they correspond to objects mimicking the electron
signature, it is not as clear for higher energies. Some leading backgrounds that are not currently
accounted for are objects from ¢¢ and multi-boson productions. Even though the contribution
is small, they should be properly understood in order to achieve sup-percent precision over all
efficiencies.

The great dependence of the background shape on pr could also be further investigated
in order to improve the method. Especially at low energies where, the change in curvature
happens, we could attempt a finer binning to avoid the inflexion point in the py € [20, 25]
GeV region. Also, different background functions could be considered, allowing the extension
of the signal fit to bins with m.. < 65 GeV, which represents the current lower limit of the
range where the signal fit is performed. Concerning the background estimation itself, we could
consider a fit in both the background and signal regions. This could further improve the signal
estimation in the background shape.

Other challenges are expected when we combine these Z-mass values with those obtained
from methods covering other kinematic regions. In particular, the correlations between the
Z-mass and Z-iso methods must be properly studied, since they both rely on the same signal
objects from the same Z boson decays. And while the background estimations use different
control regions, and thus are uncorrelated, there is an overlap on the systematics introduced
when performing the tag and probe selections (for instance, variations on the mass windows
and the isolation requirement of the tag). Properly identifying these correlations between the

systematic variations is thus needed to improve the precision of future measurements.

Beyond improvements in the measurement of the electron efficiencies, we could also
consider improvements in the identification algorithm itself. One possibility to do so involves
the use of machine learning techniques to develop an electron classifier. An example of such

algorithm is the subject of the following chapter.

112



Chapter 6

Improving electron identification with a

convolutional neural network

We are stuck with technology when what we really want is

just stuff that works.

Douglas Adams!**’]
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As discussed in Chapter 4, the current electron identification method used in the ATLAS
experiment relies on a likelihood approach. But machine learning techniques, as discussed in
Chapter 2, have the potential to further improve its performance, in particular by exploiting low-
level inputs from the detector and the correlation between high-level variables. In this chapter,
we present the implementation of a convolutional neural network for electron identification,
together with studies of its input features and the performance when comparing MC simulation

and experimental data.
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6.1 Motivation for the use of a convolutional neural network

The electron identification algorithm used in the ATLAS detector, described in Section 4.3, is
optimised to discriminate electrons produced at the interaction point, referred to as prompt
electrons, from its different types of backgrounds. These backgrounds correspond to objects
that mimic the prompt electron signature, but are in fact jets, photons or electrons originating
from decays of b- or c-hadrons. This identification procedure relies on observables defined
from the shower shape, track and track-cluster variables registered by the detector. Using the
LLH approach, these variables are assumed to be uncorrelated, which simplifies the process

of retuning the identification algorithm in case a given variable must be added or removed.

However, this assumption does not fully hold because many of these variables are correl-
ated. For instance, the ratio of transverse energy in the hadronic calorimeter to the EM cluster
energy, quantified via the variable Ry,q4, will increase if the ratio of the energy in the third
layer to the total energy in the EM calorimeter, f3, increases, since large energy deposits in the
hadronic calorimeter follow large energy deposits in the third EM layer. Instead of ignoring
these correlations, machine learning techniques can be used to take advantage of them, as seen

in Chapter 2.

Since the electron identification algorithm is used in both the trigger and during data
analysis, the chosen method needs to be highly performant. One of the metrics used to gauge
this performance is the background rejection, introduced in Section 2.5. It quantifies how well
the method can correctly identify the background as a function of its ability to correctly identify
the signal. As such, improving the background rejection for a fixed value of the signal efficiency
is particularly useful in analyses that suffer from specific types of background contamination.
Thus, to increase the signal/background sensitivity of certain analyses, an identification that

maximises background rejection is preferred.

Moreover, since the trigger system requires a fast response and must contemplate as many
scenarios as possible, a binary classification between signal and background is implemented at
this level. Now, for the physics analyses studies, it might be useful to calibrate the performance
to better reject a particular type of background. In this scenario, these studies would benefit
from a multinomial classification where different types of background targets are identified.

Le2.286]  fake electrons are

For instance, in analyses relying on single-lepton final states
coming from hadronic backgrounds, while there are no other leptons that could be used to
reject multi-jet backgrounds (such as Z and W boson production or t¢ production). In such
cases, an identification method that could be tuned to mostly reject this particular type of
background could greatly increase the sensitivity of the measurement. On the other hand,
some measurements suffer from the similarities of the photon and electron signatures, such as

(291 where the main Higgs signatures are two photons (H — 77) or four

in ttH production
leptons (H — ZZ* — 4¢,¢ = e, u). The precision of this measurement could be improved

with a better discrimination of prompt electrons coming from the collision vertex and those
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coming from photons converted into electromagnetic showers in the calorimeter.

In this context, neural networks are good candidates to improve electron identification,
as they address these limitations. Thriving over input correlations, they can exploit the non-
linear relationships between the detector’s inputs and generate a multinomial output with
enhanced performance. Not only that, but they present the possibility to directly use low-level
detector signatures, incorporating all the information the detector has available to the task. As
a result, a lot of research has been performed, in recent years, to develop machine learning
techniques for the electron identification task.

A first approach was developed using a deep neural network (DNN) with input variables
similar to the likelihood method, while also introducing a multinomial classification into a
signal electron and different types of backgrounds”*!. This method already offers a boost in
performance and outperforms the current likelihood approach. However, this approach is still
limited to the use of scalar variables, such as the ones already used by the likelihood method.

Since neural networks can manage different types of inputs, such as images, they allow
for the use of additional information recorded by the detector. In particular, both the calori-
meter energy deposits and information from tracks in the inner detectors can be processed as
images using CNNs!”**l | a technique described in Section 2.6.4. In what follows, the develop-
ment of a CNN algorithm for electron identification is described, including optimisation and

performance studies performed incorporating real experimental data.

6.2 Input features

6.2.1 High-level variables (HLV)

Once an electron candidate is reconstructed via the procedure described in Section 4.2, a num-
ber of high-level variables (HLV) are defined. The ones used by the LLH identification method
were listed in Table 4.1. They were engineered to enhance the background discrimination, for
instance, of hadronic showers and converted photons. Hence, they are important features to
be included in any electron identification algorithm.

Now, some new HLV are selected"”, as listed in Table 6.1,incorporating more track in-
formation as well as kinematic variables. Among them, the charge of the best matched track is
considered in order to improve identification of electrons that have the reconstructed charge
opposite to the true charge”*!, as well as the number of degrees of freedom of the track fit
and the number of tracks matched to the candidate. Moreover, the transverse energy Er, its
ratio to the transverse momentum Et/pr and the pseudorapitity 7 of the electron candidates
are also included as input features.

Before being processed by the CNN algorithm, a non-linear transformation is applied to
all the HLVs to allow each one of them to follow a normal distribution. This process spreads out

the most frequent values of the variables and reduces the impact of outliers. It is implemented
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Chapter 6 Improving electron identification with a convolutional neural network

Table 6.1: Additional high-level variables included in the CNN electron identification algorithm/*.

Type Variable Description
Track quality q x do/o(dy) Charge of Fhe best matched track times the significance of the
transverse impact parameter
(@)scTw Average charge of all tracks matched to the electron weighted
by their number of hits in the SCT detector
Ndof Number of degrees of freedom in the track fit
Track-cluster  Er/pr Ratio of the cluster transverse energy to the track transverse
matching momentum pr
Nracks Number of tracks matching the electron candidate
: : Et Transverse energy of the electron measured by the calorimeter
Kinematics

system. This variable is not used for discrimination purposes,
but for the CNN to infer the £ dependence of other variables.

n Pseudorapidity of the electron as measured by the calorimeter
system. This variable is not used for discrimination purposes,
but for the CNN to infer the  dependence of other variables.

[289

by the QuantileTransformer class from the scikit-learn Python library”*”! and the network

has been observed to perform better when this pre-processing of variables is performed!”’.

6.2.2 Track variables

The track information incorporated into these high-level variables considers only the track
that best matches the electron candidate. However, during the reconstruction of electron
candidates, multiple tracks can be associated to its main energy cluster. We note, in particular,
that prompt electrons have on average 1.3 matched tracks, while background classes have 2.8
tracks!”. Thus, information on these extra tracks could be useful when discriminating prompt
electrons from their backgrounds.

To do so, different features are considered for up to 5 tracks associated with each electron
candidate. These variables, listed in Table 6.2, are ordered according to the distance of the track
to the candidate position in An x A¢. A grid of 5 x 13 features for the corresponding tracks

is then used as input to the algorithm, and is referred to as the tracks image in what follows.

6.2.3 Calorimeter images

Beyond the extra tracks information, other low-level features registered by the detector that can
be exploited by the electron identification algorithm are the energy deposits themselves. As
described in Section 4.2, the electron candidate crosses different layers of both the EM and the
hadronic calorimeters. In each one of these layers, energy deposits are recorded in a grid-like

structure over 1 and ¢, which can, in turn, be encoded as a two-dimensional image.
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6.2 Input features

Table 6.2: Track variables included in the CNN electron identification algorithm. Variables for up to
5 matching tracks j are considered for each candidate and are organised in the form of a
grid to form a 5 x 13 tracks image that is processed by a dedicated CNN layer!”.

Variable Description

p;/E  Ratio of the momentum of track j to the energy of the electron candidate

An; An between the track 7 and the electron candidate position

Ao; A¢ between the track j and the electron candidate position

n{;ixel Number of hits in the Pixel detector

nl-  Number of hits in the SCT detector

nl.r  Number of hits in the TRT detector

d) Transverse impact parameter relative to the beamline

o(dp);  Uncertainty on dy

z) Longitudinal impact parameter relative to the beamline

q; Charge of the track

X7 x? of the track fit

ndof;  Number of degrees of freedom of the track fit

VIX; Matched vertex index number

The main challenge in this task is the fact that the number of layers traversed by the
candidates varies as a function of |n|. This is observed, in particular, in the transition region
with 1.37 < |n] < 1.52, also referred to as the gap region, where there is an overlap of the barrel
and the end-cap calorimeters. Moreover, the granularity of the energy cells is not the same for
every layer and 7 region, being less finely arranged as we move away from the collision point.

Thus, calorimeter images are constructed by creating 2D arrays of finite values that
correspond to the energy deposits in a given layer. If there is no deposit on a given region,
the corresponding image is filled with zeros instead. In this way; all layers are included and
can be used as input for the neural network. As a result, if the electron candidate is in the
barrel region (|n| < 1.3), images associated with the end-cap region (1.6 < || < 2.5) are also
generated, being completely filled with zeros.

Furthermore, all images are centred at the electron candidate cluster position and pro-
duced with a fixed granularity where each pixel corresponds to An x A¢ = 0.025 x 0.025,
such that the final images cover n x ¢ = 7 x 11. This value corresponds to the granularity

of the second layer of the EM calorimeter, where most of the electron energy is deposited. In
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Figure 6.1: Average of the calorimeter images for the barrel layers for different classes. A total of 10° examples with pr > 4 GeV and || € [0.0,2.47] were
considered from the MC simulated events in the JF17 dataset and data recorded by the ATLAS detector in 2015. The light-flavour class corresponds
to the combination of both the light-flavour hadrons and their decays into e/~.
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Chapter 6 Improving electron identification with a convolutional neural network

layers where the granularity is coarser, such as the case for the Tile calorimeter, the energy is
equally distributed in the smaller pixels that would correspond to the same area. By including
all layers with the same granularity, the network can capture the longitudinal development
of the shower through the calorimeters. Additionally; the first layer of the EM calorimeter is
available in a finer granularity, namely pixels of 0.025/8 size, such that the total image corres-
ponds to 17 X ¢ = 56 x 11. This particular layer is also included in its full granularity to make
sure no information is lost. As such, two fine-granularity images are included in the inputs,
one for the barrel region and another for the end-cap region.

An average of the calorimeter images obtained for 10° electron candidates is shown in
Fig. 6.1 and Fig. 6.2. The narrower shape of the prompt electrons in the second layer of the EM
calorimeter (third row in both Fig. 6.1 and Fig. 6.2) is clear when compared to the different types
of backgrounds. Moreover, the deposits in the Tile and LAr hadronic calorimeters (rows 57 in
Fig. 6.1 and rows 5-8 in Fig. 6.2) that can be observed for all backgrounds are completely absent
in the prompt electrons candidates. Meanwhile, the background classes present different levels
of broader deposits that extend into the calorimeter layers. These observations further motivate
the use of these images to improve the electron identification algorithm, which is described in

more details in the following section.

6.3 Task and architecture

The inputs for the CNN algorithm are the high-level variables, the tracks image and the calor-
imeter images described above. By undergoing supervised training, the network performs a
multinomial classification of the electron candidates, each class being defined using the truth
information available in simulation data. The same classes used by the DNN implementation
in ATLAS”*"! are used. They are defined as follows:

Prompt electrons: electrons produced at the interaction point, that are isolated and have the
reconstructed charge matching the true charge. These include electrons from short-
lived particles decays, processes such as Z — eTe™, W* — e*v, J/1) — eTe™ and
Higgs boson decays, for instance, as well as electrons from a final state radiation or
bremsstrahlung photons if they originate from a prompt electron;

Charge-flip electrons: prompt isolated electrons with the reconstructed charge opposite to
the true charge. These include electrons whose charge is mis-measured due to material
effects or from an error in the electron curvature measurement;

Prompt photon conversion: electrons from prompt photons which convert into a ete™ pair,
as well as prompt photons which are reconstructed as an electron;

Electrons from heavy-flavour (HF) hadron decays: electrons produced in the decay of a b- or
c-hadron (except the J/1)), where these hadrons originate from the parton showering

and hadronisation processes of jets;
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6.3 Task and architecture

Light-flavour (LF) hadrons: charged light-quark hadrons (e.g., 7¥) that fake the electron sig-
nature. These correspond to the dominant background after the electron reconstruction
is performed!***/.

Light-flavour (LF) e/~: electrons produced from the decay of a light-quark hadron. This

include, for instance, electrons from converted photons in decays such as 7% — ;

These classes were engineered to address the background objects that most impact the
measurements from the ATLAS physics programme. In the majority of cases, both the prompt
electron class and the charge-flip electron class are considered signal electrons. Nevertheless,
analyses featuring pairs of same-sign leptons””"*”!l would benefit from rejecting the contribu-
tion of Drell-Yan processes that leads to two opposite-sign leptons!”*’. As a result, considering
the charge-flip electrons as a background class instead can reduce the contamination from

these background events.

The architecture of the CNN algorithm is presented in Fig. 6.3. The matched track
variables, arranged in a 5 x 13 grid, and the calorimeter images are processed in 3 independent
convolutional sequences with 2 layers, such that the coarse resolution images (n x ¢ = 7 x 11)
from all layers and the fine resolution images (n x ¢ = 56 x 11) from the first EM layer are
processed separately. When processing the calorimeter images, the different layers are treated
as different channels, similar to how coloured images are split into RGB channels. For both
the coarse and the fine resolution calorimeter images, a kernel size of (3, 5) is used, while a
(1,1) kernel is used over the tracks image. A Max pooling layer reduces the dimensionality of
the CNN layers output, an operation that keeps only the maximum value of the feature map
in the region covered by the filter. The downscaling of the (x, i) dimensions is done by factors

(4,1) and (2, 1) for the coarse images and (1, 1) for all the layers of the other networks.

The outputs of the three convolutional layers are then flattened and concatenated with
the HLV and processed through an FCN. This network is constructed with two hidden layers
of 100 neurons and has as its output a vector of the probabilities of the electron candidate to

be classified as each one of the six classes.

To implement the framework, Tensorflow version 2.1.07”?! was used. After each hidden
layer, a RelLU activation function is used, except for the last layer of the FCN which uses
a Softmax activation function to normalise the output to a probability distribution over the
output classes. The Apam optimiser!’”"! is used to perform the gradient descent, with the L,
and Dropout!' ! regularisation being used to reduce the risk of overfitting. A categorical cross-
entropy is used as the loss function and the training convergence is assessed from the accuracy.
The final model is obtained from the weights of the best epoch once the accuracy has not

improved for five consecutive epochs.

The final discriminant D is obtained from the weighted probabilities for an electron
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Figure 6.3: Architecture of the CNN algorithm. The calorimeter images in both coarse and fine
resolutions, as well as the track variables from up to five matched tracks are processed
through separate convolution layers. The corresponding outputs are concatenated with
the high-level variables and processed by a FCN. The output is a vector with the probability
of the electron candidate to be classified as each one of the six classes.

candidate to be classified into a signal py, or background pi, class, that is,

Z wscigpsig
D= < — (6.1)

)
C C
E WhkePhkg
C

where the sums are performed over the corresponding classes ¢ considered as either signal
(numerator) or background (denominator), and wyg, whig are adjustable weights which add

to unity. This discriminant is transformed via

D — L, (6.2)
1+D
such that the final discriminant is in the [0, 1] interval.

This discriminant definition introduces a flexibility that allows it to be tuned accord-
ing to each analysis’ needs. By increasing the value of the weight associated with a given
background, the corresponding background rejection for the class is increased. The optimal
performance against the combined background classes has been found when the weights are
set to the fractions that each class is found in the sample!”.

Once the classification task is defined and the neural network is implemented, it is time

to apply them to electron candidate examples. These are obtained from both the MC simulated
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64 Datasets

events and real experimental data, as described in the following section.

6.4 Datasets

As discussed in Chapter 2, the choice of examples of electron candidates for the training of the
CNN algorithm is crucial to achieve a good performance. Not only is the quantity of examples
provided important, but also its quality and resemblance to the final application examples are
all determinant factors to be assessed when preparing the datasets.

Since a supervised learning is performed, the use of MC simulation events is convenient
due to the availability of the truth information that allows the assignment of a true label to
the electron candidates. Additionally, the large number of events generated by the ATLAS
simulation pipeline guarantees large statistics for training. This is especially important given
the large impact that the number of examples in the training sample has in determining a good
performance of the algorithm!”.

However, the known mismodelling of the MC simulation, presented in Section 3.2.6,
introduces discrepancies between the examples seen during the training and the experimental
data on which the network will be used. In particular, the simulation of the fake electron objects
is known to be imperfect, especially those involving hadronic showers, since the calorimeter
shower shapes obtained in the detector simulation are largely affected. Since the CNN inputs
incorporate these low-level features of the detector, the trained model might be more sensitive
to these discrepancies than those observed at the high-level features.

Some of the proposed solutions available to address this issue attempt to correct this
effect on the high-level variables, similarly to what is done for the LLH approach described
in Section 4.3.1. However, doing this at the shower-shape level adds considerable difficulty
to the task, given the different cell configurations across the detector layers. An alternative
approach would be to incorporate examples coming directly from experimental data. Since
there is no truth information available from the experimental data, obtaining perfect labelling
is impossible. However, a reliable labelling can be obtained by performing selection cuts that
enhance the acceptance of examples from a particular class while rejecting the other classes.

Both these approaches, using MC simulated data and real experimental data, are used
in this work. The labelling of the former is obtained from the truth information available
in the MC simulation, while the latter was performed with requirements to select only the
light-flavour hadrons and light-flavour e/~ background classes. The construction of these

datasets is described in what follows.

6.41 Simulation data

Simulation of events that are known to produce electron candidates were used to obtain ex-

amples from all the pertinent classes. These events were processed using the ATLAS simulation
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Chapter 6 Improving electron identification with a convolutional neural network

Table 6.3: Processes considered to obtain electron candidates from simulated MC events and the
corresponding ratio of electron candidates from each class (in %), identified from its truth
information. The large majority of background examples correspond to the light-flavour
(LF) hadrons and their decays into e/, with prompt electrons also being well represented.
Charge-flip, photon conversion and the heavy flavour (HF) decay classes correspond to a
considerably smaller ratio of the candidates available[”].

Photon HF LF LF
conversion decay e/y  hadron

Prompt e Charge-flip

JF17, JF3S, JESO 25x 107 9.5 x107° 0.05 0.20  7.67 31.28

tt (W — (v) 2.19 0.07 0.05 1.22 5.44 25.89

W, Z production 10.45 0.36 0.04 0.03 1.48 3.08

Z*|v* — ete 3.93 0.21 8.6x1073 0.01 0.54 1.76

v + jets 3.9x107° 38x10°° 0.73 0.02  0.69 2.59

Total 16.57 0.64 0.88 1.49  15.82 64.60
infrastructure™**!, the software suite responsible for generating events and simulating the

detector response, presented in Section 3.2.6. The processes considered include W and Z pro-
duction decaying to leptons, the Drell-Yan Z*/~* — eTe™ process as well as t¢ production

with at least one W — /v decay and the photon + jets production.

To further increase the number of background examples available, the dedicated JF17,
JF35 and JF50 datasets were also included. They simulate 2 — 2 QCD processes, including
multi-jet, g9 — q7, q@ — g, electroweak and top production processes. To guarantee the
sample is enriched in electron candidates backgrounds, a requirement is made that the sum of
the transverse energy of the particles (with the exception of muons and neutrinos) in a window
of An x A¢ = 0.1 x 0.1 exceeds a lower energy threshold of 17, 35 and 50 GeV, for JF17,
JE35 and JF50, respectively. These selections increase the acceptance of high-pt background
examples that mimic the highly localised energy deposits of electrons””*). Prompt electrons
are not explicitly removed when constructing this sample, but after the cuts only very few

remain.

In total, approximately 180 x 10° electron candidates are available from MC simulated
events. The class composition of each process included is shown in Table 6.3. Note that the
majority of the examples belong to the light-flavour hadron and light-flavour e/~ classes, with
prompt electrons being also well represented. Each class has at least 10° electrons, guaranteeing
that all classes are well represented in the training data. The distributions of Er and || for
the different classes in the MC sample are shown in Figures 6.4a and 6.4b.We note that the LF
examples are dominant at low energies, with prompt electrons and charge flips being dominant
at high energy. Further, |77| has an uniform distributions for all classes except charge-flip, with

a prominent drop in the gap region 1.3 < |n| < 1.6 and the last bin.
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Figure 6.4: Distributions of the (a) transverse energy Et and (b) the absolute pseudorapidity || of
the MC simulation examples for different classes. The same observables are shown in (c)
and (d) for the dataset where the combined LF examples were obtained from real data.

6.4.2 Experimental data

By construction, it is impossible to obtain labelled examples from data since there is no in-
formation on the exact process that originated an electron candidate at the collision point.
However, as mentioned earlier, we can obtain a sample enriched in a given type of electron
candidate by performing well-engineered selections that maximise the acceptance of electron
candidates from a specific class.

Such a sample was obtained for the most common electron backgrounds: the light-
flavour hadron and e/~ (LF) classes. These classes are particularly difficult to simulate, espe-
cially hadrons faking the electron signature, due to the badly modelled calorimeter shower
shapes!”®>*"")as previously mentioned in Section 5.1. Nevertheless, they can be isolated using
selections that maximise the presence of electron candidates while also reducing the number
of prompt electrons.

This LF-enriched data sample was obtained from experimental data registered by the
ATLAS detector in 2015. In particular, the dataset used contains a subset of events that are
enriched in backgrounds that match the electron signature. These are selected by requiring

that the event passes at least one of the HLT triggers designed to have a loose selection and,
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as such, be completely dominated by hadronic backgrounds. Such triggers require a lower
energy threshold on either the transverse energy Et or passing the Loose LLH identification
working point. Furthermore, the events are also required to have at least one reconstructed
electron with pr > 4.5 GeV.

When constructing this data sample, a pre-selection was made requiring good recon-
struction quality, as well as a minimum number of hits in the inner detector, namely npiy > 1
and npiyel + nscr > 7. Furthermore, only the candidates with |npgs| < 2.47 are kept”? . Next,
to guarantee that the majority of examples included correspond to LF backgrounds, further
selections were incorporated”””. To remove electrons coming from the W boson decay, events
are required to have small missing transverse energy, £ < 25 GeV, and transverse mass of
the electron candidate with the missing energy of m$’ < 40 GeV. Similarly, prompt electrons
coming from the Z boson decay are excluded from the sample by requiring that no more than
one electron passes the medium LLH working point and, in the case one passes the medium
LLH working point, it is required that the invariant mass of its combination with another elec-
tron candidate in the event, the latter pasing a Ticat LLH working point, to be m® < 70 GeV
or m* > 110 GeV.

Events that pass all the imposed requirements correspond to LF candidates, with a

293]

purity estimated at 99%>”!. Thus, these candidates are labelled as LF class and considered
as examples for the CNN network. A dataset is then constructed by replacing both the LF
classes obtained from MC simulation with these examples retrieved directly from experimental
data. The Et and || distributions obtained in this dataset are shown in Figures 6.4c and
6.4d. This dataset containing LF examples from data and the remaining examples from MC
simulation are referred in the following sections as the “Data” dataset, for simplicity, while the
one containing only examples from MC simulation is referred to as the “MC” dataset.

To assess the agreement between the LF samples obtained from Data and MC, distri-
butions of the LLH discriminant value (described in Section 4.3.1) are shown in Fig. 6.5 for
selected bins in Er. We observe an overlap between the distributions of the LF class from MC
and Data, with both of them having a clear distinction from the prompt electrons distribution,
as expected. However, for lower energies (Fig. 6.5a), the LF class distribution from Data is
slightly shifted towards the signal region, an effect that is not observed as we increase the
energy (Fig. 6.5b). In summary, these LLH discriminant distributions further corroborate that
the examples obtained from experimental data are indeed mainly populated by the LF class
and thus a comparison between MC and Data examples of this class can be made.

There are two main advantages in producing a sample containing examples from exper-
imental data: benchmarking the model trained in MC simulation in a realistic scenario and

incorporating more realistic examples in the training. Both these studies will be discussed in

(34) The npgs variable is the pseudorapidity of the barycentre in the second layer of the EM calorimeter, where
the majority of the electron energy is deposited. This variable is known to give a better proxy for the
location of the cluster of an electron in the EM calorimeter. It is the same one used in the electron efficiency
measurements discussed in Chapter 5.
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Figure 6.5: Distributions of the LLH discriminant value for the LF class obtained from Data (black
line) and MC (orange line), as well as the one for prompt electrons (blue line) from MC

events for selected bins in Et: (a) 10GeV < Er < 15GeV and (b) 30GeV < Er <
35 GeV.

more details in the following section.

In particular, we highlight that the contribution from the author of this thesis to this
project consisted on the study and optimisation of the input features used by the algorithm, a
work that is described in Section 6.5.2. Moreover, the author also contributed to the comparison

of the network’s performance when evaluating over examples from MC and Data, as described
in Section 6.5.3.

6.5 Results

6.5.1 Performance over simulation data

The performance of the CNN algorithm is obtained by evaluating examples on a testing dataset
that is statistically independent to the one used for the training. The available electrons are
randomly split with approximately 90% being used for the training and 10% being used for
the testing dataset. Track quality is required for the testing dataset, with the number of hits in
the pixel and SCT detector satisfying npixe; > 2 and npixel + nscr > 7.

When comparing the performance of the CNN algorithm in different studies, the main
figure of merit considered is the background rejection. As discussed in Section 2.5, this quantity
is defined as the inverse of the efficiency of the background, that is,

1 TN + FP TN

big FP FP
where TN and FP correspond to the number of true negatives (specificity) and false positives
(type-1 error), respectively. Since the background rejection increases monotonically with the

number of candidates correctly classified as background, when compared at a fixed signal
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efficiency, a greater value of the background rejection corresponds to a better performance of
the network. As a result, ROC curves are drawn showing how the background rejection varies

as a function of the signal efficiency for each one of the background classes.

In Fig. 6.6, the performance of the CNN algorithm is presented when evaluated over a
testing dataset with MC simulated electrons with Et > 15 GeV and considering only prompt
electrons as signal. Models were trained with different combinations of the input features (HLY,
tracks image and/or calorimeter images), allowing for the quantification of their individual
impact. The background pr distributions were reweighed to match a 4:1 ratio with respect
to the prompt electron distributions. This was done to guarantee that classes that have fewer
examples (charge flip, photon conversion and heavy flavours) will be balanced and achieve a
comparable performance. The performance was then obtained over a sample statistically in-
dependent from the training sample, having the same class proportions but with no kinematic

reweighing applied.

As shown in the ROC curves, the model with all input features (solid blue line) out-
performs all the others when rejecting both the combined background and the individual
backgrounds separately. Moreover, all CNN models considerably improve the background re-
jection when compared to the LLH algorithm (solid gray line) and the corresponding working

points (black markers).

This improvement is further quantified in Figs. 6.7 and 6.8 via the ratios of the back-
ground rejection of the combined background for the full CNN model, trained with HLV,
tracks image and calorimeter images, with respect to the one obtained from the LLH method
and an FCN with the HLV as input features. In Fig. 6.7, ratios are shown when rejecting the
combined background (Fig. 6.7a) and the LF hadron class (Fig. 6.7b), considering different Fr
bins and the Loose, Mepium and Ticut working points. Furthermore, ratios with respect to the
LLH method (Fig. 6.82a) and the FCN (Fig. 6.8b) are also shown for different Ft and || bins

for a signal efficiency corresponding to the Loose LLH working point, of around 90%.

We observe that the CNN outperforms both the LLH and FCN methods in all bins by
factors of at least 1-2. When rejecting the combined background, an improvement of order 3—7
is obtained when comparing to the LLH, while the introduction of the images is responsible
for factors 1-2 when compared to the FCN results. The ratios are still higher when rejecting
the LF hadron class, with factors around 10 for Loose and factors around 5 for Tigur. Lastly,
we highlight the stability of the improvement across Et and || for the Loose working point.
At this value of the signal efficiency, most prompt electrons are accepted by the classifier, so
the improvement in background rejection shows that the contamination from the LF class is

considerably reduced by when using the CNN model.
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Figure 6.6: ROC curves from a CNN model trained and evaluated over MC simulated examples when
rejecting the different background classes. The testing dataset consisted of electrons with
Et > 15GeV and charge-flip electrons are considered a background class. Models were
trained with different combinations of the input features, namely the HLV only (dotted
red line), HLV + images (dash-dotted green line), HLV + tracks (dashed orange line) and
the full CNN algorithm with HLV + tracks + images (solid blue line). The bands around
the curves correspond to the statistical uncertainty associated with the size of the testing
dataset. The values obtained from the LLH working points at different signal efficiencies
are drawn, namely Loose (triangle), Mepium (diamond) and TigHT (circle), together with
the results obtained by the LLH discriminant (solid gray line). Taken from Ref. [2].
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6.5.2 Feature ranking

When developing a neural network, the choice of input features is central in determining how
well the task in question is performed, as discussed in Chapter 2. In particular, the process of
feature engineering can be optimised by studying the impact of each individual feature on the
performance figure of merit. Such a study allows not only for a better understanding of what
drives the performance of the network, but also a potential removal of superfluous inputs,
entailing a reduction of computational resources needed by the algorithm.

In the CNN algorithm, we have a total of 45 input features, namely 26 scalars from the
HLV, 16 coarse images, 2 fine images and 1 tracks image. To assess the influence of each one of
these features in the network’s background rejection, a feature-ranking study was performed.
In this study, we measured the ratio of the background rejection at a fixed signal efficiency
obtained from a model trained with all the features with respect to the one obtained from a

model trained without the respective feature, that is,

R background rejection with all the features

_ , 6.3
background rejection without the feature (63)

such that

if R > 1, the network perfoms better with the feature;
if R = 1, the removal of the feature does not affect the performance;

if R < 1, the network perfoms better without the feature.

Models were trained to discriminate the six classes with 20 x 10° electrons, a smaller
training dataset size that allowed for faster training and less computing resources without
compromising the baseline performance. Moreover, the background pz distributions were
also reweighed to match a 4:1 ratio with respect to the prompt electron distributions. The
performance was evaluated over a testing dataset with 100 x 10° examples, where the back-
ground rejection was obtained at 90% signal efficiency over examples within the whole 7,
region (|n| < 2.5), but also separately for the barrel (|n| < 1.3), gap (1.3 < || < 1.6) and
end-cap (1.6 < |n| < 2.5) regions.

The results are shown in Figures 6.9, 6.10, 6.11 and 6.12. The variables are sorted in
descending order of the ratio R when discriminating the combined background, while also
showing their corresponding values for the individual background classes. Variables for which
R > 1, drawn with a bar to the right of the reference value (R = 1, dotted red line), are
important for the performance of the network, since their removal decreases the background
rejection. In contrast, variables for which R < 1, with bars drawn to the left of the reference,
actually improve the performance when removed, since the background rejection is higher
without them.

We note that the pattern of influential features is kept across the different classes and
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Figure 6.9: Ranking of the input features according to the ratio R defined in Eq. (6.3) when discriminating the combined background and its different classes.
Features include both the HLV (blue) and the images from the track-matching variables and calorimeter deposits (orange). They are presented
in descending order of the ratio for the combined background, such that those listed higher have a larger impact when removed. Results are
presented for electrons with || < 2.5, corresponding to the whole coverage.

132



6.5 Results

[21763q/|Iny" 847 63q

[24763a/|Iny" a4 B>

K[uo uorda1 [a11eq 91 01 Surpuodsariod ‘¢ T > |l| Yam suond[d 10§ paruasaid
1B SINSY "PIAOWI UdYM Joedwl 1981e] B IALY I2YSIY PIISI] 9S0Y1 JBYI YONS ‘PUNOIZH D] PIUIUIOD I3 10§ OUEI Y3 JO J9PIO JUIPUISIP Ul
pa1uasaid a1e 43y 1, (98ue10) S11s0dap 1919WILIO[Ed pUE SI[qeLIBA SUIYDIBW-YORN Y3 WOIJ SISeWI Y31 pue (In[q) ATH Y3 Y10q Ipn[oul SaInies ]
"SISSB[D JUAIDPIP SI PUB PUNOIZHOBq PIUIGUOD Y1 SUNBUTWILIISIP UdyM (£9) ‘b ur paugap 27 oner ays 01 Surpiodde sarniedy indur o Jo Sunyuey :0L9 ainSiy

o7 Bxq/|Iny 24769

217 Bxq/|Iny 847 B39

foa76xq/|Iny 847 B3q

[24763q/|1Iny a4 B

€ Z T € Z T € 4 T € Z T € Z T € 4 T
sebew! : sebew! mm : sobew! mam : sobew! : sebew! mam : sefew! :
siejeds j860 siejeds 100t siejeds M Mos o siejeds | AR siejeds mE fvot siejeds Yeoof (TPevy
1ot Hoe0 fit60 ksot 1001 {v60F ¢4 [94deq we
¥680 Eso 1v60 I sot 1660 fseof & _ _ _
1660 s o : Evot 160 £6°0 @uly T47 dedspus wa
] 160 jse0 E oot ] .60 86°0 €47 [341eq we
§sot } o1 | A {160 660 U
B ozt flsso Esot {960 66'0 %3
1001 {960 fsot 160 660 PXdu
16670 00T P 1ot 1001 oot (9P)o/op
Bt fc60 fvot I sot 00Tk Y
[ TR Evot Kot 1 00T 00'T | 964eYd IM 305
st ioot Kot 1960 00T J0OpU B
Bctt Iv60 Wit | Eas LIOTE €T 19eq /I
671 Bert koot lcot beotl d/3
| — M ot feot ¥ sot b zo 1 Py
| KR f 1ot j 960 | EAR fzo1p % _ _
fsort f160 F Lot } ot {201 z41_dedpua uej
Bort is60 b zot {160 tzo'Tf 041_|944eq WS
foot is60 Eoot Bort t zo'tf 047 _deopus ws
|4 | Eia E 6ot M ozt fcoTFca_|seq s
B sct {160 kLot {.60 beotp T4 [941eq w
R cct HRR b zot | 4 feoth®y _ _
I oc1 fzot feot | AR £ vorrf 147 despus wa
| E0 fz60 Fcot [ 101 F vot| PPy
IR cvT Bt Byt | B F soTSHY LDS JOON
€T fvot {960 1660 [ cotp 147 deb an
| EIARH ozt Esot Ksot Fsotpid/z  _ _
I o<1 E oot k.ot 1960 F oo T Ruly TJ47 [944eq W
R v b vo1 Bsot R < E oot} "m _
I oyt W et Esot ozt £ go'1f €47 dedpud e
Il o<1 | E4A st | E3RH E 601|248y _
R v R ovT [ FoRs Esot B 60| ¢41 dedpus wad
Bt Bt lzot Bt E 1 bBisopb
8T'T fzot 100T {960 Booihly
I sct | R Foot KEsot K ofddy _
| xan tzot | 4w t 10T B zrrE T47_94eq 9
ST'T | B P10t | AR B crrf €47 dedpus wd
N ov1 Hort Hcrt | W ddhi Ecrirdm
I 00 ¢ Jes 0 [ zot | EIR Borir v _
R v | A Evot |_E4aH [ st f 147 dedpud e
v ozt Ecit | v W coif v _
I o1 I vet 960 fsot % oz 1 047 dedpud e
I o0 ¢ I oc T Byt R sct B vc1-dididl
B o<1t 6L'T [ E [ ,cT 9bew sydesy
I < Ge'T I 0 . vy d

08, = o1 B3q Ny
(uodpey) Joneyy 3ybl|

G8GT = [o4 Bq [N}
(£9/A) doneys 3yby|

1€ = [oa Byq Iy
uoJpey d/q

vOT = [24 6q | |In4
uolsJaAu0d uojoyd

LL = 31 BYq ||y
dij4 abieyd

Bbupjues sduejuodwi |[eAOWDI D4NjeD

0€G = [RI BXq | In4
v

133



Chapter 6 Improving electron identification with a convolutional neural network

Feature removal importance ranking

All charge flip photon conversion b/c hadron light flavor (y/e*) light flavor (hadron)
full_bkg_rej = 264 full_bkg_rej = 29 full_bkg_rej = 52 full_bkg_rej = 23 full_bkg_rej = 566 full_bkg_rej = 1979
tracks_image 41.40 jmm 1.38 g 149 m 1.77 S 1.58 1.52
Any 41.36 1.04 { 0.98 | 1.05 1.04 { 2.05
p: 41.36 1.81 . 1.08 § 1.44 N 1.48 1.81 .
TRTPID41.36 M 1.07 § 1.04 ] 1.28 1l 1.23 2.07
_mﬂlmDQnmUI_lﬂH 41.25 1.04 * 1.02 m 1.21 ' 1.30 I 1.50 I
Nb of SCT hits 11.21 1.07 § 1.02 | 121 | 118 @ 1.58 S
Apres 1121 1.53 . 1.06 § 1.05 § 1.10 § 1.29 m
Wstor 11.19 1.07 1.00 : 1.21 | 1.16 W 1.58 [N
Wp2 {1.18 @ 1.07 § 1.04 | 110 § 121 | 120 |
lar_endcap_Lr3 41.15 il 112 1.02 { 121 ¥ 1.26 1.39 S
Nglayer 11.14 W 1.07 § 1.44 1.10 3 131 Il 112 &
Ry-1.14 W 1.04 | 0.98 } 1.15 | 1.11 1.28 1l
qdosig {1.14 & 1.07 § 1.04 { 1.10 4 119 | 119 |
em_endcap_Lr2 {1.14 i 1.04 { 1.02 { 1.05 § 1.27 127
Ap/p 4111 & 1.04 ] 1.04 ] 1.00 : 1.02 | 1.26 1
tile_barrel_Lr1{1.11 § 1.04 § 1.02 | 115 | 112 § 111§
E/pr41.10 4 1.00 : 1.02 § 1.05 § 113 # 1.01 §
em_endcap_Lr0 {1.10 § 1.00 : 1.00 : 1.15 | 1.09 § 115 |
lar_endcap_Lr0 41.08 j 1.00 : 1.02 | 1.21 1.15 | 1.18 W
mBImDQnmUI_lﬂw 41.08 ‘ 1.00 : 0.98 “ 1.10 ﬂ 1.13 - 1.09 ‘
em barrel Lr0 41.06 0.97 f 1.02 § 0.96 } 1.03 § 111 §
- “RpAq106 1§ 0.94 F 1.02 | 1.10 § 1.02 ] 1.04 ]
tile_gap_Lrl 41.06 J 1.04 § 1.00 : 1.00 : 1.05 § 1.02 §
tile_barrel_Lr2 41.06 116 @ 1.02 § 1.05 § 1.03 1.03
em_barrel_Lrl fine {1.06 0.97 f 1.04 § 1.10 § 1.00 1.18
tile barrel Lr341.05 1.16 | 1.04 } 1.00 : 0.94 0.98 }
m3|m|zanm_um_.3 41.05 1.04 j 1.02 § 1.05 § 1.04 § 1.10 @
lar_endcap_Lr2 41.04 1.00 : 1.04 { 1.05 § 1.00 : 0.97 }
T dolo(dp) q1.04 1.00 @ 1.08 § 0.96 | 0.96 0.90F
N7racks 11.04 1 1.00 : 1.02 | 1.05 § 113 @ 1.01 |
do {1.04 1.04 | 1.00 : 1.00 : 0.97 | 0.92 §
E/p {1.03 0.97 } 1.04 { 1.00 : 113 § 1.09 §
em barrel Lrl41.02 0.97 f 1.02 } 1.05 § 0.99 } 0.97 f
" Rpag) 1102 0.97 f 1.04 0.92 1.01 § 0.90F
f; 41.02 0.97 | 1.02 | 1.05 § 0.97 } 1.01 §
Eratio 4102 0.94 F 1.04 { 0.96 } 0.93 k 1.04 |
mj\_lmjn_nwﬁl:‘lejm 41.02 O.obm 1.00 1.00 1.00 o.wo!
Npixer 11.01 1§ 0.97 | 1.06 0.96 | 0.99 } 0.89
Rhag 41.01 1 1.00 : 1.00 : 1.00 : 0.91F 0.98 }
f3 41.00 } 0.94 1.06 § 0.96 0.93 F 0.87F
ndof 41.00 : 0.94 1.04 ] 1.00 : 0.90F 0.98
n40.99 i 0.94 f 1.08 § 1.00 : 0.92 f 0.96 f
sct wt charge 40.99 | 0.94 1.04 { 0.96 | 0.83R 0.89R
em barrel Lr340.95 0.97 f 1.04 § 0.96 0.93 F 0.83
em barrel_Lr2 40.95 f I scalars 0.94 B scalars 1.06 § B scalars 0.96 B scalars 0.86K B scalars 0.8 B scalars
: [ images : [ images : [ images : [ images : [ images : W images
t T T t T T t T T t T T t T T t T T
1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3

Figure 6.11: Ranking of the input features according to the ratio R defined in Eq. (6.3) when discriminating the combined background and its different classes.
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Features include both the HLV (blue) and the images from the track-matching variables and calorimeter deposits (orange). They are presented
in descending order of the ratio for the combined background, such that those listed higher have a larger impact when removed. Results are
presented for electrons with 1.3 < || < 1.6, corresponding to the gap region.
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Chapter 6 Improving electron identification with a convolutional neural network

n regions. Also, no feature has both minimum and maximum ratios across all classes and
all regions around R = 1, meaning that all features are important in at least one scenario.
Moreover, there is no feature that has a non-negligible detrimental contribution (R < 0.9)
that is not important in another scenario (R > 1.0).

We observe that the tracks image is particularly important, having a large impact (R >
1.3) in all regions considered and for all backgrounds. Since they have a dedicated CNN to
process them, their removal is associated with less weights for the model to learn. In fact, the
total number of parameters goes from 3.5 x 10° to 0.9 x 10°® with their removal, a considerable
reduction of the model size that matches the observation of a worse performance. Also, the
calorimeter images are shown to be important features especially for both the LF classes.

In light of these results, all input features were kept in the CNN algorithm. This study
also further established that the addition of the tracks and calorimeter images are important
elements in improving the performance of the algorithm when rejecting backgrounds from

the different classes.

6.5.3 Performance in data versus simulation

The results presented so far show that the CNN algorithm considerably improves the discrim-
ination of electrons from its different types of background with respect to the LLH method.
However, the ultimate goal of the algorithm is to be applied to real experimental data collected
by the ATLAS detector and, as such, it is important to test the CNN algorithm in a realistic
scenario. This was achieved by comparing the performance over the dataset containing only
MC simulated examples and the one where the LF class was replaced with examples obtained
from experimental data.

Since the background examples we have from the experimental data are coming from
the LF class, the figure of merit in which we are mostly interested is the background rejection
with respect to this class. To guarantee a fair comparison, the classifications of the two light-
flavour classes were combined for the model trained in simulated MC examples. Moreover,
only examples coming from the JF17 simulated dataset were included, a choice that was made
since their distributions have been observed to be closer to those coming from real data””*.
Different models were trained, either over the MC simulated dataset or with the dataset that
had LF examples from data, both including approximately 90% of the available examples.
The remaining 10% examples were considered as testing datasets, with both models being
evaluated to reject either LF examples from the MC or Data samples, described in Section 6.4.

The ROC curves corresponding to the background rejection of the LF class in the differ-
ent scenarios are shown in Fig. 6.13. Results are presented for models trained with HLV only,
a combination of HLV and the tracks image, as well as the full CNN algorithm with the HLV,
the tracks image and the calorimeter images. The corresponding values obtained from the

LLH working points are also included for comparison. Also, the discriminant distributions
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Figure 6.13: ROC curves from CNN models when rejecting the combined LF class. Models trained
in MC are evaluated in (a) MC and in (b) Data, as well as models trained in Data are
evaluated in (c) Data and in (d) MC. Different combinations of the input features are
included, namely the HLV only (dash-dotted green line), HLV + tracks (dashed orange
line) and the full CNN algorithm with HLV + tracks + images (solid blue line). The bands
around the curves correspond to the statistical uncertainty associated with the size of
the testing dataset. The values obtained from the LLH working points at different signal

efficiencies, namely Loosk (triangle), Mebium (diamond) and Ticur (circle) are drawn.

137



Chapter 6 Improving electron identification with a convolutional neural network

10°

: Prorr:pt E\e'ctron II:I I'_ight F;avor : Pron':p( Ele'ctron II:I Il_lght F;avor
107! 107t
> >
= =
2 2
v 102 @ 10-2
o [a)
> >
= =
8 q9- 8 44~
© 10 3 © 10 3
Qo Q
o o
et et
o o
104 104
10—56.A e e 10756.A e e
07 A0 407 407 407 0P 407 407 407 407 407 40T 407 40T 40 407 40" 407 407 407 02 107 407 407 A0 A0, AT A0, AT A0
bt AT AITAATAATAATN AT AT AT AT AT AT AT ATNAT AT AT
D D
(a) MC-MC (b) MC-Data
10° T T T T T T 10° T T T T T T
Prompt Electron [ Light Flavor Prompt Electron [ Light Flavor
1071 107!
> >
= =
2 2
L 1072 L 1072
[a] [a]
> >
= =
8 q9- 8 44-
© 10 3 © 10 3
Qo Qo
£ £
104 104
10-° L 10-5 s

7 35 A5 AT A5 05 AT AT AT AT AT AT AT AT AT
A0 40T 407 40T S A y;) AATLAT AT AT, AT AT A

(c) Data-Data

10°

0 5 A5 AT A5 05 AT AT AT AT AT AT AT AT AT
A0 A0 40T 40T WA v;') AATLAT AT AT AT AT A

(d) Data-MC

Figure 6.14: Discriminants of the CNN model with all input features (HLV, tracks and calorimeter
images) when classifying prompt electrons from the combined light-flavour class. Results
for a model trained in MC and evaluated on (a) MC and (b) Data, as well as a model
trained in Data and evaluated on (c) Data and (d) MC.

obtained by the full CNN model for the prompt electrons and the LF class are presented in
Fig. 6.14.

The first test in which we are interested is how the performance of the model trained in
MC examples is impacted when it is evaluated over examples coming from Data. We observe
that the great performance of this model over the MC simulated examples (Fig. 6.13a) consid-
erably drops when discriminating the examples coming from Data (Fig. 6.13b). Nevertheless,
the values obtained for all these models are still considerably higher than the ones obtained
from the LLH working points.

If instead we incorporate the examples from data into the training, the rejection of the
LF class in data (Fig. 6.13c¢) is recovered for all models. In particular, at the signal efficiency
associated with the Loose LLH working point (at 92%), the CNN performance with all the
input features is 6 times the value obtained by the LLH method, compared to a ratio of 3.5
obtained for the model trained with simulated examples.

However, when the model trained with LF examples from data is tested to discriminate

the MC simulated examples (Fig. 6.13d), a worse background rejection is observed. This
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Figure 6.15: Ratios of the combined LF class background rejection from a CNN model with respect
to LLH methods as a function of Et. The CNN model was trained with HLV, tracks and
images as input features and results are shown for a model trained in MC and evaluated
on (a) MC and (b) Data, as well as a model trained in Data and evaluated on (c) Data
and (d) MC. Values were obtained for the signal efficiencies corresponding to the LLH
working points, namely Loose, Mebium and TiGHT.

happens for all the combinations of input features, with the values being below the LLH ones.
Although not ideal, this result shows that the trained models are not as general as they could
be and the model does not seem to be completely robust against any example, independently
if they come from MC simulation or experimental data. This lack of generalisation, however,
does not demerit the good performance achieved for the model when evaluated over data,

since this is the final application dataset for which we expect the algorithm to be deployed.

Additionally; the ratios of the LF-class background rejection of the full CNN algorithm
with respect to the LLH values as a function of Er are shown in Fig. 6.15. An improvement
when using the CNN algorithm is observed throughout the energy spectrum and for all the
working points. For the Loose working point, in particular, the observed improvement when
applying on data goes from a factor of 3 to a factor of 10 when comparing the model trained in
simulation MC (Fig. 6.15b) to the one trained with Data examples (Fig. 6.15¢). Moreover, the
ratios obtained for the model trained and evaluated in data surpass the ones obtained when
training and evaluating with simulated examples. These results demonstrate that incorporating
real data examples in the training can considerably improve the rejection of the LF class in

data applications.

The improvement with respect to the LLH method is further quantified in terms of
both Et and || bins, as shown in Figs. 6.16 and 6.17 for the Loose and Ticut working points,
respectively. The LF class background rejection obtained at the signal efficiency corresponding
to both the Loose and Ticut working points is consistently greater than the LLH ones across
|n|. In other words, this shows that in applications that need more electrons to be accepted (i.e.,
higher signal efficiency), the contamination of LF class is considerably reduced. Improvements
with factors 4-8 for Loose (Fig. 6.16¢) and 3—6 for Tigur (Fig. 6.17¢) are observed in the barrel

region (|n| < 1.3) when training and evaluating in Data , while the training in MC presents
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Figure 6.16: Ratios of the combined LF class background rejection from a CNN model with respect to
LLH methods as a function of Et and |5| bins. The CNN model was trained with HLV,
tracks and images as input features and results are shown for a model trained in MC and
evaluated on (a) MC and (b) Data, as well as a model trained in Data and evaluated on
(c) Data and (d) MC. Values were obtained for the signal efhiciencies corresponding to
the LLH Loose working points.

improvements of factors 2—6 for Loose (Fig. 6.16b) and 1-2 for Tigut (Fig. 6.17b) when rejecting
Data examples.

We note, in particular, that in the forward region, where |n| > 2.0, we observe improve-
ments in the order of factors 200 when training and evaluating over Data, a result that grants
further investigation. While no differences were observed in the calorimeter images for these
n values, when checking the 7 distributions of the LF class, we observe fewer examples in this
last bin. This under-representation of the LF class in both the training and testing datasets
makes this last bin’s results less reliable than the others.

In summary, the CNN algorithm presents a great improvement with respect to the LLH
method when rejecting backgrounds from the LF class. Even though the performance observed
with the model trained with simulated examples is reduced when rejecting examples of the
background from real data, the values still remain above the LLH reference by factors of
1.5-2 for the Ticur working point and factors of 3-5 for the Loose working point. When

incorporating LF class examples from experimental data in the training, the improvement
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Figure 617: Ratios of the combined LF class background rejection from a CNN model with respect to
LLH methods as a function of Et and || bins. The CNN model was trained with HLV,
tracks and images as input features and results are shown for a model trained in MC and
evaluated on (a) MC and (b) Data, as well as a model trained in Data and evaluated on
(c) Data and (d) MC. Values were obtained for the signal efficiencies corresponding to the
LLH Ticur working points.

ranges from 3—10 across the different working points and Er bins, values that surpass those
obtained when both training and evaluating with simulated examples. As a result, the CNN
algorithm is a potential alternative to the LLH method for the identification of electrons in the
ATLAS detector, providing an improved rejection of its most prominent background, the LF

class.

6.6 Future improvements

The results presented of a CNN algorithm for electron identification are encouraging. By
introducing low-level features such as the calorimeter energy deposits and track-matching
variables to the task, it improves the background rejection with respect to the current LLH
method across difterent backgrounds. In particular, it presents a consistent improvement when

evaluated in real experimental data, more so when incorporating such data in the training
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process.

One must note, however, that the performance of neural networks is highly dependent
on the availability of a large amount of examples with great quality. The use of MC simulation
events guarantees large statistics to do so, but its known mismodelling remains one of the
major problems of such applications in the ATLAS detector. As a result, the mitigation of these
discrepancies between MC and data is a core element in future developments of any electron
identification algorithm.

One way to address this was discussed in this work: the incorporation of real experi-
mental data examples in the training dataset. This approach has shown great results when
considering the largest electron background, the LF class, but could just as well be expanded
to incorporate signal electrons from data. As discussed in Chapter 5, a sample enriched in
prompt electrons can be obtained from the Z — e*e™ decays to measure the electron efficiency
in data. Training a neural network with both signal and background coming from real data
could guarantee the robustness needed when discriminating electrons in data, especially for
trigger applications.

Another approach would be to correct the input features of the CNN in MC simulated
examples to compensate the mismodelling. Inspired by the one currently used in the LLH
method, vide Section 4.3.1, it would consist of reweighing the energy deposit cells according
to the distributions observed in data. This method, however, would involve a more complex
and technically challenging procedure, in part due to the different cell sizes in the layers and
transition regions, as well as the presence of missing cells.

A more sophisticated architecture could also be incorporated to the algorithm using an
adversarial network!”’*). This way, a supporting network could be trained to distinguish if
examples were generated from MC or real data, with this discrimination power incorporated
into the main network responsible for discriminating prompt electrons from backgrounds.
The trade-oft between these classification tasks could create a network that is robust against
the discrepancies observed between the MC simulated and real data examples.

Furthermore, the architecture of the neural networks used to perform the electron iden-
tification could be revisited. Many advancements in the field of machine learning could be
exploited, such as the use of graph neural networks (GNN), which could also take advantage
of the energy deposit cells"”".

Nevertheless, it is important to mention that any neural network approach is less adapt-
able regarding changes in the input features. While the assumption of uncorrelated variables
in the LLH method allows for the easy removal of a given variable, this is not true when dealing
with neural networks. That is, if any change needs to be made to the input features, a new
model needs to be trained. On the other hand, this disadvantage is counterbalanced by the
flexibility introduced by the multinomial aspect of the discriminant, which allows for a tuning
that improves the rejection of the background associated with a given class.

Moving forward, the results presented in this work indicate that the use of low-level
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features such as calorimeter images and track-matching information are potentially beneficial
to the electron identification task. In particular, the ability of the network to incorporate the
correlations between the input features into the classification task shows great potential in
improving its capabilities to discriminate the different types of electron background. As such,
the development of any electron identification algorithm would benefit from the use of low-
level features and the incorporation of examples from experimental data, as shown in this

work.
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Chapter 7
Bump search with the data-directed paradigm

We take for granted so much of what surrounds us that we
must take a step back to recognize what it is about the

physical world that requires explanation.

Robert N. Cahnl"®
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In this chapter, a novel approach to search for new physics in the ATLAS data is in-
troduced. The technique uses neural networks to search for resonances in invariant mass
distributions obtained from experimental data. A proof of concept is developed and tested
using MC simulation data, achieving great performance in identifying both synthetic Gaus-
sian signals and simulated BSM models. Moreover, a preliminary implementation to process

invariant mass histograms is discussed in preparation for its application to ATLAS data.

145



Chapter 7

Bump search with the data-directed paradigm

CMS {s=7TeV,L=51f"Vs=8TeV,L=531fb"
> 7\ T ‘ L L ‘ T T T ]
> E ' ' ' ' ' E o [ > ‘ —]
O 3500F ATLAS ¢ Data _f o L 8 Unweighted |
N E — Sig+Bkg Fit (m =126.5GeV) 3 © L 1500 ]
% 3000F H E ~1500 =~ 1
c E %Be, Bkg (4th order polynomial) o -~ 1T o ]
.% 2500 — ) i 5 ]
= 3 >
2000 = § L 111000 i
1500 f5=7 Tev, [Lat=4.810" E %1 000~ 75— 1
= = r GeV) |
1000E" {5-8 Tev, [Lalt=5.91b" J 2 0 My (GeV) ]
500E (o Hoyy 3 S ]
g . . . . . E o | ¢ Data ]
2 = 500 | — S+BFit i
om —~ | e B Fit Component
- @ [ 1o d
€ 1) [ B +20 i
u>.| - Y [o Lo b b L
2 110 120 130 140 150
100 110 120 130 140 150 160 m,, (GeV)
m,, [GeV]
() (b)

Figure 7.1: Distributions of the invariant mass of the diphoton candidates, presented as of the discovery
of the Higgs bosons by the (a) ATLAS experiment [69] and the (b) CMS experiment [70].

71 State of current searches

One of the main goals of the ATLAS experiment physics programme is to search for signs of new
physics. These can be observed as either quantitative deviations from theoretical predictions
or qualitatively different phenomena that are not yet understood. In the first scenario, a
deviation in a given observable could be coming from higher-order contributions involving
unknown particles or interactions. Thus, measuring a major deviation from the SM predictions
would indicate the existence of physics beyond the SM. Another more straightforward way to
detect a new particle is by directly reconstructing its decay products, in what is called a direct
search. 1f a particle is produced on shell®”, a resonance is produced in the invariant mass
distribution of its decay products. This is how the Higgs boson was discovered, for instance,
via the reconstruction of the H — ZZ* — 4¢ and H — ~~ final states!*”""!

Since the resonance appears in the form of a bump in the invariant mass distributions,
the search for resonances is sometimes characterised as a bump search. This name refers to
the shape that is observed around the particle’s mass in the invariant mass distribution of its
decay products, as we can see in Fig. 7.1 for the case of the H — 7 decay. In the context of
these two-body resonances, where the new particle decays into two other particles, this bump
will depend only on the mass, width and production cross-section of the new particle!”””!.
If the decay products happen to be SM particles, they should be detectable by the ATLAS
detector. However, many of these searches have not yet been performed, as can be seen in
Fig. 7.2 , which shows the coverage of existing searches of two-body resonances at the LHC

as of 2020°”°!, Many final states are still uncovered, such as those involving a lepton and a

(35) We say a particle is produced on (mass) shell when it satisfies its equation of motion, in this case E? — p?c? =
m2c*, meaning a real particle was produced. This is not the case for a virtual particle, which can contribute
to a process through diagrams, but cannot exist beyond a short time or space interval.
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Figure 7.2: Status of two-body resonance searches at the LHC as of 2020 as presented in Ref. [295],
with each entry corresponding references to existing searches. Highlighted in orange are
the final states that have not been probed yet.

quark/gluon or Higgs boson. If we go one step further and consider all the possible topologies
and particle combinations, it becomes clear that there is still a lot of potential to find new

particles via resonances from the LHC data”’®!,

The traditional way of performing a data analysis in particle physics is based on the
blind-analysis paradigm™”. The principle is to estimate the predicted observable from the
SM without looking at the data to avoid any bias. In a bump hunt, for instance, this would
correspond to building the invariant mass distribution in question from SM simulated events.
Once this background shape is properly estimated, thus defining the null hypothesis, the data
is unblinded, meaning the corresponding invariant mass distribution is obtained from the
experimental data. If the background hypothesis is rejected when compared to the observed

data, the discovery of a new physics phenomenon can be claimed.

When searching for specific BSM models, one can engineer certain selections on the data
to reduce the SM background and thus enhance the sensitivity to the given model. These cuts
are usually referred to as the signal region and the corresponding experimental data remains
unseen until the whole background estimation is properly conducted. By defining control
regions which are orthogonal to this signal region, many checks can be developed to make sure
the background estimate is properly calibrated and the uncertainties accounted for. Only once
all checks are performed and the researchers are confident that the background is correctly

estimated, the experimental data can be processed and compared to the theory prediction.

Although this method is great to enhance sensitivity to BSM models without biasing
the results, it requires an elaborate workflow. When building the background estimate, all the
different processes that contribute to the observable must be considered. Not only that, but
we must make sure that the simulation correctly accounts for detector effects, which means
correctly calibrating the outputs and correcting for mismodelling. Finally, all the different
systematic uncertainties introduced in the theory prediction of the observable must be prop-

erly estimated, meaning the whole process must be repeated with variations of the different
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parameters. This effort requires many resources, from the computational side to generate all
the simulated events, but especially from the human eftort side, since the time needed from
the start of an analysis until its results publication usually spans from 3 to 4 years.

Most ATLAS resonance searches are performed in this blind-analysis paradigm, the wide
majority of them being model-dependent and focusing on a specific final state. Since the
final state is chosen to optimise the search for a particular BSM model, the analysis is largely
dependent on our imagination to think of these new models. More importantly, the effort
needed to perform these analyses leaves a large portion of the data unexplored. In this context,
model-agnostic approaches offer an alternative to explore the data by prioritising the search
for deviations from the SM without any assumption on the signal. Many such searches have

been performed!>**!%*!1] taking advantage, in particular, of anomaly detection techniques.

7.2 Resonance searches with anomaly detection

A plethora of machine learning techniques has been developed to address the anomaly detec-
tion task in high-energy physics, as discussed in Section 2.7.2. These techniques frame the
task as the search for something that is not expected from the SM, either as an outlier event
or object, or an unexpected shape of a differential cross-section. For resonance searches, in
particular, we expect that the new physics will cluster in the form of a bump and many anomaly
detection techniques can take advantage of this localised signal.

For instance, one way to perform such an anomaly detection search is to directly compare
the data to the background estimate, which can be a fit over the distributions from simulated
MC events. This technique was performed by ATLAS when searching for new resonances

121 or the mass of objects produced together with a

over the dijet invariant mass spectrum!
high-energy leptonically-decaying Z boson!*”*). Another approach is to train an autoencoder
to distinguish signal from simulated background events, and perform the usual bump hunt
over the data that gets classified as more signal-like, a technique that has been used by ATLAS
in two-body invariant mass distributions”””!. Furthermore, one can incorporate a data-driven
approach by exploiting the localised nature of the anomaly. If we probe a given region of the
mass spectrum at a time, we can suppose the surrounding areas, referred to as the side bands,
are enriched in background. Thus, we can train a weakly supervised classifier, such as done
in the CWoLA method”"*"") | a technique that was successfully applied in an ATLAS di-jet
resonance search"™’!) | although no deviations were observed.

One of the main applications of anomaly detection is in the context of general searches,
where many final states are checked for deviations. Such a scan of the phase space can identify
regions that show potential signs of new physics that could be further investigated with more

302

precise methods. One such analysis was performed by ATLASP"?) and looked for statistical
deviations from the SM expectation. This strategy used pseudo-experiments to estimate the

statistical significance of excesses in data when compared to the MC simulation, which means
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it also relied heavily on the MC description of the processes and the simulations of the detector
response. But the fact that it allows for a global interpretation of finding deviations allows for

the detection of small independent excesses that combined could be worth investigating.

However, one of the main limitations of general searches is their reduced sensitivity.
When looking for a particular new physics model, it is common to define selection cuts that
reduce the expected SM background in the signal region. For instance, in the ATLAS search
for leptoquarks in the b¢b¢ channel"*!, a subset of the cuts required my > 130 GeV and
Pt > 75GeV to reduce the background from Drell-Yan and on-shell Z boson productions,
while requiring B /\/Hy < 3.5 GeV'/? suppressed the ¢ background. In a general search,
however, we want to avoid performing such cuts since no assumption is made in the signal
model and these cuts might remove the signal events altogether. But without cuts, the dataset
can be overwhelmed by background events and the signal might not be detectable at all.
That said, this should not discourage general searches, but it should be kept in mind when
developing and interpreting their results. After all, we do not have the luxury of dismissing
general searches, since they can play an important role in identifying deviations between data

and SM, especially in light of the many unexplored regions of the phase space.

Another important thing to keep in mind when performing model-agnostic searches is
the problem of multiple comparisons, or look-elsewhere effect (LEE)""). When calculating
the statistical significance associated with a given excess, one must consider the significance
of finding an excess anywhere. That is, the excess might as well be a fluctuation of the SM
background that could happen in any given range of the observable values. This consideration
naturally reduces the significance of any local deviation by a factor of roughly the order of
independent signal regions that are considered”'”). To properly estimate this effect, one would
need to repeat many simulations of background-only events and quantify how many times the
given excess appears. This, however, is incredibly time consuming, since to achieve a 50 signi-
ficance, for instance, one would need to perform O(107) tests’”*). As a result, any attempt to
cover many different signatures will lose sensitivity to individual deviations. Consequently, any
excess found in such a way needs a dedicated follow-up analysis, performed on a statistically

uncorrelated dataset, to confirm the excess over background.

At present, most anomaly detection analyses suffer from the main limitation as tradi-
tional analyses: they rely on MC simulations of background SM events. Thus, the known
existing mismodelling of these simulations, discussed in Section 3.2.6, entails considerable
MC/data discrepancies and has a direct impact on the reliability of the background estim-
ation. In particular, for machine learning models that rely on the discrimination of signal
from background events, if the training data comes entirely from simulation, the output of
the network will be embedded with this mismodelling. Furthermore, the known MC/data
discrepancies affect the estimation of uncertainties by introducing nuisance parameters that
are hard to quantify. This is especially problematic for machine learning applications, since

the distributions from which these models learn would not match the true distribution it is
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expected to describel”"*!. Therefore, a heavy dependence on MC simulations is a limiting factor
in many analyses which attempt to perform model-agnostic anomaly detection.

One possibility to mitigate the limitations of MC mismodelling is to incorporate data
into the learning of a classification task. This can be done either by training directly in a
background-enriched region of the data, such as the case of the CWoLa*""~**") and CURTAINS
method""”!, or using autoencoders trained to reconstruct data and learning to ignore noise*”’!.
Going one step further, would be to reduce as much as possible the dependence on MC
simulation, with a shift in paradigm that focus on the experimental data instead. An example

of such strategy is described in the following section.

7.3 Data-directed paradigm

When defining search strategies, one can move away from the blind-analysis paradigm and
consider looking for anomalies directly in the data. To do that, we need a reliable method to
efficiently search the vast parameter space of mass values and decay channels of new particles,
such that we can quantify how anomalous the data is with respect to a given reference. This is
what the data-directed paradigm®’°! proposes: to search the experimental data for deviations
of a well-established property of the SM. This can be achieved by constructing a reliable tool
that allows for a fast scan of the available phase space and identifies regions of interests to be
explored with more sensitive methods further on.

The first ingredient in this approach is to identify a well-known property of the SM such
that any deviations from this property would correspond to new physics. Once the target
deviation metric is established, we need a tool that can efhiciently search for these deviations.
Neural networks are great candidates for this task since they can map the observable in ques-
tion to a deviation score. Also, their ability to encode nuanced features and correlations when
mapping input and output has great potential when dealing with more intricate scenarios.

Once such a tool is constructed, it can be directly used in the experimental data to flag
deviations. By not depending on MC simulations to estimate SM backgrounds, this method is
unaffected by the MC/data discrepancies that greatly limit recent searches. Furthermore, the
time and computing resources are reduced, since there is no need for large statistics datasets
or systematic uncertainties computations. With fewer resources needed, we obtain not only
faster outputs but a survey of a larger number of final states and object combinations than
traditional analyses.

It must be noted, of course, that the modelling of the background hypothesis will not be
as precise without a full background estimate. Furthermore, if different final states probed are
correlated, the calculation of a global significance that accounts for the LEE will be a challenge.
That said, this approach still offers a great alternative to tap into the discovery potential of an
experiment. It will not replace traditional analyses, but it can serve as a supporting tool when

exploring the data.
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Figure 7.3: Smoothly falling shapes for the (a) inclusive jet cross-section as a function of the transverse
momentum pt and the (b) dijet cross-section as a function of m;;. Taken from Ref. [75].

In particular, the goal is to construct a reliable tool that can give us enough confidence
that an anomaly is present. By identifying which final states and selections are most promising
in the search for new physics based only on what the data shows us, it serves as a guide to
where a traditional analysis should be made. This way, we accelerate and optimise the search
for new physics and narrow down the existing efforts to searches that have more chances of
actually discovering anomalous phenomena.

Proof of concepts using the data-directed paradigm already show promising results. One
approach in particular considered the symmetries of the SM as the property in question"".
The idea was to compare two samples that are mutually exclusive in the data. Since a SM sym-
metry would assume both datasets originate from the same distribution, any deviation from
this behaviour would indicate the presence of new physics. This technique can be useful when
investigating the apparent lepton-flavour symmetry in the SM, where there is no preference in
processes involving electrons and muons, for instance, but some observables seem to indicate
slight experimental deviations, as described in Section 1.7.

Another approach which has been shown to be very promising is to perform a bump
hunt. In this case, we take advantage of the fact that in a region of the mass spectra where no SM
particle can be found, we expect a smoothly falling shape for the invariant mass distribution.
This behaviour is directly related to the same smoothly falling behaviour observed in cross-
section shapes!””!, as can be seen in Fig. 7.3. For all processes happening at the collision point,
the cross-sections get smaller as the energy increases, a property that is linked to different
phenomena that happen at high-energy collisions. Firstly, as the centre-of-mass energy gets
higher, many different kinematic regions become accessible. Thus, processes that require

less energy will contribute less as the energies increase, resulting in smaller cross-sections.
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Furthermore, as shown in Fig. 1.2, the proton PDFs are dominated by gluons at higher energies.
This means that processes relying on quarks with high fractions of the proton momentum are
suppressed and will also present a smaller cross-section.

In this context, a new search strategy was presented in Ref. [306], where a neural network
is trained to estimate the statistical significance of resonances over invariant mass distribu-
tions, supposing smoothly falling background shapes. In what follows, this novel approach is
described and expanded to incorporate more realistic applications, together with preparations

for its application in ATLAS experimental data.

7.4 Bump search with a neural network

7.4 Task and architecture

As previously discussed, if a particle is created on-shell during a collision, a resonance will
appear around its mass in the invariant mass distribution of its decay products. If a bump
that appears in the histogram cannot be explained by the SM, it may constitute a new particle.
Thus, the focus of a bump search is to identify statistically significant bumps in the invariant
mass distribution of a given object combination. In particular, our goal is to explore many
final states and assess the mass of different object combinations within these final states. By
considering many unexplored physics object combinations, we can make sure to cover as much
of the possibilities available in the experimental data.

Hence, we expect a BSM particle to create a bump in a mass region where the SM events
would produce a smoothly falling shape. This can be used to probe the existence of the
new particle if the statistical significance of this bump can reject our null hypothesis, i.e., the
background. In particular, the statistical significance of having a bump centred at a given bin
can be used as a metric for how much deviation we have from the smoothly falling shape.

So, if we consider an idealised analysis, where we suppose no uncertainty in either
the background or the signal invariant mass shapes, the background can be described by a
smoothly falling shape, for instance coming from an analytical function, while the signal can
be described by a narrow Gaussian centred at the mass value of the particle. When compared
to real data, a hypothesis test can be performed comparing the background-only hypothesis to
a signal hypothesis where the signal is centred at each bin. If we map each bin to the statistical
significance that a signal bump is centred at that bin, high values of this statistical significance
indicate considerable deviations from the smoothly falling shape.

Neural networks are the perfect candidates for performing this task. By construction,
they can learn to map an input to a given output through exposure to many different examples.
The fact that they can abstract away correlations between the features involved make them
especially appealing, as the concept of “smoothly falling” can be encoded by the network from

a well-constructed training dataset. In this dataset, examples have as input a vector of the
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Figure 7.4: Architecture of the BumpNet neural network. A vector of the bin entries of a mass his-
togram is used as input and processed by 4 convolution layers in parallel. Their output
is concatenated and passed through a fully connected layer that process all the represent-
ations for each bin separately. The network’s output has the same size as the input and
corresponds to the statistical significance value predicted for each bin.

bin entries of an invariant-mass histogram, while the output is a vector of the corresponding
statistical significance of having a Gaussian signal in each bin, calculated using the hypothesis
test described in Section 2.4.

To perform this task, a neural network called BumpNet is constructed using the ar-
chitecture shown in Fig. 7.4. Since the input is a vector of size (npins, 1), it is processed by
one-dimensional CNNs that are run in parallel, where each convolution has a kernel with
different sizes, namely 3, 9, 15 and 25. Each convolution sequence has five combinations of
a convolution layer followed by a Rel.U layer. A padding of zeros is performed to guarantee
that the output of each convolution layer has the same size as the input. The output of each

one of these convolutions is a tensor of size (Myins, Nchannels )> With Tchannets = 64°¢ . These are

(36) There is no particular reason for this number other than it is commonly used in machine learning applica-
tions. The higher the number, the more complex the network becomes.
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Table 7.1: Analytical functions used to define smoothly falling background shapes, where y corres-
ponds to the number of entries per bin and x are the invariant mass values. The parameters
a and b are defined by setting two limits (Zmin, Ymin) and (Zmax, Ymax) Which completely

define the shape.
Linear y=axr+b Exponential y = ae”b®
One over x Y = % +0b Half parabola Y= a(T — Tmax)? + Ymin
One over x squared  y = a—; +b Negative logarithm y=—aln(z) +b
One over x cubed y= % +b Cosine quarter y = Aycosla(z — b)] + Ymax
One over x to the 4th  y = ﬁ +b Half-hyperbolic cosine y = coshla(z — Zpmax)] + b
One over x to thenth  y = ax% +b,n € [0.01,10]

concatenated together with the input vector into a tensor of size (7pins, 47 channels + 1). It is, in
turn, passed to an FCN, which treats each one of the bins independently, but mixes all their
representations. It is formed by four internal layers of linear transformations followed by RelLU
transformations, having 128, 64, 32 and 1 nodes respectively. The output of this FCN will be a
vector of size (npins, 1), corresponding to the statistical significance of each bin.

The main advantage of this particular architecture is that the network is agnostic to the
number of bins in the histogram. This puts no constraints on the type of histogram that can
be checked or if the binning must be changed to accommodate the network. Furthermore, the
use of convolution layers performing scans of neighbouring bins is intuitive since we know
the bump will appear as an excess in successive bins of the histogram. Of course, the network’s
performance depends heavily on having great quality examples provided during training, the

creation of which is discussed in the next section.

7.4.2 Synthetic data generation

Synthetic datasets are created to teach the neural network how to properly estimate the stat-
istical significance of a bump in the invariant-mass distribution. An example histogram is
constructed via the combination of a background and a signal shape with an added noise to
form the equivalent of the observed data. Since both the background and signal shapes are
known, the statistical significance in each observed bin can be calculated using the hypothesis
test discussed in Section 2.4.

Starting with the background shapes, these must be smoothly falling to reflect the prop-
erty of the SM we want the network to learn. The first type of background considered are analyt-
ical functions, shown in Table 7.1. These 11 functions have 2 parameters (a, b) that are defined
by the limits (Zmin, Tmax) a0d (Ymin; Ymax ), taken randomly from the intervals = € [10,5 - 10?]

and y € [1,10°]. These values represent the ranges we expect to see in real data for the mass
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Figure 7.5: Examples of (a) analytical functions and (b) fit function used as smoothly falling back-
ground shapes. The parameters of the analytical functions are obtained by fixing the lim-
its (Zmin, Ymin) and (Zmax, Ymax). On the other hand, fits of the 4th-order log-polynomial
function In(y) = Zizl pra™ are obtained from the mass histograms constructed from
simulation data, in this case the Dark Machines dataset.

values and number of entries per bin, respectively. A minimum separation of 100 is required
between the 2, and . to avoid mass ranges that are too small. A visualisation of how the
different functions change for a fixed limit is shown in Fig. 7.5a.

As it will be shown in Section 7.7.1, these shapes cannot fully capture the histograms we
encounter in real data. In particular, kinematic cuts can sculpt the invariant mass shapes in
such a way that flattens the lower-mass range of the histograms. This behaviour is observed
in MC simulation histograms, which can in turn be incorporated to enhance the shapes we
consider for background. That is, by fitting a function to these simulated histograms, more
unconventional background shapes are obtained, as shown in Fig. 7.5b, where we have an ex-
ample including both the raw simulated SM background histogram and the corresponding fit.
After some optimisation, a 4th-order log-polynomial function, defined as In(y) = Zizl Pnx™,
was chosen to perform the fit and thus obtain a smooth background.

Next, a signal is assumed to be narrow with respect to the detector resolution, such that
the excess happens over a few bins. We assume a Gaussian shape with variance corresponding
to approximately one bin. After scaling this signal to match a given strength, both background
and signal histograms are added to create the equivalent of the observed histogram. Statistical
noise from a Poisson distribution is added to this histogram to make it more realistic. Some
synthetic data examples are shown in Fig. 7.6.

Since in these synthetic data examples we know the true background, the statistical
significance of having a Gaussian signal in a given bin can be calculated using the PLR test!'**],

as discussed in Section 2.4. Therefore, for each bin, we perform the hypothesis test to obtain

155



Chapter 7 Bump search with the data-directed paradigm

3
x10* 0 ><']-lo' T LI S
$70'_"" R QL Zj‘x‘\ 1Wh + 6]
:‘E L l W-FPL ] < 3.0F N\ —F— Observed A
L [ l po=4.2e-14, p1=37000 ] w r Y Background ]
6'0:_ ] =f= Observed _ 20F h 8 ]
H ‘1 Background 1 [ 9 ]
[ . ] [
5'02_ “\1‘ ] 1.0 3 B
401 , ] 00E, (o ——
w0 Attt wn _'I'"'|'"'I""I.""I""I':
g 2000 - —— Signal = Obs-bkgd -2 F = Signal ¢ Obs - bkg ]
= € 250 r B
; L R B S A i )
q,;o::.',' :":-: ";...’ :.}:: :.: } . :.:; Q 0::.7:.':'.:.:'I:::':'I::.::I::.::I::::I:'
e e PLR (Zgay = 6.31) ] c10r- —— PLR (Zipax = 7.54) ]
= _. m ; .,\-rrrL'IL J— |
GO 9
E ot = r 1
50 F—pF ™ - 1 5 oln — _H_r'-\__.-"'""- ]
0 B PP B o S R R n c b b e b b L 1
1000 2000 3000 4000 ¢ 72000 3000 4000 5000 6000 7000
m [GeV] M(Ermiss, all) [GeV]
(a) (b)

Figure 7.6: Examples of invariant mass distributions generated from synthetic data. They are obtained
from the combination of a smoothly falling background (orange) with a Gaussian signal
(green), the latter being scaled to match a given strength. A Poisson noise is added to the
combination to obtain the corresponding observed histogram (black). The PLR test is
used to obtain the target Z values (blue), which are the statistical significance of having a
Gaussian signal centred in each bin with the background shape as the null hypothesis. The
maximum Z value of the histogram, Zy,,x is quoted, matching the position and strength
of the injected signal.

the statistical significance to reject the null hypothesis (background-only) when we measure
the observed histogram. For each bin 4, the null hypothesis predicts N, = b;, while the
alternative hypothesis predicts N;¥ = b; + jis;, where s; is a Gaussian signal centred at bin 1,

that is,

S; = f(ilf;.il?o,(f) dzr ~ f(.I;LL‘O,O'S)A.CE,
bin ¢
where x, is the centre of bin i and o is the width of the signal, both in units of GeV, the
latter given by the product of the width of the bin ¢ and how many bins the signal spans. We
choose the signal width to correspond to only one bin. The signal is scaled by the MLE fi, as

previously discussed in Section 2.4, and given by

Tbins 1
ft = argmin{—1In[L(x)]}, where —In[L(u)]=— Z NP In(NJ®) — NP 4 ln(prs;)7

=1

with N°% and N = b; + us; corresponding to the observed and expected values for the

number of entries in that bin, respectively.
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Using the likelihood for each one of the hypotheses, namely,

—In[L(x=0)] — Background-only hypothesis (N;* = b;),
—In[L(p=1)] —  Signal MLE hypothesis (N;* = b; + j1s;),

the significance Z; for the corresponding bin is given by

. . L(0)
Ifi>0 Zi = \/qo with ¢ 21n {L(ﬂ)} ,

&~

—21n , if two-sided,
[ (0)

0, otherwise.

fa<0: Zi=-v—q with ¢ =

In the case of a two-sided significance, a Gaussian-shaped depletion is also considered a signal
which corresponds to a negative significance. Alternatively, one could consider only positive
significances by setting any depletion to zero significance instead.

A visualisation of this statistical significance calculation is shown in Fig. 7.7. As can be
seen, the PLR target Z is constructed by sliding the Gaussian signal shape that maximises
the likelihood at each bin and obtaining the significance of rejecting the background shape.
The maximum value of this significance shape occurs when the signal in the hypothesis test

overlaps exactly with the signal shape that was injected in the synthetic histogram.

7.5 Histogram processing

As previously discussed, the ultimate goal of this analysis is to assess the statistical significance
in invariant mass histograms for many final states and for each physics object combination
within these final states. An essential part of that is to obtain these histograms by processing
the events, assessing the final states of interest, calculating the mass of different object com-
binations and filling the histograms.

When looking for narrow resonances, we assume the signal spreads over just a few bins.
However, for that to happen, the binning of the histogram must be properly calibrated such
that the width of the histogram’s bin correspond to the experimental resolution of the ATLAS
detector. This will be mainly limited by the resolution of the detector, which is a measure of
the variance on the value obtained from the detector’s inputs. Thus, if the detector precision is
able to capture such a signal, the histogram binning must be calibrated to better reflect this
precision, namely matching one bin to approximately 1o of the experimental resolution on
the observable. This is particularly important since the network must be trained with data
that reflects its application use-cases. Also, if the detector is precise enough to discriminate

the signal, but we calibrate the histograms wrong, we are not using it to its full capabilities.
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Figure 7.7: Visualisation of the significance calculation for different bins. Each significance value
(blue dots) is the outcome of the PLR test, where the background (orange) corresponds to
the null hypothesis. The alternative hypothesis for a given bin is the combination of this
background and a test signal (blue line) corresponding to the Gaussian signal centre at the
bin that maximises the likelihood (MLE). A maximum of the significance is found when
the test signal overlaps exactly with the injected signal (green) that was used to generate
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7.5 Histogram processing

In a way, adjusting the binning of the histogram is equivalent to adjusting the focus on a
microscope: the signal might as well be there, but we will not be able to discriminate it from
the background as everything will be blurred.

When constructing the mass histograms, MC simulation is a useful proxy for what
realistic data looks like. Hence, it is used to implement the workflow and tune the binning
calibration according to detector resolution. Moreover, it allows us to get an idea of how many
final states and object combinations we expect to probe. Finally, simulation data is used to
test the network in more realistic scenarios and to enrich its training dataset as to match the
distributions it will encounter when applied to real data. One source of MC simulation data

that was used in this project, the Dark Machines dataset, is described in what follows.

7.5.1 Dark Machines dataset

The Dark Machines”’”! dataset is a publicly available MC simulation data created in the
context of developing and benchmarking anomaly detection techniques applicable to LHC
data. In the context of the project, a billion simulated events were generated, coming from
the highest cross-section SM processes at the LHC, listed in Table 7.2, as well as signal events
corresponding to different BSM models. The goal of this challenge was to test if model-agnostic
techniques could find new physics signals hidden within these events.

The simulated events in this dataset were generated using MadGraph MGS_aMC@NLOP"!
and Pythia version 8.239°"” passed through a fast detector simulation using Delphes version
3.4.201% with a version of the ATLAS detector card®”. The total dataset is equivalent to approx-
imately 10 fb " of LHC data. It corresponds to pp collisions at 13 TeV whose final state objects
include jets, b-jets, electrons, muons and photons. Table 7.3 summarises the cuts performed in
the sample. For processes with higher cross-sections, such as /W= /Z + jets production and
QCD jet production, an additional event-level selection is performed on the scalar sum of the

transverse momenta of all jets Hr, that is

Hr = |prs,
%

,  where prj; >20GeV and |n| <238,

with j; corresponding to each jet in the event.

Signal events were also generated, considering different BSM scenarios. New physics
particles include a 50 GeV Z’ in lepton-violating U(1) 1,—r, decaying to leptons and neutrinos,
as well as RPV SUSY particles, such as a 1 TeV stop pair production, decaying to leptons and
b-quarks, both these models being previously discussed in Section 1.8.

Different channels were defined, corresponding to non-exclusive signal regions, as shown
in Table 7.3. Channel 1 was defined to have hadronic activity with a lot of missing energy, while

channel 2a and 2b require leptons and, as a result, considerably reduce the background. Finally,

(37) Alink to the Delphes card used can be found in Ref. [219].
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Table 7.2: Processes and corresponding leading-order cross-section included in the simulation data-
sets from the Dark Machines challenge!”'”). These correspond to the highest cross-section
SM background processes produced from pp collisions with 13 TeV centre-of-mass energy

at the LHC.

Process o (pb) Process o (pb)
pp — jj(+27) 19718 (Ht > 600 GeV) pp — Zvy(+27) 29.9

pp — (Fv(+27) 10537 (Hr > 100 GeV) pp — ZZ(+27) 9.91
pp — vi(+29) 7927 (Hr > 100 GeV) pp — h(+2)) 1.94
pp — L0 (+27) 3753 (Ht > 100 GeV) pp — tty(+27) 1.55
pp — tt(+27) 541 pp — ttZ 0.59
pp — t +jets(+27) 130 pp — tth(+17) 0.46
pp — t + jets(+27) 112 pp — Yt(+27) 0.39
pp — WTW = (+25) 82.1 pp — LW 0.35
pp — WEt(+27) 57.8 pp — Yt(+25) 0.27
pp — WEEL(+27) 57.8 pp — Zt(+27) 0.26
pp — vy(+27) 47.1 pp — Zt(+27) 0.15
pp — WEy(+25) 45.1 pp — tttt 0.0097
pp — ZW*(+25) 31.6 pp — HWTW~ 0.0085

Table 7.3: Selections performed within the simulated Dark Machines datasets. Different channels
define non-orthogonal signal regions, such that channel 1 focus on hadronic activity with a
lot of missing energy, channel 2 reduces the background by requiring leptons and channel
3 is the most inclusive one. For more details on the selections, we refer to Ref. [219].

Object level selections

Jet/b-jet Electron Muon Photon

pr > 60 GeV pr > 25GeV pr > 25 GeV pr > 25 GeV

| < 2.8 nl < 2.7, ¢ [1.37,1.52] |n| < 2.7 In| < 2.37
Event level selections

Channel 1 Channel 2a Channel 2b Channel 3

214 x 102 events
Ht > 600 GeV
Emss > 200 GeV
Emss /Hy > 0.2

Minimum of 4 (b-)jets
with pr > 50 GeV

Minimum of 1 (b-)jet
with pr > 200 GeV

20 x 103 events 340 x 103 events
- HT Z 50 GeV
E%“iss > 50 GeV E‘T“iSS > 50 GeV

Minimum of 3 leptons
with pr > 15GeV

Minimum of 2 leptons
with pr > 15GeV

8.5 x 10% events
Ht > 600 GeV
E‘T‘rliSS > 100 GeV
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Table 7.4: Kinematic cuts used in the Dark Machines histogram processing to define its sub-categories.
They correspond to limits on the missing transverse energy (ES) or transverse mo-
mentum pr of leading objects, namely electrons (e), muons (i), as well as the reconstructed
leptonically-decaying Z boson (Z), hadronically-decaying Z and W bosons (V},), boosted
top quark (7') and high-mass jets (HM).

Leading object type Selections (GeV)

Emiss Emiss > 200, 500
e pr > 100,200
1 pr > 100,200, 400
Z pr > 100,200
Vi pr > 200,500, 1000
T pr > 500, 1000
HM pr > 500, 1000

channel 3 was defined to be more inclusive, catching most of the signals except soft electroweak

ones.

7.5.2 Processing and calibration

To construct the mass histograms, the processing starts by looping over the events and storing
information on the objects and their kinematics. The objects considered were electrons, muons,
photons, jets and b-tagged jets. Moreover, some particles were reconstructed from their decay
products, namely leptonically-decaying Z boson, boosted hadronically-decaying W and Z
bosons (V},), boosted top quarks (7), as well as high-mass jets (HM). The interest in doing
so is to reduce the background in processes that might involve these particles. For instance,
if a new physics particle decays to a Z boson, the presence of an identified Z boson will
reduce the ¢t SM backgrounds events in a final state such as ggfvfv where it is expected to
be dominant. In particular, if two leptons with the same flavour and opposite sign have a
mass within mz = 91.18 £+ 15 GeV, they are reconstructed as a Z boson. Also, jets with
mass in the [60, 110] GeV range are considered as a boosted hadronic vectorial boson, either
aW(~ 80GeV) ora Z(~ 90GeV). Similarly, jets with mass in the [110,200] GeV range
are tagged as boosted top quarks. Furthermore, jets with m > 200 GeV are considered as
independent objects, as they could originate from boosted high-mass new particles. Finally,
the value of the missing transverse energy (E™) is also considered.

Once the kinematic information from the objects is stored, the events are grouped in
categories according to the number of objects in the final state, except for light jets (m <
60 GeV). Final states with two leptons were considered separately if they had same-sign or

opposite-sign electric charge. Sub-categories were then further defined from cuts in the leading
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objects, as summarised in Table 7.4. Finally, events are further split according to their jet
multiplicity, meaning the number of exclusive light jets in the event. Thus, jet bins of exactly
1,2,...,(n — 1) jets, or at least n jets were constructed, where n was defined such that the
inclusive bin had at least 1500 events.

All the events sharing the same signature (category, sub-category and jet multiplicity)
are grouped together in a TTree using the ROOT framework!”**!. For each one of those, all
possible combinations of the objects are considered and, for each combination, histograms are
produced for two observables: (i) the invariant mass, defined as the norm of the sum of the
four-momenta of the objects, and (ii) the invariant mass with EI"**, defined as the norm of the
sum of the four-momenta of the objects and the four-momentum of the missing transverse
energy, the latter having p, and m set to 0. Additionally, the missing energy of the event is
added to the mass and considered separately.

Then, histograms are filled for the mass observables using a 1 GeV binning. To match
the detector resolution, these histograms are rebinned such that one bin corresponds to ap-
proximately 0.5¢0 of the detector resolution. This choice was made to increase the number of
bins in the histogram, since the network presented difhiculties when dealing with histograms
that were too small.

To do so, firstly the maximum of the histogram is identified with the corresponding
mass value defining the lower edge of the first bin. The following bin edges are defined from
m; = m;_1(1 4 0ys) /2 where m;_; is the preceding bin edge and o is the estimated detector

resolution. This resolution depends on the objects considered and is defined as

Ores = \/Z Nnares(n);a

where n corresponds to the object types in the combination, with their corresponding resolu-
tion os(n) and number of objects involved, N,,. The reconstructed objects 7', V}, and HM are
considered as 3, 2 and 2 jets respectively, while the Z is considered as 2 electrons.

We note that the experimental resolution varies with the pt and 7 of the particles. The

jet energy resolution, for instance, can be parameterised as!*'!!

o I | N = 3.33,
Opr i
oo — + + C?  with S =0.71, (7.1)
=G ()
C =0.03,

where N parametrises the effect of noise coming from the electronics and the pile-up, S para-
meterises the stochastic effect arising from the sampling nature of the calorimeters and C'is a
constant term. These terms are obtained experimentally and define the calibration scheme to
be used when dealing with jets.

Moreover, in the Delphes card used in the Dark Machines dataset!”!”), the electron, muon
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Figure 7.8: Comparison of the (a) relative resolution and the (b) number of entries per bin as a function
of the mass for a 3-jet and 4-jet system. The higher resolution observed at low mass is
reflected in the histogram binning with smaller bin widths for this region.

and photon resolutions are described as functions of pr, supposing |n| < 0.5, by the formulas

2
Fs(€) = Or(7) = (?) L (13% 109 and
T
0.01\° |
O'res(,u) = p_ + (10 X 10_4)2 . (72)
T

Hence, the definition of the bin edges uses these expressions to estimate the resolution, using

the approximation pr ~ m/2.

Also, mass histograms with no jet in the combination had their bin width doubled to
avoid spikes due to very small resolutions, while histograms including E™ had their bin
widths halved to increase the number of bins in these histograms. We can see the impact
of the calibration with respect to the experimental resolution for histograms from the Dark
Machines dataset in Fig. 7.8. We observe that the detector has a better resolution for the lower-
mass region and for combinations with more jets, which corresponds to smaller bin widths in

the low-mass region.

Furthermore, when constructing the histograms, it is expected that some peaks will
naturally appear due to known SM resonances. For instance, the Z boson is expected to create
a peak at around 90 GeV in the reconstruction of two leptons or two jets. To address this issue
and guarantee that the histograms will have no resonance, histograms that are expected to have
the Z peak are divided into two separate histograms: one before Z containing the lower-mass

bins up to 90 GeV, and another after Z, containing the higher-mass bins starting at 90 GeV.
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7.6 Training

A neural network model is as good as its training dataset. Therefore, a training dataset that
contains a large variety of background types, histogram sizes and dynamic ranges is construc-
ted, to make sure it is representative of the real data on which the network will be applied.
Background shapes are obtained from the 11 analytical functions, shown in Table 7.1, and
from fits to the Dark Machines background histograms from channel 3 and channel 2b, since
the former channel is more inclusive and the latter improves the sensitivity of certain BSM
signals by requiring leptons. A total of approximately 1.5 x 105 different background shapes is
obtained, being 1.1 x 10° shapes coming from analytical functions, 31662 from fits to channel
3 and 8104 from fits to channel 2b.

Synthetic data is generated for the training dataset, following the process described
in Section 7.4.2. Namely, each example is constructed from the combination of one of the
background shapes with a Gaussian signal centred at a random bin and scaled to correspond
to significances randomly chosen from the interval [1,10]. The combined background and
signal is then Poisson-fluctuated, meaning a noise taken from a Poisson distribution is added
for each bin. Finally, the significance is calculated with respect to the original background
shape.

A total of approximately 2.3 x 10° examples are included in the training dataset, with
backgrounds corresponding to a ratio of 1:0.5:0.5 of analytical functions, channel 3 and chan-
nel 2b fits, respectively. To match these ratios, each background shape was included multiple
times, but with difterent signal and Poisson fluctuations, guaranteeing an independent his-
togram. Moreover, a validation dataset was generated with approximately 2 x 10° examples
each® . These examples were generated with the same procedure, but with different random
seeds, such that the position and strength of the signal, as well as the noise, would be difterent.

The model was trained for 300 epochs with a learning rate of 0.001 and a batch size of
5000. The loss function used is the MSE, that is, a squared L, norm given by

L(xpred’ xtarget) _ {lla o ,ZN}T, ln — (:L,Ered . x;arget)?j

where 2P is the network’s prediction and % is the target value, in units of significance.
Moreover, a linear transformation is used to scale the values range to the [0, 1] interval, a choice
done to optimise calculations in computers. The total loss is then defined as the sum of the
mean of two losses, one obtained from the prediction of the target significance Z and another
from the prediction of the background shape B, that is, L = L + Lg. During training, this
loss is minimised using the Apawm optimiser!'’!!. The inclusion of the term Ly in the loss
corresponds to the network’s prediction for the background shape. This attempts to further

quantify how the network is estimating the significance of each histogram and it has been

(38) A validation dataset is used at the end of each epoch to estimate the loss, while a testing dataset is used to
obtain the network’s performance after the training is finished.
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shown that its inclusion does not impact the performance of the significance prediction. That

being said, we will focus on the performance of the significance prediction from the network.

7.7 Performance over synthetic data

To assess the performance of the network, predictions are obtained from synthetic datasets
and compared to their corresponding PLR target values. These are generated using the same
procedure and parameters as the training and validation datasets, but with a different seed to
guarantee that the histograms are different. All testing datasets were generated with approx-
imately 2 x 105 examples, all having different compositions.

In the testing datasets, three different types of background shapes were considered: ana-
lytical functions, fits to channel 3 and fits to channel 2b. A dataset with all backgrounds was
generated, together with two separate datasets with analytical functions only and the Dark
Machines fits only. For each one of these background compositions, a sample with signal in all
samples was generated (signal sample), while another one had no signal injected (background-
only sample). Note that even if no signal was injected in the background-only sample, a
Poisson fluctuation was performed and the corresponding PLR significance was calculated.
Finally, a testing sample with the raw channel 3 Dark Machines background histograms was
considered.

Some examples of histograms in the testing dataset are shown in Fig. 7.9. The observed
histogram (black dots) is the input given to the network, being obtained by the combination
of the background (orange line) and the signal (green line) with a Poisson noise. The net-
work’s prediction (red line) is compared to the PLR test result (blue line), corresponding to the
network’s target.

It is clear from these samples that the network’s predicted significance has a very good
agreement with the one obtained via the PLR test, which corresponds to the true significance
as obtained with the optimised test statistic (vide Section 2.4.1). Not only it can correctly
identify the position and strength of injected signals, but it also captures the oscillations of the
noise, even if the strength of these oscillations is not always perfectly matched.

In particular, we encounter scenarios where the signal is so faint that it gets lost within
the noise, such as the case found in Fig, 7.9a, while in other cases the noise creates fluctuations
above 50 even when there is no signal injected, as is the case in Fig. 7.9b. Overall, BumpNet is
shown to properly match the expected significance shape, as in Fig. 7.9¢, even if in some cases
the predicted values are found within a certain range of the target ones, as we see in Fig. 7.9d.

Now, the main output of the network we are interested in is the maximum value of the
significance Z,.y, since it would indicate the position and strength of the signal peak. As

a result, the performance of the network is quantified in terms of how close the maximum

predicted significance Zmax ' approaches the maximum target PLR significance ZF'R. Fur-
' BumpN : :
thermore, the difference between these values AZ 0 = Zmax -+ — ZIHR is the main figure of
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Figure 7.9: Examples from the testing datasets with the target PLR significance (blue) and the corres-
ponding network prediction (red). The observed histograms (black) are obtained from the
combination of a smoothly falling background (orange) with a Gaussian signal (green), the
latter being scaled to match a given strength. A Poisson noise is added to the combination.
The maximum Z value, Z,x, from both the target and the prediction are quoted, being
expected to match the position and strength of the injected signal.
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Figure 7:10: Distributions of (a) Znax and (b) AZ.x for BumpNet predictions compared to the PLR
test results when evaluating in datasets with background-only (B) and background with
signal injected (S+B).

merit considered, as it should be close to zero with a small variance. It must be noted that,
after some investigation, we observed that edge effects make predictions in the first 10% of the
bins not reliable. To account for this limitation, Z,, is taken as the maximum value within
bins after this threshold.

A comparison between the distributions of Z,,,, from the network’s prediction and the
PLR test is shown in Fig. 7.10a. There is a good agreement between them when testing over
datasets with either background-only and background with signal injected. Similarly, the
distributions of AZ,.x are shown in Fig. 7.10b. We note that the network presents no bias,
having a mean of  ~ 0.1 and a variance of o ~ 0.5-0.6.

This performance is stable across different variables, as shown in Fig. 7.11. For different
values of the injected signal strength and signal position, Figs. 7.11a and 7.11b, the network’s
prediction presents no bias. However, there is a greater variance when the signal is injected
closer to the edges, with AZ,,« ranging between —4 and +4. No bias is observed for different
histogram characteristics such as the number of bins and entries per bin in the histograms,
as shown in Figs. 7.11c and 7.11d. A slight increase in variance, nevertheless, is observed for
histograms with fewer than 50 bins, with |AZ,,.«| getting up to 4. When tested separately over

the different types of backgrounds, the performance is also stable, as shown in Fig. 7.12.

Moreover, the discriminating power of the network can be assessed by constructing
ROC curves, as discussed in Section 2.5. For a given value of significance Z, a prediction is
considered a true positive if there was a signal in the histogram and the predicted maximum is

above the considered threshold, Z,.x > Z:, while we have a false positive if the same happens
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in a background-only histogram. In this way, the TPR and the FPR, defined from Eq. (2.30)

are given by

TP FP

TPR=ppn ad FPR=

where

TP = number of S+B histograms with Z,,,x > Zy,(sensitivity),

TN = number of B histograms with Z,,., < Zy,(specificity),

(
(

FP = number of B histograms with Z,,,x > Zy..(type 1 error),
(

FN = number of S+B histograms with 7., < Zy,(type 2 error).

Using these definitions, ROC curves are constructed for both the BumpNet prediction and the
target PLR significance values, as shown in Fig. 7.13a. Each point in the curve corresponds to
a bin from the Z,,,, distributions, shown in Fig. 7.13b. Since there are very few examples with
Zmax > 5 in the background-only sample, the rates for bins beyond this threshold correspond
to the high density of points with low false-positive rate. As we go lower, with Z,,, < 3, the
overlap of the signal + background and background-only distributions entails the ambiguity

that increases the false- and true-positive rates.

An important metric to quantify the discrimination performance of the network is the
value of the AUC, which is also shown in Fig. 7.13b. The PLR performance value, given by
0.9, represents the upper limit the network can achieve, due to the LEE effect. By achieving
a score of 0.88, the network has an excellent discrimination power, already very close to the

ideal scenario of the PLR test.

When performing a search with BumpNet, it is crucial to define a threshold above which
we will define a histogram as interesting. Therefore, it is important to assess the rate of false
discoveries the network would claim in a background-only dataset for different threshold values.
These values were obtained for the background-only dataset with Poisson-fluctuated functions
and Dark Machines fits, but also for the raw backgrounds from Dark Machines channels 3 and
2b, as shown in Table 7.5 It is a convention in particle physics to claim discovery only when
the threshold of So significance is obtained, while results with 3¢ are referred to as evidence
of phenomena. Over the fluctuated backgrounds, BumpNet predicts 0.1% of histograms with
Zmax > D, to be compared to an expected 0.003% rate coming from the PLR values. When
predicting over the more realistic raw channel 3 and channel 2b backgrounds, we observe
0.2% and 0.5%, respectively. Some examples of predictions with Z,,x > 5 obtained in the
Dark Marchines’ channel 3 raw backgrounds are shown in Fig. 7.14. Many of these histograms
actually present a bump-like structure in the background, as is the case in Figs. 7.14a and 7.14b.
In some other cases, such as Fig. 7.14c, it is not as clear if there is a physical explanation for the

shape. These results demonstrate that the network is powerful enough to catch features of the
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Table 7.5: False discovery rate in percentage of the total number of histograms and corresponding
number of histograms obtained from the PLR test and the BumpNet predictions over the
different background datasets. Synthetic background is generated by Poisson fluctuation
of fits to Dark Machines backgrounds, while raw channel 3 and channel 2b backgrounds
correspond to the original histograms.

PLR BumpNet BumpNet BumpNet
synthetic synthetic raw channel 3  raw channel 2b

Zmax >3 4.6% (10539)  8.22% (18849) 7.06% (2387)  8.62% (728)
Zmax >4 0.123% (281)  0.997% (2287)  1.1% (371) 1.92% (162)
Zmax > 5 0.00349% (8)  0.102% (234)  0.228% (77)  0.509% (43)
Lmax > 6 0% (0) 0.00829% (19) 0.0799% (27)  0.272% (23)
Lmax > 7 0% (0) 0.000436% (1) 0.0473% (16)  0.166% (14)

background, which were sculpted by the cuts performed when selecting the events. However,
the false-discovery rate cannot be used to fully assess how many bad predictions the network

makes, thus another supporting metric needs to be constructed.

One way to address this problem is to incorporate the intrinsic uncertainty on the pre-
dicted Z,.x. In the absence of any bias, that is, since p & 0, we quantify this uncertainty as the
variance on the AZ,,, distribution, given by o ~ 0.5-0.6 (vide Fig. 7.10b). If we suppose this
distribution to be Gaussian, predictions with AZ,,,« beyond a given threshold in units of this
variance can be considered outliers, as they go beyond the expected error of the network, as
shown in Fig. 7.15. Hence, we calculate an outlier rate as the number of histograms with AZ .,
above a given threshold divided by the total number of histograms in the sample, as shown
in Table 7.6. We observe that, when evaluating over samples with signal+backgrounds and
background only, the AZ,,,.« distribution is approximately Gaussian for up to AZ.x < 3 X 0.
The rate of histograms beyond this threshold is 0of 1.02% when there is signal and 1.21% for
background only. If we consider only histograms that have a Zoar™* > 5 discovery claim,
we observe that only 0.08% of histograms with background-only are outliers, while we have
0.46% for examples with signal injected. This means, in summary, that when evaluating over
a sample with only fluctuated backgrounds, BumpNet’s model predicts 0.1% of histograms
with ZBumeNet > 5 hut only 0.08% have |AZ.x| > 3 x 0.

Lastly, another way to quantify the reliability of the network’s prediction is the confidence
interval on the predicted Z,,,x value. For this purpose, the mean and variance of the predicted

BumpN| . : .
Zmax" - for different bins of the target significance ZP'R

are shown in Fig. 7.16. On the other
hand, it is clear that the narrow confidence interval in the network predictions in the signal +

background dataset remains stable as the strength of the signal increases.

In summary, the BumpNet network is robust enough to properly predict statistical sig-

nificance for bumps in invariant mass distributions, with a quantifiable variance on how far
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(S+B) testing datasets, which have mean p and variance o. Predictions with |AZ.x| >
5 x o (red) are considered outliers.

Table 7.6: Outlier rate and corresponding number of histograms obtained from BumpNet predictions

over the datasets with background only (B) and signal + background (S+B), using the
corresponding variance o for each dataset. Rates are given as percentages of the total
number of histograms in the testing dataset.

All histograms Zmax ™ > 5

B =053 S+B(c=0.66) B(c=0.53) S+B(c =0.66)

|AZpax| > 1 x 0 27.2% (62252)  27.4% (62719)  0.0977% (2244)  14.5% (33178)
|AZmax| > 2 x 0 5.44% (12465)  5.52% (12668)  0.0907% (208)  2.84% (6515)
|AZmax| >3 x 0 1.21% (2778)  1.02% (2329)  0.0798% (183)  0.465% (1067)
|AZmax| >4 x 0 0.313% (7180)  0.213% (489)  0.0637% (146)  0.0842% (193)
|AZmax| > 5 x 0 0.0986% (226)  0.0458% (105)  0.0427% (98) 0.014% (32)
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the predicted values are from the target PLR test. As a result, a threshold on Z,,,, values can
be defined, based on the number of fake predictions we are ready to accommodate. Once this
threshold is agreed upon, the BumpNet network can reliably select mass distributions that
present potential for excess in the form of a Gaussian bump. In the following sections, we
discuss studies performed to test the robustness of the network when varying certain aspects
of its development, such as the background composition of the training dataset, the signal
width and the introduction of systematic uncertainties between the training and application

datasets.

7.71 Impact of background shapes

If we assume the background to be smoothly falling, one could expect that using only analytical
functions in the training dataset would be enough to obtain a performing network. However,
a model trained only in analytical functions does not perform well when evaluated on Dark
Machines backgrounds, as shown in Fig. 7.17.

To guarantee a fair comparison, the model was obtained from training datasets with the
same number of training examples, but using analytical functions only. When evaluated on
a functions-only testing dataset, the model present no bias and a variance of 0.5, as shown
in Fig. 7.17a. But when evaluating over a testing dataset including Dark Machines fits only,
shown in Fig. 7.17b, the model trained over functions only has a poor performance, especially
with its many predictions with AZ,,, up to 300. This is not observed in the model that had
Dark Machines fits included in the training, as previously shown.

After close inspection, we see that the network identifies the change in concavity present
especially in the beginning of the histograms as a part of a large bump, as shown in Fig. 7.18.
This feature of the Dark Machines histograms can be explained by the cut on Hr present in

both the channel 3 and channel 2b histograms. Removing this cut would reduce this sculpting,
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Figure 717: A Z ..« as a function of

Figure 7.18: Examples of predictions of model trained on backgrounds from analytical functions only

174

Entries

50000

40000

30000

20000

10000

1000

Entries

20
10

Significance

-10

Bumphist _ ZPIR
X max

=2,

AZ max

Lo g

3 - M= —0.0747

[ N 0=052 |

r S Al o
2r T % . ]
1f J

L 1 r1s
N e e T . Y ]

F .4l Fwo
e B
ab T T :

L -. e . ] 5
L . ]

.|...."

2 4 6 8 10 12
i
()
ZPLR

max

T T
F T 1 30
r R u=052 ]
30 - ' o=34
F 1. e " s ]
L " - " qp r2s
s 200 LT 3l 20
aE LI} - - -
N r - . =" % - q
| r L W I R | L b
¥ 15 " . L] - . |
L S L. 11,
Fo=a - ol 4 r
N L ) Ll e 4
Y ob -li.- "?‘ L B
i - . 1 ]
¥y | A ]
sL | fwo
ol .

L s
r -j'
S B R R I B
4] 2 4 6 8

ZPIR

-max

(b)

for a model trained in functions only when evaluated on (a)

functions and (b) fits to channel 3 and channel 2b backgrounds.

4
F T T —
— Observed
[ —— Background |
C L L i i i
T T T T T
r —— Signal * Obs-bkg A
.
L YO
L - o
. . . . .
T T T T T
3 —— ZFLR (max = 2.71)— ZBumPNet (max = 16.32) ]
N
! =
C L L i i i |
1000 2000 3000 4000 5000

M(ETmiss, j0,/2) [GeV]

(a)

20000

Entries

15000

10000

5000

20

Significance

3j
T T T T T T
—— Observed
F Background
L. i i i i i |
T T T T T T T
—— Signal * Obs-bkg
L . ]
.
S AR, e .
+ L e -
AL BN ; L L L I
T T T T T T T
[ = PR (max = 3.25)—— ZBUmPNet (max = 22.04) |
e
oy LH'"—-._.—-——""_'-F:--.‘ .
. . . 1 . . .
200 400 600 800 1000 1200 1400

M{ETmiss, j1) [GeV]

(b)

and evaluated over raw backgrounds from the Dark Machines dataset.



77 Performance over synthetic data

but we do expect that some data histograms will have some form of delayed smoothly falling
shape, due to the fact that the histogram starts at the bin with the maximum number of entries.

Hence, the inclusion of fits to simulation data into the training dataset makes it more
representative of the real data on which the network will be applied, helping to make it robust
against this kind of behaviour. It is important to emphasise that since the shapes that are
used in the training are fitted functions to the MC simulation, they will introduce some of the
problematic mismodelling between MC simulation and data into the analysis. Nevertheless,
the network will be exposed to many different background shapes during the training, shapes
which could eventually even account for different systematics. This means that, after the train-
ing, the network should be robust against the systematic uncertainties of individual shapes, as
will be shown in the following section. Thus, by compromising with this dependence on MC,

the network can achieve good performance in more realistic applications.

7.7.2 Impact of systematic uncertainties

As we have seen, incorporating fits to simulation data into the training is important to guaran-
tee a good performance. These histograms are obtained with the exact same selections as the
real data, but since they rely on MC simulation, they reflect our understanding of the ATLAS
data. As a result, the systematic uncertainties that parameterise our knowledge of detector
effects will bias our training data with respect to the real data. Thus, to guarantee that the
network’s prediction is reliable, we must also make sure it is robust against these systematic
uncertainties.

To test this, different testing datasets were created where a series of distortions were
introduced into the background shapes obtained from the fits to the Dark Machines back-
grounds. These distortions attempted to mimic and exaggerate effects such as the jet energy
scale, where we would see an increase on the number of events at lower mass together with a
deficit at the higher-mass region. In this study, the following transformations were applied to

the background functions:

N ins — L4
Standard bias: ¥, = 5he
Nbins
ins — L
Reverse bias: 3} = 0.5b—yz‘ + Y20,

Nbins
Inferior bias:  y; = 0.5y;,

Superior bias:  y; = 1.5y;,

where z; and y; respectively are the bin number and the number of entries in bin 7, with Ny,
being the total number of bins in the histogram. In the reverse bias, the number of entries in

the 20th bins y9y was added to ensure there would be no zero entries, since all histograms had
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Figure 719: Performance over testing datasets with different artificial systematic bias (top) comparing

the distributions of AZy,y as a function of the target signal strength ZFLR (bottom).

at least 20 bins.

Thus, biased testing datasets were obtained using the synthetic data generation proced-
ure, as described in Section 7.4.2, and contained background shapes coming only from the Dark
Machines fits. A model was then trained using examples generated from backgrounds coming
from both analytical functions and Dark Machines fits, with injected signals of 1-bin width.
We note that the training examples were nominal histograms, where no bias was injected, such
that the systematic bias was introduced between the training and the testing examples.

When tested against these biases, the model presented the same good performance, as
shown in Fig. 7.19. Thus, these studies show that the network is robust against these linear
distortions applied over the testing datasets. It must be noted that all histograms with the
distortions could still be fitted by the same 4th-order log-polynomial that is familiar to the
network and this might not be the case for a more complex systematic bias. But the systematic
distortions studied here represent a very large extrapolation of the realistic systematic uncer-
tainties within ATLAS data. Hence, these results are encouraging as they show the stability of
the network against the systematic uncertainties that might exist between the training sample

and the application data.

7.7.3 Impact of signal width

As discussed in Section 7.5.2, the binning of invariant-mass histograms plays an important
role in defining if the signal will appear as a bump. By calibrating it to match the detector
resolution, we expect narrow signals to span over just a few bins. For this reason, the network
is trained with signals of a fixed width of one bin.

In order to test the robustness of this choice, the BumpNet model was tested over datasets
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following the same composition of backgrounds as the training sample, but where the injected
signal had different widths, ranging from 1-5 bins. The values of the mean p and variance o
of AZ . on these different datasets can be found in Fig. 7.20.

As the signal width increases, there is an increase in the bias from the network. A com-
parison of the predicted significance for histograms with the same background shape, but with
different signal widths injected is shown in Fig. 7.21. As the signal gets wider, the network is no
longer capable of distinguishing it from the background noise. Thus, by choosing to use the
model trained with 1-bin width signals, the network might be able to catch some wider signals,
but its Z.x prediction will considerably underestimate its strength. Also, this observation
reiterates the importance of properly calibrating the histograms and adjusting their bin widths

to represent the realistic resolution observed in the data.

7.8 Performance when looking for new physics

So far, we have shown that a trained BumpNet model has a great performance when predicting
the significance of bumps in synthetic data generated from both functions and fits to simula-
tion data. Now; it is also important to test how the network would perform in realistic signals.
To do so, datasets were prepared by adding MC-simulated signal events to the backgrounds
available from the Dark Machines dataset.

Firstly,an RPV SUSY!"**!*’) stop pair production is studied. Events which were generated
within the Dark Machines project were added to both channel 3 and channel 2b backgrounds.
As described in Section 1.8, the stop squark is the top quark superpartner in a version of the
SUSY theory where the R-parity symmetry is violated, meaning that processes do not need to
conserve the number of sparticles. It was generated with 1 TeV mass and is produced in pairs,
each of them decay to a lepton (e or p) and a b-jet.

Another BSM signal available from the Dark Machines datasets is a Z’ in a lepton-
violating U(1), ;. model!"“*'*’] Generated with a mass of 50 GeV, this particle decays to
two opposite-sign muons and is produced in association to either one or two additional muons,
vide Fig. 1.10 in Chapter 1. In this dataset, only the 3y + v final state was included and, since
it is expected to be reconstructed in histograms with the mass of 2 muons, it was combined
only with channel 2b backgrounds.

Finally, two datasets including leptoquarks decaying to b¢b¢ (¢ = e, ) final states were
also created specifically to benchmark the BumpNet performance. Signal events were simu-
lated using the same configurations that were used to produce the Dark Machines datasets,
with the new particle having a mass of 600 GeV. These events were then added to channel 2b
backgrounds, since the particle is produced in pairs, each one of them decaying to a lepton
and a b-jet, vide Fig. 1.9 in Chapter 1. Since the particle is expected to be reconstructed in
histograms of the mass of a lepton and a jet, this scenario is very similar to the RPV stop, but

testing another mass value.
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By testing the network in these simulated signals, we can prepare for what a real ana-
lysis on data would look like. For this reason, testing datasets were obtained by processing
background and signal events together, following the processing and calibration described
in Section 7.5.2, as it would be done to real experimental data. Once the histograms were
obtained, they were given as input to the network and the predictions obtained were analysed.

To measure the performance of the network, heatmaps of the number of histograms as a
function of the predicted Z,,,« and the predicted mass were drawn and are shown in Figs. 7.22
and 7.23. As a reference, predictions were also obtained from the channel 3 and channel 2b raw
background-only datasets. As can be seen respectively in Figures 7.22a and 7.22b, the network
predicts some excesses in both background-only datasets, mainly in the low-mass region. For
the channel 3 background-only histograms, we observe a feature at around 500 GeV, while for
the channel 2b histograms, a similar hint of excess is observed at masses smaller than 100 GeV.
These excesses observed by the network correspond to real features in the background, but
not to new physics.

When evaluating over the BSM signal datasets, an excess of predictions with Z,., > 5
is observed around the corresponding injected signal mass of all particles considered. For the
1 TeV RPV stop, the excess is visible in both channel 3 (Fig. 7.22¢) and channel 2b (Fig. 7.224d).
Same is true for the 600 GeV leptoquarks decaying to both the bebe (Fig. 7.22¢) and bubu
(Fig. 7.22f) final states in channel 2b. Finally, an excess is also observed for the Z’ signal at
50 GeV, as shown in Fig. 7.23, although this is much less clear to see as many predictions with
high significance are also claimed in the background-only datasets.

The great performance of the network is further established when we look at examples of
histograms from these different datasets. In examples from the RPV stop datasets in channel 3
and channel 2b, shown in Fig. 7.24, the clear peak around the injected mass of 1 TeV was
identified by the network in the mass of both 1 electron and 1 muon together with b-jet in
both channels (Figs. 7.24a, 7.24b, 7.24d and 7.24e). Furthermore, an excess was also observed
in histograms of the mass of 1 electron, 1 muon and 2 b-jets on channel 3 (Fig. 7.24c¢), as
well as for 2 muons and 2 b-jets on channel 2b (Fig. 7.24f). The excess is found around 2 TeV,
corresponding to the reconstruction of the entire stop pair. These examples reiterate the ability
of the network to identify the resonances associated to the decay products of the new particles,
being an important milestone for the establishment of this method.

Comparable performance is also found for the leptoquarks datasets. Resonances are
found in both the b¢b¢ (¢ = e, ) decay channels in the channel 2b, as shown in Fig. 7.25.
A peak around 600 GeV is observed in histograms of the mass of an electron with a b-jet
(Fig. 7.25a and Fig. 7.25b), as well as the mass of a muon and a b-jet (Fig. 7.25d and Fig. 7.25¢).
Once again, the pair is also reconstructed in the complete final state bebe (Fig. 7.25¢) and bubpu
(Fig. 7.25d), with a peak around 1.2 TeV.

A more challenging signal to find, the 50 GeV Z’, is hidden under a lot of background

at low mass. Nevertheless, the network clearly identifies the peak in the mass of two muons,
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Figure 7.23: Number of histograms as a function of the predicted Zp,x and the predicted mass for the
7' signal dataset and the raw Dark Machines channel 2b background-only dataset.

as shown in Fig. 7.26. Not only is the bump identified, but this happens in histograms that are
slightly smoothly ascending, since this mass region is close to the beginning of the Z boson
peak at 100 GeV.

An important observation throughout the different BSM signal datasets is that the res-
onant peaks are all found in histograms of the mass of the decay products with final states
corresponding to multiple exclusive jet selections. In the case of the Z’, for instance, the peak
is found in selections with exactly 1 jet (Fig. 7.26a), exactly 2 jets (Fig. 7.26b) and exactly 3
jets (Fig. 7.26¢). The same observation can be made for the RPV stop examples (Fig. 7.24) and
leptoquarks (Fig. 7.25). The chances that such an excess is observed in exclusive jet bins at the
exact same place simply due to statistical fluctuations of the SM background are extremely
unlikely. That said, if statistically significant resonances were to be observed in the experi-
mental data occuring in multiple exclusive jet bins, the probability that the signal found would
indeed be coming from a new physics resonance are considerably enhanced. For this reason,
the splitting of the data into exclusive jet bins is an important strategy to reduce the LEE and

help navigate the predictions performed by BumpNet.

The author of this thesis was involved in many different aspects of the work presented so
far in this Chapter, with the main contributions including the implementation of the software
for synthetic data generation, the training and evaluation of BumpNet models, performance
studies on the false discoveries and outliers, as well as the analysis of the predictions over the
BSM samples. Once established the potential of this method, the author also contributed to

its implementation over ATLAS data, which is the subject of the following section.
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Figure 7.24: Examples of predictions over the Dark Machines datasets containing RPV stop particles
with mass of 1 TeV from channel 3 and channel 2b.
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Figure 7.25: Examples of predictions over the Dark Machines datasets containing leptoquarks with
mass of 600 GeV decaying via LQ — bl, ¢ = e, y from channel 2b.
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Figure 7.26: Examples of predictions over the Dark Machines datasets containing Z’ with mass of
50 GeV and decaying via Z’ — 2y from channel 2b.

7.9 Histogram production from ATLAS simulation data

Given the promising results of this technique when applied to the Dark Machines simulated
data, the development of a BumpNet model to be applied over ATLAS experimental data star-
ted being implemented. To better reflect the real data on which the network will be applied,
MC simulated events that account for the interaction with the ATLAS detector are used. As
presented in Section 3.2.6, these datasets are produced using the ATLAS simulation infrastruc-
turel”** and, in most cases, Geant4!”>*!| covering the event-level generation up to the simulation
of detector eftects. These simulated events are reconstructed events using the same algorithms
used for data, thus being available in the same format as the real data.

Hence, before applying the BumpNet network to real experimental data, simulation data
can be used to implement and validate the histogram production chain. More importantly, it
can be used to benchmark its performance and produce background fits to be included in the
training data, which were shown to increase the chances that the network will perform well
when evaluating over real data.

In this first implementation, we considered only events that pass the single-lepton triggers,
that is, that pass a trigger which requires the presence of at least one lepton. Thus, simulated
events of the processes with the highest cross-sections that produce at least one lepton are
included, namely the productions of the W and Z bosons, ¢, single-top and diboson final states.
Datasets for the whole Run-2 period, from 2015 to 2018, are considered, having been generated
according to the respective data-taking conditions of the detector at the time. These include
pp collisions at 13 TeV and are scaled to match the total amount of 139 fb™" of data recorded
for the period. Basic data-quality selections are performed over the events to guarantee good
reconstruction of objects, together with the requirement of at least one electron or muon with
pr > 25CeV.

Similar to the processing and calibration procedure described in Section 7.5.2, an initial

implementation of the construction of invariant mass histograms from ATLAS simulation was
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Figure 7.27: Preliminary invariant mass distributions obtained from the ATLAS simulation data. The
different processes are scaled to match their cross-section and match the recorded lumin-
osity.

developed. In this initial iteration, only electrons, muons, photons and jets were considered,
such that no reconstructed objects or b-tagged jets were implemented. Histogram categories
were constructed from all possible combinations of up to four of each object type, with exclusive
jet bins being constructed from 1 to 8 jets and an inclusive bin with 9 or more jets. No cuts
on kinematic variables were included. For the events corresponding to each one of these
signatures, histograms were filled for the invariant mass of the different combinations of objects,
as well as the invariant mass with the missing transverse energy EMss.

All events corresponding to the different SM processes are scaled according to their
corresponding cross-section and luminosity, and stacked together. The calibration of the
binning of the histogram is performed using constant values for the objects’ resolutions, namely
3% for electrons and photons, 2% for muons and 5% for jets. The bin widths values were
determined from the total histogram combining all events, but the processes were kept separate
to allow the visualisation of their relative contribution to the background in each scenario.
Some of the produced histograms are shown in Fig. 7.27. In particular, Fig. 7.27a shows the
invariant mass of the two most-energetic electrons in events containing exactly two electrons
and one jet. Similarly, Fig. 7.27b shows the invariant mass distribution of the combination of
one electron, one muon and two jets in events with exactly one electron, one muon and three
jets. The different processes used to generate the events are indicated and combined to form

the total histograms.

The work performed by the author of the thesis included the first implementation of
this histogram production workflow over ATLAS simulation data. From this first iteration of

the code, many developments are still needed to construct a reliable BumpNet model. Firstly,
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the implementation of the reconstructed objects, such as boosted V}, and 7', is still missing, as
well as the tagging of b-jets. Moreover, the proper calibration of the histograms must be made
using the correct ATLAS resolution of the objects. Lastly, given the large amount of data to be
processed and the many combinations of objects and final states, optimisations are needed to
make sure production is doable using the time and computing resources available. Once this
histogram production is implemented, the next step is to train a BumpNet and quantify its

performance before applying it to the experimental data.

710 Outlook

In this chapter, we presented the development of a neural network that predicts the position
and statistical significance of bumps in invariant-mass distributions. Referred to as BumpNet,
it is trained over synthetic data generated by injecting Gaussian signals of different strengths
and positions into smoothly falling backgrounds obtained from analytical functions and fits
to simulation data. We showed it has a very good performance over synthetic data, also being
robust against many histogram features. Moreover, BumpNet was able to find fully simulated
BSM particles injected over SM backgrounds, such as RPV stop, leptoquark and a Z’ particles.

From these results, it is clear that this method has the potential to help identify regions
of the phase space that have not yet been explored in the ATLAS experimental data. The
predictions obtained by BumpNet when evaluating over histograms constructed from the real
data can guide traditional analysis efforts, such that histograms that achieve a given threshold
of significance predicted by the network could be flagged as interesting for further investigation.
To that end, the implementation of the processing of ATLAS datasets into histograms has been
started via the use of MC simulation datasets.

Moving forward, it is important to invest in the improvement of the binning calibration
in terms of the objects resolution. The approximation of pr ~ m/2 does not hold in all
scenarios, hence enforcing the need to obtain resolution values that better reproduce what is
observed in the real data. That said, the use of ATLAS simulation data can help assess how to
improve this calibration.

In Section 7.7.1, we have shown how important the inclusion of the fits to simulation data
is in making sure the network performs well in these shapes. The 4th-order log-polynomial
function was good enough when dealing with the Dark Machines histograms, but this proced-
ure could be further optimised for the ATLAS data. For instance, it seems clear that different
statistics behave differently and thus different fit functions could be considered for different
dynamic ranges. Moreover, methods such as kernel-density estimation (KDE) seems to be a
good candidate to fit the wide range of shapes that is likely to result from the analysis workflow,
since this method estimates the probability density function in a non-parametric way.

Furthermore, the BumpNet analysis could take advantage of the already existing simu-

lation data from ATLAS. In particular, the many BSM signal samples available can be used to
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test the performance of the network in realistic scenarios. Also, the sensitivity of the method
could be gauged by testing it in already unblinded results and comparing them with the cor-
responding ATLAS analyses.

A crucial element of any application of this method would be the establishment of a
general analysis procedure to interpret the network’s prediction. As we have discussed, if a
bump is found at the same mass values of the same object combinations in several exclusive
final states, such as the different jet multiplicity histograms, we would have greater confidence
that it is coming from a new physics signal. This procedure considerably reduces the LEE,
since it is extremely unlikely that this occurs due to statistical fluctuations. Another approach
to reduce the LEE would be to perform the analysis over just 50% of the data, such that any
excesses that might be found on this first half would need to also appear after the processing
of the whole dataset to represent convincing signs of new physics. Other physics-motivated
considerations can further be explored, such as comparisons of histograms with leptons of
different flavours, where we replace an electron with a muon, and vice-versa, in the final state.

Of course, before applying a BumpNet model over experimental data, it is important
to make sure its predictions are reliable. After all, we need to establish that we are confident
enough in the network such that, if a bump is found, it is worth committing a full analysis
to investigate it. This can be achieved by increasing the threshold of Z,,,« values one wants
to investigate or by finding ways to reduce the outliers rate. Either way, the final network’s
limitations must be properly quantified so that a positive outcome can be trusted. In this way,
a full background estimation can be performed to obtain a precise estimation of the statistical
significance of an excess. In constrast, if no bump is found, it would be interesting to try and
set limits based on the analysis outcome. Either way, sharing the invariant mass distributions
from the real data with the scientific community would already be a valuable outcome of such
an analysis.

In summary, a BumpNet neural network has been developed to predict the statistical
significance of bumps in invariant mass histograms. By achieving a very good performance
over both synthetic data and realistic BSM scenarios, it has the potential of being an important
ally in the expansion of the phase space explored by the ATLAS experiment. If applied to data,

such a network could guide us through unknown realms into the future of particle physics.
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Conclusion

This thesis presented contributions to the assessment and improvement of the performance
of the electron identification algorithm, as well as the search for new particles, in the ATLAS
experiment. On the detector front, measurements of the electron identification efhiciencies were
presented in light of the new data-taking period of Run 3. Furthermore, a new identification
algorithm was presented, which incorporated low-level detector information in the form of
images that are processed by a convolutional neural network. The development of techniques
to search for new phenomena was also featured via the development of a neural network to
detect anomalies in the invariant mass distributions obtained from the experimental data.

With the beginning of the data-taking period of Run 3, the performance of the current
electron identification algorithm used in ATLAS was assessed via new measurements, as presen-
ted in Chapter 5. Results were obtained for the data recorded from 2022 in the beginning of
Run 3, where collisions happened at a centre-of-mass energy of /s = 13.6 TeV. Measure-
ments were also performed using the Run 2 data, where collisions happened at \/s* = 13 TeV,
after the reprocessing of this data using the latest ATLAS software version. Efficiencies were
obtained in both experimental data and MC simulated events, allowing the measurement
of the Data/MC ratios. Referred to as scale factors, these ratios quantify the discrepancies
between the simulation and the recorded data, such that values closer to unity represent a
good agreement between the two.

In the measurement performed over Run 3 data, efficiencies were observed to be uniform
in 7, while they decrease with smaller values of pr, features that are expected from previous
measurements. The scale factors were found to be mostly close to unity, except in the very
forward region, where |n| > 2.37, and for low energies, with pt < 20 GeV. Given these results
are within the expected values observed in previous years, they indicate a great performance
of the detector at the start of the Run 3 data-taking period.

Moreover, the Run 2 results presented focused on the 2018 period, with similar patterns
being found for the years 2015-2017. A comparison of the values obtained with the new ATLAS
software when compared to the previous values of these measurements showed a general
improvement in the Data/MC ratios across 7, with values closer to unity overall. This can be
understood from the improvements performed in the software and indicates a better agreement
between the MC simulation and the data in this context. Although these measurements are not
final, they correspond to an important milestone in the assessment of the electron identification

performance in the Run 2 using the new software.
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Conclusion

Next, a new algorithm for electron identification was presented in Chapter 6, where we
described a neural network used to incorporate low-level features from the detector. The rejec-
tion of the electron background is improved when the energy deposits and additional tracks
information are processed as images via CNNs. Moreover, studies of the importance of the
different input variables indicated all the currenly used features are relevant to discriminate the
different backgrounds. In particular, the calorimeter images were shown to play an important
role in discriminating the most common background, the light-flavour classes. Furthermore,
a comparison of the performance of the network was done when rejecting these light-flavour
backgrounds obtained from real data and those obtained from MC simulated events. A sig-
nificant decline in the performance was observed for a model trained over MC simulation
examples when tested over examples gathered from data. Even so, the presented algorithm
still outperforms the current likelihood approach by factors of 2—5. This performance was
shown to be recovered if the examples obtained from data are incorporated in the training,
with the new algorithm improving the background rejection by factors of 3—10 with respect to
the likelihood values.

Lastly, Chapter 7 was dedicated to a novel technique that can be used to search for
resonances in the invariant mass distributions obtained from experimental data. The use of a
neural network trained to predict the local significance of having a Gaussian resonance from
the histogram bin entries was shown to effectively predict the presence of such resonances in
invariant mass distributions. The generation of synthetic data using Gaussian signals over
functional forms obtained from fits to simulation data allowed for the training of a model that
was capable of predicting the maximum value of the significance in a histogram with no bias
and a variance of 0.5—0.6. Moreover, the trained model was able to detect some selected BSM
signals in simulation data, namely an RPV stop of 1 TeV, a leptoquark of 600 GeV and a Z’
of 50 GeV. In light of these promising results, the application of this technique within the
ATLAS experiment was started via the implementation of the production of invariant mass
histograms using ATLAS simulation data.

As Run 3 reaches its end and the preparations for the the HL-LHC are in development,
the ATLAS experiment has still plenty of unexplored data to be analysed. Machine learning
techniques have shown a great potential to help address many of the current challenges of the
field, namely the high-dimensionality of the data and the complexity of busy detector envir-
onments with many simultaneous collisions. To that end, the work presented in this thesis
included contributions to the assessment of the electron identification algorithm performance,
as well as its improvement via the application of deep learning techniques. It also included
contributions to a new strategy in the search for resonances in invariant mass distributions, us-
ing neural networks to identify the regions of the data that have a larger potential to have signs
of new particles. These contributions further advance the research performed by the ATLAS
experiment, in the hope that its exploration of high-energy processes keeps enlightening our

understanding of the more fundamental particles and interactions in nature.
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