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Abstract

The Higgs boson is one of the least experimentally characterised particles in the Standard
Model. The high energy and luminosity delivered to the ATLAS detector at the LHC provide
a unique opportunity to study this boson in detail. Its characterisation carries significant
experimental challenges, arising from its relatively small production cross-section and con-
sequently unfavourable signal-to-background ratio, as well as its predominantly hadronic
and experimentally complex decay modes. These factors demand precise reconstruction of
physics objects and efficient background discrimination, motivating the development of new
analysis techniques. In recent years, machine learning (ML) techniques have emerged as
powerful tools to address these complexities by exploiting non-linear correlations and high-
dimensional information in collider data. This thesis investigates the application of ML
techniques in two aspects of high-energy physics: b-jet calibration and the analysis of rare
Higgs boson decays.

The first part of this work addresses jet calibration, a particularly challenging task due to
complex showering dynamics and sensitivity to pile-up. A hybrid ML approach combining
simulated and collision data is developed to mitigate the simulation—data domain shift.
Boosted decision trees and transformer-based architectures are explored as alternatives to
the final stages of the standard calibration procedure. While transformers show promise for
domain adaptation, boosted decision trees achieve superior performance with the available
training resources. The absence of truth-level information in collision data further motivates
the development of methods to extract the detector-level jet energy resolution.

The second project focuses specifically on b-jet calibration. A new Monte Carlo (MC)-
based calibration using a transformer architecture is introduced, resulting in an improved
energy resolution of around 20% for b-jets. The detector resolution is estimated from data
using a deconvolution approach combined with the Direct Balance method. While this new
MC calibration has not yet been fully validated on collision data due to ongoing studies, com-
parisons with the nominal calibration indicate that no additional in-situ jet energy resolution
correction is required for b-tagged jets.

The final part explores an ML-based lepton and Z boson selection for the rare H — Z~
decay, which is highly sensitive to new physics but statistically limited. A sequence of
identification, isolation, and dilepton classification models increases the inclusive Z boson
yield by about 20% while maintaining stable background levels. When propagated through
event categorisation and signal modelling, projections using 2022 data show an improvement
in the expected sensitivity from 1.81 to 2.01 for partial Run 3 luminosity, reducing the
projected signal strength uncertainty from 0.70 to 0.64.

The results show that a dedicated ML-based calibration improves the energy resolution
of b-jets, while in the H — Z~v analysis, an ML-based Z selection increases signal yield
and reduces uncertainties. Overall, these findings highlight the practical impact of ML
methods on boosting the signal efficiency and point toward promising directions for future
developments in high-luminosity environments and broader applications within the ATLAS
experiment.
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Resumé

Higgs-bosonen er en af de mindst eksperimentelt karakteriserede partikler i Standardmod-
ellen. Den hgje energi og luminositet leveret til ATLAS-detektoren ved LHC giver en unik
mulighed for at studere denne boson i detaljer. Dens karakterisering medfgrer betydelige
eksperimentelle udfordringer, som skyldes den relative lille produktions-tveersnit og folgende
det ikke fordelagtig signal-til-baggrund-forhold samt de overvejende hadroniske og eksperi-
mentelt komplekse henfaldsveje. Disse faktorer kraever preecis rekonstruktion af fysiske ob-
jekter og effektiv baggrundsseparation, hvilket motiverer udviklingen af nye analysemetoder.
I de senere ar er machine learning (ML)-teknikker vundet frem som kraftfulde vaerktojer til
at handtere disse udfordringer ved at udnytte komplekse korrelationer og hgjdimensionel
information i collider-data. Denne afhandling undersgger anvendelsen af ML-teknikker in-
den for to aspekter af hgj energi fysik: b-jet kalibrering og analysen af sjeeldne Higgs-boson
henfald.

Den fgrste del af dette arbejde omhandler jet kalibrering, en seerligt udfordrende op-
gave pa grund af komplekse showering-dynamikker og fglsomhed over for pile-up. En hy-
brid ML-tilgang, der kombinerer simulerede- og kollisionsdata, udvikles for at reducere
forkellen mellem simulations- og datadomeener. Boosted decision trees og transformer-
baserede arkitekturer undersgges som alternativer til de sidste trin i den standard kali-
breringsprocedure. Mens transformere viser lovende resultater for domaenetilpasning, opnar
boosted decision trees bedre resultater med de tilgeengelige traeningsressourcer. Fravaeret
af truth-level information i kollisionsdata motiverer yderligere udviklingen af metoder til at
udtraekke detector-level jet energy resolution.

Det andet projekt fokuserer specifikt pa b-jet kalibrering. En ny Monte Carlo (MC)-
baseret kalibrering ved brug af en transformer-arkitektur introduceres, hvilket resulterer i
en forbedret energy resolution pa omkring 20% for b-jets. Detektorplgsningen estimeres
fra data ved hjeelp af en deconvolution-tilgang kombineret med Direct Balance-metoden.
Selvom denne nye MC-kalibrering endnu ikke er fuldt valideret pa kollisionsdata pa grund
af igangveerende studier, indikerer sammenligninger med den nominelle kalibrering, at der
ikke kraeves yderligere in-situ jet energioplgsningkorrektion for b-taggede jets.

Den sidste del undersgger en ML-baseret lepton- og Z-boson-selektion for det sjeeldne
H — Zv henfald, som er meget fglsomt over for ny fysik, men statistisk begrsenset. En
sekvens af identification-, isolation- og to-lepton klassificationmodeller gger det inklusive
Z-boson-udbytte med cirka 20%, samtidig med at baggrundsniveauerne forbliver stabile.
Nar dette propageres gennem event klassificering og signal modellering, viser projektioner
baseret pa 2022-data en forbedring i den forventede sensitivitet fra 1.81 til 2.01 for delvis
Run 3 luminositet, hvilket reducerer den projicerede signalstyrekeusikkerhed fra 0.70 til 0.64.

Resultaterne viser, at en dedikeret ML-baseret kalibrering forbedrer energioplgsningen for
b-jets, mens en ML-baseret Z-selektion i H — Zvy-analysen gger signaludbyttet og reducerer
usikkerheder. Samlet set fremhaever disse resultater den praktiske betydning af ML-metoder
som forgger signal effektiviten og peger mod lovende retninger for fremtidig udvikling i hgj-
luminusitets miljger samt bredere anvendelser inden for ATLAS-eksperimentet.
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Chapter 1

Introduction

Particle physics aims both to deepen our understanding of the fundamental laws governing
the Universe and to develop the experimental techniques required to test them. Many
discoveries primarily deepen our conceptual understanding of nature. At the same time,
the experimental challenges of probing the smallest scales have driven major technological
advances, whose societal impact often becomes apparent only decades later.

The Standard Model (SM) [1-4] provides a remarkably successful description of the
known particles and their interactions, with its predictions in excellent agreement with ex-
perimental results. Nevertheless, it is widely recognised as an incomplete description of
nature, as it does not contemplate several observed phenomena. Progress in particle physics
increasingly depends on precision measurements and the identification of subtle deviations
from established predictions, rather than solely on the discovery of entirely new particles or
interactions. In this context, improving the experimental sensitivity of analyses is crucial for
guiding theoretical efforts to explain these new observations.

The Higgs boson plays a central role in this effort. First hypothesised in 1964 [5-9] and
discovered in 2012 by the ATLAS and CMS collaborations [10,11], it completed the particle
content of the SM by providing a mechanism through which elementary particles acquire
mass. This occurs via the Higgs field, a scalar field that permeates all of space: particles
acquire mass through their interactions with this field, with the strength of the interaction
determining the particle’s mass. The Higgs boson itself is an excitation of the Higgs field,
and its discovery provides direct evidence of the field’s existence.

The Large Hadron Collider (LHC) [12] is currently the only facility capable of produc-
ing and detecting Higgs bosons significantly, given the high energies required to produce
this massive particle. Although more than a decade has passed since its discovery, the ex-
perimental characterisation of the Higgs boson remains incomplete. Many of its properties
are still measured with limited precision, and several rare decay modes remain statistically
constrained, including those probing couplings to first-generation fermions.

Studying the Higgs boson serves two complementary purposes. First, precision measure-
ments test the internal consistency of the SM and constrain the properties of known particles.
Second, the Higgs sector is widely regarded as a potential gateway to physics beyond the
SM, including possible connections to the dark sector. For these reasons, Higgs physics re-
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mains an active and fruitful field, where methodological advances can directly translate into
enhanced sensitivity and new insights.

Achieving these required precisions is challenging. At the LHC, roughly sixty proton—pro-
ton interactions occur per bunch crossing, making object reconstruction in this dense envi-
ronment a non-trivial task. Additional interactions, collectively referred to as pile-up, can
overlap with the event of interest, contaminating reconstructed objects and distorting the
signal. These experimental challenges highlight the need for sophisticated reconstruction
and analysis techniques capable of disentangling signal from background and correcting for
detector effects.

Machine learning (ML) techniques offer a promising framework for tackling these chal-
lenges. They are well-suited for handling high-dimensional feature spaces and for learning
non-linear correlations that are difficult to capture with traditional approaches. While such
methods typically require large training datasets, experiments such as ATLAS provide an
ideal environment, with extensive simulated samples and large volumes of collision data
available for training, validating, and testing. Decision-tree-based algorithms have long been
used successfully for classification tasks, such as background rejection. In recent years, neural
networks have become increasingly widespread for tagging, categorisation, and identification
tasks, as both computational resources and methodological understanding have improved.
In this thesis, we explore ML as a methodological tool to improve both object calibration
and event selection in Higgs boson analyses.

The first part of this thesis focuses on enhancing the energy resolution of b-jets, with
particular emphasis on improving the reconstruction of Higgs boson decays involving jets.
As the most abundantly produced objects at the LHC, their precise reconstruction is crucial
for many analyses in which they can constitute either signal, background, or both simulta-
neously.

Jets originate from high-energy quarks or gluons produced in the collision. Due to colour
confinement, these partons cannot exist freely, and their energy is radiated into a cascade of
additional particles in a parton shower. The shower subsequently hadronises into unstable
hadrons, which decay into lighter particles that deposit energy across an extended region of
the calorimeter. Reconstructing the original parton energy is therefore highly challenging,
as it requires modelling the stochastic nature of parton showering, hadronisation, hadron
decays, and detector effects. The reconstructed transverse momentum of jets can deviate by
5-20% from the truth-level value in MC, depending on the jet’s energy and its location in
the detector. Consequently, achieving accurate jet calibration and ensuring good agreement
between simulation and collision data remains a complex task, yet essential [13,14].

Among these difficulties, b-jets play a central role, as they are present in top-quark decays
and constitute the dominant decay mode of the Higgs boson. However, their relatively
poor energy resolution and the presence of large backgrounds pose significant experimental
challenges. Although the decay of the Higgs into two b-jets has been observed [15], further
improvements in b-jet energy resolution would directly benefit both precision measurements
and searches involving Higgs bosons.

This is particularly relevant for studies of the Higgs self-interaction, which provide direct
access to the shape of the Higgs potential and have profound implications for the evolution
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of the Universe. The most probable final state in di-Higgs production consists of four b-jets,
making accurate b-jet reconstruction and calibration a key ingredient for these analyses.
A distinctive feature of b-jets is the presence of B hadrons, which give rise to displaced
decay vertices and, in some cases, semileptonic decays. These characteristics are already
exploited through dedicated corrections in the analysis level, such as muon-in-jet and PtReco
corrections [16], which partially account for the specific properties of b-jets but have some
limitations.

In this thesis, the calibration of b-jets is addressed with the goal of improving their
nominal energy resolution. A hybrid ML approach is investigated, trained on both simulated
and collision data, targeting the jet’s transverse momentum. This strategy aims to reduce the
simulation-data domain shift and to provide a more accurate energy estimate by effectively
replacing two standard calibration steps with a single ML-based correction.

A key challenge in data-driven calibration is the absence of truth-level information, which
makes it necessary to exploit different event topologies. For this purpose, samples of Z+jets
events are used, where the leading jet is approximately back-to-back with the Z boson.
The Z momentum, having a narrower resolution, serves as a reference object; however,
the response measured in this way does not directly correspond to the detector resolution,
since certain detector-level effects are not fully captured in simulation. In this context, a
calibration procedure is developed to extract the detector-level resolution from such reference
measurements.

Simultaneously with the study of hybrid training, a transformer model [17] demonstrated
strong performance on Monte Carlo (MC) only b-jets [18], improving their transverse momen-
tum resolution by approximately 20%. In this work, we explore its application to collision
data, using both Z+jets and v+jets samples. Since the transformer predictions are not yet
available for data, the nominal calibration procedure is used for validation and as a refer-
ence to guide the next steps in applying the model to real collision events. An improved
method for extracting detector-level resolution from reference measurements is presented.
By allowing the simultaneous extraction of jet energy scale and resolution from the same
samples, it complements existing techniques and has the potential to reduce the associated
uncertainties.

The final project addresses a different Higgs decay channel from an analysis perspec-
tive. The decay of the Higgs boson into a Z boson and a photon is a rare process that
proceeds through loop diagrams, resulting in a small branching fraction of Br(H — Zv) =
(1.54%91%) x 1073 for mpy = 125.09 GeV in the SM. Measuring this decay is an important step
towards completing the study of Higgs boson interactions with electroweak gauge bosons and
provides additional insight into the mechanism of electroweak symmetry breaking. Further-
more, the loop-induced nature of this decay makes it particularly sensitive to physics beyond
the SM, as new particles entering the loop could easily modify the branching ratio.

The H — Z~v decay remains experimentally challenging due to its small branching ratio
and its non-reducible background. For instance, the combined ATLAS and CMS Run 2
results [19] reached an observed significance of 3.40 under the background-only hypothesis,
providing evidence of the decay but still short of the 50 threshold required for claiming a
discovery. The recently published ATLAS partial Run 3 analysis [20] provides improved con-
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straints on the signal strength but remains statistically limited, motivating the development
of new methods. In this context, this thesis investigates an ML-based Z boson selection to
increase signal yield, while explaining in detail the partial Run 3 results. The impact of this
improved selection on the expected analysis sensitivity is evaluated in detail.

In both projects, ML is used as a methodological tool to achieve more precise measure-
ments and greater statistical sensitivity. The results presented in this thesis illustrate the
practical impact of advanced computational techniques on detector calibration and physics
analyses, and highlight their potential to enhance discovery prospects in high-energy physics.

Thesis outline

This thesis is organised as follows.

Part I presents the theoretical and experimental framework of the studies. Chapter 2
introduces the basic concepts of particle physics, outlining how the known fundamental par-
ticles and interactions are described within the framework of the SM. The Higgs mechanism
is then presented, followed by an overview of the current experimental status of Higgs bo-
son physics, highlighting both established results and remaining limitations. The chapter
concludes with a discussion of the open questions and theoretical shortcomings of the SM.

Once the theoretical framework is established, Chapter 3 focuses on the experimental
context of this work. It begins with a brief overview of CERN’s history and the present
accelerator complex, and continues with a description of the ATLAS detector and the recon-
struction of physics objects from recorded collision data.

Part II of the thesis is devoted to jet calibration studies. Chapter 4 first presents the
jet reconstruction procedure and motivates the need for further calibration. The standard
jet calibration methods used in ATLAS are then described, followed by a brief introduction
to flavour tagging and b-jet—specific corrections.

Building on this, Chapter 5 explores a novel approach in which two calibration steps are
replaced by a single ML algorithm trained using a hybrid strategy based on both simulation
and collision data. The chapter presents the methodology and discusses its performance in
detail.

Chapter 6 introduces a new MC-based calibration for b-jets using a transformer model.
Although the application of the new calibration to collision data is still under development,
its impact on the jet energy resolution is demonstrated using a novel validation method.

Part I1I focuses on the Higgs boson analysis. Chapter 7 reviews the recently published
partial Run 3 results for the H — Z~ decay channel and introduces the main concepts and
methodology of the analysis.

Chapter 8 then explores an ML-driven event selection aimed at improving Z boson iden-
tification and increasing its effective statistics, and studies its propagation through the full
analysis chain to assess its impact on the expected sensitivity.

Finally, Chapter 9 summarises the main results of this thesis and discusses possible
directions for future work.
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Scope and conventions

This thesis is written for readers with a graduate-level background in particle physics. It
aims to provide the level of explanation that would have been helpful at the start of this
work, supporting readers new to experimental analyses within large collaborations. Several
concepts and procedures that are often assumed knowledge in internal documentation or
publications are therefore discussed in detail to make the text as self-contained as possible.

Clear terminology is adopted to distinguish between simulated events and data collected
from real proton—proton collisions. Samples obtained from event generation and detector
simulation are referred to as simulation or Monte Carlo (MC) data. Data recorded from
proton—proton collisions are referred to as real data, collision data, or simply data, depending
on the context.

A distinction is also made regarding authorship. Throughout the thesis, the pronoun
we is used when describing work to which I have directly contributed. In contrast, results,
methods, and procedures produced collectively by the groups I participated in are generally
presented in the passive voice.
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Chapter 2

Theory description

The Standard Model [1-4] (SM) of particle physics describes the fundamental constituents
of matter and the interactions governing them. It represents the most successful theoretical
framework currently available, with its predictions confirmed by a wide range of experimental
observations.

Despite its success, the SM is not a complete description of nature. It does not incorporate
gravity, nor does it explain the non-zero masses of neutrinos and their oscillations, the nature
of dark matter and dark energy, or the observed baryon asymmetry of the Universe. For
these reasons, it is generally believed that the SM is an effective theory [21] valid up to a
specific energy scale, beyond which a more fundamental and unified theory is expected to
emerge.

This chapter provides an overview of the SM and its extensions, primarily based on
Refs. [22-25]. Tt begins with a conceptual introduction to particle physics and the gauge
symmetries underlying the SM, followed by a mathematical description of its particle content.
The properties of the Higgs boson are then discussed, including its production mechanisms,
decay modes, and experimental measurements. The chapter concludes with a discussion of
the open questions and limitations of the SM, motivating the need for physics beyond it.

2.1 The Standard Model

2.1.1 Conceptual overview

The Standard Model successfully describes three of the four fundamental interactions: the
electromagnetic, weak, and strong forces. Matter is composed of fundamental particles
called fermions, which have half-integer spin and obey Fermi—Dirac statistics. These particles
interact via the exchange of bosons, particles with integer spin that mediate the fundamental
forces.

The electromagnetic force has infinite range and is mediated by the massless photon, a
neutral vector boson. The weak interaction, responsible for processes such as radioactive
beta decay, is mediated by the massive charged W* bosons and the neutral Z boson. Due to
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Figure 2.1: Representation of the matter particles and their interaction mediators in the
Standard Model. Fermions are shown on the left, divided into quarks (purple) and leptons
(green). Bosons are shown on the right, divided into vector gauge bosons (red) and the Higgs
scalar boson (yellow). Figure from Ref. [26].

the large masses of these mediators, the weak force is effective only at very short distances.
The strong interaction, which holds protons and neutrons together within atomic nuclei, is
mediated by massless gluons. It is described by Quantum Chromodynamics (QCD), where
the relevant charge is known as colour.

The gravitational interaction, while having infinite range, is many orders of magnitude
weaker than the other forces at the quantum scale. It is successfully described by general
relativity at macroscopic distances but is not incorporated into the SM, as a consistent
quantum formulation is still lacking.

Figure 2.1 summarises the particle content of the SM and its main properties. Matter
particles are fermions with spin 1/2, which are grouped into leptons and quarks, each or-
ganised into three generations. Within each generation, there are two sets of fermions with
different electric charges.

In the quark sector, the up-type quarks (up, charm, and top) carry an electric charge
of @ = +2/3, while the down-type quarks (down, strange, and bottom) carry a charge of
Q@ = —1/3. Each successive generation is heavier than the previous one, although the reason
for this mass hierarchy is not explained within the SM.
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In the lepton sector, the charged leptons (the electron, muon, and tau) have an electric
charge of ) = —1. Each charged lepton is accompanied by a corresponding electrically
neutral and massless neutrino, named after its charged partner: the electron neutrino, muon
neutrino, and tau neutrino.

Quarks and charged leptons have corresponding antiparticles that have the same mass
and spin but opposite quantum numbers, most notably electric charge. For neutrinos, the
situation is more subtle: in the SM, neutrinos are left-handed, while antineutrinos are right-
handed, reflecting a difference in chirality rather than electric charge. However, the SM does
not determine whether neutrinos are Dirac particles, distinct from their antiparticles, or
Majorana particles, in which case neutrinos would be their own antiparticles. This question
is closely connected to physics beyond the SM and has important implications for the origin
of neutrino masses and the matter-antimatter asymmetry of the Universe.

On the right side of Fig. 2.1, the force carriers of the SM are shown; these are bosons
with integer spin.

The gluon (g) mediates the strong force, which binds quarks together inside hadrons.
Gluons are massless, electrically neutral spin-1 particles. Gluons themselves carry colour
charge, allowing them to interact with each other, a unique property of the strong force.

The photon () mediates the electromagnetic force. It is also massless, electrically neu-
tral, and has spin 1. The photon interacts with any particle carrying electric charge, including
charged leptons and quarks.

The weak force is mediated by the massive bosons W* and Z, each with spin 1. The W=
bosons carry electric charges +1, while the Z boson is neutral. Weak interactions can change
the flavour of quarks or leptons: W bosons mediate transitions between different types of
fermions, whereas the Z boson mediates neutral-current interactions without changing the
particle type. Additionally, the W bosons can couple to photons, and the W and Z bosons
interact among themselves.

Finally, the Higgs boson (H) is a scalar particle with spin 0, responsible for giving mass
to the W and Z bosons and the fermions through the Higgs mechanism. A more detailed
discussion of the Higgs mechanism and the properties of the Higgs boson is presented later
in Section 2.2.

While this particle-based description provides an intuitive understanding of the SM, its
predictive power arises from a precise mathematical formulation as a gauge field theory,
which is introduced in the following.

2.1.2 Gauge symmetries of the Standard Model

The SM is formulated as a gauge field theory based on the symmetry group SU(3)c X
SU(2)p x U(1)y. The group U(N) consists of N x N complex unitary matrices. Impos-
ing the additional condition that the determinant of these matrices is equal to one defines
the special unitary group SU(N). The group U(N) has N? generators, while SU(N) has
N? — 1 generators. Requiring local gauge invariance under this symmetry group uniquely
determines the structure of the Lagrangian, the allowed interactions, and the corresponding
force carriers.
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Global symmetries

Let us first focus on the U(1)y symmetry. Within the Lagrangian formalism, the theory
is invariant under a continuous global U(1) transformation. As an illustrative example, we
consider a Dirac fermion described by the Lagrangian

£ = iy — iy 2.1)

This Lagrangian is invariant (£’ = £) under the global transformation ¢ — ¢/ = €.
According to Noether’s theorem [27], this global symmetry is associated with a conserved
quantity, which in this case corresponds to the hypercharge Y. In addition, the transforma-
tion is also Lorentz invariant.

Local gauge invariance and gauge fields

Promoting the symmetry to a local one, &« — a(x), breaks the invariance of the Lagrangian.
Gauge invariance can be restored by introducing a vector field A, that transforms as

1
Ay — A=A+ 58”04(3:) : (2.2)

The ordinary derivative can then be replaced with the covariant derivative D, = 0, +iqA,,.
The resulting gauge-invariant Lagrangian becomes

- 1
L= D(iy" Dy = m)y = 1 Fu P (2.3)

where F,, = 0,A, — 0, A, is the field-strength tensor. In four-dimensional spacetime, renor-
malisability® requires that all terms in the Lagrangian have mass dimension less than or
equal to four. This condition forbids explicit mass terms for gauge fields, such as m?% A, A*.
As a result, gauge bosons associated with exact local symmetries must be massless. In this
framework, the field A, can be identified with the photon.

Electroweak and strong interactions

Having discussed the Abelian U(1)y symmetry, we now turn to the non-Abelian SU(2),
sector. The group SU(2) has three generators, represented by the Pauli matrices in the
fundamental representation. Gauge invariance under SU(2), introduces three massless gauge
fields, commonly denoted Wl}, Wi, and Wj, which couple exclusively to left-handed fermions.
The associated conserved quantum number in the theory is the weak isospin.

Together, the SU(2), x U(1)y symmetries form the electroweak theory, which contains
four gauge fields in total. Prior to symmetry breaking, gauge invariance requires all these
fields to be massless. The physical electroweak bosons—the charged W=, the neutral Z

'Renormalisation allows divergences to be systematically absorbed into redefinitions of physical parame-
ters, yielding finite predictions for observables.

10
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boson, and the photon—arise only after spontaneous symmetry breaking as linear combina-
tions of the original gauge fields. The mechanism by which three of these bosons acquire
mass while leaving the photon massless is discussed in the following subsection.

The strong interaction is described by the SU(3)c gauge symmetry. The group has eight
generators, represented by the Gell-Mann matrices in the fundamental representation, cor-
responding to eight massless gauge bosons known as gluons. This symmetry implies the
conservation of colour, a quantum number carried by quarks and gluons. Gluons transform
in the adjoint representation of SU(3)s and therefore carry combinations of colour and anti-
colour, allowing them to interact not only with quarks but also with each other. Observable
particles must form colour-singlet states under SU(3)c. As a consequence, quarks and glu-
ons are not observed in isolation but only as colour-neutral bound states, such as mesons
and baryons. This phenomenon, known as colour confinement, is a defining feature of QCD.

Spontaneous symmetry breaking

A key question is how the experimentally observed massive particles acquire their mass,
given that gauge invariance forbids explicit mass terms for the gauge bosons.

The SM is a chiral theory, as established by the Wu experiment [28], meaning that left-
and right-handed fermions transform differently under the electroweak symmetry. Because
of this chiral structure, a direct mass term for fermions is not invariant under SU(2), x
U(1)y transformations. The solution is to introduce a scalar field, the Higgs field ¢, which
transforms appropriately under the electroweak symmetry. This allows additional terms in
the Lagrangian: the kinetic term for the Higgs field, its potential term V(¢), and Yukawa
interactions between the Higgs and the fermion fields.

The Higgs potential is constructed with all renormalisable terms allowed by dimensional
analysis, resulting in the characteristic “Mexican hat” shape:

V(g) = 12¢"¢ + \(¢"0)* . (2.4)

The parameter A must be positive to ensure that the potential is bounded from below. If
u? > 0, the potential has a global minimum at ¢ = 0 and the symmetry remains unbroken.
If 4?2 < 0, the minima occurs at ¢ # 0.

The vacuum expectation value of the Higgs field corresponds to the minimum of this
potential. Choosing a gauge such that the imaginary component vanishes (¢ = 0), the field

acquires
2\
01 =14|—5 =0, 2.5
1 \/ug (2.5)

breaking the symmetry spontaneously. As a consequence, the gauge eigenstates mix, and
the physical vector bosons correspond to the mass eigenstates of the theory.

11
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The gauge bosons are given by the linear combinations

1

V2
Z, = Wi’ cos Oy — B, sin Oy ,

A, = Wj’ sin Oy + By, cos Oy

+ 1 2
W, (WH FW5), (2.6)

where cos Oy = \/#7, and ¢g and ¢’ denote the SU(2);, and U(1)y gauge couplings, re-

spectively.

After spontaneous symmetry breaking, three of the four electroweak gauge bosons acquire
mass, while one remains massless. The charged W+ and the neutral Z bosons obtain masses
proportional to the vacuum expectation value v of the Higgs field:

1
my = 590, (2.9)

1
mz =35V 9° + g, (2.10)

with the two masses related by mz = Cg’gng.
The remaining combination corresponds to the massless photon A,,, associated with the

unbroken U(1)g symmetry of electromagnetism, where Q = T} + % is the electric charge.
Simultaneously, fermions acquire mass through Yukawa couplings, which connect the

fermion fields to the Higgs scalar:

LYukawa = _yf&quwR ) (211>

where y; is the Yukawa coupling constant for each fermion. After symmetry breaking, this
term generates a mass term my = ysv / V2 for the corresponding fermion.

In addition, the spontaneous breaking of the electroweak symmetry predicts the existence
of a physical scalar excitation of the Higgs field, known as the Higgs boson. Its properties
and experimental manifestations are discussed in the following section.

It is also hypothesised that, in the early Universe, the Higgs field was initially at the
top of its potential (¢; = ¢ = 0) and subsequently rolled down to its minimum. This
process may have contributed to cosmological inflation and the rapid cooling of the Universe.
Understanding the dynamics of this transition, remains essential for determining the stability
of the vacuum and the possibility that we reside in a metastable minimum.

2.2 Higgs boson properties

The Higgs boson is the physical excitation of the scalar Higgs field introduced in the SM
to enable mass generation while preserving local gauge invariance in a chiral theory. In the
SM, the Higgs boson is a spin-0 scalar particle with no electric or colour charge and positive
parity.

12
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The Higgs boson mass is not predicted a priori within the SM. However, it is related to
the parameters of the Higgs potential through

myg = V2\v, (2.12)

where )\ is the Higgs self-coupling and v is the vacuum expectation value of the Higgs field.
Fermion masses arise from Yukawa interactions with the Higgs field. For each fermion

f, the mass is given by
_yv

ok
where y; is the corresponding Yukawa coupling. Since the Yukawa couplings are free pa-
rameters of the theory, knowledge of the fermion masses alone does not constrain the Higgs
boson mass.

The SM predicts explicit interactions of the Higgs boson with fermions and massive gauge
bosons. These include decays of the form H — ff and H — VV*, where V denotes the
massive weak gauge bosons W= or Z. The Higgs couplings are proportional to the masses
of the interacting particles,

my (2.13)

gHpf <My, gEVY XY (2.14)

As a consequence, the Higgs boson couples most strongly to the heaviest fermions and to
the weak gauge bosons, particularly the top and bottom quarks and the W* and Z bosons.
In contrast, decays into light fermions are strongly suppressed and challenging to observe
experimentally.

Since the Higgs boson carries no electric or colour charge, it does not couple directly
to photons or gluons at tree level. Nevertheless, interactions such as H — vy, H — Zv
or H — gg occur through loop diagrams involving virtual charged or coloured particles.
Although loop-induced processes are suppressed relative to tree-level interactions, they are
susceptible to contributions from physics beyond the Standard Model, making them powerful
probes for new phenomena.

2.2.1 Production mechanisms

The production mechanisms of the Higgs boson depend strongly on the type of collider, the
nature of the colliding particles, and the centre-of-mass energy of the interaction. At the
Large Hadron Collider, described in Section 3.1.2.5, Higgs bosons are produced in proton-
proton (pp) collisions at multi-TeV energies, where several production modes contribute with
different cross-sections and experimental signatures.

In particle physics, the production rate of a given process is quantified by its cross-section,
o, which has units of area. Physically, the cross-section represents the effective target “size”
that a particle presents to the incoming beam for a specific interaction. The integrated
luminosity £ quantifies the total particle flux delivered by the collider over a given period.
It has units of inverse area (typically fb™') and represents the effective number of collisions
available for producing a given process. In collider experiments, the number of events N

13
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produced for a given process is proportional to the product of the cross-section and the
integrated luminosity:
N=oxL. (2.15)

Hence, processes with larger cross-sections are more likely to occur and are generally easier
to observe experimentally.

g e q J v g t/b
t/b/c - H >W1\ o H

g t/b/c q q W/Z g t/b
(a) ggF (b) VBF (c) VH (d) ttH

Figure 2.2: Main Higgs boson production modes at the LHC: (a) gluon-gluon fusion (ggF),
(b) vector boson fusion (VBF), (¢) associated production with a vector boson (VH), and (d)
associated production with a top-quark pair (t¢H).
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Figure 2.3: Summary of the Higgs boson production cross-sections at different centre-of-
mass energies and of the decay mode branching ratios as a function of the Higgs boson mass.
Figures from Ref. [29].

The Feynman diagrams corresponding to the four dominant Higgs production modes at
a pp collider are shown in Fig. 2.2, ordered by decreasing production cross-section. The
cross-section of these production modes for a pp collider to a Higgs boson for my = 125 GeV
depending on the centre-of-mass energy /s are shown in Fig. 2.3a.
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The dominant mechanism is gluon-gluon fusion (ggF'), which proceeds via a loop diagram
with a predominantly heavy-quark circulating in the loop. Although loop-induced processes
are generally suppressed relative to tree-level interactions, this suppression is compensated
mainly by the large Yukawa coupling of the top quark to the Higgs boson. Furthermore,
gluons carry a significant fraction of the proton’s momentum at LHC energies, which en-
hances the ggF production rate. As a result, ggF' accounts for the majority of Higgs boson
production at the LHC.

The second most important production channel is vector boson fusion (VBF), whose
cross-section is approximately an order of magnitude smaller than that of ggF. This process
is characterised by the presence of two energetic quarks in the final state, which are observed
in the detector as forward jets?, typically separated by a large rapidity gap. The distinctive
event topology of VBF provides a powerful handle for background suppression.

Another relevant production mechanism is the associated production of a Higgs boson
with a vector boson (W#* or Z), commonly referred to as the V H channel. Although its
cross-section is smaller than those of ggF and VBF, the presence of a charged lepton or
missing transverse energy from the vector boson decay offers clean experimental signatures,
particularly for Higgs decays into bottom quarks.

Finally, Higgs bosons can be produced in association with heavy quarks, most notably
top quark pairs (t¢H), and to some extent bottom quark pairs. While these processes have
the smallest production rates, they provide direct sensitivity to the Yukawa couplings of the
Higgs boson to the third-generation of fermions and therefore play a crucial role in testing

the SM.

2.2.2 Decay modes

Unstable particles decay into lighter, more stable states. The decay of a particle is governed
by the set of kinematically allowed final states and by the strength of its interactions with
those states. For a given decay channel 7, the branching ratio is defined as

Ftot 7

where I'; is the partial decay width of channel ¢ and I'yy is the total decay width of the
particle. Both quantities can be calculated theoretically using the corresponding Feynman
diagrams and perturbative quantum field theory. By definition, the sum of all branching
ratios satisfies >, Br; = 1.

Figure 2.3b shows the SM predictions for the Higgs boson branching ratios as a function
of its mass. For a Higgs boson mass of approximately 125 GeV, the dominant decay mode is
into a bottom-antibottom quark pair (H — bb), followed by decays into pairs of weak gauge
bosons, H — WW* and H — ZZ*, where one of the bosons is off-shell. Other relevant
decay channels include H — gg, H — 777, and H — cc.

Rare decay modes such as H — vy, H — Z~v, and H — pu*p~ have branching ratios
below 10~2. Although experimentally challenging due to their low rates, the first two channels

Br; (2.16)

2Jets are described thoroughly in Chapter 4.
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are of particular interest because they provide clean experimental signatures and sensitivity
to loop-level contributions. Decays of the Higgs boson into first-generation fermions are
highly suppressed, making direct measurements of their Yukawa couplings a key objective
for future collider experiments.

The choice of the decay channel strongly influences the experimental sensitivity to Higgs
production and properties.

2.2.3 Experimental measurements

Following the theoretical prediction of the Higgs field and the associated mechanism respon-
sible for generating the masses of the SM particles in the 1960s by Brout, Englert, and
Higgs [5-9], an experimental excess consistent with a Higgs boson was observed nearly five
decades later. In July 2012, the ATLAS and CMS collaborations jointly announced the
discovery of a new particle with properties compatible with those predicted by the SM with
a significance of 5.9 and 5.8 standard deviations® [10,11]. To date, all measurements agree
with SM predictions within uncertainties. A summary of the most important experimental
findings is presented below.

The SM predicts a massive scalar boson with quantum numbers J* = 0%, whose couplings
to fermions and gauge bosons are proportional to their masses. Once the Higgs boson mass
is fixed, its production cross-sections and decay branching ratios are fully determined within
the SM.

The discovery of the Higgs boson relied primarily on the so-called golden decay channels,
which provide a high signal-to-background ratio and excellent mass resolution: H — ZZ* —
40 and H — ~7v. The most precise measurement of the Higgs boson mass obtained by
combining Run 1 and Run 2 results from the ATLAS experiment [30] is

mpy = 125.11 £ 0.09 (stat) & 0.06 (syst) GeV . (2.17)

The observation of the Higgs boson in the diphoton channel constrains its spin to be
either 0 or 2, since a spin-1 particle cannot decay into two photons (Landau-Yang theorem [31,
32]). Further discrimination between these hypotheses is achieved through studies of angular
correlations in the H — ZZ* — 4/ final state. These measurements strongly favour the spin-
parity assignment J¥ = 0%, in agreement with the SM prediction [33].

More than ten years after its discovery, the Higgs boson has been observed to decay
into massive gauge bosons, photons (through loop-induced processes), and third-generation
fermions, all with high statistical significance.

Beyond the observation of individual decay modes, a central goal of the Higgs physics
programme is to test the structure of the Higgs interactions and to quantify possible de-
viations from SM expectations. In experimental analyses, such deviations are commonly
parametrised in terms of coupling strength modifiers and signal strengths.

3A 5o significance corresponds to a probability of about 3 x 10~7 that the observed excess is a fluctuation
of the background, which is the conventional threshold in particle physics for claiming a discovery.
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Figure 2.4: Measured Higgs coupling strength modifiers as a function of the particle mass.
The couplings are scaled separately for fermions and vector bosons as KF% and /ky ™Y,
respectively. Figure from Ref. [34].

The coupling strength modifier x; is defined as the ratio between the Higgs coupling to
a given particle ¢ and its SM expectation,
9i

Ki = : (2.18)
g™

In the SM, all coupling modifiers are equal to unity, while deviations from x; = 1 would
indicate the presence of physics beyond the Standard Model.

Figure 2.4 shows the experimentally measured Higgs coupling strengths as a function of
the mass of the particle to which the Higgs couples. The couplings are rescaled such that
a linear dependence on the particle mass is expected in the SM. All measured channels are
consistent with this hypothesis within current experimental uncertainties. First measure-
ments of couplings to second-generation fermions, such as the charm quark and the muon,
have also been performed. While these measurements are consistent with SM predictions,
they are currently limited by relatively large experimental uncertainties.

Complementary information is provided by measurements of the signal strength param-
eter u, defined as the ratio of the observed production cross-section times branching ratio to
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the corresponding SM prediction,

= : o x Br (2.19)

o x Br)sm

The signal strength can be measured for specific production and decay modes, denoted as
,uzf , where ¢ labels the production mechanism and f the decay channel. Figure 2.5 sum-
marises the measured signal strengths for the main Higgs boson production mechanisms
and decay channels. The results show good overall agreement with SM expectations and
provide a concise overview of the current experimental precision achieved in Higgs boson
measurements.
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Figure 2.5: Summary of the measured signal strengths, defined as the ratio of the observed
event rate to the Standard Model prediction, for different Higgs boson production and decay
processes. Figure from Ref. [34].

Beyond measurements of individual decay modes and couplings, the Higgs sector also
offers a unique window into the shape of the Higgs potential. The parameters A\ and p
in Eq. 2.4 are closely connected to the dynamics of electroweak symmetry breaking and
may have played a role in the evolution of the early Universe. While studies of Higgs self-
interactions and the Higgs potential lie beyond the scope of this thesis, they constitute
a major objective of future collider programmes, with important implications for vacuum
stability and cosmology.

2.3 Beyond the Standard Model

Despite its remarkable success, the SM is widely regarded as an effective theory rather than
a complete description of nature. Although all of its predictions have been experimentally
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confirmed within their expected precision, the SM exhibits several intrinsic limitations and
fails to account for several well-established physical phenomena. While the primary scope
of this thesis does not focus on Beyond the Standard Model (BSM) physics itself, some of
the parts discussed are sensitive to possible BSM effects. Therefore, a brief overview of the
main problems of the SM is provided.

One fundamental limitation of the SM is its inability to incorporate gravity within the
framework of quantum field theory. General relativity, which successfully describes gravity
at macroscopic scales, is a non-renormalisable theory when quantised [35], preventing the
calculation of meaningful observables at high energies. While general relativity provides
an accurate description of gravity at macroscopic scales, its extrapolation to the quantum
regime is not well-defined. Various extensions of the SM, such as supersymmetric theories,
predict new particles that could mediate gravitational interactions at the quantum level. An
example is the gravitino, the supersymmetric partner of the graviton. To date, however, no
experimental evidence for such particles has been observed.

Another major indication of physics beyond the SM arises from neutrino masses. In the
SM, neutrinos are assumed to be massless; however, experimental observations of neutrino
oscillations demonstrate that neutrinos have non-zero masses [36,37]. Neutrino oscillations
occur because flavour eigenstates are superpositions of mass eigenstates, causing neutrinos
to change flavour as they propagate. So far, the absolute mass scale of neutrinos remains
unknown, but upper limits have been set by direct kinematic measurements and cosmol-
ogy [38,39].

Several cosmological and astrophysical observations provide strong evidence for the ex-
istence of dark matter, a form of matter that does not interact electromagnetically and is
detected primarily through its gravitational effects. One of the clearest examples is the Bullet
Cluster, a system of two colliding galaxy clusters [40]. Gravitational lensing measurements
show that the majority of the mass is spatially separated from the hot baryonic gas observed
in X-ray emission, indicating a dominant non-baryonic matter component. Further evidence
comes from observations of the Cosmic Microwave Background (CMB) [41]. The angular
power spectrum of its temperature anisotropies is in excellent agreement with cosmological
models that include dark matter, allowing precise constraints on its density in the early Uni-
verse. At galactic scales, the rotation curves of spiral galaxies also support the presence of
dark matter [42]. Stars in the outer regions rotate faster than expected from visible matter
alone. Although alternative explanations such as Modified Newtonian Dynamics exist [43],
dark matter remains the most widely accepted interpretation.

Little is known about the nature of dark energy, which is introduced to account for
the observed accelerated expansion of the Universe, first inferred from measurements of
Type Ia supernovae [44]. Its energy density is tightly constrained by cosmological obser-
vations, including supernova surveys, measurements of the Cosmic Microwave Background,
and large-scale structure data [45,46]. However, estimates of the vacuum energy density from
quantum field theory exceed the observed value by up to 10°° (or more) orders of magnitude,
giving rise to the so-called cosmological constant problem [47].

The baryon asymmetry of the Universe refers to the observed dominance of matter
over antimatter. Within the SM, there is no mechanism capable of generating the observed
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magnitude of this asymmetry. Any successful explanation must satisfy the three Sakharov
conditions [48]: violation of baryon number, violation of charge-parity (CP), and a depar-
ture from thermal equilibrium. Baryon number violation is realised in the SM through
non-perturbative electroweak processes, and CP violation is present, but its magnitude is
insufficient to account for the observed asymmetry. Furthermore, for the measured Higgs
boson mass, the electroweak phase transition in the SM is a smooth crossover rather than
a first-order phase transition, preventing the generation of the required out-of-equilibrium
conditions.

The SM includes sources of CP violation via the CKM matrix in the quark sector. How-
ever, the strong CP problem [49] arises from the absence of observable CP violation in
QCD, despite the presence of a CP-violating term in the QCD Lagrangian. The correspond-
ing CP-violating parameter is constrained experimentally to be extremely small, raising the
question of why it is so close to zero.
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The experimental setup

To this point, the theoretical framework underlying this work has been presented. This
chapter introduces the experimental setup, describing how data are produced, collected, and
prepared for physics analyses.

The chapter begins with a brief historical overview of CERN, followed by a description of
the Large Hadron Collider and the acceleration of protons up to the point of collision. The
ATLAS detector is then presented in detail, with particular emphasis on its main subdetec-
tors and trigger system. Finally, the procedures used to handle both simulated and real data
are described, together with an overview of the reconstruction of the physics objects used in
this thesis.

3.1 CERN

3.1.1 Early-stages: Brief history of CERN

After World War II, Europe was politically divided and economically weakened, while nuclear
physics had demonstrated its decisive role in the outcome of the conflict. Within this context,
several scientists began advocating for the creation of a European research laboratory that
would enable scientific collaboration across borders and share the substantial costs of large-
scale experimental facilities. The idea first emerged in 1949, gaining real momentum two
years later. At the UNESCO intergovernmental meeting held in Paris in December 1951, a
resolution was adopted to establish a European Council for Nuclear Research. Two
months later, representatives from 11 countries signed an agreement creating a provisional
council, using CERN as an acronym for its French name. Sixteen months afterwards, the
CERN Convention was formally approved by twelve founding Member States.

The CERN Convention [50] explicitly stated that the organisation would not engage in
research for military purposes and that its scientific results would be openly available. It
also defined the financial contributions of Member States according to their national income
and outlined procedures for membership. Geneva was chosen as the host city for its central
location in Europe and Switzerland’s political neutrality during the World Wars. While
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the laboratory infrastructure was being built on the Meyrin site, the theoretical group was
temporarily hosted at the Niels Bohr Institute in Copenhagen.

Over more than seven decades, CERN has grown into the world’s leading centre for parti-
cle physics. Today, it includes 25 Member States and several Associate Members, maintaining
its founding spirit of international cooperation in fundamental research. Its accelerator and
detector programmes have shaped the field from the 1950s to the present day.

CERN’s experimental program began with the Synchrocyclotron (SC) [51], which became
operational in 1957. It accelerated protons up to energies of 600 MeV (about 80% of the
speed of light) and served both as a training ground for early generations of scientists and
as a reliable facility for obtaining initial experimental data. Among its notable achievements
was the observation of the rare pion decay into an electron and a neutrino [52]. As larger and
more powerful accelerators were built, the SC’s focus shifted toward nuclear physics until its
decommissioning in 1990.

The flagship project of CERN’s early decades was the Proton Synchrotron (PS) [53],
operational since 1959. The PS accelerated protons to 25 GeV in a 628 m circular ring, an
impressive technical feat at the time. The accelerator supplied various particle beams to
multiple experiments, playing a central role in several fundamental discoveries. Among its
most significant results were the first observation of antinuclei [54] in 1965 and the findings of
the Gargamelle experiment [55] in 1973. Gargamelle, a heavy-liquid bubble chamber detec-
tor, provided the first evidence of neutral currents [56], a crucial experimental confirmation
of the electroweak theory. In this setup, charged particles produced visible ionisation tracks
in the detector’s heavy liquid (C'BrF3), while neutrinos interacted indirectly through their
secondary products after interacting with the medium. The neutrino beam used for these
studies was generated when protons from the PS collided with a beryllium target, producing
pions and kaons that decayed, emitting neutrinos with energies between 1 and 10 GeV.

Parallel to these advances, detector technology was evolving rapidly. In 1968, Georges
Charpak developed the multiwire proportional chamber [57], a gas-filled detector with mul-
tiple readout wires connected to amplifiers, allowing for counting rates thousands of times
faster than previous techniques. This innovation revolutionised particle detection and paved
the way for the modern era of high-rate experiments.

The next major milestone was the Super Proton Synchrotron (SPS) [58,59], a 7 km
circular accelerator capable of accelerating protons up to 400 GeV. Operational since 1976,
the SPS has served as one of CERN’s most versatile machines, accelerating not only protons
but also antiprotons, electrons, positrons, and heavy ions throughout its lifetime. The SPS
played a central role in several landmark discoveries in particle physics. In 1983, the UA1 and
UA2 experiments observed the W and Z bosons [60], confirming the electroweak unification
mechanism and leading to the 1984 Nobel Prize in Physics [61]. From 1986 onward, the
SPS was also used to accelerate heavy ions to explore the formation of the quark-gluon
plasma [62], a state of matter thought to have existed microseconds after the Big Bang.

Building on these successes, CERN entered the era of precision electroweak physics
with the Large Electron-Positron Collider (LEP) [63] in 1989. Built in a 27 km circular
tunnel, LEP collided electrons and positrons at four interaction points equipped with the
ALEPH, DELPHI, L3, and OPAL detectors. Initially operating near the Z boson reso-
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nance at 100 GeV, it later increased its energy to enable the production of W*+W ™ pairs.
The resulting measurements of the Z and W bosons’ masses, widths, and couplings reached
unprecedented precision and confirmed the existence of only three generations of matter
particles. LEP also provided indirect hints of the Higgs boson, although its discovery would
have to wait for the next generation of accelerators. After more than a decade of successful
operation, LEP was decommissioned in 2000 to make room for the Large Hadron Collider
(LHC), constructed in the same tunnel.

The LHC [12] began operation in 2008, initially delivering proton—proton collisions at a
centre-of-mass energy of 7 TeV. Its design allows collisions at energies several times higher
than those of any previous accelerator, enabling physicists to probe the most fundamental
constituents of matter and the forces that govern them. Since its commissioning, the LHC
has completed three major data-taking runs, each increasing both the collision energy and the
luminosity. Four primary interaction points along the ring host the main detectors: ATLAS,
CMS, ALICE, and LHCb [64-67]. ATLAS (A Toroidal LHC ApparatuS) and CMS (Compact
Muon Solenoid) experiments are general-purpose detectors designed to explore a wide range
of physics phenomena, from the search of new particles to precise measurements within the
Standard Model. The ALICE (A Large Ion Collider Experiment) detector specialises in
heavy-ion collisions (Pb, O, or Ne), studying the properties of the quark—gluon plasma and
characterising the conditions under which this state can be created. LHCb (Large Hadron
Collider bottom) focuses on flavour physics, investigating the behaviour of bottom and charm
quarks to understand the matter-antimatter asymmetry in the Universe.

In 2012, the ATLAS and CMS Collaborations jointly observed a new particle consistent
with the Higgs boson [10,11], completing the final missing piece of the Standard Model and
marking one of the most significant achievements in modern physics. Since then, the LHC
program has continued to deliver significant results, including new exotic hadronic states
such as tetraquarks and pentaquarks, studies of CP violation in baryon decays, and detailed
measurements of top quark and electroweak processes.

Looking ahead, CERN is preparing the High-Luminosity LHC upgrade (HL-LHC) [68],
scheduled to begin after Long Shutdown 3. The upgrade will significantly increase the
collider’s luminosity, expanding its reach to rare processes and enabling more precise mea-
surements at energies up to 7 TeV per beam.

3.1.2 Following a proton from birth to collision

The LHC beam is not continuous but organised in discrete bunches due to the oscillating
nature of the electromagnetic fields used for acceleration. Each LHC fill can contain up
to 2808 bunches, separated by 25 ns, with a few empty slots reserved for calibration and
machine protection. Each bunch contains roughly 1.15 x 10! protons, meaning that a single
fill (occurring approximately every eight hours) requires on the order of 3 x 10 protons in
total. To supply this enormous number of protons, CERN begins with a small container of
molecular hydrogen (Hs), which contains far more protons than needed for years of LHC
operation.

Protons are extracted from hydrogen gas and injected into a chain of accelerators, where
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Figure 3.1: Schematic overview of the CERN accelerator complex, showing the pre-
accelerators used during Run 3: LINAC4, the PS Booster, the Proton Synchrotron (PS),
the Super Proton Synchrotron (SPS), and the Large Hadron Collider (LHC), along with the
four main detectors. For each subsystem, the year of operation is indicated, and for the
circular machines, the circumference length is also shown. Figure adapted from Ref. [69].

they are progressively brought to higher energies. As charged particles, they are accelerated
using radiofrequency (RF) cavities, which generate oscillating electric fields between elec-
trodes. When the electric field is oriented in the direction of motion as the beam passes
through a cavity, the protons receive a small increment of energy. By passing through many
such cavities in succession, their energy is gradually increased until they are ready for injec-
tion into the LHC ring, where they ultimately collide with a counter-rotating beam.

To help visualise the entire acceleration chain, Fig. 3.1 provides a schematic overview
of the CERN accelerator complex. The figure highlights each subsystem: LINAC4, the PS
Booster, the Proton Synchrotron (PS), the Super Proton Synchrotron (SPS), and the Large
Hadron Collider (LHC), as well as the four main detectors. In the following subsections, we
will follow a proton from its extraction from hydrogen gas, through each stage of acceleration
in these machines, and finally into the high-energy collisions in the LHC.

3.1.2.1 LINAC4

Since the start of Run 3, the LHC has been fed by the LINAC4 [70] linear accelerator
(purple in Fig. 3.1). The process begins by ionising molecular hydrogen through electron
bombardment. Protons from the resulting plasma are directed toward a Caesium cathode
surface, which enhances electron emission and facilitates the formation of H~ ions. These
negatively charged ions exit the source in 400 ps pulses with an initial energy of 45 keV,
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forming a low-energy beam that passes through a small magnet to remove residual free
electrons. The remaining stages of LINAC4 accelerate the beam linearly up to 160 MeV.

The first element downstream of the ion source is the Low Energy Beam Transport
(LEBT) line, which adjusts the beam parameters (mainly focusing and alignment) to match
the acceptance of the Radio-Frequency Quadrupole (RFQ) [71,72]. The RFQ, approximately
3 m long, simultaneously focuses, accelerates, and bunches the initially continuous beam into
discrete packets. It consists of a four-vane quadrupole structure with vane tips modulated
in a sinusoidal pattern of gradually increasing wavelength, matching the increasing particle
velocity. After the RFQ, the beam energy reaches 3 MeV and enters the chopper line, which
contains a beam dump used to remove unwanted bunches and create empty time intervals,
helping to stabilise the downstream beam. At these energies, the resulting radiation is
minimal.

Three Drift Tube Linac (DTL) tanks then accelerate the beam to 50 MeV. The DTL
uses RF fields phased to avoid decelerating the particles during the opposite half-cycle.
The spacing between drift tubes increases along the accelerator to match the rising particle
velocity, while permanent magnetic quadrupoles provide transverse focusing.

The next stage, a Cell-Coupled Drift Tube Linac, raises the beam energy to 102 MeV. It
consists of seven modules, each containing three DTL-like cells separated by electromagnetic
quadrupoles.

The final acceleration stage, the Pi-Mode Structure (PIMS), increases the H~ ion energy
to 160 MeV through twelve resonant cavities. Above roughly 100 MeV, m-mode structures are
more efficient than 0-mode configurations due to the relative phase advance between adjacent
cells. RF power for all LINAC4 accelerating structures is supplied by klystrons [73], which
convert DC power into high-frequency RF energy.

Finally, a 70 m transfer line connects the end of LINAC4 to the Proton Synchrotron
Booster (PSB). Along this line, beam diagnostics continuously monitor beam parameters,
and a beam dump is available for controlled beam disposal if needed.

3.1.2.2 Proton Synchrotron Booster

The Proton Synchrotron Booster (PS Booster, light pink in Fig. 3.1) [74, 75] accelerates
protons to an energy of 2 GeV. Its primary purpose is to increase the proton intensity
for injection into the next stage of the accelerator chain, the Proton Synchrotron (PS). At
injection, a thin carbon foil strips the two electrons from the incoming H~ ions with minimal
energy loss, producing a pure proton beam ready for acceleration.

The PS Booster is the first circular accelerator in the LHC injection chain, with a radius
of 25 m. A circular design allows protons to pass through the same RF cavities multiple
times, gaining energy on each pass. Maintaining a stable circular trajectory while increasing
the particle energy is the main challenge: dipole magnets bend the beam along the curved
path, and their magnetic field must increase in synchrony with the proton energy to preserve
the orbit, giving the machine its name synchrotron. Transverse focusing is provided by
quadrupole magnets to maintain a dense, stable beam and maximise luminosity.

A distinctive feature of the PS Booster is its four superimposed rings, which allow multiple
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beams to be accelerated in parallel. This design increases total intensity and accommodates
longer bunches. The beams are distributed among the four rings by pulsed magnets in the
proton distributor system and are later recombined into a single plane for transfer.

Acceleration is achieved using a single RF cavity, while 32 dipole magnets and 48 quadrupoles
bend and focus the beam, respectively. Once the target energy of 2 GeV is reached, the four
beams are synchronised and recombined by a dedicated recombination system before injec-
tion into the Proton Synchrotron.

3.1.2.3 Proton Synchrotron

The Proton Synchrotron (PS, dark pink in Fig. 3.1) [76,77] continues the acceleration of
protons after the PS Booster, increasing their energy up to 26 GeV in a circular ring with a
circumference of 628 m. Unlike the PS Booster, which has four stacked rings, the PS consists
of a single larger ring, allowing a greater number of bunches to circulate simultaneously.
Batches of bunches from the PS Booster are sequentially injected into the PS until the ring
is filled, after which acceleration begins. A similar multi-step injection scheme is applied
when transferring the beam to the following stages.

The PS uses an RF system to provide the accelerating electric field, while 277 conventional
(room-temperature) magnets maintain the beam on its circular trajectory. This includes 100
dipoles that bend the protons along the ring and a combination of quadrupoles and higher-
order multipoles that focus and shape the beam, preserving its stability and minimising
emittance growth. Maintaining a high-quality, well-focused beam is crucial for subsequent
acceleration stages and for achieving high luminosity at the LHC.

3.1.2.4 Super Proton Synchrotron

Protons enter the Super Proton Synchrotron (SPS, blue in Fig. 3.1) [58,59] from the PS
at an energy of 26 GeV and are further accelerated to 450 GeV in a circular ring with a
circumference of 6.9 km. Each SPS fill typically requires three to four injection cycles from
the PS to populate the ring fully with bunches. As in the PS, maintaining beam quality
during acceleration is crucial to prevent emittance growth and to ensure a stable transfer to
the LHC.

The SPS uses two RF systems: a 200 MHz system for acceleration and an 800 MHz system
for longitudinal beam stabilisation. The higher-frequency system adjusts the bunch length
to reduce instabilities and maintain well-defined proton packets throughout acceleration.

The accelerator contains a total of 1317 magnets, of which 744 are dipoles that bend the
beam along the circular orbit. The remaining magnets, including quadrupoles and higher-
order multipoles, provide transverse focusing, beam shaping, and correction of orbit devia-
tions.

Once protons reach 450 GeV, the beam is extracted and transferred to the LHC injection
system, marking the final stage of pre-LHC acceleration.
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3.1.2.5 Large Hadron Collider

The Large Hadron Collider (LHC, grey in Fig. 3.1) [12,78] constitutes the final acceleration
stage for protons in the CERN accelerator complex. It consists of a 27 km circular ring
in which protons are injected in bunches from the SPS at an energy of 450 GeV over 12
successive cycles. The LHC employs a twin-aperture design that allows two counter-rotating
beams to circulate within the same cryostat under ultra-high vacuum conditions, each beam
accelerated synchronously.

The beams gain energy using 16 superconducting RF cavities operating at 400 MHz,
reaching 6.8 TeV per proton and a total centre-of-mass energy /s of 13.6 TeV during col-
lisions. At this energy, protons travel at 0.999999990 times the speed of light in vacuum,
completing 11245 revolutions of the LHC ring per second. To maintain a stable circular
trajectory, the beams are guided by powerful superconducting dipole magnets. Without su-
perconducting technology, a conventional electromagnet system would require a ring many
times larger to achieve the same energies; the LHC’s design allows high-energy beams to be
efficiently bent within the existing 27 km tunnel.

Beam steering and confinement rely on 1232 superconducting dipole magnets, each about
15 m long and operating at 1.9 K. These niobium-titanium magnets generate magnetic
fields up to 8.3 T, bending the beams with minimal energy loss due to superconductivity.
Transverse focusing is provided by 392 superconducting quadrupole magnets, ensuring high
beam quality and luminosity at the interaction points. The entire magnet system is cooled
by a closed liquid-helium cryogenic circuit, insulated under high vacuum to minimise thermal
losses.

There are four main interaction points along the ring, each equipped with a dedicated
detector optimised for different physics goals. On either side of each detector, triplets of su-
perconducting quadrupoles, known as insertion magnets, focus the beams to a transverse size
of approximately 16 um at the detector centres, maximising the probability of proton—proton
collisions.

Although each bunch contains roughly 10! protons, only a small fraction of these interact
during each crossing. The instantaneous luminosity determines the collision rate and depends
directly on beam intensity and focusing. As the beams circulate, interactions and beam
degradation gradually reduce the number of collisions per crossing. After roughly eight
hours, the luminosity becomes too low for efficient operation, and the remaining protons are
safely extracted and dumped. This is done by first reducing the beam intensity and then
directing the remaining protons into a massive graphite and concrete absorber, where their
residual energy is safely dissipated.

In practice, collisions occur between the constituent partons, quarks and gluons, rather
than the protons as a whole. These parton—parton interactions are responsible for the di-
verse range of particles observed in the detectors. The effective probability of interaction
is quantified by the cross-section, which increases with energy as higher-energy partons can
overcome the strong-force repulsion at small distances.
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3.2 The ATLAS detector

The ATLAS detector (A Toroidal LHC ApparatuS) is one of the four large detectors located
on the LHC ring. Along with CMS, ATLAS is a general-purpose detector: rather than being
specialised in studying a single type of particle, it is designed to deliver high performance
across a wide range of measurements, enabling it to explore many aspects of particle physics.

In its Technical report [64], the physics case was already presented clearly, highlighting
its broader goals. For nucleus-nucleus collisions, the focus was on studying the hypothesised
quark-gluon plasma. For proton-proton (pp) collisions, the detector requirements were driven
by the need to perform precise SM measurements, while exploring new phenomena expected
at the TeV scale. Accordingly, the physics program included QCD, electroweak, and flavour
physics studies, as well as investigations of the top quark’s properties. Regarding the Higgs
boson, its mass was not yet known, so different search channels were prioritised based on its
possible mass range. Other potential avenues for new physics included heavy gauge bosons
(W’ and Z'), supersymmetry, and gravitons.
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Figure 3.2: Schematic overview of the ATLAS detector and its subsystems. Figure from
Ref. [79].

By merging ideas from two groups, EAGLE and ASCOT, the Technical Design re-
ports [80] were approved, and, with that, ATLAS received formal approval in July 1997.
Construction then began at individual institutions, later assembling the different parts in
the ATLAS experiment pit, located at Point 1 of the LHC tunnel.

ATLAS has a cylindrical shape, with the centre coinciding with the Point of Interaction
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(Pol) and surrounding the beam pipe. It is the largest detector at the LHC, with a length
of 46 m, a diameter of 25 m, and a mass of 7000 tonnes (see Fig. 3.2 for an illustration of
its size and shape).

Different parts of the detector are specialised to detect various types of particles. The
Inner Detector, located closest to the interaction point, measures charged-particle trajectories
with very high resolution. The Calorimeter is divided into the Electromagnetic and Hadronic
Calorimeters, and it is designed so that particles interact sufficiently with the medium to be
stopped while recording the deposited energy. Relativistic muons have lifetimes long enough
to pass through most of the detector without significant interaction. The final component
of ATLAS, the Muon Spectrometer, is built specifically to detect this type of particle. The
entire detector is immersed in a magnetic field, which causes charged particles to follow
curved trajectories.

In this section, a summary of each detector component will be presented, along with an
explanation of how the data are recorded. Many topics will not be covered, such as how the
vacuum and cryogenics systems work.

3.2.1 Coordinate system

The ATLAS experiment uses a right-handed coordinate system with the origin defined as the
nominal interaction point. An illustrative overview of the coordinate system is presented in
Fig. 3.3. The beam direction defines the z-axis, with the positive direction pointing towards
side-A of the detector (often referred to as the Airport side), and the negative direction
towards side-C. The plane transverse to the beam corresponds to the z-y plane, where the
positive x-axis points towards the centre of the ring, and the positive y-axis points upwards.

The azimuthal angle ¢ is measured around the beam axis, covering the range (—m,).
The polar angle 0 is measured from the beam axis. A commonly used variable instead of
is the pseudorapidity, defined as n = —Intan(0/2). For § = 7/2, n = 0, corresponding to
a direction perpendicular to the beam pipe, while for § = 0, n = oo. For massive particles,
the rapidity is used instead, defined as y = 1/2In[(E + p,)/(E — p,)]. The angular distance
between two particles is measured using both the azimuthal angle and the pseudorapidity,
AR = \/An? + A¢?.

The transverse momentum is often used instead of the full momentum, and is defined as
the momentum component in the transverse plane pr = |/pz + p;.

The Primary Vertex is chosen as the interaction vertex with the largest sum of transverse
momentum, » . pr, corresponding to the hard-scatter interaction. Interactions in addition to
the hard-scatter process of interest are referred to as pile-up.

Run 3 has so far delivered a large amount of physics data. Figure 3.4a shows the in-
tegrated luminosity delivered to and recorded by ATLAS during Run 3. The increase in
luminosity is accompanied by a high level of pile-up, which poses additional challenges for
event reconstruction, with an average of about 60 interactions per bunch crossing in Run 3,
as illustrated in Fig. 3.4b.
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Figure 3.3: Overview of the ATLAS coordinate system, with the centre named Interaction
Point (IP), the z-axis being along the beam, the positive x-axis pointing towards the centre of
the LHC, and the positive y-axis towards the sky. A particle with momentum p'is represented
in red, its angle to the z-axis is 6, which can translate to pseudorapidity 7, the projection to
the zy-plane is the transverse momentum pr, with an azimuthal angle of ¢ with respect to
the z-axis. Figure adapted from Ref. [81].
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Figure 3.4: (a) Integrated luminosity over time delivered to (green) and recorded by ATLAS
(yellow) during stable beams for pp collisions at 13.6 TeV centre-of-mass energy in LHC Run 3
(2022-2025). (b) Recorded luminosity of the mean number of interactions per crossing for
pp collisions at 7 and 8 TeV centre-of-mass energy in Run 1, 13 TeV in Run 2, and 13.6 TeV
in Run 3 (2022-2025). Figures from Ref. [82].
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3.2.2 Detector characteristics

The information below is taken from Ref. [64] if not specified otherwise.

3.2.2.1 Magnet system

Magnets in the detector are used to bend the trajectories of charged particles, allowing
precise determination of their momentum and charge. In ATLAS, two different types of
superconducting magnet systems are employed: one solenoid and three toroids, operating
at temperatures as low as 4.5 K. Both systems were optimised to minimise their interaction
with the particles produced in the collisions.

The solenoid magnet is aligned along the beam axis, positioned between the Inner Detec-
tor and the Calorimeter. It provides a 2.0 T axial magnetic field to the Inner Detector. The
solenoid design was optimised to maintain high calorimeter performance by minimising the
material thickness between the solenoid and the calorimeter; for example, both share a com-
mon vacuum vessel. The magnet has an axial length of 5.8 m and inner and outer diameters
of 2.46 m and 2.56 m, respectively. Such a strong magnetic field within a compact structure
is achieved using 9 km of niobium—titanium superconductor embedded in pure aluminium
stabiliser strips. The solenoid can be charged and discharged in about 30 minutes, but it
requires approximately one day to cool back down to its operating temperature of 4.5 K after
a warm-up cycle. The vacuum is maintained by the liquid-argon (LAr) cryogenic system.

To bend muons in the Muon Spectrometer, a barrel toroid and two end-cap toroids
generate a toroidal magnetic field of up to 3.5 T.

The barrel toroid surrounds the calorimeter and consists of eight coils arranged symmet-
rically around the z-axis. Each coil is 25.3 m long, with inner and outer diameters of 9.4 m
and 20.1 m, respectively, making it the largest toroidal magnet ever constructed. Cooling
the cold mass to 4.6 K takes approximately 5 weeks. In the event of a fast dump, such as one
triggered by a quench (a sudden loss of superconductivity leading to local heating), about
50 h are required to re-cool the system.

The end-cap toroids enhance the bending power in the forward regions, improving the
momentum resolution for particles exiting the detector near the beam pipe. Each end-cap
toroid is a rigid structure containing eight coil units, with an axial length of 5.0 m and inner
and outer diameters of 1.65 m and 10.7 m, respectively.

3.2.2.2 Inner Detector

The Inner Detector (ID), shown in Fig. 3.5, is responsible for reconstructing the paths of
charged particles produced in pp collisions. It is the innermost detector system in ATLAS,
located closest to the beam line. As charged particles traverse the detector, they interact
with its active layers, producing discrete hits in each subsystem. By combining these hits
across layers, sophisticated tracking algorithms can reconstruct particle trajectories and de-
termine their momentum and charge from the curvature of their tracks in the solenoidal
magnetic field. The ID consists of three main subsystems: the Pixel detector, the Semicon-
ductor Tracker, and the Transition Radiation Tracker. Each subsystem employs different
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technologies to provide precise measurements for track reconstruction and withstand the
high radiation near the interaction point.

The Pixel Detector is the innermost subsystem, positioned just a few centimetres from
the beam pipe. It comprises a total of 1744 modules arranged in three barrel layers and
two end-caps, each containing three disk layers. Together, these provide continuous tracking
coverage up to |n| < 2.5. Each module contains 46 080 silicon pixel sensors, each with its
own readout channel. The pixels provide excellent spatial resolution, approximately 10 pym
in the plane of the module and about 100 pym along the direction perpendicular to it. Before
Run 2, an additional innermost layer, the Insertable B-Layer IBL [83], was installed at a
radius of 3.3 cm to improve the vertex reconstruction and b-tagging performance.

The Semiconductor Tracker (SCT) extends the tracking volume of the Pixel detector
using similar silicon sensor technology, but with reduced granularity, as it is located farther
from the interaction point. It consists of four coaxial cylindrical layers in the barrel region
and two end-caps, each containing nine disk layers, providing coverage up to |n| < 2.5.
The SCT comprises 15912 silicon strip sensors, each with 768 active strips. Each module
is built from two pairs of single-sided sensors mounted back-to-back with a small stereo
angle, allowing for precise two-dimensional space-point reconstruction. The achieved spatial
resolution is approximately 17 yum in the azimuthal plane and 580 pm along the longitudinal
direction.

When a charged particle crosses a silicon sensor, it ionises the material, producing elec-
tron—hole pairs. Under the influence of an applied electric field, these charges are collected
by the electrodes, generating a signal proportional to the particle’s energy loss as it traverses
the silicon. To ensure radiation tolerance and minimise electronic noise, the Pixel and the
SCT detectors operate at low temperature, typically around —7 °C to —10 °C, maintained by
an evaporative CO4 cooling system. The low temperature, together with the applied high
voltage, ensures stable long-term operation of the sensors.

The Transition Radiation Tracker (TRT) is the outermost subsystem of the ID and
employs a different detection technology from the Pixel and SCT. It consists of polyimide
drift tubes, or straws, each 4 mm in diameter, filled with a xenon-based gas mixture at room
temperature. When a charged particle passes through a straw, it ionises the gas, producing
electron-ion pairs that drift towards a central gold-plated tungsten wire, where the resulting
signal is amplified and recorded. The TRT comprises 73 straw layers parallel to the beam
axis in the barrel and 160 straw planes oriented perpendicular to the beam in the end-
caps, providing coverage up to |n| < 2. In addition to tracking, the TRT provides particle
identification by detecting transition radiation emitted when charged particles traverse the
dielectric materials surrounding the straws. This radiation depends inversely on the particle
mass, allowing discrimination between light particles such as electrons and heavier hadrons.

The ID, originally designed for approximately ten years of operation under the expected
radiation levels, will be entirely replaced between Run 3 and the High-Luminosity LHC
(HL-LHC) era. Its successor, the Inner Tracker ITk [85], will be an all-silicon detector
designed to withstand the substantially higher luminosity, data rates, and radiation doses
anticipated at the HL-LHC, while maintaining and further improving upon the excellent
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Figure 3.5: Schematic overview of the Inner Detector. Figure from Ref. [84].

tracking performance achieved by the current detector.

3.2.2.3 Calorimeter

The Calorimeter system, shown in Fig. 3.6, is located between the two magnet systems, the
solenoid and the toroid. After passing through the ID, most particles deposit all their re-
maining energy in this subsystem, except for muons and neutrinos. Each calorimeter module
consists of alternating layers of absorber and active materials. The absorber is made of a
dense material, such as lead, copper, or steel, and induces interactions with the incoming
particles, producing either electromagnetic or hadronic showers. The active material detects
the energy deposited by shower particles and produces a measurable signal. The calorimeter
measures the energy of the incoming particles and, based on the shower shape, helps identify
their type. Its nearly hermetic coverage allows for a precise reconstruction of the missing
transverse energy, which is essential for processes involving neutrinos or dark matter can-
didates. The different subsystems can be classified either by location, comprising a central
barrel, two end caps, and a forward calorimeter (FCal) that covers the region closest to the
beam, or by particle type, into electromagnetic (EM) and hadronic calorimeters. The latter
classification will be used below.

The EM Calorimeter is divided into a barrel, two end caps, and the first layer of the
FCal according to pseudorapidity coverage. All of these subsystems use liquid argon (LAr)
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Figure 3.6: Schematic overview of the calorimeter. Figure from Ref. [86].

as the active material, in which electrons and photons produce electromagnetic showers
that ionise the medium. The resulting ionisation charge is collected by electrodes arranged
in an accordion geometry for both absorbers and readout plates, providing full coverage
in ¢ without cracks and enabling fast signal collection. Its segmentation and granularity
are optimised such that the maximum energy of the electromagnetic showers is collected
in the second layer. A presampler is located in front of the first layer, inside the barrel
cryostat, covering the same 7 range as the barrel. It also uses LAr to measure energy
losses in upstream material, thereby improving the overall energy resolution. The barrel
EM calorimeter consists of two half-barrels centred around the z-axis, covering the range
0 < |n| < 1.475. The absorbers are made of lead plates of approximately 1.53 mm thickness,
with two stainless-steel sheets glued to each side. The active material is LAr, kept at a
temperature of about —184 °C. The two Electromagnetic End-Cap Calorimeters (EMEC)
are located on either side of the barrel, covering 1.375 < |n| < 3.2. Each side contains an
inner and an outer wheel, with a presampler layer closer to the beam region. The first layer
of the FCal, covering 3.1 < |n| < 4.9, is also electromagnetic and consists of copper plates
stacked along the beam axis.

The hadronic calorimeters are located in the barrel region, the end-caps (HEC), and the
forward region (FCal). The tile calorimeter, located just outside the barrel EM calorimeter,
covers up to |n| < 1.7. It uses steel as the absorber and plastic scintillator tiles as the
active medium, from which it takes its name. The two Hadronic End-Cap Calorimeters
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(HEC), located behind the EMECs, are divided into a front and a rear wheel, covering
1.5 < |n| < 3.2, and use copper as an absorber. They are copper—-LAr sampling calorimeters
with a flat-plate geometry, in contrast to the accordion design of the EM calorimeters. In the
forward region, the FCal includes two hadronic layers that use tungsten instead of copper
as the absorber material, optimised for high radiation tolerance and absorption length.

3.2.2.4 Muon Spectrometer

The Muon Spectrometer (MS) is the outermost subsystem of the ATLAS detector, as shown
in Fig. 3.7. Similarly to the ID, it reconstructs muon trajectories bent by the toroidal mag-
netic field. Muons lose, on average, about 3 GeV of energy while traversing the passive
material of the detector. For this reason, a combined reconstruction using tracks from both
the ID and MS is performed to improve the momentum resolution. The MS consists of
several layers of detectors interleaved with and mounted on the eight coils of the super-
conducting barrel toroid magnet, and placed in front of and behind the end-cap toroids,
providing coverage up to |n| < 2.7. The spectrometer employs two main types of detectors:
precision tracking chambers that measure muon momentum and dedicated trigger chambers
that provide fast information for the first-level trigger.

Thin-gap chambers (TE&C)
3 ™ Cathode strip chambers (CSC)

Barrel foroid

Resistive-plate
chambers (RPC)

End-cap toroid
Monitored drift tubes (MDT)

Figure 3.7: Schematic overview of the Muon Spectrometer. Figure from Ref. [87].

The Monitored Drift Tube (MDT) chambers form the main precision tracking system in
the barrel and end-cap regions. Each MDT consists of drift tubes with a 29.97 mm diameter,
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operated with an Ar/CO, gas mixture at 3 bar. This mixture is chosen for its high purity
and good ageing properties. Electrons produced by ionisation of the gas drift toward a
central tungsten-rhenium wire, where the signal is collected. The barrel region contains
three concentric cylindrical MDT layers, and each end cap has four large wheels. Due to
the large dimensions of the system, alignment and corrections for deformations caused by
gravity or temperature gradients are required. In the forward region, where the counting
rate exceeds the MDT limit (|n| > 2.0), Cathode Strip Chambers (CSC) are used instead,
covering 2.0 < |n| < 2.7. Each end-cap contains eight large and eight small CSC chambers
arranged concentrically in ¢. The CSC provides a spatial resolution of 60 um per plane,
compared to about 80 pum for MDT layers.

In addition to the precision chambers, dedicated trigger detectors provide fast information
on muon trajectories and approximate transverse momentum. Two different technologies are
employed. In the barrel region (|n| < 1.05), Resistive Plate Chambers (RPCs) are installed
around the second and third MDT layers, forming a total of three RPC layers. Each RPC
consists of two resistive plates separated by a 2 mm gas gap, where an electric field induces
avalanches along ionising tracks towards the anode. In the end-cap region (1.05 < |n| < 2.4),
Thin Gap Chambers (TGCs) are used. Each end-cap hosts one doublet layer of TGCs before
the first MDT layer and three more layers surrounding the third MDT layer, for a total
of seven TGC planes (two doublets and one triplet). TGCs are multi-wire proportional
chambers with a wire-to-cathode spacing of 1.4 mm, enabling fast signal response.

3.2.3 Trigger system

With each bunch crossing occurring every 25 ns, about 40 million bunches of protons cross
and collide every second, corresponding to a bunch rate of 40 MHz. To handle this enormous
rate, a trigger system is implemented to select the most interesting events, those potentially
containing signatures of new physics, and to optimise the use of available resources. At the
same time, recording well-understood processes is crucial for calibrating the various recon-
structed objects, assessing detector performance, and validating the modelling in simulations.
The trigger system reduces the data rate from 40 MHz to about 1 kHz by analysing various
signal properties, such as particle identification, charge, and transverse momentum. It con-
sists of two parts: the Level-1 Trigger and the High-Level Trigger, which together control
the flow of data that is ultimately recorded. The decision must be made extremely quickly;
otherwise, the triggers could accumulate and saturate the information flow. The trigger
systems are therefore located close to the ATLAS detector in the USA-15 cavern, since the
speed of light limits their placement farther away, for example, on the surface.

The Level-1 (L1) trigger is hardware-based and uses signals from the calorimeter and
muon detector systems. The decision is made in less than 2.5 us, with an acceptance rate
of about 100 kHz. Based on some predefined criteria, the granular information from the
calorimeter and the MS is stored in buffers until the event is either accepted or rejected. If
accepted, the information is passed to the High-Level Trigger (HLT). The HLT has more
time (around 200 ps) to make a more informed decision about whether to accept an event. It
runs on a farm of about 40 000 CPUs and processes the Regions of Interest (Rols) identified
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by the L1 trigger. The HLT analyses these areas more precisely by incorporating information
from the ID. The HLT further reduces the event rate to about 1 kHz, passing the selected
events to data storage for offline analysis.

The trigger menu is a list of trigger chains that define the characteristics of the events
to be saved. An important distinction is made between prescaled and unprescaled triggers.
Prescaled triggers correspond to collisions with a high cross-section (i.e., frequent events),
where saving all of them would saturate the Data Acquisition (DAQ) system. Therefore, only
one out of every N events of that type is recorded. An example is the jet trigger for low-pr
jets. In contrast, rarer events with low cross-sections are always saved and are thus referred
to as unprescaled triggers. Additionally, a Good Run List (GRL) is produced, containing
all runs in which all detector parts were operating optimally and the data met the required
quality standards.

3.2.4 ATLAS Control Room

In a large collaboration such as ATLAS, all members are encouraged to contribute to the
operation and maintenance of the experiment. These service tasks are essential for safe de-
tector operation, high-quality data taking, and a shared understanding of the experiment’s
infrastructure. They include activities such as detector calibration, data taking, data qual-
ity monitoring, and preparations for future upgrades, such as the I'Tk. Contributions are
recognised through a point system that also influences eligibility for responsibilities, such as
conference presentations.

The ATLAS detector is located approximately 100 m underground at Point 1 of the
LHC ring, while the experiment is operated from the ATLAS Control Room (ACR) on
the surface. During data-taking periods, typically from April to November, the ACR is
continuously staffed by shifters covering several desks. These include Shift Leader and Data
Quality, Run Control and Trigger, Inner Detector, Calorimeter and Forward Detectors, and
Muon Systems, all operating in 8-hour shifts. The SLIMOS desk has a distinct role focused
on safety and infrastructure protection. In addition, the Run Manager and subsystem experts
are often present.

The Shift Leader is responsible for coordinating detector operations, communicating with
the LHC Control Room, and granting beam injection permits. They also perform first-level
data quality checks using online monitoring plots. The Run Control and Trigger shifter
manages run transitions, updates detector configurations when needed, and monitors the
trigger system to ensure stable and efficient operation.

Subsystem shifters for the Inner Detector (ID), Calorimeter, and Muon Systems are re-
sponsible for monitoring the correct operation of their respective detectors. The Calorimeter
shifter also oversees the magnet system and the LUCID luminosity detector [88]. Given my
involvement as an ID shifter at various times of year, the following discussion focuses on this
role.

The ID shifter monitors the correct operation of the Pixel, SCT, TRT, and BCM (Beam

37



Chapter 3 | The experimental setup

Conditions Monitor) subsystems!. The overall detector status is monitored through the

Finite State Machine (FSM) panel, which provides real-time information on key parameters
such as voltage, temperature, and pressure. A central responsibility of the shifter is to
ensure that all subsystems remain in a safe state and that transitions between states occur
correctly in response to changes in the LHC status. The shifter also oversees data acquisition,
ensuring that the ID subsystems do not block data taking, for example, due to readout or
communication errors. Data quality monitoring constitutes another essential aspect of the
role. The shifter inspects the first data quality monitoring (DQM) plots, both during data
taking and after beam dumps, to verify correct detector behaviour before granting a new
injection permit. All observations, actions, and issues are recorded in the shift logbook
to ensure continuity between shifts and to allow prompt intervention by experts if needed.
Overall, the ID shifter acts as an interface between the ID subsystems and the detector
experts, enabling informed operational decisions to be taken under expert supervision.

The nature of the shift activity depends strongly on the data-taking period. The most
intensive phase occurs before the start of the yearly physics run, when experts perform exten-
sive tests following detector maintenance or upgrades and optimise the detector’s operational
parameters. During this period, warnings and errors are more frequent, although they do
not prevent data taking.

Once proton collisions begin, the role becomes more operationally critical but is generally
calmer under stable conditions. The most delicate procedures take place at the start of each
run. The Pixel and SCT detectors must be placed in STANDBY mode during beam injection,
during which their high voltages are switched off. As they are the subsystems closest to the
beam pipe, their high voltage is ramped up only after stable beams are declared, after which
data taking can begin.

During data taking, the ID shifter continuously monitors the detector to ensure that
all subsystems operate within their defined thresholds. This includes verifying that triggers
function correctly, that data links remain unblocked and do not become busy, and that data
acquisition proceeds smoothly. In parallel, the shifter assesses data quality by inspecting the
relevant Data Quality Monitoring (DQM) plots.

After a beam dump, the histograms associated with the dump must be carefully checked
before issuing a new injection permit, ensuring that the dump was successful and that the
detector is again in a safe operational state.

Working in the ATLAS Control Room provides valuable insight into the experiment’s op-
eration and offers a direct connection to the data-taking process that produces the datasets
accessed worldwide. This experience offers essential context for offline analysis work and,
with increasing familiarity, allows shifters to develop significant expertise in detector opera-
tions and data quality assessment.

IThe BCM continuously monitors beam conditions to protect the detector from potentially harmful beam
incidents and can request a beam dump if unsafe conditions are detected.

38



Chapter 3 | The experimental setup

3.3 From collision to local computer

3.3.1 Real collision data

After the protons collide inside the detector, numerous particles are produced, and their
trajectories are recorded by the detector subsystems. First, a rapid reconstruction of these
signals is performed to allow the trigger system to decide whether an event should be kept
or discarded.

If an event receives the “accepted” flag from the trigger, it is transferred to the Data
Acquisition System (DAQ). The DAQ collects and transports data from the various trigger
levels to a central storage. The Event Builder then gathers data from all detector subsystems
to assemble a complete event record and assign a unique tag. These raw data (RAW)
are subsequently sent to Tier-0, CERN’s primary computing facility. Tier-0 performs the
first stage of offline reconstruction, producing Event Summary Data (ESD) and monitoring
plots for data quality assurance. The ESDs are then reduced to Analysis Object Data
(AOD), which are smaller and optimised for analysis. The AOD files are stored on disk and
distributed to Tier-1 and Tier-2 centres, forming part of the Worldwide LHC Computing
Grid (WLCG). The WLCG is an international computing infrastructure that provides the
resources to store, distribute, and analyse the enormous amount of data generated by the
LHC experiments. As a summary, Tier-0 at CERN performs prompt reconstruction; Tier-1
centres provide large-scale storage and reprocessing capacity (when reconstruction algorithms
or calibrations are updated); and Tier-2 centres are primarily used for user analyses and
simulation production.

From the AODs, further data reduction steps produce Derived Analysis Object Data
(DAODs). During this derivation stage, several reduction techniques are applied:

o Skimming: Selecting only events that satisfy certain criteria.

« Trimming: Removing entire collections that are not needed.

o Thinning: Removing some objects within collections.

o Slimming: Removing specific attributes of the remaining objects.

These DAODs are the format most analyses use as a starting point and are accessible
worldwide to ATLAS members via the grid.

If, during a data-taking period, the detector operated under optimal conditions and the
recorded data met the required quality standards, the corresponding runs or luminosity
blocks are included in the Good Run List (GRL). Only data listed in the GRL is used for
physics analyses.

Up until Run 2, each analysis group had its own derivation, with specific variables that
were helpful to it. As statistics have increased, ATLAS has adopted a more general approach,
where analyses use the PHYS derivation with general variables that are not necessarily spe-
cialised to each analysis. Combined Performance (CP) groups, responsible for calibrating
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the different objects, need specific derivations to improve resolution, and have retained their
own derivations.

Analysts typically do not work directly with DAODs but instead convert them into
smaller, analysis-specific datasets called ntuples. The production of ntuples is computation-
ally intensive and usually carried out on the grid. This step further reduces file size by keeping
only the relevant objects and collections, applying event selection, recording cut flows and
selection efficiencies, while applying the necessary calibrations to the physics objects used in
the analysis.

3.3.2 Simulation data

Theoretical calculations and experimental findings are constantly evolving and being com-
pared. It is particularly interesting when both disagree, as such discrepancies may hint at
the presence of new physics. Particle physicists rely heavily on simulated data to study the
expected performance of their analyses and to build hypotheses that can be compared with
real measurements. Simulation data, in turn, depend directly on the underlying theory and
on the computational capabilities of the available software tools.

The most widely used simulation technique is the Monte Carlo (MC) method, which
produces random samples to explore the possible outcomes of complex interactions. This
approach is used both for numerical integration over phase space, to evaluate cross-sections,
and for event generation, where individual scattering events are simulated according to
their theoretical probabilities. Typically, the initial and final particles are specified, and
all possible contributions leading to this interaction are explored. This primary interaction
is referred to as the hard-scatter. The matrix element, derived from the amplitude of the
process and computed using the Feynman rules of the SM Lagrangian, is used to sample the
cross-section of the process. Continuous computational advances have enabled increasingly
accurate results by including higher-order loop corrections.

Several event generators are available for such simulations, including MADGRAPH [89],
SHERPA [90], and POwHEG [91-93]. Differences between these generators are typically
accounted for using scale factors provided by each CP group, which are treated as additional
systematic uncertainties.

Another challenging aspect of the model is understanding pp collisions themselves. Be-
cause protons are composite particles, consisting of three quarks and an indeterminate num-
ber of gluons, the energy carried by each parton inside the proton varies. Thus, when two
protons collide, only a fraction of the total energy is available for the actual parton—parton
interaction. To model this energy distribution, parton distribution functions (PDFs) [94] are
computed and continuously refined.

Once the hard-scatter process is generated, the event proceeds through the decays of
unstable particles and the hadronisation process. Some event generators handle both stages
directly; otherwise, dedicated software such as PYTHIA8 [95] is used. During this stage,
pile-up event simulation is also included.

Finally, GEANT4 [96] is used to simulate how the resulting particles would interact with
the detector material. This produces simulated hits and energy deposits similar to those
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observed during real data-taking periods, which are then digitised. The standard recon-
struction algorithms are applied to these simulated signals, resulting in datasets comparable
in structure and format to real experimental data.

When validating MC simulations and comparing them to real data, different weights need
to be applied. The per-event weights ensure the simulated process has a finite amplitude and
the correct proportions. The MC weight provides the correct cross-section for the process,
so the counts can be compared with data.

The advantage of simulated data lies in the availability of both truth-level information
and reconstruction-level quantities, obtained after applying the detector reconstruction algo-
rithms. This enables a direct comparison between generated and reconstructed observables.
In contrast, for collision data only the reconstructed quantities are recorded. In the following
section, the different reconstruction algorithms are described.

3.3.3 Reconstruction and identification of physics objects

After the detector hits are digitised, reconstruction algorithms are applied to group the de-
tector signals and identify physics objects, providing estimates of their energy and direction.
This subsection presents a more detailed description of the reconstruction and identifi-
cation of the different physics objects used in physics analyses. The reconstruction relies on
combining information from the various subdetectors described in the previous sections.

Figure 3.8 illustrates the typical signatures left by different particles in a slice of the
ATLAS detector. The particles are produced close to the primary interaction vertex and
propagate outwards from the detector centre, interacting with the various detector compo-
nents.

In the ID, only charged particles are directly reconstructed, as their trajectories are bent
by the magnetic field. The direction of curvature depends on the charge of the particle. In the
figure, this is illustrated for muons, electrons, and protons. Electrons and photons deposit
their energy in the EM calorimeter, producing electromagnetic showers, while hadrons such
as protons and neutrons interact primarily in the hadronic calorimeter, producing hadronic
showers that are reconstructed as jets. Muons traverse the calorimeters with minimal en-
ergy loss and are subsequently detected in the MS, which is immersed in a magnetic field
that further bends their trajectories. Neutrinos interact only very weakly with the detec-
tor material and therefore escape detection; their presence is inferred from an imbalance in
the transverse momentum of the reconstructed objects in the event, referred to as missing
transverse momentum.

Dedicated reconstruction and identification algorithms are developed by the CP groups to
discriminate prompt physics objects from backgrounds and misidentified candidates. These
include identification criteria and isolation requirements. Since different CP groups may
reconstruct overlapping objects from the same detector signals, an overlap removal procedure
is applied to resolve ambiguities and prevent double counting of energy.

This thesis focuses on the physics objects most relevant to this thesis. The reconstruction
and identification of tracks, vertices, electrons, photons, and muons are described in the
following sections. Jets also play a central role and are discussed separately in Chapter 4.
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Figure 3.8: Schematic illustration of the typical signatures left by different particles in a
slice of the ATLAS detector. The inner detector is shown in light grey, the electromagnetic
calorimeter in brown, the hadronic calorimeter in blue, and the muon spectrometer in dark
grey. Solid lines represent visible particle trajectories in a given subdetector, while dashed
lines indicate the absence of a measurable signal. Muons are shown in orange, hadrons in
red, electrons in yellow, protons in green, and neutrinos in white. Figure from Ref. [97].
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Information on the reconstruction and calibration of taus and missing transverse momentum
is available in Refs. [98-100].

3.3.3.1 Tracks and vertices

Track reconstruction consists of determining the trajectories of charged particles as they
traverse the ID. Due to the presence of the solenoidal magnetic field, charged particles follow
curved paths and interact with the various detector layers, leaving discrete measurements,
referred to as hits, in each layer. The tracking algorithms associate hits from different
layers that are consistent with originating from the same particle, thereby reconstructing
its trajectory. While this task is relatively straightforward in low-occupancy environments,
such as events with little pile-up, it becomes significantly more challenging under the high-
luminosity conditions of the LHC, where multiple interactions occur in the same bunch
crossing.

The reconstructed trajectory is parametrised by five track parameters, illustrated schemat-
ically in Fig. 3.9a. The transverse impact parameter, dy, is defined as the distance of closest
approach of the particle trajectory to the interaction point in the transverse plane. The lon-
gitudinal impact parameter, zy, describes the distance of closest approach along the beam
axis. The direction of the track is characterised by the azimuthal angle ¢ and the polar
angle 6. Finally, the curvature of the track is described by the ratio of the electric charge
to the particle momentum, ¢/p. For particles with high transverse momentum, the curva-
ture is small, making charge determination more challenging and increasing the associated
uncertainty.

In ATLAS, track reconstruction [102] is performed in two stages: an inside-out and an
outside-in approach. In the inside-out reconstruction, hits in the pixel and SCT detectors
are first clustered. These hits are combined into three-dimensional space points, from which
triplets are formed to create initial track seeds. An illustration of the initial track seeds is
shown in Fig. 3.9b. The seeds are then processed by a combinatorial Kalman filter [103],
which iteratively extends the track by adding compatible hit candidates from successive
detector layers. A scoring algorithm is used to rank the resulting track candidates based on
the number of shared hits and the x? of the track fit [104]. Following this step, information
from the TRT is incorporated, allowing the tracks to be further extended while continuously
evaluating their quality. For particles originating from displaced vertices, such as those
produced in photon conversions, an outside-in reconstruction procedure is employed. This
approach uses hits that were not assigned during the inside-out reconstruction and focuses
on regions of interest in the EM calorimeter. It begins by forming track segments in the
TRT and subsequently extrapolates them inward, incorporating compatible hits from the
SCT and pixel detectors.

Once tracks have been reconstructed, a dedicated vertex reconstruction algorithm is
applied [105]. The initial vertex candidates are identified by locating regions of high track
density along the beam axis. A vertex fit is then performed, and tracks incompatible with the
fitted vertex are removed based on their impact parameter significance, typically requiring
|do|/o(dy) < 7. This procedure is iterated until all tracks are associated with a reconstructed
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track

(a)

Figure 3.9: (a) Schematic overview of the track parameters used to describe charged-particle
trajectories. (b) Illustration of hits in the pixel and SCT subdetectors and the formation of
initial track seeds from hit triplets. Figures adapted from Ref. [101].

vertex. The primary vertex (PV) corresponding to the hard-scattering interaction is defined
as the vertex with the highest sum of squared transverse momenta of its associated tracks,
>~ p2. The remaining reconstructed vertices are attributed to pile-up interactions occurring
in the same bunch crossing. Vertices that are significantly displaced from the beamline are
referred to as secondary vertices and can arise, for example, from the decays of long-lived
particles such as b-hadrons.

Recent developments in track and vertex reconstruction increasingly exploit machine
learning techniques [106,107]. These approaches aim to improve robustness against high pile-
up conditions and enable faster, more efficient reconstruction, which is particularly important
for future LHC runs with increased luminosity.

3.3.3.2 Electrons and photons

Electrons and photons are reconstructed by the same CP group, as their experimental sig-
natures share many common features. Both objects are reconstructed within |n| < 2.472
using information from the EM calorimeter, complemented by tracking information from the
ID [108]. Calorimeter cells are grouped into topological clusters®, which provide a represen-
tation of the EM showers produced by electrons and photons. Tracks reconstructed in the

2Excluding the calorimeter transition (crack) region between 1.37 < |n| < 1.52.
3A detailed description of topological clustering in the context of jets is provided in Section 4.2.
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ID are then matched to EM clusters within a cone in 1 X ¢ space to establish the particle
type.

Electromagnetic clusters without an associated track are classified as unconverted pho-
tons. If the cluster is associated with one or two tracks forming a secondary vertex, it is
identified as a converted photon, corresponding to a photon that undergoes pair production
in the detector material upstream of the calorimeter. Electromagnetic clusters associated
with a track originating from the PV are classified as electrons. For electrons, dedicated
track-fitting techniques are employed to account for bremsstrahlung energy losses in the
detector material.

Electrons produced directly in hard-scattering interactions are referred to as prompt elec-
trons and constitute the primary signal of interest in many analyses. An electron identifica-
tion algorithm is employed to suppress background contributions from jets and non-prompt
leptons. It is based on a likelihood classifier using input variables such as track quality,
track-cluster matching, and EM shower-shape observables. Three working points (WPs) are
defined to accommodate different analysis requirements: Loose, Medium, and Tight, with
tighter working points providing higher purity at the cost of reduced efficiency.
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Figure 3.10: (a) Electron identification efficiency in Z — ee events as a function of Erp,
shown for the Loose, Medium, and Tight working points. The bottom panel displays the
ratio of data to simulation. (b) Identification efficiency of unconverted photons for the Tight
working point, as a function of photon Ep. Efficiencies for the Ep-independent and FErp-
dependent selections are compared, with the bottom panel showing the ratio between them.
Figures from Ref. [108].

Photon identification follows a similar strategy and is designed to suppress background
from neutral hadrons and jets misidentified as photons. It relies primarily on calorimeter-
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based shower-shape variables, exploiting differences between electromagnetic and hadronic
energy deposits. Separate identification criteria are defined for converted and unconverted
photons to account for their different detector signatures.

The identification performance for electrons and photons is shown in Fig. 3.10, where the
electron efficiency for different working points and the Tight unconverted photon identifica-
tion efficiency are presented as functions of transverse energy.

In addition to identification requirements, isolation criteria are applied to both electrons
and photons to further suppress backgrounds from non-prompt particles and hadronic ac-
tivity. Isolation variables are constructed from the energy deposited in the calorimeter and
the summed transverse momentum of tracks within a cone around the object direction, after
subtracting the contribution of the object itself and correcting for pile-up effects.

Energy calibration and resolution corrections are applied to both electrons and photons to
account for detector effects and upstream material [109]. These corrections are derived using
a combination of simulation and data-driven techniques, ensuring an accurate measurement
of their kinematic properties for physics analyses.

3.3.3.3 Muons

Muons are minimum-ionising particles that typically do not decay within the detector vol-
ume. Their reconstruction [110] primarily relies on track information from both the ID and
the MS. At the same time, energy deposits in the calorimeters are also used to correct for
occasional large energy losses, which average around 3 GeV.

The reconstruction in the MS begins by forming segments from hits in individual muon
chambers. Segments from different stations are then combined to build three-dimensional
track candidates, with a global x? fit applied to optimise the track parameters.

Different types of muons are defined to optimise reconstruction efficiency and kinematic
coverage. The most commonly used are combined muons, which incorporate tracks from
both the ID and MS. Other types, such as inside-out, MS-extrapolated, segment-tagged,
and calorimeter-tagged muons, are designed to recover inefficiencies in regions with limited
coverage or for low-pr tracks.

Muon reconstruction and identification are performed within the region |n| < 2.7, where
the MS provides tracking coverage, and with a typical transverse momentum threshold of
pr > 56 GeV to ensure reliable track reconstruction and identification.

As with electrons and photons, dedicated identification and isolation algorithms are
applied to muons to discriminate prompt muons from backgrounds arising from hadronic
decays, secondary interactions, or misidentified tracks. The performance of the muon identi-
fication is illustrated in Figure 3.11, which shows the efficiency of the Medium working point
as a function of the muon transverse momentum.
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Figure 3.11: Muon identification efficiency for the Medium working point measured using
J/1 — pp and Z — pp events, shown as a function of the muon transverse momentum pr
for 0.1 < |n| < 2.5. The use of J/1 and Z decays provides sensitivity to low and high-pr

muons, respectively. The bottom panel displays the ratio of data to simulation. Figure from
Ref. [110].
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Calibration: b-jet energy resolution
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Chapter 4

Jet reconstruction and calibration

4.1 Introduction

When protons collide in the LHC, the interactions occur between their constituent partons
(quarks and gluons). Only a subset of these partons actually interacts in a hard scattering,
producing new high-energy quarks or gluons. However, because of colour confinement, nei-
ther the outgoing partons from the collision nor the remnants of the protons can exist freely.
As they move apart, the colour field between them stretches and eventually breaks, creating
additional quark-antiquark pairs from the vacuum. This initiates a parton shower, where
the high-energy quarks and gluons radiate further partons. These combine with the existing
partons to form colour-neutral bound states through a non-perturbative process known as
hadronisation. The resulting hadrons are typically unstable and further decay into lighter
stable particles. Most of the particles originating from a single high-energy parton appear in
the detector as a jet, a collimated spray of hadrons typically reconstructed within a cone of
radius R in the detector’s angular coordinates. A schematic illustration of the jet formation
process is shown in Fig. 4.1. The reconstruction and calibration of jets is developed and
maintained by the JetETMiss Combined Performance (CP) group.

The detector records the trajectories of charged particles in the inner detector (ID) and
the energy deposits in the calorimeters, particularly the hadronic calorimeter, from which the
constituents forming a jet are reconstructed. This information allows jets to be categorised
in different ways, depending on the physics question and the available information. One com-
mon classification distinguishes quark- from gluon-initiated jets, which exhibit statistically
distinct signatures and can be identified using dedicated machine learning taggers [111,112].
According to QCD, gluons radiate more partons than quarks, producing broader showers
and wider jets.

Quark jets can be further categorised according to their flavour, with the majority being
light-flavour jets. Heavy-flavour jets present additional subtleties. Top quarks do not produce
jets directly. Due to their large mass, they are extremely short-lived and decay via the weak
interaction into a b-quark and a W boson before hadronisation can occur. In contrast, bottom
and charm quarks hadronise into B- and C-hadrons, which have relatively long lifetimes and
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Figure 4.1: Schematic representation of a quark produced in a pp collision evolving through
parton showering, hadronisation, and energy deposition in the calorimeter to form a recon-
structed jet.

travel a measurable distance before decaying, leaving a secondary vertex in the detector.
These hadrons can also decay leptonically, producing an electron or muon that may fall
outside the reconstructed jet. Jet flavour tagging is performed using a transformer-based
algorithm [113].

All these distinctions help categorise jets, which, in turn, improves the reconstruction of
their energy, since the calorimeter response to different jets varies. Accurate jet measure-
ments are crucial, as weak bosons and the Higgs frequently decay into quarks, leading to
a high rate of hadronic final states. Therefore, precise measurements can aid in observing
predicted processes, such as di-Higgs production, or in revealing potential connections to
BSM physics.

This chapter presents the reconstruction and calibration of jets in ATLAS, with particular
emphasis on in-situ calibration techniques and heavy-flavour jet identification. The limita-
tions of current calibration strategies motivate the development of improved approaches for
b-jets, which are investigated in the following chapters using machine learning algorithms.

4.2 Reconstruction

Topo-clusters [114] are constructed by combining neighbouring calorimeter cells with sig-
nificant energy deposits. For each calorimeter cell, a signal significance is computed as

ol = B /ot cen» Which quantifies how much the cell’s energy deposit exceeds the ex-
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EM > 4 are used as seeds. Their neighbouring cells with

> 2 are then added, and the cluster is completed by including adjacent cells with
EM > 0. Recently, an additional requirement has been introduced: a cell timing cut to
suppress out-of-time pile-up [115], energy deposits from other bunch crossings. Cells with
|teen| > 12.5 ns are excluded from clustering unless the signal significance exceeds a threshold
of ¢EM > 20, in order to preserve potential signals from long-lived particles.

Different jets can be built by using different detector inputs. EMTopo are built directly
from topo-clusters after applying a correction to improve the reconstructed direction of the
jet origin. Particle flow objects (PFlow) [116] combine the information from topo-clusters
with tracks from the ID. To avoid double-counting the energy of the particles, a cell-based
energy subtraction algorithm removes the overlap between energy measured in tracks as-
sociated with a cluster. Using track information is particularly beneficial at low-pr, where
the magnetic field significantly affects particle trajectories, providing improved momentum
resolution. Other possible jet inputs, such as unified flow objects (UFO) [117], exist but are
not used in this study.

Once the jet constituents have been chosen and corrected, they are passed to the anti-k;
algorithm [118], which is infrared and collinear safe! and produces approximately circular
jets. The algorithm uses a parameter R, which effectively defines the jet radius. Currently,
two main jet sizes are defined: small-R jets with R = 0.4 and large-R jets with R = 1.0.
Large-R jets are typically used in analyses involving boosted particles decaying into two
jets, since the decay products are closer in angular space compared to the case where the
parent particle is at rest. Ongoing studies are exploring alternative R values to evaluate
performance improvements [120]. Small-R jets are used in the present studies.

pected noise level. Cells with

EM
cell

4.3 Calibration scheme

Once reconstructed, jets exhibit kinematic properties that differ from their true values in
simulation, and there are additional differences between simulation and data. Jet calibration
is a complex, sequential procedure designed to correct these effects and reduce biases in the
reconstructed jet momentum and direction.

This section outlines the most recent calibration scheme for small-R jets [13], while the
calibration of large-R jets is described in Ref. [14]. Small-R jets are currently calibrated
through the sequential chain illustrated in Fig. 4.2, which includes:

o Jet reconstruction: PFlow jets are reconstructed using the anti-k; algorithm with R =
0.4.

o Pile-up corrections: A prp-density-based subtraction is applied to remove pile-up con-
tributions, followed by an additional correction accounting for the dependency on the
number of primary vertices Npy and the average pile-up .

Infrared and collinear safety refers to the property that the reconstructed jets in an event remain un-
changed if the event is modified by adding a soft emission or by a collinear splitting [119].
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o Absolute MC-based calibration: The reconstructed jet four-momentum is corrected
to the particle-level energy scale, accounting for the non-compensating calorimeter
response, energy losses in passive material, out-of-cone effects, and biases in the 7
reconstruction.

« Global sequential calibration (GSC): Multiplicative corrections are applied to reduce
the impact of flavour and energy distribution, improving the jet energy resolution
without altering the average jet energy response.

o In-situ calibration: Residual differences between data and simulation are corrected
using additional techniques. The ratio of jet response in simulation to data is applied
as the last correction, bringing data to the appropriate simulation scale.

Reconstructed pr-density-based esidua e- Absolute MC-based
jets pile-up correction correction calibration

Jet finding applied to Applied as a function of Removes residual pile-up Corrects jet 4-momentum
tracking- andjor event pile-up p; density dependence, as a to the particle-level energy
calorimeter-based inputs. and jet area. function of u and N, scale. Both the energy and

direction are calibrated.

Global sequential Residual in situ
) calibration calibration

Reduces flavour dependence A residual calibration
and energy leakage effects  is applied only to data
using calorimeter, track, and  to correct for data/MC
muon-segment variables. differences.

Figure 4.2: Current ATLAS calibration scheme for small-R jets. Figure from Ref. [13].

This calibration chain is derived using inclusive jets?> without distinguishing between
flavours. However, different quark flavours produce jets with distinct signatures, leading to
flavour-dependent differences in the detector response.

In this work, we focus on improving the reconstruction of small-R jets originating from
b-quarks and studying the corresponding calibration. Before presenting our studies, a more
detailed explanation of the MCJES, GSC and in-situ steps is provided to clarify some of the
methods employed in the following two chapters. A more detailed discussion on the previous
calibration steps is not included here, as they rely on low-level detector information that is
not always available at the DAQOD level and falls beyond the scope of this thesis.

4.3.1 MCJES and Global sequential calibration

After pile-up corrections, the absolute MC-based calibration, referred to as MCJES, and the
Global Sequential Calibration (GSC) are applied.

2Inclusive jets include all flavours, from gluon-initiated jets to jets originating from any quark type.
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In simulated events, MCJES uses the truth-level jet momentum to define the jet response
as

(4.1)

Jets are binned in transverse momentum and pseudorapidity, and the response distribution
in each bin is fitted with a Gaussian. The mean of the fit represents the Jet Energy Scale
(JES), indicating how close the average response is to unity, and corrections are applied to
bring the average as close as possible.

The Global Sequential Calibration (GSC) applies a series of multiplicative corrections
to reduce fluctuations in the calorimeter response and improve the Jet Energy Resolution
(JER), without changing the overall jet energy scale. The width of the response distribu-
tion (typically the standard deviation) quantifies the JER. A response that is well-centred
around unity and as narrow as possible reflects both an accurate reconstruction algorithm
and a good understanding of the detector. The GSC corrections exploit several jet observ-
ables, including: the longitudinal structure of the energy depositions within the calorimeters,
tracking information associated with the jet, and activity in the muon chambers behind the
jet.

Figure 4.3 illustrates the effect of the GSC corrections on the jet energy resolution,
where lower values indicate better resolution. The resolution naturally improves at higher
pr due to detector effects being more significant at low-pr. Applying all corrections results
in consistent improvement across the full pr spectrum.

4.3.2 In-situ calibration

After the MC jet calibration steps are applied, the in-situ group derives two additional
calibration factors for calibrating jets in real data. Unlike in simulation, no truth-level
information is available in data. To overcome this feature of the data, in-situ calibration
exploits specific event topologies in which a leading jet is back-to-back with a well-measured
reference object, ensuring that their momenta are balanced. This method is known as the
Direct Balance (DB) technique. The jet response in data is therefore computed as

reco

Ropp = 2| (4.2)
T

where p refers to the reconstructed jet momentum and p5' to the momentum of the

reference object. As in the GSC, the goal is to extract the JES and JER using this new
response definition. However, discrepancies between these values in data and simulation arise
and need to be corrected. This mismatch, seen in the ratio of the response in simulation to
that in data, is referred to as non-closure and indicates differences in detector response or
modelling. The magnitude of the non-closure quantifies how the data must be corrected to
match the scale of the simulation.
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Figure 4.3: Resolution of PFlow jets with 0.2 < |nget| < 0.3 measured in PYTHIA8 dijet
MC simulation at each stage of GSC. The lower panel shows the difference in quadrature
between the resolution before GSC correction and after each step. Figure from Ref. [13].

4.3.2.1 Jet Energy Scale

To determine the JES, the in-situ methods are split into two momentum regimes. For low-pr
jets (from 17 GeV to 1 TeV), the calibration uses V +jets samples, where V' is a well-measured
object such as a Z boson (decaying leptonically to a pair of electrons or muons) or a photon,
~v. A leading jet is required to be back-to-back with the recoil object, and the event must
have low additional hadronic activity to ensure that Rpp approximates the true response.
For high-pr jets, multijet balance (MJB) events are used. In this topology, a single high-pr
jet recoils against a system of lower-pr jets, which must be calibrated beforehand to calibrate
the high-pr regime reliably.

In the context of this project, we focus on the low-pr regime, using Z+jets and y-+jets
events, which together cover a broad range of transverse momenta. The direct balance (DB)
technique [121] and the missing projection fraction (MPF) method [121] both exploit the
momentum balance in the V+jets topology to get the JES, but differ in how the response is
defined and in their sensitivity to different systematic effects.
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The DB response is given by

Ron = (o4 /o') (43)

where pif = pi/ 7l cos A, with A¢ being the azimuthal angle between the reconstructed jet

and the reference object. Because a reconstructed jet does not capture all particles recoiling
against the Z or the photon, DB is sensitive to out-of-cone radiation.

The MPF method uses the full hadronic recoil by using other soft jets and the missing
transverse momentum (Efl?iss), and is therefore less sensitive to out-of-cone radiation and
pile-up. The MPF response is defined as

a Emiss
Ratpr = <1 + ””—T> . (4.4)

ref

Pr

This project primarily uses the DB method, but aspects of the full hadronic activity are
explored in Section 5.4.2.

4.3.2.2 Jet Energy Resolution

The jet energy resolution (JER) describes the spread of the reconstructed jet pr and can be
parametrised as

o(pr)/pr = N/pr+ S//pr+ C, (4.5)

where N, S, and C represent the noise, stochastic, and constant terms, respectively [13].

Dijet events are used to constrain the values of N, S, and C'. However, low-pr dijet events
are rarely recorded due to trigger prescales (to avoid saturating the Data Acquisition system),
so the noise term is further constrained using the random-cone method [13]. Recently, a study
that uses pile-up events as a source of low-pt events has shown improved statistics for this
regime [122].

For dijet events, a back-to-back pair of jets is selected to study the momentum balance.
The asymmetry distribution of the pair is used to measure the detector resolution. Cali-
bration proceeds sequentially from the central to the more forward regions. In the central
region, either jet can serve as the reference object, while in forward regions, the reference jet
is taken from a previously calibrated region.

The asymmetry and its resolution are defined as,

pprobe . pref o probe o ref
A=Pr o T oy = <ﬂ> @<ﬂ> 7 (4.6)

T pr pbr

where the probe is the jet under study, and p7® is the average transverse momentum of the
two jets. The JER is then defined as

o probe o ref
JERE<ﬁ> :0A6<ﬁ> : (4.7)
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For central regions this gets reduced to JER = %

The detector resolution (det) is the quantity of interest, rather than the measured (meas)
width of the distribution. The detector contribution can be extracted by subtracting the
true width from the measured width

b b
(%) = (%) eatpe. (4.8)
det meas

The true width ¢%" is obtained from simulation using one of the MC generators. In general,
the resolution observed in data is worse than in simulation due to detector effects. In such
cases, the simulated distributions are smeared to match the resolution measured in data.
Conversely, if the data response is found to be narrower in a given phase-space region, no
additional smearing is applied.

In contrast to this approach, other studies have also explored JER extraction using the
DB method with V+jets in Run 1 [123] and Run 2 [124].

4.4 Flavour tagging

Flavour tagging plays a crucial role in many analyses, as it enables the identification of the
flavour of reconstructed jets. This information is used both to enhance the sensitivity to
specific final states and to define dedicated trigger selections targeting particular physics
signatures. In ATLAS, the development and calibration of flavour-tagging algorithms are
performed by the Flavour Tagging CP group.

The GN2 [113] algorithm is a transformer [17] flavour-tagging algorithm, designed for
small-R jets. The algorithm assigns, for each jet, probabilities corresponding to different
flavour hypotheses: b-jets, c-jets, light-flavour jets (I-jets), and 7-jets. These probabilities
are combined into a single discriminant optimised for a given tagging task. For instance, a
jet is identified as a b-jet if the b-tagging discriminant, Dy, exceeds a predefined threshold.

Several working points (WPs) are defined to accommodate different efficiency and purity
requirements and to enable calibration in the data. The standard GN2 b-tagging working
points correspond to b-jet efficiencies of 65%, 70%, 77%, 85%, and 90%. Higher-efficiency
working points retain a larger fraction of b-jets but provide lower rejection against non-b-
jets, while tighter WPs achieve higher background rejection at the cost of reduced signal
efficiency.

Figure 4.4 shows the performance of the GN2 algorithm in terms of background rejection
as a function of the b-jet efficiency, and compares it to the previous DL1d tagger, demon-
strating improved background rejection at the same efficiency levels.

Tables 6.3 and 6.4 in Section 6.2.1 summarise the flavour fractions for different b-tagging
WPs for V+jets MC samples, and are mentioned here for reference.

4.4.1 b-jet corrections

Analyses involving b-jets in the final state often implement additional corrections to account
for the specific properties of these jets. A schematic representation of a b-jet is shown in
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Figure 4.4: Comparison of the background rejection as a function of the b-jet efficiency for
the GN2 model (blue) and the DL1d model (orange). The bottom panel shows the relative
performance of GN2 with respect to DL1d for each jet flavour: c-jets (solid line), light-flavour
jets (dash-dotted line), and 7-jets (dashed line). Figure from Ref. [113].

Fig. 4.5. B-hadrons frequently decay leptonically, and standard jet reconstruction algorithms
typically do not include collinear leptons within the jet cone. Moreover, the calorimeter re-
sponse can vary due to differences in the hadronic shower development or the displaced decay
vertex associated with B-hadrons. Both methods, briefly described below, are documented
in Ref. [16].

The muon-in-jet correction compensates for the presence of soft muons within jets. When
a muon is found within AR = 0.4 of the jet axis (AR = 1.0 for large-R jets), its four-
momentum is added to the jet. The energy deposited by the muon in the calorimeter is then
subtracted to avoid double-counting. If multiple muons are present, the one closest to the
jet axis is selected.

The PtReco correction is applied only to small-R jets. It is derived from MC as a function
of pr and separately for jets with or without a lepton. The MC uses a truth definition that
includes the leptons and neutrinos from the decay. This correction is applied directly in both

57



Chapter 4 | Jet reconstruction and calibration

Figure 4.5: Schematic representation of a b-jet, showing a secondary vertex (SV) displaced
from the primary vertex (PV) and a semileptonic decay into a muon, neutrino, and pions.

MC and real data as an extra scale factor.
In an MC sample of V H events with the Higgs boson decaying to two b-quarks, these cor-
rections improve the resolution of the reconstructed mass peak by approximately 18% [16].
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Hybrid training for jet domain
adaptation

5.1 Introduction

In collider physics, simulation is essential for predicting the behaviour of the experiment. In
analyses, control regions are used to validate the modelling of the processes under study by
demonstrating good agreement between simulation and data. However, simulation and data
do not match perfectly. Simulating both the physics processes and the detector response
of one of the most complex machines in the world is not a straightforward task. The re-
construction is highly sensitive to detector imperfections and operational conditions, which
introduce differences between data and simulation.

Of particular relevance for Higgs and di-Higgs analyses is the precise reconstruction of
jets originating from bottom quarks. The decay H — bb was already observed in Run 2 [15],
but limited jet energy resolution reduces the sensitivity by preventing a clear separation
between the Higgs signal and the Z-boson background, as shown in Fig. 5.1. This challenge
becomes even more pronounced in di-Higgs production due to the smaller cross-section of
this process.

In the previous chapter, we described the calibration of Monte Carlo (MC) samples and
the subsequent in-situ corrections that cover the remaining gap between simulation and
data. In addition to the standard inclusive jet energy calibration, dedicated analysis-level
corrections were often applied after identifying b-jets using flavour-tagging algorithms such
as GN2. These corrections account for effects specific to heavy-flavour jets, such as semilep-
tonic decays and the presence of undetected neutrinos, which can bias the reconstructed jet
response.

The primary goal of this study is to achieve a consistent calibration of b-jets, rather than
relying on analysis-level corrections. However, for this initial investigation, inclusive jets are
also considered, as they can benefit from the same approach and provide substantially larger
event statistics.

In this chapter, we explore a practical method to reduce the domain shift using a hybrid
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machine learning (ML) approach. Hybrid training refers to training a model simultaneously
on simulated and real data, allowing it to learn the underlying physics from simulation while
also learning detector-specific effects directly from data.
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Figure 5.1: Invariant mass of a pair of b-tagged jets in the search for the V H production
process, where the Higgs boson decays hadronically and the associated Z or W boson decays
leptonically. Data are shown as black dots, the background (diboson sample) in grey, and
the signal in red. Figure from Ref. [15].

This chapter is structured as follows. We first describe the samples and event selection,
followed by the set of input variables. We then provide an overview of the machine-learning
algorithm, explain how the target label is constructed in data, and finally present the results.

5.2 Data and simulation samples

The primary motivation of this project is to improve low-pr b-jet energy resolution in the
phase space relevant for the H — bb analysis, as illustrated in Fig. 5.1. In particular, the jets
in this channel typically have pr ~ 60 GeV!. We therefore focus on calibration techniques
that are effective at low-pr, such as the Direct Balance method using V+jets events. As
discussed in Section 4.3.2, Z+jets samples populate the low-pr region and are particularly
well suited for this purpose. In this analysis, we focus on the Z(— pu*pu~)+jets final state.

'The momentum of the jets is sensitive to the Higgs production mechanism.
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We use Run 3 samples because their higher pile-up conditions make them well-suited
for studying pile-up dependence, a key aspect of the HL-LHC upgrade. The data samples
correspond to pp collisions at a centre-of-mass energy of /s = 13.6 TeV, collected by the
ATLAS experiment in 2022 during LHC Run 3. The simulated samples are produced under
the same detector and pile-up conditions.

The Z(pp)+jets MC sample is generated at next-to-leading order using POWHEG [91-93],
interfaced to PyTHIA 8.307 [95] for parton showering, hadronisation, and underlying-event
modelling. Decays of heavy-flavour hadrons are handled by EVTGEN (v2.1.1) [125], while
final-state QED radiation is added using PHOTOS++ (v3.64). The generator configuration
employs the AZNLO [126] tune together with the CTEQG6L1 [127] PDF set to ensure a
consistent description of the underlying event and parton distributions across the simulation
chain. The MC samples are fully simulated using the ATLAS detector simulation based on
the GEANT4 framework [96].

We also considered samples from Z — ete™ processes to gain statistics, but ultimately
did not use them due to technical issues with the ntuple production.

5.3 Event selection

The event selection proceeds in two stages, both in simulation and real collision data. First,
baseline object and event requirements are applied during the ntuple production using the
AnaHelpers (AH) framework [128], which calibrates and skims events?. These settings ensure
consistent calibrations and minimal selections across all samples. A second selection is then
applied during the post-processing stage, following the standard in-situ methodology used
for Z+jet balance studies.

We start by applying the standard ATLAS GoodRunLists for 2022 data-taking to ensure
data quality. Events are then selected using the dimuon trigger with a symmetric 14 GeV-
14 GeV threshold configuration.

Jets are calibrated using the standard Run 3 particle-flow jet energy scale recommen-
dations, including residual pile-up and global sequential corrections. This choice minimises
sensitivity to framework-level changes in the other calibration steps. Since incorporating
previously calibrated jets may improve performance, this decision can be revisited based on
the group’s needs. Operationally, the new method could ultimately be applied after in-situ
calibration or in parallel with the GSC and in-situ steps, compared to Fig. 4.2.

The ntuples are produced using a configurable AnaHelpers (AH) file, which specifies both
the reconstruction calibrations and the minimal kinematic requirements for each physics
object. The applied kinematic selections for muons and jets are summarised in Table 5.1,
while the corresponding quality requirements are listed in Table 5.2.

The ntuples are further converted to lightweight parquet files using the uproot pack-
age [130], which facilitates efficient handling of variable-length inputs for ML applications.

2The dedicated AH repository developed for this project is documented in Ref. [129], which uses Analy-
sisBase,22.2.109.
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Object Multiplicity pr [GeV]  |n]

Muons 2 > 14 <24
Jets >1 > 8 < 4.5
Truth jets >1 > 8 -

Table 5.1: Baseline kinematic requirements applied at ntuple production for muons, recon-
structed jets, and truth jets.

Object Additional requirements
Jets JVT (FixedEffPt)

Muons Identification: Loose ID, |zgsin 6| < 0.5 mm,
|do|/04, < 3, Isolation: PFlowLoose VarRad

Table 5.2: Identification and quality requirements for reconstructed muons and jets.

All samples were processed locally on the computing cluster, resulting in 4.36M MC and
0.43M data events.

The physics selection closely follows the Run 2 in-situ calibration strategy explained in
Section 4.3.2.1. Events are required to contain exactly two same-flavour, opposite-charge
muons with a reconstructed dilepton mass in the Z window, 66 GeV< m,, < 116 GeV.
Jets overlapping with either muon within AR < 0.35 are removed. The remaining jets are
ordered by pr, and the leading jet (j;) is required to be nearly back-to-back with the Z
boson |A¢z; | > 2.9. Subleading jets (j2) are required to be soft in order to suppress multi-

jet contamination by p2 < max(0.3 - p%,12) GeV3. For MC truth-matching, the leading
reconstructed jet must be matched to a truth jet within AR < 0.4.

The cumulative efficiency of each selection step is shown in Table A.1 in Appendix A.1,
where a comparison of the cutflow between data and simulation is also found.

Basic kinematic validation was performed after the selection. The A¢ between the leading
jet and subleading jets exhibits a peak at |A¢| ~ 0.5, indicating that subleading jets often
lie near the leading jet direction. Consequently, the Z boson typically carries larger pr than
the leading truth jet*. In addition, the Z pp spectrum shows a characteristic dip around
p#% ~ 40 GeV, which arises from the subleading-jet requirement: the fixed 12 GeV threshold
is active until the 0.3 - p% criteria becomes dominant. Plots illustrating these characteristics
in more detail are available in Appendix A.2.

5.3.1 Input variables

Since this project is exploratory, we include a broad set of variables to assess which features
carry relevant information for improving the jet momentum resolution. For this reason, we

3The subleading jet pr have to be less than 30% of the p5f, or 12 GeV if the latter is smaller.
4Tt reflects on the higher right tail in Fig. 5.4.
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choose to work with the DAOD_JETM derivations over the more general DAOD_PHYS, as they
retain additional jet- and constituent-level detail.

The input features, summarised in Table 5.3, are organised into three main categories:
global event information, variables describing the leading jet and its constituents, and objects
used to reconstruct the Z boson and validate the event selection in data. The latter category
is used exclusively for Z boson reconstruction and event validation and is not provided
as input to the model. It includes both reconstructed and truth-level muons, as well as
the kinematic properties of subleading jets. Information on the specific containers used is
provided in Appendix A.3.

Jet constituents are taken from the PFlow Objects container, matched to the leading jet
within AR < 0.5. This is slightly looser than the standard small-R jet radius to account for
possible misses. These variables are stored as vectors, which require specialised handling in
ML algorithms.

The truth jet used for the regression includes soft leptons and neutrinos within the jet
cone, providing a more accurate representation for b-jet decays.

Variables related to Jvt contain, to some extent, information about the jet momentum,
which could potentially bias the models. A study of their impact is detailed in Appendix A .4,
and it was decided not to include them in the final model.

5.4 Regression Strategy

The goal of this project is to develop a machine-learning—based regression that predicts the
transverse momentum pr of each jet. We explore a hybrid training strategy that combines
simulation and data. The simulation provides access to the truth-level jet momentum, which
serves as the regression target, while using data allows the algorithm to learn the residual
differences between simulation and reality. The final aim is to obtain a momentum response
that is centred around unity and narrower than that of the nominal ATLAS jet calibration®.
After applying the regression, residual JES and JER corrections may still be derived in bins
of pr and 7 if needed.

There is no true information in data, so we need to construct a target variable, label.
This label is designed to approximate the true jet momentum as closely as possible, following
an approach conceptually similar to the recoil-based methods used in in-situ calibrations.
In this way, the method aims to improve the existing in-situ strategy for b-jets. Since pr is
not included among the input features, the algorithm learns the jet response directly from
low-level information, potentially replacing part of the MC-based calibration chain.

5.4.1 Machine learning

Machine learning (ML) provides a robust framework for modelling complex, multidimen-
sional relationships. Given a set of input variables (features), an ML model learns the

5The nominal calibration refers to the consolidated jet energy scale and resolution calibration.
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Event features

Description

runNumber

eventNumber

NPV
actuallnteractionsPerCrossing
averagelnteractionsPerCrossing
weights

Run number

Event number

Number of primary vertices

Average number of interactions per crossing (LHC)
Average number of interactions per crossing (ATLAS)
Event weights

Jet features

Description

pr, 1, ¢
EnergyPerSampling

EMFrac

Width

NumTrkPt1000PV, TrackWidthPt1000PV
NumTrkPt500PV, SumPtTrkPt500PV
Jvt, JvtRpt, JvtJvicorr *

GN1_pb

Kinematics of leading jet

Energy per calorimeter sampling
Electromagnetic energy fraction

Jet cone width

Ghost-associated track moments (pr > 1 GeV)
Ghost-associated track moments (pr > 0.5 GeV)
Jet vertex tagging quantities

b-tag score

Charged & Neutral PFO features

Description

pT, M, ¢, M, charge

vertexType, signalType, isInDenseEnvironment
z0, vz, dO, theta, CaloCorrectedEnergy
TracksExpectedEnergyDeposit

LayerEnergy

EM__ Probability

avg lar q, avg tile q

Isolation

badCells

Kinematics of PFlow objects

Quality and environment flags

Track and geometry info for charged PFOs

Expected energy deposit from associated tracks (charged)
Energy in each calorimeter layer (neutral)

Probability to be electromagnetic (neutral)

Average calorimeter charges (neutral)

Isolation variable (neutral)

Flag for bad calorimeter cells (neutral)

Track features

Description

Truth, d0, z0, vz, qOverP

Truth-matching and basic track kinematics

Muon features

Description

pr, 1, ¢

Kinematics of muons

Table 5.3: Summary of variables used as inputs to the ML regression and for event vali-
dation. Full details of the containers from which the variables are derived are provided in

Appendix A.3.
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mapping between the features and a specified target during a training phase consisting of
many iterations. After each iteration, the model prediction is evaluated using a metric,
and the model parameters are updated accordingly. In this work, two ML architectures are
investigated: a boosted decision tree and a transformer network.

5.4.1.1 Boosted Decision Tree

A boosted decision tree (BDT) [131,132] is a widely used ML model in particle physics due
to its simplicity, interpretability, and strong performance on tabular data. In this work,
BDTs serve as a baseline against which the second architecture can be compared.

The implementation used is RAPIDGBM [133], based on LIGHTGBM [134] combined
with Bayesian hyperparameter optimisation [135]. BDTs cannot natively process vector-
valued inputs, making them less suitable for exploiting the complete particle-flow constituent
information in jets.

Training is performed using 50 optimisation trials. The optimisation metric is the root-
mean-squared percentage error. The optimised hyperparameters include a learning rate of
0.094, 177 leaves, a maximum depth of 61, a dropout rate of 0.161, and a minimum sum of
Hessians per leaf of 2.792. The whole training procedure takes approximately 20 minutes
with the available dataset.

5.4.1.2 Transformer

Transformers [17] have recently gained significant attention in the ML community. They are
fully connected neural networks that rely on self-attention to capture long-range and global
relationships within the input, making them particularly well suited to variable-length inputs
such as particle-flow constituents.

A limitation of transformer models is the increased training time and greater difficulty
in hyperparameter optimisation and feature importance estimation compared to BDTs.

The transformer architecture is implemented using PyTorch [136]. Figure 5.2 shows
schematically the configuration used in this study. A single layer of self-attention is applied
to all particle-flow constituents, and the resulting representation is combined with scalar
jet-level variables in a fully connected multilayer perceptron (MLP). The MLP contains two
hidden layers with 128 neurons each, using ReLU activations in the hidden layers and a
hyperbolic tangent activation in the output layer. Training is performed with a learning
rate of 0.001, a dropout rate of 0.2, a batch size of 500 (depending on GPU memory), and a
maximum of 2 000 epochs. The total training time on local GPUs is approximately 32 hours.

5.4.2 Constructing target labels for jet pr estimation

Having defined the network architectures and inputs, the next step is to construct suitable
target labels for training. In Monte Carlo (MC) simulation, the target is the truth jet
pr, which is used both for training and for performance evaluation. In data, where true
information is unavailable, approximate labels must be constructed.
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Figure 5.2: A transformer representation with one layer of self-attention applied to all PFlow
features (green and orange), followed by aggregation and subsequent combination with scalar
features (magenta) using an MLP.

Using the Z+jets topology (Fig. 5.3), events in which the leading jet and the Z boson
are approximately back-to-back in azimuth allow an approximate label to be defined as

P = pr, (5.1)
where the Z boson acts as a reference object. However, most of the time, the event contains
other jets, which makes this approximation inaccurate.

To better account for additional activity, we can extend this label description following
an approach similar to the MPF method described in Section 4.3.2.1 of trying to use the
rest of the hadronic activity of the event, by including subleading jets projected onto the
leading-jet axis:

prabel — prre“ = cos ¢y - pA+ Z cos ¢y, - PR . (5.2)

These labels are constructed exclusively from reconstructed objects and are validated
in simulation by comparison to truth-level quantities. Figure 5.4 compares the responses
obtained using Egs. 5.1 (blue) and 5.2 (red). Including subleading jets broadens the response
due to the poorer resolution of low-pr jets, but yields a more symmetric distribution with a
mean closer to unity. The response obtained by evaluating Eq. 5.2 using truth-level quantities
is also shown (purple), illustrating the resolution that could be achieved if the input quantities
were perfectly calibrated.

While including subleading jets increases the available training statistics, it can degrade
the label resolution. This trade-off can be quantified through error propagation of Eq. 5.2:

2 2
O plabel = (cos bz Up%> + Z (cos &5, ~apjT2> : (5.3)
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1
l

Figure 5.3: Schematic representation of a Z+jets event with a leading jet nearly back-to-back
with the Z boson and one subleading jet. The Z boson and the subleading jet are projected
onto the leading-jet axis to construct the label momentum, paPel.

The distribution of o, jabel Call be used to define an optimal selection that balances label
quality and statistics. In Appendlx A5, we explore some ideas of using such a label and how
we could use its uncertainty. However, due to limited data statistics, no additional selections
are applied in this study, and Eq. 5.2 is used directly to construct the label.

5.5 Results

This section presents the evaluation of ML-based jet pr regression models. The analysis
focuses on three main aspects: validating the regression in simulation, evaluating perfor-
mance in real data using approximate labels, and extracting the jet energy resolution in
data. Performance metrics, such as the response and resolution, are defined and applied
consistently. The results are then interpreted to compare the ML models with the nominal
ATLAS calibration and to assess potential improvements.
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Figure 5.4: Response of different label constructions relative to the true jet pr. The solid
blue line uses only the Z boson (paPe! = pZ), while the dashed red line includes subleading
jets as defined in Eq. 5.2. The dash-dotted purple line shows the same construction evaluated
using truth-level quantities instead. The mean p;q and width o1q are computed from the

interquartile range.

5.5.1 Introduction and performance definitions
The performance of the regression models is quantified using the response:

pred pred

R=LT Moy, R=2I_ (data). (5.4)
Pr br

After binning in pror n, the response and resolution of a given distribution is extracted
using the inter-quantile range (IQR), with the mean taken as the 50% quantile and the
width as half of the difference between the 16% and 84% quantiles. This robust method is
commonly used in ATLAS analyses, offering a faster alternative to Gaussian fits.

To construct resolution plots, each bin’s width is normalised to its mean, & = o/, penal-
ising distributions with off-centred responses. Additionally, for comparison to the nominal
calibration, the ratio of the predicted resolution to the nominal resolution is computed.
These quantities are evaluated for both ML architectures investigated in this study: the
BDT and the transformer network, after tuning their respective hyperparameters.

To avoid bias in training and evaluation, events are split by EVENTNUMBER: events
ending in 0 or 1 are reserved for evaluation, while all others are used for training. This
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scheme ensures reproducibility and consistency across analyses. Statistical uncertainties in
the resolution are derived via error propagation from the median and IQR widths and are
reported in all subsequent plots unless noted otherwise.

5.5.2 Regression performance

This subsection presents the performance of the ML regression models for jet pr in simulation
and real data, and in a hybrid training strategy combining both. The goal is to evaluate how
well the models reproduce the truth or approximate jet momentum and to compare them
with the nominal ATLAS calibration.

5.5.2.1 MC-only results

We first validate the models using simulated events, where the truth jet pr is known. Jets

are binned by p"*" and the response and resolution are computed from R = p&? /ptruth,
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Figure 5.5: Jet pr resolution for all inclusive jets in MC, comparing the nominal ATLAS
calibration (blue dots), the BDT model (purple triangles), and the transformer model (green
squares). Jets are binned by pifh and the bottom panel shows the ratio of the ML models

to the nominal calibration.

Figure 5.5 shows the resolution for inclusive jets, comparing the BDT and transformer
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models to the nominal ATLAS calibration. Both models improve the resolution by roughly
20% across the pr range, with the BDT showing slightly better stability above 60 GeV.

When separating jets by flavour (light, ¢-, and b-jets) using HADRONCONEEXCLTRUTH-
LABELID, the most considerable improvement is observed for b-jets, with a resolution gain
of ~25% relative to the nominal calibration (Fig. 5.6). This demonstrates that b-jets benefit
most from the ML regression, making them a critical target for calibration.
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Figure 5.6: Jet pr resolution in MC for light, ¢-, and b-jets, comparing the nominal ATLAS
calibration (blue dots), the BDT model (purple triangles), and the transformer model (green
squares). Jets are binned by p%"" and the bottom panel shows the ratio of each ML model

to the nominal calibration for each flavour.

5.5.2.2 Real data-only results

The models are next trained and evaluated on real data, where the truth jet pr is not avail-
able. Approximate target labels are constructed from the Z+jets topology as defined in
Eq. 5.2, and the response and resolution are computed with respect to these labels. Fig-
ure 5.7a shows the results for inclusive jets. Both the BDT and transformer perform similarly
above 45 GeV, while deviations at lower pr likely arise from edge effects in the training. The
most significant improvement over the nominal calibration occurs in the 45-105 GeV range,
with an approximate 25% reduction in resolution.

Compared with MC | the observed resolutions in data are generally larger. While some
degradation is expected due to the complexity of real data, the dominant factor is the use of
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(a) Data-only training (b) Hybrid training

Figure 5.7: Jet pr resolution for inclusive jets in collision data, trained using (a) data only
and (b) the hybrid approach. The nominal ATLAS calibration (blue squares) is compared
with the BDT model (purple triangles) and the transformer model (green squares). Jets
are binned in paP?! and the lower panel shows the ratio of each ML model to the nominal

calibration.

the approximate paP! as the target, which affects both training and binning. This motivates

further studies (Section 5.5.3) to refine the detector resolution in real data.

5.5.2.3 Hybrid MC + data results

Finally, we explore a hybrid training strategy combining MC and real data. The idea is
for the model to learn the main physics properties from MC while simultaneously capturing
differences between simulation and data.

In this study, events from MC and data are combined during training using the same
event splitting scheme, but evaluation is performed on real data only. MC events provide
truth-based supervision, whereas real data events contribute with approximate paPe targets.
No explicit weighting between MC and data is applied, although differences in dataset size
may affect the training dynamics.

Figure 5.7b shows the inclusive jet resolution for the hybrid model evaluated on real
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data. Compared to the data-only model, the resolution is generally higher, with some bins
even performing worse than the nominal ATLAS calibration. The most stable improvement
occurs in the 45-105 GeV range, which corresponds to the main target of this study. This
instability likely arises from the statistical imbalance between MC and data, the combination
of labels with differing precision, and the lack of weighting during training.

Results comparing the resolution with pseudorapidity or pile-up binning can be found in
Appendix A.6.

Future work could explore pre-training on MC followed by fine-tuning on data, or alter-
native strategies to balance the influence of MC and real data to stabilise the hybrid model
while preserving the benefits of both sources of information.

5.5.3 Estimating Jet Energy Resolution in Data

In real data, the truth jet transverse momentum is not accessible, and the measured jet
resolution therefore contains contributions from both the regression method (ML-based or
nominal calibration) and the intrinsic uncertainty of the approximate label. From this point
onward in this chapter, ML will refer specifically to the BDT model. In simulation, the
detector resolution can be computed directly as

JER = 5o = & (/™) (5.5)

To emulate the situation when truth is not present, three resolution components are
defined in MC:

~ . . . d
o Gobs: the relative resolution observed after regression, ph ¢ /piabel,

¢ Olabel: the relative resolution of the label itself, pifuth /plabel evaluated in MC,

e Gae: the actual detector-level resolution, phre? /piruth,
In real data, Gge; OF Tlapel cannot be measured directly. But these resolutions are approx-
imately related by
JER = 6det = 5obs O &label . (56)

Assuming Gaussian response shapes and negligible correlation between the method and
the label, an indirect detector resolution estimate can be obtained via subtraction in quadra-

ture:
JER ~ \/&gbs — 512abe1 . (5.7)

To minimise the impact of additional radiation on the label definition, this study is
restricted to events with a single back-to-back leading jet. This selection suppresses contri-
butions from subleading jets and provides a clean topology for resolution studies.

Figure 5.8 compares the observed, label, detector indirect, and detector direct resolutions
in MC. In MC, the indirect resolution is consistently closer to the truth-level resolution than
the observed one. The regression (Fig. 5.8a) improves the observed resolution relative to the
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nominal calibration (Fig. 5.8b). The direct resolution represents G4., while the indirect is
the approximation using Eq. 5.7. Big deviations between the indirect and direct resolutions
are observed at low pr, reflecting the non-negligible contribution of the label uncertainty.
At higher pr (above 100 GeV), the direct and indirect resolutions converge, demonstrating
good closure.
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Figure 5.8: Jet resolution components in MC as a function of pr for (a) the ML-based
regression and (b) the nominal ATLAS calibration. Observed resolution (p2*® /plabel blue
dots); label resolution (pfFuth /plabel  orange squares); indirect detector resolution from Eq. 5.7
(purple upward triangles); direct detector resolution (p5°®/pi"t ereen downward triangles).

The lower panel shows the ratio of each component to the direct resolution.

Figure 5.9 compares the same procedure in data. The indirect resolution provides the
best available estimate of the method performance, using the label resolution derived from
MC in Eq. 5.7. This approach enables a consistent determination of the JER in both MC
and data, which can then be used to derive in-situ corrections.

5.5.3.1 In-Situ Corrections in Data

We extract the JER in data using the indirect method described above, which allows us to
directly compare MC and real data and derive in-situ correction factors. Figure 5.10 shows
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from Eq. 5.7 (purple upward triangles, using the label resolution derived from MC).

the JER measured in MC and data using the DB method, along with their ratio, which we
use to correct the MC-based calibration.

The ML-based method (left panel) generally produces a smaller JER than the nomi-
nal calibration (right panel), but the nominal method remains more stable across the full
kinematic range and achieves better closure with MC. We quantify non-closure in Fig. 5.11
as
6'(13/ilrcect — 5.il\r/1[(%rect ( 58)

~Data ’
indirect

Non-closure =

which confirms the improved stability of the nominal calibration.

This comparison provides a quantitative basis for correcting the resolution measured in
data. Residual differences at low pr indicate that we may need to use alternative control
samples (e.g., semileptonic ¢t events) or improve the label definitions to apply the indirect
method reliably across the full kinematic range.

5.6 Conclusions and outlook

This project has highlighted the challenges posed by the domain shift between simulation and
real data. We explored the possibility of unifying the MC-based and in-situ calibrations into
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Figure 5.10: Jet energy resolution in MC (blue dots) and data (black triangles) for the (a)
ML-based regression and (b) the nominal ATLAS calibration. The lower panels show the
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Figure 5.11: Non-closure test for the nominal calibration (blue dots) and the ML-based
method (purple crosses).

a single ML procedure by using a hybrid training strategy that simultaneously incorporates
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both event types.

In simulation, both ML models, the BDT and the transformer, showed substantial im-
provements over the nominal calibration, in line with expectations. However, when applying
the models to data alone, the reconstructed scale increases, which is attributed to the la-
bel construction. In this regime, some degradation in performance is observed, although
significant improvements relative to the nominal calibration remain at 45-105 GeV.

In the hybrid training configuration, the ratio to the nominal calibration fluctuates, and
the transformer performs considerably worse than the BDT. Although the BDT was intended
mainly as a baseline, it ultimately outperformed the transformer in almost all evaluated sce-
narios. Nonetheless, the transformer remains a promising architecture, particularly because
it can incorporate detailed information about jet constituents. In this study, training such
a model was constrained by the limited computational resources available. With current
ATLAS and institute resources, large-scale transformer training would be far more feasible.

A potential improvement would be a two-step training procedure: first train on MC
only, freeze the weights, and then fine-tune on real data. This would leverage the larger MC
statistics without overwhelming the model during hybrid training. Exploring alternative
transformer architectures is another promising direction, for example, introducing separate
self-attention layers for charged and neutral jet constituents.

Although the hybrid ML approach explored in this chapter demonstrates promising per-
formance in simulation and provides valuable insight into the interplay between MC-based
and in-situ calibration strategies, it was not adopted in the final ATLAS b-jet calibration
framework. The primary reasons are the observed instabilities of the hybrid approach when
applied to data, as well as the availability of an alternative, well-established calibration
framework (Section 6.1) that has been successfully employed in other ATLAS analyses. This
baseline approach is trained exclusively on simulation, providing a more controlled environ-
ment and a more straightforward interpretation of systematic uncertainties.

In particular, the understanding gained of the domain shift between simulation and data,
together with the treatment of resolution effects and label construction, directly motivates
the in-situ calibration and correction procedures developed in Section 6.2.
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Calibration of b-jets

Alongside the developments discussed in the previous chapter, an alternative calibration
framework was proposed and documented in Ref. [18], focusing exclusively on improvements
at the simulation level. In this approach, ML models are trained on MC simulation to
calibrate b-jets, and their performance is subsequently validated on data to assess whether a
dedicated b-jet in-situ calibration is required in addition to the inclusive in-situ calibration.

This chapter presents the training strategy and performance of the MC-based ML cal-
ibration, together with the methodology used to extract the jet energy scale (JES) and
jet energy resolution (JER) in data. As a reference, the JER obtained with the nominal
calibration is also reported as a preliminary result!.

6.1 Transformer MC-based b-jet calibration

In parallel with the hybrid studies described in the previous chapter, alternative machine-
learning approaches were explored with a different focus. In particular, a transformer-based
regression model was developed to calibrate the energy and momentum of b-jets using simu-
lation only. This approach was ultimately adopted for the b-jet calibration. Two independent
models are employed: one targeting small-R jets and another designed for large-R jets.

The following sections describe the simulated samples used for training and validation,
the object definitions, the model architecture, and the resulting performance. A complete
description of the project is provided in Ref. [18].

6.1.1 Samples and object definitions

The training and validation of the transformer models rely on simulated pp collision samples
produced for ATLAS Run 2 at a centre-of-mass energy of /s = 13 TeV. Separate datasets are
used for the small-R and large-R jet calibrations, reflecting the different physics regimes and
object definitions. The training is performed on a jet-by-jet basis, allowing multiple jets from
the same event to contribute independently. To enhance performance for b-jets, the samples

LAt the time of writing, the small-R ML model was not yet available in data samples.
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are enriched in this flavour while retaining jets of other flavours to ensure robustness against
misidentification. A summary of all simulated samples used for training and evaluation of
the small-R and large-R models, together with their generators and PDF sets, is given in
Table 6.1.

Small-R jets. The small-R training dataset consists primarily of jets from ¢t events, with
at least one top quark decaying leptonically, and from Z+jets events where the Z boson
decays into a pair of muons. The combined dataset contains approximately 266 million b-
jets from tt decays and 19 million jets from Z+jets production, with a flavour composition
of light:charm:bottom jets in the ratio 9:1:9.

The model performance is evaluated using independent samples that are not included in
the training. In particular, hadronically decaying Z and Higgs bosons produced in associa-
tion with a leptonically decaying Z boson are used to study the reconstructed mass peaks,
providing a robust validation of the calibration performance.

Large-R jets. The training of the large-R jet transformer requires samples containing
boosted heavy objects. Signal samples consist of Higgs bosons decaying into bb or cé, pro-
duced in association with a Z boson decaying into a pair of muons. To provide uniform
coverage over a wide jet mass range, dedicated samples are generated with an artificially
increased Higgs boson width, resulting in a flat mass distribution.

Additional training samples include QCD multijet events, which provide a large pop-
ulation of generic jets, as well as a dedicated multijet bb sample to enhance sensitivity to
heavy-flavour jets further. The whole training dataset comprises 15 million flat-mass H — bb
jets, 15 million flat-mass H — cc jets, 30 million QCD multijet jets, and 30 million QCD
multijet bb jets.

For evaluation, approximately 800 000 jets from QCD multijet events are used to verify
that the calibration introduces no artificial mass peaks. In addition, boosted resonance
samples are employed, including 15000 SM H (bb) jets, 575000 Z — bb jets, and 725000
top-quark jets originating from a hypothetical Z’ boson with a mass of 4 TeV.

All jets considered in this study are reconstructed using the anti-k; algorithm [118], imple-
mented with FastJet [143]. For small-R jets, the clustering inputs are particle-flow objects
that combine tracking and calorimeter information. Large-R jets are reconstructed using
unified flow objects, which merge track-calorimeter clusters and particle-flow objects into a
single collection.

Truth jets are generally constructed by clustering stable particles that deposit a signif-
icant amount of energy in the calorimeter. As a consequence, muons and neutrinos are
generally excluded from the truth-jet definition. Since B-hadrons can decay semileptoni-
cally, including the charged leptons from these decays improves the jet energy resolution.
Accordingly, a lepton-inclusive truth-jet definition is used for small-R jets in this study.
For large-R jets, such a definition is not yet available, and the standard calorimeter-based
truth-jet definition is therefore employed.
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Process Event generator and tune PDF set
Small-R samples
tt PowHEG [91-93] & PyTHIA 8.230 [95] NNPDF3.0NLO [137]
with A14 [138]
Z(pp)+jets MADGRAPH5 _AMC [89]+FxFx [139] NNPDF3.0NLO

Z(00)H (bb) t

Z(00)Z(bb) 1

& PyTHIA 8.245 with A14

PowHEG Box v2 + MINLO [140, 141]
& PyTHIA 8.230 with AZNLO [126]
SHERPA 2.2.11 [90]

NNPDF3.0NLO

NNPDF3.0NNLO

Large- R samples

qq — Z(pp)H (bb)
qq — Z(pp)H (cc)
QCD Multijet
QCD Multijet (bb)
Z(ff/aq)H (bb)

Top Z' — tt 1
Z — bb i
QCD Multijet

PyTHIA 8.306 with A14
PyTHIA 8.306 with Al4
PyTHIA 8.235 with Al4
PyTHIA 8.235 with Al4
POWHEG v2 & PyYTHIA 8.212
with AZNLO

PYTHIA 8.235 with Al4
SHERPA 2.2.11

PyTHIA 8.235 with Al4

NNPDF3.0NLO
NNPDF3.0NLO
NNPDF2.3L0 [142]
NNPDF2.3L0
NNPDF3.0NLO

NNPDF2.3L0
NNPDF3.0NNLO
NNPDF2.3L0

Table 6.1: Details of the Monte Carlo samples used for the training and evaluation (marked
with a T) of the small-R and large-R jet models. In the table, f = e, u, 7, v. Table adapted

from Ref. [18].
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The input features used for the transformer-based b-jet calibration closely follow those
of the GN2 and GN2X [113, 144] flavour-tagging networks, with adaptations for regression.
They include global jet kinematics, track-level information, and features derived from charged
and neutral particle-flow objects for small-R jets, and from unified flow objects (UFOs) for
large-R jets. For small-R jets, additional information from soft leptons associated with the
jet is included.

Further details on object definitions, kinematic selections, reconstruction requirements
(including transverse momentum thresholds and quality criteria), and the complete set of
input features are provided in Ref. [18].

6.1.2 Model architecture

The b-jet calibration employs transformer-based architectures originally developed for flavour
tagging, namely the GN2 and GN2X models for small-R and large- R jets. These architectures
are adapted from classification to regression by modifying the output head, while preserving
the core transformer structure.

Schematic diagrams of the small-R and large- R regression networks are shown in Figs. 6.1
and 6.2. In both cases, the models combine global jet information with constituent-level fea-
tures, which are embedded and processed by a transformer encoder before being aggregated
into a jet-level representation used for regression.

Transformer

Task
Network

Pooled Jet
Representation
—_ — I — — [] Jet p; Prediction

Conditional Track
Representation

Initialiser
Network

Combined Initial Track
Inputs Representation

Figure 6.1: Schematic representation of the small-R jet regression network. Jet-level and
constituent-level inputs are embedded by an initialiser network and processed by a trans-
former encoder to obtain conditional constituent representations. These are aggregated into
a pooled jet-level representation, which is then used by a task network to regress the jet
transverse momentum. Figure from Ref. [18].

The input features are concatenated and passed to an initialiser network. For small-R
jets, these inputs include global jet kinematics and constituent-level information from tracks
and charged and neutral particle-flow objects. For large-R jets, inputs from different UFO
types are embedded separately using dedicated initialiser networks. Each initialiser consists
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Figure 6.2: Schematic representation of the large-R jet regression network. Inputs from dif-
ferent object types are embedded separately and passed to a transformer encoder, producing
conditional constituent representations. A pooled jet-level representation is formed and used

by dedicated task networks to regress the jet transverse momentum and mass. Figure from
Ref. [18].

of a fully connected layer with 256 neurons and a ReLU activation function, projecting the
inputs into a 256-dimensional embedding space.

The embedded representations are processed by a transformer encoder following the
architecture described in Ref. [145] and initialised with pretrained weights from the GN2 and
GN2X models. To stabilise training and control the magnitude of network weights, multiple-
layer normalisation [146] is applied throughout the architecture. The encoder comprises four
transformer blocks with eight attention heads for small-R jets, and three blocks with two
attention heads for large-R jets.

The outputs of the transformer encoder are aggregated into a single global jet representa-
tion using learned attention weights. This representation is passed to a fully connected deep
neural network that performs the final regression. For small-R (large-R) jets, the regression
head consists of four hidden layers with 128 (256), 128, 64, and 32 neurons, followed by a
ReLU-activated output layer.

The training target is defined as the ratio of the truth to the reconstructed jet energy. For
large- R jets, an additional regression task is included to predict the jet mass. The networks
are trained using the mean absolute error as the loss function.
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6.1.3 Regression performance in simulation

The regression performance is evaluated separately for the two models. To quantify the
performance, both the jet energy response and the resolution are computed. For small-R
jets, the response is defined as the ratio of the reconstructed jet pr to the corresponding truth-
jet pr. For large-R jets, the response and resolution are evaluated for both the transverse
momentum and the jet mass.

The performance metrics used in this study are the median response and the relative
response resolution, defined as half the inter-quantile range between the 15.9% and 84.1%
percentiles, normalised to the median & = o/u. A median response close to unity and stable
across phase space, together with a smaller relative resolution, indicates improved regression
performance.

To assess the regression’s performance relative to the nominal calibration, the ratio of the
median response from the regression model to that from the nominal calibration is computed.
Improvements in the relative resolution are quantified using the root-square difference (RSD),

defined as
RSD = sgn(6’' — 7)+/|67% — 52|, (6.1)

where & denotes the relative resolution obtained with the nominal calibration and &’ obtained
with the regression model.

Uncertainties on the median response and the relative resolution are estimated as the
standard deviation of these quantities evaluated across 100 statistically independent sub-
samples.

6.1.3.1 Small-R jet regression performance

For small-R jets, the regression model is compared to the nominal calibration as well as to
the nominal calibration augmented with the muon-in-jet and PtReco corrections (denoted
i+ PtReco), as described in Section 4.4.1. Jets used in the performance studies are required
to be matched to truth-level b-jets with p > 20 GeV.

Figure 6.3 shows the median transverse momentum response of b-jets and the correspond-
ing relative resolution for the small-R regression model. The regression yields a median re-
sponse closer to unity across the full momentum spectrum, outperforming both the nominal
calibration and the p + PtReco corrections (Fig. 6.3a). Similar improvements are observed
in the relative resolution (Fig. 6.3b), where the regression systematically reduces the relative
resolution. As expected, the resolution is poorest at low pr, where detector effects dominate.
In the pt range of 40-100 GeV, the u + PtReco correction improves the nominal relative
resolution by approximately 20%, while the regression achieves an improvement of about
30%.

To further validate the regression, the invariant masses of the Z and Higgs bosons de-
caying into b-quark pairs are reconstructed in Fig. 6.4. In both cases, the regression shifts
the mass peak closer to the expected value while reducing mass resolution. Quantitatively,
the relative mass resolution improves by 22% for the Z boson peak and 23% for the Higgs
boson peak compared to the nominal calibration.
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Figure 6.3: Performance of the small-R b-jet regression in simulation. The regression-based
calibration (solid green) is compared to the nominal calibration (dashed purple) and the
nominal calibration including the p + PtReco corrections (dotted blue). The width of the

coloured bands represents the statistical uncertainty.

(a) Median transverse momentum

response, defined as the ratio of reconstructed to truth-level jet pr. The lower panel shows the
ratio to the nominal calibration. (b) Relative response resolution, defined as half the inter-
quantile range between the 15.9% and 84.1% percentiles, divided by the median. The lower
panel shows the root-square difference (RSD) relative to the nominal calibration. Figure

from Ref. [18].
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Figure 6.4: Validation of the small-R b-jet regression using reconstructed invariant mass
distributions in simulation. The invariant mass of (a) the Z — bb and (b) the H — bb decays
is shown after applying the nominal calibration (dashed purple), the nominal calibration
including the p + PtReco corrections (dotted blue), and the regression-based calibration
(solid green). The width of the coloured bands represents the statistical uncertainty. The
mean (), relative resolution (o/u), and relative improvement with respect to the nominal
calibration are reported in the upper-left corner of each plot. Figure from Ref. [18].

Additional studies presented in Ref. [18] show that the p + PtReco correction relies
solely on the highest-pt muon. This limitation becomes significant when multiple muons
originate from the same b-hadron decay chain The regression model is able to account for
such scenarios.

6.1.3.2 Large-R jet regression performance

Since the primary focus of this thesis is on small-R jets, the discussion of large-R jet results
is more concise. For these jets, comparisons are performed only between the regression-
based calibration and the nominal calibration, as the muon-in-jet and PtReco corrections
are currently applicable only to small-R jets.

Figure 6.5 shows the mass and transverse momentum response distributions integrated
over the full jet pr range. Differential distributions of the response and relative resolution
as a function of pr are provided in Ref. [18]. For both mass and pr, the regression-based
calibration produces response distributions that are more sharply peaked and better centred
around unity. Across the pt spectrum, the median response is closer to one and exhibits a
flatter dependence on pr. The relative resolution improves by approximately 25-35% for the
transverse momentum and by 26-33% for the jet mass.

Similarly to the small- R case, the performance of the large- R jet regression is further vali-
dated using reconstructed invariant mass distributions of massive particles decaying hadron-
ically into at least one b-quark, as shown in Fig. 6.6. For the Z and Higgs bosons, the
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Figure 6.5: Response distributions for the large-R b-jet regression in simulation, shown for
(a) the jet mass and (b) the transverse momentum pr. The regression-based calibration
(solid green) is compared to the nominal calibration (dashed purple). The lower panels show
the ratio of the regression-based calibration to the nominal calibration. Figure from Ref. [18].

reconstructed mass peaks are closer to their true values after applying the regression-based
calibration. For all three resonances, including the top quark, the relative resolution im-
proves by approximately 10%. The QCD multijet sample confirms that the regression does
not introduce artificial mass peaks.

6.2 In-situ calibration and validation in data for small-R
b-jets

Building on the strong performance of the regression models presented in the previous section,
this section aims to study the behaviour of regressed small-R b-jet momentum in real data
and to compare it with simulations using in-situ techniques. However, the small-R model is
not yet implemented in the complete ATLAS calibration framework, and therefore, its in-situ
validation in data cannot be performed at this stage. As a result, the studies presented here
focus on validating the methodology and the analysis workflow in the nominal calibration
scenario, ensuring that the framework is ready for future application to the regression-based
calibration.

For clarity, the small-R regression model is referred to as bJR4, while the large-R version
is denoted bJR10.

This section includes a description of the data and simulation samples, the event and jet
selection criteria, the methodology used to extract the in-situ b-jet energy scale (b-JES) and,
in particular, the b-jet energy resolution (b-JER). It also includes preliminary results validat-

85



Chapter 6 | Calibration of b-jets

LA e s e B B B

LI e e

3 007[ ATLAS Simulation Prefiminary e Nominal Calibration
[ V5 =13TeV, Sherpa _ ——— Large-R Regression |
r anti-ke R=1.0 UFO CS+SK Soft-Drop Z - bb jets —=- Truth 1
0.06 [ 400< p.'?eg <1500 GeV, 40 < rnjReg <300 GeV ]
P ulGeV] o] Repoopo 1
005919 116 — i ! ]
[ 914 9.8 15.5 o | ]
F 905 85 27.1 H s 1
0.04 I N
[ b ]
[ = | ]
[ | . ]
r 1 1 ]
0.03 - -
F _F : 4
L ; — i
F o 4
0.02+ b -
[ = . ]
L 1 4
[ = =1 1
00t . 7]
- - 4
e ™y %
P I IS IS IS PRI PRIV ERTETIT R
0'0070 00 105 115
mp® [GeV]
(a) Z — bb
5 —— e ————— —— e ————
< L ATLAS Simulation Preliminary e Nominal Calibration |
[ VS =13TeV, Pythia —— Large-R Regression -
L anti-k; R=1.0 UFO CS+SK Soft-Drop t = qq'b jets ——= Truth !
0.04 |- 400 < pi9 < 1500 GeV, 40 < mf®? < 300 GeV i
[ H(GeV] ofulw] PpEn] - 1
1736 80 . P L 1
[ 1727 72 9.8 P 1
003" 17414 62 222 S 7
I i i ]
1 [
r 1 1 ]
L rd 1 ]
! T
1 1 -
— ]
", ]
e ]
o B
Lo 4
Tl
= R
1 1 1 R "
00955 160 170 180 190 200
b
m{7? [GeV]
/
(c) t — qq'b

a.u.

a.u.

— T T T T T T T T

T — T

[ ATLAS Simulation Preliminary == Nominal Calibration ]
0.08[~ V5 =13 TeV, Powheg _ —— Large-R Regression 7]
r anti-k; R=1.0 UFO CS+SK Soft-Drop H - bb jets —=- Truth 4
oorf 400 <p1'3Eg <1500 GeV, 40 < mf‘eg <300 GeV
07 A
[ ulGev] o] Zeplhook fo ]
0.06 - 125.4 10.0 — F: -
[ 1249 85 15.0 H ]
[ 1250 74 26.4 I ]
0.05 : 1 b
[ i ]
r I ]
0.04 b ]
[ 1 1 ]
r L 1
0.03 d i q
[ [ ]
[ Ly ]
0.02 = Cl B
F o ‘! - 4
001 f = 1
= g s
PSR T N1 P Y P IR S R | PR
00955 110 120 130 140 150
mpP [GeV]
(b) H — bb
— ——— —————
[ ATLAS Simulation Preliminary == Nominal Calibration 4
[ VS =13TeV, Pythia —— Large-R Regression -
0.0200 I anti-k, R=1.0 UFO CS+SK Soft-Drop QCDjets . Trh ]
[ 400 < pf <1500 GeV, 40 < m{**? < 300 GeV ]
0.0175} e
0.0150
0.0125 |
0.0100
0.0075
0.0050
0.0025 [- 1
0.0000 L——L

P I I
120 140

PR -
100

80

(d) QCD jets

P IR
180 200
my [GeV]

PR
160

Figure 6.6: Validation of the large-R b-jet regression using reconstructed invariant mass
distributions in simulation. The invariant mass of (a) Z — bb, (b) H — bb, (c) t — qq'b,
and (d) QCD jets is shown for truth-level b-jets (dashed blue), after applying the nominal
calibration (dotted purple), and the regression-based calibration (solid green). The width of
the coloured bands represents the statistical uncertainty. The mean (u), relative resolution
(0/1), and relative improvement with respect to the nominal calibration are reported in the
upper-left corner of the first three plots. Figure from Ref. [18].

86



Chapter 6 | Calibration of b-jets

ing the calibration in the nominal configuration for the JER. Where applicable, techniques
from the hybrid ML study are used.

6.2.1 Samples and event selection

For the in-situ calibration of small-R jets, events with a V+jets topology are used, where
V' denotes either a Z boson or a photon, serving as the reference object. Different reference
objects provide complementary statistical coverage across the pr spectrum. Both real data
and simulated pp collisions at a centre-of-mass energy of /s = 13 TeV, corresponding to
ATLAS Run 2 conditions, are considered.

The MC samples used for this study are summarised in Table 6.2, including the event
generators, tunes, and PDF sets. For each process, multiple MC generators (PYTHIA 8,
SHERPA, and HERWIG 7 or FXFX) are used to evaluate the impact of generator modelling
on the calibration. Observed differences between generators are treated as an additional
source of systematic uncertainty.

For small-R b-jets, the quantities of interest are the JES and the JER. Both corrections
are derived using V+jets events, rather than the inclusive dijet topologies employed in the
standard JER derivation.

Process Event generator and tune PDF set
POWHEG [91-93]+ PYTHIA 8.186 [95] CTEQ6L1 [127]
with AZNLO [126]
Z(0l)+jets SHERPA 2.2.11 [90] NNPDF3.1INNLO [137]

MADGRAPH5__AMC [89]+FxFx [139] NNPDF2.3L0 [142]
& PYTHIA 8.245 with A14 [138]

PyTHIA 8.244 with A14 NNPDF2.3L0
v+jets SHERPA 2.2.2 NNPDF3.0nNNLO
HERWIG 7.2.1 [147] MMHT2014L0 [148]

Table 6.2: Details of the Monte Carlo samples used for the in-situ studies of small-R b-jets.
In the table, | = e, p.

The events are selected using single- and di-lepton triggers for the Z+jets samples and
single-photon triggers for the y+jets samples. Simulated events are passed through a full
GEANT4-based simulation of the ATLAS detector and reconstructed with the same software
as real data. The distribution of the average number of interactions per bunch crossing is
reweighted in simulation to match the data.

Z+jets events are required to contain exactly two electrons or two muons with pp >
20 GeV. Electron candidates must satisfy |n| < 2.37, excluding the calorimeter transition re-
gion 1.37 < |n| < 1.52, while muon candidates are required to satisfy |n| < 2.5. Both leptons
must pass the Medium identification working point and standard isolation requirements, and
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GN2 Working Point | light-quark gluon c-quark b-quark
Inclusive 56.40% 27.18% 6.69% 3.97%
90% 34.43% 18.95% 37.94%  7.77%
77%+85% 19.38% 14.80% 39.69%  24.08%
65%+70% 2.00% 4.56%  4.10% 89.21%

Table 6.3: Flavour composition of jets in the Z(uu) MC sample with 17 < pp < 1000 GeV,
generated with PYTHIA 8 for the full Run 2 conditions.

GN2 Working Point | light-quark gluon c-quark b-quark
Inclusive 68.53% 17.83% 11.76%  1.86%
90% 39.86% 12.71%  44.64%  2.79%
77%+85% 32.43% 13.08% 44.35%  10.13%
65%+70% 10.26% 17.42% 8.55% 63.77%

Table 6.4: Flavour composition of jets in the y+jets MC sample with 150 < pr < 1000 GeV,
generated with PyYTHIA 8 for the full Run 2 conditions.

must have opposite electric charge. The invariant mass of the dilepton system is required to
be consistent with the Z boson mass, 66 < my, < 116 GeV.

v+jets events are required to contain a photon with pr > 25 GeV and |n| < 2.37,
excluding the transition region. Photon candidates must satisfy the Tight identification and
standard isolation requirements.

Small-R jets are reconstructed using the anti-k; algorithm with R = 0.4. Selected events
are required to contain a leading jet (j;) with pr > 10 GeV and |nqe| < 0.8, which is
required to be back-to-back with the reference object: A¢(Z,j1) > 2.6 or Ap(v,j1) > 2.8.
To suppress additional hard radiation, subleading jets (j2) are required to satisfy pjfl <
max(12 GeV, 0.1-pieh) for Z+jets events, and pjT2 < max(15 GeV, 0.1-p5f) for y+jets events.
Jets with 20 < pr < 60 GeV are required to pass the Jet Vertex Tagger (JVT) selection to
suppress contamination from pile-up interactions.

Jets are b-tagged using the GN2 algorithm [113], applied to jets with pp > 17 GeV.
To avoid biases when using b-tagging, jets are additionally required to have truth-level
piuth > 17 GeV. Different b-tagging working points (WPs) are considered to study the
calibration performance based on flavour. Some WPs are combined to improve the statisti-
cal precision. The resulting flavour compositions for Z+jets and y+jets events are shown in
Tables 6.3 and 6.4. The inclusive WP is dominated by light-flavour jets, the intermediate
WPs contain roughly 40% c-jets, and the 65%+70% WP achieves the highest b-jet purity,
reaching approximately 90% in the Z+jets sample.

88



Chapter 6 | Calibration of b-jets

6.2.2 In-situ calibration methodology

After the jet momentum has been calibrated in bins of pr and 7 using MC samples, residual
differences between simulation and real data may remain. To account for these effects, an
additional in-situ calibration is applied to align the jet momentum scale in simulation with
that observed in data.

The methodology used to derive the in-situ JES follows closely the approach described
in Section 4.3.2.1, and is therefore only briefly summarised here for completeness.

For the JER, this analysis adopts a hybrid strategy that combines techniques of the stan-
dard in-situ method described in Section 4.3.2.2 with the samples and elements introduced in
Section 5.5.3. Since the JER determination constitutes the novel contribution of this work,
the methodology is presented in more detail in the following sections.

Jet Energy Scale

This analysis determines the in-situ JES using events in which a well-measured reference
object recoils against a leading jet [121]. The procedure evaluates the jet response in both
simulation and data using the same observable and derives the in-situ JES correction from
the ratio of the two responses.
The jet momentum response is computed in bins of jet transverse momentum and pseu-
dorapidity as
Ros = p7* [P, (6.2)

where pisf = pi/ "l cos A¢|, and A¢ is the azimuthal separation between the reconstructed
jet and the reference object.

The mean response is extracted by fitting the response distribution with a Gaussian
function. To reduce the impact of non-Gaussian tails, the fit is restricted to the central
region of the peak. In the low-pr regime (p5' < 30 GeV), which is dominated by Z+jets
events, a modified Poisson function is used instead to better describe the asymmetric shape
of the response distribution.

In this low-pr region, both PYTHIA 8 simulation and data exhibit a double-peak structure
in the response distribution. The additional peak is attributed to fake jets, which predomi-
nantly originate from pile-up interactions. To mitigate this effect, the fake-jet contribution
is modelled using simulation and subsequently subtracted from the data.

The in-situ JES correction factor is then computed as the ratio of the jet response mea-
sured in data to that obtained from simulation,

data
RDB

MC -
RDB

CJES — (63)

This correction is derived for the inclusive jet sample as well as for jets tagged using the
90% WP, the combined 85%-+77% WPs, and the combined 70%+65% WPs.
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To isolate potential flavour-dependent effects, a double ratio is constructed between the
b-tagged and inclusive calibrations, giving the following calibration factor,

- Rd_a;a (¢! /RM(; (<]
Riser = Rg;tagg d/R;_/[tC geed (6.4)

inclusive inclusive

Compatibility of this double ratio with unity indicates that the inclusive in-situ cali-
bration already accounts for response differences between inclusive and b-jets, and that no
additional flavour-specific calibration is required.

Both Z+jets and v+jets samples are used to determine the JES over a wide range of jet
transverse momentum, exploiting their complementary statistical reach. The individual in-
situ measurements are subsequently combined into a single JES calibration using a y>-based
procedure.

In the standard in-situ JES calibration, the Z(— ee)+jets, Z(— pp)+jets, v-+jets, and
multijet balance methods are combined to provide coverage over a wide jet pr range. In the
context of the small-R b-jet calibration, the Z(— ee)+jets and Z(— pp)+jets samples are
instead combined into a single Z-+jets measurement to improve statistical precision. The
multijet balance method is not included, as the calibration targets the jet momentum range
17 < pr < 1000 GeV. Furthermore, the reduced event yields resulting from the application of
b-tagging requirements motivate the use of larger pr bins than in the standard configuration.

The final JES calibration is obtained by combining the individual in-situ measurements
from the different reference channels as a function of jet transverse momentum [149]. The
combination employs a x? minimisation that accounts for both statistical and systematic
uncertainties of each input measurement. The combination effectively performs a weighted
average in each jet pr bin, with the relative contribution based on the precision of each input.

Several MC generators are used to assess the calibration’s sensitivity to the modelling of
the hard process and the parton shower. Observed differences between generators are treated
as an additional source of systematic uncertainty. Unless stated otherwise, the PYTHIA 8
sample is used as the nominal reference.

Jet Energy Resolution

The JER is determined using the same V-+jets samples employed for the JES extraction.
Unlike the JES, however, the detector resolution cannot be inferred directly from the width
of the reconstructed response distribution, and a more elaborate procedure is required.

In Section 5.5.3, we obtained the JER by subtracting the label resolution from the ob-
served resolution in quadrature. This approach assumes that both response distributions are
well described by Gaussian distributions. In the present case, the label response exhibits sig-
nificant non-Gaussian features, making the quadratic subtraction an invalid approximation.

We therefore determine the JER using the convolution-based methodology described in
Section 4.3.2.2 for dijet events. In this framework, the detector response is defined as

Rdet = 7?fobs S Rlabel ; (65)
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where the symbol © denotes a deconvolution operation. The response quantities are defined
as Riabel = ftmth /P, Rercco = .T’mo [Pt and Ry = f’tmth pjT’reCO. The JER corresponds to
the width of the detector response that, when convolved with the label response, reproduces
the observed response distribution.
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Figure 6.7: Example of the convolution-based JER extraction for the pr bin 60 < pr <
75 GeV in the Z+jets samples. The label response in simulation (blue) is fitted in the
central region with a double-Gaussian function. This fitted response is then convolved with
a Gaussian function and fitted to the reconstructed jet response in simulation (red) and in
data (black). The legend reports the corresponding reduced x? values of the fits.

The procedure is illustrated in Fig. 6.7. First, we model the label response (in blue)
in simulation by fitting the central region of the Ry, distribution with a double-Gaussian
function?. We then convolve this fitted label response with a Gaussian resolution function
and fit the result to the reconstructed jet response, Rops (in red for MC and in black in
data). The width of the Gaussian resolution function extracted from the fit represents the
detector contribution, the jet energy resolution.

To quantify the difference between data and simulation, we compute the in-situ JER
correction using the root-squared difference (RSD). Throughout this section, the symbol &
denotes the relative width o/(R), which factorises calibration effects on the response mean
from those on the resolution. The RSD is defined as

RSD = ’Oﬁata - UI%/[C‘ : (66>

2 Alternative functions, including Double-Sided Crystal Ball, Bukin, and exponential-plus-Gaussian func-
tions, were tested and found to provide inferior agreement.
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A reference MC generator is also chosen both to define the nominal label response and to
serve as the baseline for the data—MC comparison, while alternative generators are used to
estimate modelling uncertainties. For consistency with the JES determination, we use the
PyTHIA 8 sample as the nominal reference. In the low-pr region, we model and subtract the
fake-jet contribution identified in this sample before extracting the resolution.

The JER determination is repeated for b-tagged jets using the GN2 working points in-
troduced earlier. To probe potential flavour-dependent effects, we construct a double ratio
between the RSD obtained for b-tagged jets and that for the inclusive jet sample,

_ o2  —o?

Rusen = Y \2dwe — Thiclee (6.7)
2 2

|Udata - O-MC’Inclusive

Compatibility of this ratio with unity indicates that the inclusive in-situ calibration ade-
quately describes the resolution of b-jets, while deviations would point to the need for an
additional flavour-dependent correction.

As for the JES, the individual JER measurements obtained from the different reference
channels can be combined using a y?-based procedure to yield a single in-situ resolution
calibration, while fitting FEq. 4.5. If compatibility with the inclusive calibration is achieved,
the nominal JER retrieved using the dijet asymmetry method will be directly used.

6.2.3 Results

This section presents the results of the in-situ JER analysis developed as described in the
previous sections. Although the same framework can be used to derive the corresponding
JES corrections, only the JER results are discussed here, as they constitute the primary
original contribution of this work.

The results are presented separately for Z+jets and y-+jets events, which probe comple-
mentary jet transverse momentum (pr) regimes and partially overlapping kinematic ranges.

Figure 6.8 shows the in-situ JER measured in Run 2 Z4jets events, expressed as the
relative resolution defined in Eq. 6.5, as a function of jet transverse momentum for different
b-tagging WPs. The results obtained with the nominal PYTHIA 8 simulation are shown as
red dots and compared with data as black dots®. Predictions from two additional genera-
tors, SHERPA (green squares) and FXFX (blue triangles), are also included to illustrate the
measurement’s sensitivity to the modelling of the hard process and the parton shower. The
lower panels display the RSD (Eq. 6.6) of each generator with respect to data.

The inclusive results, shown in Fig. 6.8a, exhibit good stability and relatively small
statistical uncertainties across the full probed pr range. As expected, the JER decreases
gradually with increasing jet transverse momentum. The largest differences between data
and simulation are observed in the lowest pr bins, where detector effects and modelling
uncertainties are more pronounced.

The corresponding results for b-tagged jets are shown in Figs. 6.8b, 6.8c, and 6.8d, for
the 90%, 85%+77%, and 70%+65% WPs, respectively. Applying b-tagging requirements

3As a reminder, data JER is computed by convolving the Rops from PYTHIA 8 simulation.
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significantly reduces event yields, leading to larger statistical uncertainties across all p bins.
A local maximum in the JER is observed in the pr = (35,45) GeV bin, which is already
less stable in the inclusive measurement. At higher pr, the JER decreases similarly to the
inclusive case. At low pr, however, the extracted JER values are significantly reduced,
an effect that is likely driven by edge effects associated with the minimum jet transverse
momentum requirement.

Figure 6.9 presents the double ratio of the JER measured for b-tagged jets to that ob-
tained for inclusive jets in the PYTHIA 8 sample where the first bin has been removed. This
observable provides a direct test of potential flavour-dependent differences in the jet energy
resolution.

A linear fit to the distribution is found to be consistent with unity. The reduced x?
indicates good agreement with the chosen fit function for all three working point configura-
tions. Within the current statistical uncertainties, the fitted values deviate by less than two
standard deviations from unity, indicating that the inclusive in-situ JER calibration provides
an adequate description of the resolution of b-tagged jets in the phase space probed by this
analysis.

Similar results are observed in the v+jets analysis. Figure 6.10 shows the JER and the
relative standard deviation (RSD) measured in data and compared to three MC generators:
PyTHIA 8, SHERPA, and HERWIG 7. The JER decreases with increasing jet transverse mo-
mentum, stabilising at about 0.7, even when a b-tagging requirement is applied. At low pr,
although the resolution is larger, the overall trend is smoother and exhibits a more regular
behaviour than in the Z+jets case.

Figure 6.11 displays the corresponding double ratio for v+jets events in the PYTHIA 8
sample. The distribution remains compatible with a constant behaviour across the probed
kinematic range. A linear fit yields values consistent with unity, and the reduced x? confirms
a satisfactory description of the data for all three working point configurations.

The strongest agreement is observed for the 65% and 70% working points, where the fitted
values differ from unity by about one standard deviation. In the remaining configurations,
the deviations do not exceed two standard deviations.

For completeness, figures showing Ryjer for the other generators are provided in Ap-
pendix B.

6.3 Conclusions and outlook

These preliminary results demonstrate that the nominal in-situ calibration can be consis-
tently applied to b-tagged jets. The observed fluctuations of the double ratio around unity
indicate no significant deviation from the inclusive calibration. However, the achieved sta-
tistical precision does not allow a determination of the jet energy resolution at the per-mille
level, with the uncertainty being dominated by the available data statistics.

Further improvements are therefore limited by statistical power. Ongoing studies focus
on optimising the fitting strategy, although this is intrinsically challenging, as it requires a
careful balance between sufficiently large pr bins to ensure adequate statistical precision and
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are shown.
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Figure 6.9: Ratio of the in-situ jet energy resolution (JER) relative standard deviation
between b-tagged and inclusive jets as a function of jet transverse momentum in Run 2
Z+jets events, shown for the b-tagging working points (a) 90%, (b) 85%+77%, and (c)
70%+65%. The ratio is constructed from measurements in data and the corresponding
predictions from simulation using PYTHIA 8; statistical uncertainties are shown. A linear
fit is overlaid in purple, with the corresponding 1o uncertainty band displayed as a shaded
region.
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Figure 6.10: In-situ jet energy resolution (JER) as a function of jet transverse momentum
in Run 2 y+jets events for (a) the inclusive jet sample and for the b-tagging working points
(b) 90%, (c) 85%+T77%, and (d) 70%+65%.
in black and are compared to predictions from simulation using PYTHIA8 (orange dots),
SHERPA (green squares), and HERWIG 7 (blue triangles). The lower panels show the relative

standard deviation (RSD) of each simulation with respect to the data.

uncertainties are shown.
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Figure 6.11: Ratio of the in-situ jet energy resolution (JER) relative standard deviation
between b-tagged and inclusive jets as a function of jet transverse momentum in Run 2 v+jets
events, shown for the b-tagging working points (a) 90%, (b) 85%+77%, and (c¢) 70%+65%.
The ratio is constructed from measurements in data and the corresponding predictions from
simulation using PYTHIA 8; statistical uncertainties are shown. A linear fit is overlaid in
purple, with the corresponding 1o uncertainty band displayed as a shaded region.
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sufficiently fine binning to capture detector-resolution effects.

Future work will reanalyse these samples using jets calibrated with the bJR4 results in
Run 2. In parallel, these studies are being extended to Run 3 data to provide updated
calibrations for use in upcoming analyses. If a similar level of agreement is observed, a full
b-jet calibration strategy will be enabled by applying the transformer-based corrections in
simulation and subsequently correcting the data using the nominal in-situ calibration. Nev-
ertheless, even in the case where the double ratio remains consistent with unity, the limited
precision motivates the assignment of an additional systematic uncertainty. A conservative
uncertainty of 5% is therefore foreseen to account for the observed fluctuations with respect
to the nominal calibration.
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Chapter 7

Nominal H — Z~ analysis of partial
Run 3

7.1 Introduction

Since the discovery of the Higgs boson in 2012 [10, 11], a major effort has been devoted to
precisely measuring its properties, including its mass, width, spin and couplings. Because the
Standard Model is known to be incomplete, any deviation between theoretical predictions and
experimental measurements could hint at new physics beyond the Standard Model (BSM).

The decay of the Higgs boson into a Z boson and a photon (H — Z7) has a very
small branching ratio, as it occurs only via loop-induced diagrams rather than at tree level.
Measuring this decay is an important step in completing the study of Higgs boson interactions
with electroweak gauge bosons, providing further insight into the mechanism of electroweak
symmetry breaking. Figure 7.1 shows the SM Feynman diagrams for the H — Z~ decay.
The predicted branching ratio of this decay in the SM is Br(H — Zv) = (1.54751%) x 1072
for myg = 125.09 GeV.

This decay is particularly sensitive to contributions from BSM physics since new particles
running in the loop could alter the branching ratio relative to the SM prediction. These
new particles could be colourless charged scalars, fermions, or vector bosons [150-156], or
modifications arising from composite Higgs scenarios [157-159]. Therefore, any significant
deviation from the SM expectation could provide sensitivity to BSM physics.

The H — Z~ decay was studied by the ATLAS and CMS collaborations using the full
Run 2 pp dataset, corresponding to an integrated luminosity of 140 fb™* at /s = 13 TeV [160,
161]. In this analysis, the Z boson is reconstructed in its decays to charged lepton pairs,
Z — 0t0, where £ = e, u. ATLAS reported an observed significance of 2.2¢ with a signal
strength p = 2.0759, while CMS observed a significance of 2.70 with g = 2.4 £ 0.9. The
combination of both searches [19] gave a significance of 3.40, representing the first evidence
for the H — Z~ decay, though not sufficient to claim a discovery.

More recently, ATLAS has reported new results using early Run 3 pp collision data cor-
responding to an integrated luminosity of 165 fb™' at /s = 13.6 TeV [20]. This chapter
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presents the methodology and results of this analysis, providing additional insight into pro-
cedures that are often taken for granted. It serves as a foundation for understanding and
motivating the novel studies introduced in the following chapter.

Figure 7.1: Feynman diagram contributions to the Standard Model H — Z~.

7.2 Data and simulation samples

This analysis uses pp collision data collected by the ATLAS detector during Run 3 of the
LHC, between 2022 and 2024, with a centre-of-mass energy of /s = 13.6 TeV.

Events are selected using single-lepton and dilepton triggers. Single-electron (single-
muon) triggers require a transverse momentum pr > 26 GeV (pr > 24 GeV). Dilepton
triggers include symmetric thresholds of 17-17 GeV for electrons and 14-14 GeV for muons,
as well as an asymmetric dimuon trigger with thresholds of 22 and 8 GeV. The average
number of interactions per bunch crossing rises from approximately 42 in 2022 to about 58
in 2024.

A key aspect of this analysis is the optimisation of the signal selection and the accurate
modelling of the background processes. Monte Carlo (MC) simulated samples are processed
through the full detector simulation based on the GEANT4 framework [96], and event recon-
struction chain, ensuring a consistent treatment with collision data.

Signal MC samples include the main Higgs boson production modes with the decay
H — Z~, where the Z boson decays leptonically. In simulation, the Higgs boson is generated
with a mass of my = 125 GeV and a decay width of I'y = 4.1 MeV. The samples are
subsequently normalised to the corresponding production cross-sections and to the more
precise mass value of my = 125.09 GeV. Table 7.1 summarises the signal MC samples
for each Higgs boson production mode, including the event generator and the PDF set
used. All signal events are generated using POWHEG [91-93], while the Higgs decay, parton
showering, hadronisation, and pile-up are simulated with PyTHIA 8.310 [95] (A14 tune [138],
PDF4LHC21 [162]).

Backgrounds are divided into several categories and are listed in Table 7.2. They include
non-resonant Z~ production, Z+jets, electroweak Z+7jj, diboson processes, and tt events.

101



Chapter 7 | Nominal H — Z~ analysis of partial Run 3

The dominant background contribution arises from non-resonant Z~ events, where the
photon originates from initial- or final-state radiation (ISR/FSR). A significant contribution
also arises from Z+jets events, in which a jet is misidentified as a photon. The EW Z~vjj
background becomes relevant in the VBFE production mode. Diboson backgrounds primarily
affect the associated V H production channel, whereas tt events contribute only marginally.

Corrections provided by the ATLAS Combined Performance groups are applied to ac-
count for differences between data and simulation in trigger, reconstruction, identification,
and isolation efficiencies of reconstructed objects.

Process Event generator and tune PDF set

ggF PoOwHEG [91-93] & PyTHIA 8 [95] with A14 [138] NNPDF2.3L0 [142]
VBF PowHEG & PYTHIA 8 with A14 NNPDF2.3L0

q@ — ZH POWHEG & PyYTHIA 8 with A14 NNPDF2.3L0

99 — ZH POWHEG & PyTHIA 8 with Al4 NNPDF2.3L0
WH POWHEG & PYTHIA 8 with Al4 NNPDF2.3L0

ttH POWHEG & PYTHIA 8 with Al4 NNPDF2.3L0

bbH POWHEG & PYTHIA 8 with A14 NNPDF2.3L0

Table 7.1: Signal MC samples used in this analysis for Higgs boson decays into a Z boson
and a photon (H — Z7), including the production mode, event generator, tune, and PDF
set.

Process Event generator and tune PDF set

Z — eey SHERPA 2.2.14 [90] NNPDF3.0NNLO [137]
Z — ppry SHERPA 2.2.14 NNPDF3.0nNNLO
Z(— ee) + jets PowHEG [91-93] & PyTHIA 8 [95] with AZNLO [126] CTEQ6L1 [127]
Z(— pp) +jets  PowHEG & PYTHIA 8 with AZNLO CTEQG6L1

Z(— eey)jj MADGRAPH [89] & PyTHIA 8 with Al14 [138] NNPDF2.3r0 [142]
Z(— py)jg MADGRAPH & PYTHIA 8 with A14 NNPDF2.3L0

1 SHERPA 2.2.16 NNPDF3.0NNLO
Uy SHERPA 2.2.16 NNPDF3.0nNNLO
lljjg SHERPA 2.2.16 NNPDF3.0NNLO
llvjyj SHERPA 2.2.16 NNPDF3.0NNLO
Z(—qq)Z(— 1) SHERPA2.2.14 NNPDF3.0NNLO
W(— qq)Z(—ll) SHERPA2.2.14 NNPDF3.0NNLO
tt PowHEG & PYTHIA 8 with A14 NNPDF2.3L0

tty MADGRAPH & PYTHIA 8 with A14 NNPDF2.3L0

Table 7.2: Background MC samples used in this analysis, including non-resonant Z~, Z+jets,
EW Z~vjj, diboson, and tf processes, together with the event generator, tune, and PDF set
used for each sample.
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7.3 Event selection and reconstruction

Events are required to pass the trigger requirements described in Section 7.2. Selected events
must contain at least one photon and two oppositely charged, same-flavour leptons (electrons
or muons). They are required to originate from the primary vertex of the event, defined as
the vertex with the highest sum of squared transverse momenta, Y. p3, of the associated
tracks.

Reconstructed electrons are required to satisfy the Loose likelihood identification criteria,
have pr > 10 GeV, and lie within || < 2.47, excluding the calorimeter transition region
1.37 < |n| < 1.52. Muons are required to satisfy the Medium identification criteria, have
pr > 5 GeV, and satisfy |n| < 2.5. Both electrons and muons must fulfil track-based
impact parameter requirements, with |Azgsinf| < 0.5 mm, ensuring compatibility with the
primary vertex. In addition, the transverse impact parameter significance is required to
satisfy |do|/oq, < 3 for electrons and |dy|/og4, < b for muons, which suppresses backgrounds
from non-prompt leptons.

Photon candidates are required to satisfy the Tight identification criteria, have pp >
10 GeV, and lie within |n| < 2.37, excluding the calorimeter transition region. This stringent
selection is motivated by the fact that misidentified photons constitute one of the dominant
background sources. All selected leptons and photons are required to satisfy the standard
ATLAS isolation criteria.

Jets are used to categorise events targeting the VBF production mode. They are recon-
structed from particle-flow objects using the anti-k; algorithm [118] with a radius parameter
R = 0.4. Jets are required to have pr > 25 GeV and rapidity |y| < 4.4. To suppress
pile-up contributions, jets with pr < 60 GeV are required to pass the jet-vertex tagger
criteria [163,164], applied to both central and forward jets.

To avoid double-counting of reconstructed objects, an overlap removal procedure is ap-
plied. Electrons within AR < 0.02 of a muon are removed. Photon candidates within AR <
0.3 of a selected lepton are discarded to suppress photons originating from bremsstrahlung?.
Finally, jets within AR < 0.2 of selected leptons or photons are removed.

The Z boson is reconstructed from a pair of oppositely charged, same-flavour leptons
compatible with the trigger. Offline pr thresholds exceeding the trigger requirements by
1-2 GeV are applied to ensure full trigger efficiency. In the muon channel, collinear photons
found within AR < 0.15 of a muon are added to the muon four-momentum to account
for final-state radiation, improving the dimuon invariant mass resolution. The dilepton
invariant mass must satisfy |mgy — mz| < 10 GeV, where mz = 91.2 GeV. If multiple
dilepton candidates are present, the pair with invariant mass closest to my is selected. A
kinematic fit is then applied to constrain the dilepton system to the known Z boson mass.

The reconstructed Z boson candidate is combined with the highest-pr photon in the
event to form the Higgs boson candidate. The invariant mass of the £{~v system is required

IBremsstrahlung radiation is emitted when a charged particle is accelerated or deflected by the elec-
tromagnetic field of another charged particle, leading to the emission of photons collinear with the parent
lepton.
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to lie in the range 115 < my., < 160 GeV, suppressing backgrounds from on-shell Z boson
production with final-state radiation photons. The photon transverse momentum is required
to satisfy p}./mee, > 0.09 to further suppress non-resonant Z~ background.

The overall reconstruction and selection efficiency for the H — Z(— ££)~ signal ranges
between 20% and 26%, depending on the Higgs boson production mode.

7.4 Event categorisation

The categorisation of events into distinct regions of phase space is used to maximise sensi-
tivity to the Higgs boson signal relative to the various backgrounds. A total of 13 mutually
exclusive categories are defined, based on lepton and jet multiplicities and on kinematic
properties of the reconstructed objects. Several of these categories are constructed using
XGBoost [165] BDTs trained to enhance the separation between signal and background
while minimising correlations with the my, invariant mass to avoid mass-sculpting effects.
The input variables used in the BDTs are described in Ref. [20].

Each category is designed to target one or more specific Higgs boson production modes,
although some degree of overlap between production modes is unavoidable. A schematic
overview of the event categorisation is shown in Fig. 7.2.

The first category, referred to as the Lepton category and shown in yellow, requires the
presence of more than three identified and isolated leptons in the event. This category is
primarily enriched in VH and ¢tH production processes (see Fig. 2.2¢ and Fig. 2.2d for
the corresponding Feynman diagrams). The dominant background contributions arise from
Z+jets, diboson processes, and non-resonant Z~ production.

Events with fewer than three leptons but containing at least two jets and a minimum
BDT score are assigned to the VBF category, shown in green. This category targets Higgs
boson production via vector-boson fusion (Fig. 2.2b). A dedicated BDT is used to sepa-
rate the VBF signal from non-resonant Zv and electroweak Z~jj backgrounds, as well as
to suppress contamination from ggF production. Based on the BDT output score, events
are further classified into a Tight (VBFT) and a Loose (VBFL) subcategory. Due to its
stringent selection criteria, this category provides the highest signal purity and the strongest
discrimination against background.

Events that do not satisfy the VBF category requirements are categorised according to
the relative transverse momentum of the photon. Events with pJ./my., > 0.4 are assigned to
the high relative-pr category (HRelpT), shown in pink, while the remaining events populate
the low relative-pr category (LRelpT), shown in orange. A high relative transverse momen-
tum of photons is indicative of a boosted Higgs boson topology, which is less common in
background processes.

The HRelpT category is divided into electron and muon channels. Within each channel, a
dedicated BDT is used to further separate events into Tight and Loose subcategories. These
categories are primarily sensitive to gluon—gluon fusion (ggF') production (Fig. 2.2a).

The remaining events, characterised by a low relative photon transverse momentum,
define the LRelpT category, which is also dominated by ggF production. As in the HRelpT
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Figure 7.2: Schematic overview of the event categorisation based on lepton and jet multi-
plicities, kinematic selections, and multivariate algorithms. The Lepton category is shown
in yellow. The VBF category, divided into Tight (VBFT) and Loose (VBFL) subcategories,
is shown in green. The high relative-pr region is shown in pink and is subdivided into four
categories according to lepton flavour and BDT score (Tight and Loose). The low relative-pr
region is shown in orange and is further subdivided into six categories by lepton flavour and
BDT score (Tight, Medium and Loose). Figure from Ref. [20].

case, events are split by lepton flavour, and a BDT is used to define Tight, Medium, and Loose
subcategories based on the BDT score. This category, particularly the loose subcategory,
contains the largest background contribution, mainly from Z+jets and non-resonant Z-~
processes.

Although each BDT is trained to enhance sensitivity to a specific production mode, some
signal mixing between categories persists. Figure 7.3 shows the signal MC population across
the different categories.

The BDT score thresholds are determined by scanning the expected signal significance
as a function of the score, where the significance quantifies the expected sensitivity to the
signal relative to the background. The threshold corresponding to the maximum expected
significance is therefore selected, providing an optimal balance between signal efficiency and
background rejection.
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Figure 7.3: Signal MC population in the different event categories. The panels correspond to
the categories shown in Fig. 7.2, while the horizontal axis shows the percentage contribution
of each Higgs boson production mode in a given category. The ggF process is shown in blue,
VBF in orange, VH in green and yellow for W and Z bosons respectively, ttH in purple,
and bbH in brown. Figure from the auxiliary material of Ref. [20].

Motivation for separate category treatment The benefit of treating categories inde-
pendently, rather than merging them into a single inclusive selection, can be understood
analytically.

Considering two statistically independent samples, each containing signal and background
events. Sample 1 is characterised by a signal yield S;, a background yield B;, and a total
event count N7 = S7 + By. Similarly, sample 2 is characterised by Ss, By, and Ny = S5+ B.

If the two samples are merged and analysed inclusively, the resulting sensitivity is given
by

S1+ 5
Zpooled e
VN1 + N

In contrast, when the samples are analysed separately and the sensitivities are combined
statistically, the total sensitivity becomes

S\ Sy \?2 S22 82
T =\ 22+ 72 = — =4/ L4+ 22, 7.2
VAT \/<W> (73) ~Yx T 2

The difference between the two approaches is defined as

(7.1)

AZ = Zoep — Znooled - (7.3)
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Since both Zs, and Zpo01eq are positive, the inequality AZ > 0 can be studied by squaring
both sides. After algebraic simplification, the difference can be written as

(SINZ - ‘5(2]\[1)2

AZ = .
NiNy(Ny + Ny)

(7.4)

The denominator consists exclusively of event counts and is therefore strictly positive.
The numerator is a perfect square and is thus non-negative. It follows immediately that
AZ > 0.

This result shows that a separate analysis yields a higher sensitivity than a pooled analysis
whenever the signal-to-total ratios S; /Ny and Sy /N, differ between the samples. By treating
categories independently, samples with higher signal purity receive a larger statistical weight,
whereas merging categories dilutes the contribution of cleaner samples relative to those with
a larger background fraction.

7.5 Signal and background modelling

Modelling the signal and background is a key step in setting expectations for the observed
data and in testing the signal hypothesis without introducing bias. In this analysis, the
signal and background components are modelled separately, with a relatively simple, well-
constrained description of the signal and a more flexible approach for the background to
account for its complex shape. The signal strength is extracted using an unbinned extended
maximum-likelihood fit to the my, distribution, which allows the full event-by-event infor-
mation to be used and reduces sensitivity to binning choices and statistical fluctuations.

For the signal modelling, the double-sided Crystal Ball (DSCB) function is used. It
consists of a Gaussian core with power-law tails on both sides, accounting for the detector
resolution and non-Gaussian effects. The shape of the DSCB is fixed from simulation in each
category after combining all signal samples. The mean is shifted by 90 MeV to account for
the measured Higgs boson mass of my = 125.09 GeV, while the simulation was generated at
125 GeV. In simulation, signal normalisation determines the expected signal yield, whereas in
data, it is the only free parameter that determines the observed signal yield. A contribution
up to 3.8% in some categories arises from H — pu decays. This contribution is modelled
using a separate DSCB template, with its normalisation fixed to the SM prediction.

The background modelling starts with a dedicated inclusive background template that
accounts for the main backgrounds, non-resonant Zv and Z-+jets. Its relative fraction is
determined using a two-dimensional sideband method, commonly referred to as the ABCD
method [166]. This approach exploits regions defined by loosening the nominal photon
identification and isolation requirements, comparing event yields in the different sidebands
to extract the Z~ purity in data under the nominal photon selection. The underlying as-
sumption is that in the sidebands, data is enriched in Z+jets events, and that the photon
identification and isolation variables are approximately uncorrelated. The number of Z~
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events in the signal region (region A) is

data data
NB M NC

VA data Z+jets data
NA - NA o NA — YA - Ndata ’
D

(7.5)

where B, C, and D are the sideband regions. The fraction of Zv is found to be 0.497505 in
Run 3, compared to 0.7800 in Run 2. This reduction in purity is due to several factors,
including increased pile-up, lowering the photon momentum in the event selection (from
15 GeV to 10 GeV), which allows more jets to fake photons, and the smaller SM ratio of Z~
to Z+jets at the Run 3 centre-of-mass energy.

The fraction is then extrapolated to the different categories and smoothed to reduce
statistical fluctuations by fitting it with a low-order polynomial or exponential-polynomial
function. The extrapolation relies on Z~ fast-simulation for the signal component and data-
driven Z+jets control samples for the background component. For the VBF categories,
a similar smoothing procedure is applied, after adding the EW Zvj5 background. The
diboson background contribution is included in the template of the Lepton category. Any
residual differences between the simulation template and the data outside the signal region
are accounted for by scaling the simulation accordingly.

The spurious signal (SS) study quantifies the extent to which a chosen background model
can induce an artificial signal peak in the signal region when fitted to a background-only
sample. Multiple analytic functions are tested to model the background. For each category,
the template is selected by identifying the functions that introduce the least bias. A function
is considered acceptable if the |SS| is sufficiently small compared to the expected signal
uncertainty and if the probability of the background-only fit exceeds 1%. If multiple functions
satisfy these criteria, the one with the fewest free parameters is chosen. If none pass, the fit
range is narrowed down until this criterion is fulfilled, with a minimum window of 35 GeV.
To account for uncertainties in the relative fractions of the two background components (Z~
and Z + jets), these fractions are varied up and down within their uncertainties to build
alternative templates. The spurious signal study is repeated for each variation, and the
maximum |SS| observed across all templates is assigned as the systematic uncertainty of
the background model. Finally, the background parameters are left free and are extracted
directly from a fit to the invariant mass distribution in data.

Once the fits are defined, the sensitivity of the different categories is estimated. Table 7.3
summarises the resulting sensitivities together with the intermediate quantities entering their
calculation. For each category, the mass window containing 68% of the expected signal, wgg,
is first determined. Within this window, the expected signal (Sgg") and background (Bgs")
yields are extracted from a fit to the Asimov dataset [167]. The sensitivity is then computed
using these quantities.

As expected, categories with a high signal-to-background ratio yield the largest sensi-
tivities. In particular, the most sensitive category is VBFT, followed by LRelp T-puM. The
inclusive sensitivity is obtained by combining the individual categories statistically. This
combined result shows a clear improvement compared to a fully inclusive approach without
categorisation, for which the expected sensitivity would be around 0.78.
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Category wes [GeV] Ses” Beg? Nes  SeaP/\/Sea¥ + B’
Lepton 4.4 1.5+1.1 75.4 £ 2.8 70 0.17
VBFT 3.8 1.5+1.1 1.3+ 04 3 0.92
VBFL 4.0 2.8+2.0 272 £ 18 18 0.52
HRelpT-eeT 3.2 1.2£0.8 6.6 £0.9 9 0.43
HRelpT-eel. 4.0 29x21 53.9 £ 1.8 61 0.39
HRelpT-puT 3.9 24+1.7 203 £ 1.7 25 0.51
HRelpT-ppL 4.1 24+1.7 56.5 £ 1.7 61 0.32
LRelpT-eeT 3.8 8.9+6.2 231 £ 6 240 0.57
LRelpT-eeM 4.1 29 £ 20 2562 £ 19 2587 0.56
LRelpT-eeL 4.5 24+ 17 13122 £ 50 13074 0.21
LRelpT-ppuT 3.9 49+34 95 + 4 107 0.49
LRelpT-ppuM 4.1 34 £24 2527 £ 19 2583 0.67
LRelpT-puL 4.4 36 £ 25 16844 £ 40 16 642 0.28
Inclusive 4.0 150 £ 110 35625 £ 70 35480 1.81

Table 7.3: Expected sensitivity of the individual event categories and of the inclusive case,
computed as Sgg" /\/Ses. + Bgs' - The expected signal events (Sgg") and background events
(Bgg") obtained from an MC Asimov dataset within a mass window of width wgg, defined
to contain 68% of the signal. The number of observed events in the data for the same
window, Ngg, is also reported. The uncertainty on the signal yield reflects the impact of
the signal strength modifier u, while the background uncertainty accounts for the statistical
uncertainty from the fit. For the inclusive case, the sensitivity is obtained by combining the
individual category sensitivities in quadrature. Table adapted from Ref. [20].
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7.6 Statistical and systematic uncertainties

The measurement is affected by both statistical and systematic uncertainties, which affect
signal extraction and ultimately determine the analysis’s sensitivity.

Table 7.4 summarises the different sources of uncertainty affecting the signal strength for
both the expected and observed results, ordered from the largest to the smallest contribution
in the expected case. The expected uncertainties reported in this section are evaluated using
an Asimov dataset constructed under the SM signal and background assumptions. The
Asimov dataset corresponds to the median experimental outcome in the absence of statistical
fluctuations.

The dominant source of uncertainty arises from statistical effects, with an expected (ob-
served) uncertainty of 0.68 (0.65). Systematic uncertainties are evaluated by varying each
nuisance parameter by +1o from its nominal value and propagating the effect to the final
measurement. The total systematic uncertainty is found to be less than one-third of the
statistical uncertainty, totalling 0.16 and 0.17 for the expected and observed cases, respec-
tively. The largest systematic contribution originates from the spurious signal associated
with the background modelling being 0.11, followed by theoretical modelling uncertainties.
Uncertainties in the electron, muon, and photon energy scale and resolution are found to be
below 0.2.

Uncertainty source Fxpocte dAM Obsorved
Statistical uncertainty 0.68 0.65
Systematic uncertainty 0.16 0.17
Spurious signal (background modelling) 0.11 0.11
QCD scale, PDF+ag, parton shower 0.09 0.06
Branching ratio (H — Z7) 0.05 0.05
Luminosity 0.03 0.03
Photon efficiency 0.02 0.03
Jet 0.02 0.07
Electron and photon energy scale and resolution 0.02 0.06
Electron efficiency 0.02 0.02
Muon < 0.01 0.02
Trigger < 0.01 0.02
Total 0.70 0.67

Table 7.4: Symmetrised impact of the individual sources of statistical and systematic uncer-
tainty on the expected and observed signal strengths, ordered by decreasing impact in the
expected case. Table from Ref. [20].
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7.7 Results

The results are obtained from a simultaneous unbinned maximum-likelihood fit performed
across all analysis categories. The likelihood function includes the signal strength as the
parameter of interest, along with nuisance parameters constrained by auxiliary measurements
from control regions. These nuisance parameters model the systematic uncertainties affecting
both the normalisation and the shape of the signal and background distributions.

The partial Run 3 analysis is first performed independently and then combined with
the previous ATLAS search for the H — Zv decay conducted using Run 2 data [160].
The combination accounts for which sources of systematic uncertainty are correlated or
uncorrelated between the two datasets. However, the impact of these correlations on the
final results is negligible, as the total uncertainty is dominated by statistical contributions.

Figure 7.4 shows the distribution of the three-body invariant mass mg, where each event
is weighted by In(1+ Sgs/Bgs) according to its category. The weighted distributions are then
summed to form an inclusive spectrum. The partial Run 3 results (left) are compared to the
combined Run 2 and Run 3 results (right), where an increased deviation of the data from
the background-only fit is observed in the signal region. The complete analysis procedure is
applied as well to an Asimov dataset to derive the expected signal strength, uncertainties,
and significance, which are then compared with the observed results from data.

Figure 7.5 presents the expected and observed profile likelihood scans of the signal
strength for Run 2, partial Run 3, and their combination. The combined likelihood is
obtained as the product of the individual likelihood functions. The minimum of the profile
likelihood corresponds to the best-fit value of the signal strength, while the total uncer-
tainty is determined by the points where —2In A = 1, allowing for asymmetric uncertainties
by construction. The statistical significance of the observed excess with respect to the
background-only hypothesis (u = 0) is evaluated as Z = y/—21In Ay.

For the partial Run 3 dataset, the observed signal strength is piops = O.9f8:g, , while
the expected signal strength is fiexp, = 1.0 £ 0.7. These results are consistent with the
SM expectation. The individual signal strength measurements are also consistent with the
global signal strength, yielding a p-value of 0.37. The significance of the excess above the
background-only hypothesis is 1.4 for the observed result and 1.50 for the expected result?.
Compared to Run 2, the expected significance improves by 28%, driven by improved event
selection and categorisation, a higher signal-to-background ratio at the Run 3 centre-of-mass
energy, and an increased dataset size.

When combining the Run 2 and Run 3 results, the expected combined signal strength is
Hexp = 1.3t8;§, while the observed combined signal strength is piops = 1.0’:8:2. The observed
significance of the excess above the background-only hypothesis is 2.50, compared to an
expected significance of 1.90. The Run 2 and Run 3 measurements are mutually compatible,
with a corresponding p-value of 0.33.

2A discovery claim requires a significance of at least 50.
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Figure 7.4: Invariant mass of the three-body system /iy in data, weighted by In(1+ Sgs/ Bss)
based on the signal and background yield in each category, for (a) partial Run 3 and (b)
the combination of Run 2 and partial Run 3. The black points represent the data with
statistical uncertainty. The solid blue curve shows the signal-plus-background fit, while the
dashed grey curve represents the background-only model. The bottom panel displays the
residual between the data and the background model, with the signal fit indicated by a solid
red line. Figure from Ref. [20].
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Figure 7.5: Profiled likelihood scan of the Higgs signal strength for (a) expected and (b)
observed results. The dashed blue line corresponds to the Run 3 dataset, the dashed red line
shows the previous Run 2 analysis, and the solid black line represents the combined dataset.
Dashed grey lines indicate the 1o and 20 confidence thresholds. Figure from Ref. [20].

7.8 Conclusions

In this analysis, a search for the SM Higgs boson decaying to the [l final state is performed
using partial Run 3 data from pp collisions at /s = 13.6 TeV, collected during the 2022-2024
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data-taking period and corresponding to an integrated luminosity of 165 fb~1. The results
are obtained using an unbinned maximum-likelihood fit and are subsequently combined
with the Run 2 ATLAS results, yielding the most stringent sensitivity to date, with an
observed (expected) signal strength of pieyp = 1.370% (tops = 1.0752). The individual and
combined measurements are mutually consistent and in agreement with the Standard Model
expectation within uncertainties.

Compared to the Run 2 analysis, the expected significance improves by 61% in the
combined result. This gain is driven by the enhanced event selection and categorisation, the
increased centre-of-mass energy of Run 3, and the larger integrated luminosity. Nevertheless,
the measurement remains statistically limited.

Several strategies to further improve the sensitivity are currently under investigation. In
particular, optimised event selection and background discrimination techniques are expected
to provide the largest gains. Approaches that exploit correlations among multidimensional
observables offer significant potential to enhance the signal-to-background ratio. This mo-
tivates the exploration of ML-based event selection strategies, which are investigated in the
following chapter.
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Chapter 8

Enhancing H — Z~ sensitivity via
machine learning 7 selection

8.1 Introduction

The results presented in the previous chapter, hereafter referred to as the nominal analysis,
show a significant improvement in analysis sensitivity compared to earlier studies. Never-
theless, the observed signal significance of 2.50 remains far from the discovery threshold.
This limitation is driven primarily by statistical uncertainties. While increased integrated
luminosity will naturally improve sensitivity, further gains can be achieved by identifying
and addressing weaknesses in the current event selection to enhance signal acceptance. Ad-
ditional improvements could also arise from the inclusion of alternative final states, such as
hadronic decays of the Z boson or the invisible decay into neutrinos.

An inspection of the event-selection cutflow summarised in Table 8.1 reveals that the
trigger, lepton selection, and photon selection steps exhibit the lowest relative efficiencies,
all below 90%. Trigger optimisation studies are beyond the scope of this thesis, although
improvements in this area would be highly relevant. The lepton and photon selections, on
the other hand, could in principle be optimised using similar strategies to improve their
efficiencies.

Any modification to the object selection beyond the recommended working points requires
deriving new efficiency scale factors to correct for differences between simulation and data.
For leptons, this procedure is commonly and robustly performed using the reconstructed
Z boson mass peak in data, making such an approach experimentally well controlled. In
contrast, determining photon efficiency scale factors is more challenging, as photons do
not originate from the decay of a narrow on-shell resonance, making data-driven efficiency
measurements more subtle. Improvements to the photon selection are therefore left for future
work.

The focus of the novel work presented in this chapter is the improvement of the lepton se-
lection using machine-learning (ML) algorithms to increase the acceptance of Z boson signal
events. The training procedure, model implementation, and the resulting ML-based event
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Selection cut Rel. Efficiency Total Efficiency
Event Quality 100 100
Triggers 60.3 60.3
Two leptons 83.7 50.5
Lepton PID 79.4 40.1
Lepton ISO 94.1 37.7
Overlap Removal 99.7 37.6
llg_ size>0 99.0 37.2
214y 76.3 28.4
Trigger match 99.7 28.3
Photon Overlap Removal 95.2 27.0
e 98.5 24.2
Photon PID 83.1 20.1
Photon ISO 88.6 17.8
miy 99.1 17.7

Table 8.1: Cutflow of the nominal H — Z~ selection for a simulated VBF signal sample,
showing the relative efficiency with respect to the previous cut and the total efficiency.

selection are described, together with preliminary results of the improved Z selection and its
impact on subsequent analysis steps, including event categorisation, modelling, systematic
uncertainties, and expected significance.

However, a complete reproduction of the analysis using the selection presented below
was not possible due to time constraints. Although the methodology described here was not
directly implemented in the nominal analysis, it informed and helped motivate some analysis
choices. This study is ongoing and is intended to be incorporated into future iterations of
the analysis using the full Run 3 dataset.

8.2 Training and framework

To improve the selection steps in the cutflow, the hard-cut-based approach of the nominal
analysis is replaced with ML models, which can be optimised to maximise the expected Z
signal significance.

The samples we use for the Z boson models are the same Z-+jets and ¢t background
samples listed in Table 7.2. These samples are exploited to construct training targets corre-
sponding to identified and non-identified leptons, isolated and non-isolated leptons, as well
as genuine Z boson decays and combinatorial or fake Z candidates.

The training strategy is divided into two stages. In the first stage, we train single lepton
models to assess lepton identification and isolation performance independently. In the second
stage, we train a dedicated Z boson model using the outputs of the single lepton models
as inputs, together with additional kinematic information, to evaluate the likelihood that a
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given lepton pair originates from a Z boson decay.

8.2.1 Single lepton models

Identification (PID) and isolation (ISO) models are constructed separately for electrons and
muons. For electrons, we use the output score from an already-trained deep neural network
available in the DAOD instead of training a new PID model.

The input variables correspond to standard PID- or ISO-related observables, and the
target is defined using the lepton TruthType. The features used in the mu_PID model include
variables such as pseudorapidity, energyLoss, CaloMuonScore, CaloMuonIDTag, as well
as quantities related to the number of hits and holes in the associated tracks. The ISO
models use variables such as topoEtCone, ptvarcone, ptcone, neflowisol, and pile-up
observables. The latter is included to provide the model with information about the event
environment, allowing it to account for the increased activity expected in bunch crossings
with a high number of simultaneous pp interactions. Good agreement between data and
simulation is observed for all training variables, indicating that the MC samples provide an
adequate description of the data.

We train the lep_PID and lep_ISO0 models using the XGBoost framework [165], with
1000 boosting trees, a binary cross-entropy loss, and accuracy for evaluation. Four-fold
cross-validation is employed to ensure sufficient statistical power and robustness for the
subsequent meta-models.

Model performance is assessed using receiver operating characteristic (ROC) curves and
accuracy metrics. Feature importance scores are used to identify the most relevant inputs
and to assess whether any variables can be removed in order to reduce the model complexity.
All models demonstrate strong performance in their respective tasks, achieving accuracies
consistently above 0.95.

A detailed definition of TruthType, along with the distributions of the input variables,
the feature importance rankings, and the ROC curves, is provided in Appendix C.1.1.

8.2.2 7 boson models

Once individual leptons are assigned lep_ PID and lep_ISO scores, we pass these quantities
to the Z_ID model together with the relative longitudinal impact parameter significance of
the two leptons, Azy/Aoc,,. We train separate Z_ID models for electrons and muons to
account for the different background contributions affecting each lepton type.

The Z label is constructed from same-flavour lepton pairs originating from a Z boson,
as defined using the TruthOrigin information. Most background events used for training
originate from ¢t samples, while the signal is dominated by well-reconstructed Z bosons from
Z+jets samples.

We intentionally restrict the set of input variables to prevent the explicit reconstruction
of the Z boson invariant mass. This choice ensures that selections based on the Z_ID score
do not introduce sculpting effects in the dilepton invariant mass distribution.
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The Z_ID models use the same framework, architecture, and initial loss function as the
single lepton models. Corresponding validation plots are provided in Appendix C.1.2. The
model outputs a probability that a dilepton pair originates from a Z boson, which we trans-
form into a logit score to enhance discrimination in the tails of the distribution. This logit
score is used throughout the analysis for selection and optimisation studies and is defined as

. x
logit(x) = In (1 — x) . (8.1)

To determine the optimal working point of the Z_ID score, the expected statistical sig-
nificance is evaluated as a function of the score threshold. Since our goal is to recover signal
events that fail the nominal lepton selection, we apply the ML-based requirement only to
events that do not pass the nominal selection. In the limiting case of a maximally restrictive
ML requirement, no additional events are recovered beyond the nominal selection. As the
ML score threshold is progressively relaxed, the ML-based approach accepts more events,
enhancing signal acceptance while also introducing additional background.

Because the MC samples do not perfectly model the Z_ID score distribution in data
(mainly due to missing specific backgrounds), we adopt a data-driven procedure to optimise
the score threshold. We select dilepton pairs in data and study the invariant mass distribution
for different values of the Z_ID logit score. Figure 8.1a shows the resulting logit distribution.

For each score value, we perform a two-step fitting procedure. First, we fit the background
component using an exponential of a quadratic , with the Z boson mass window blinded.
Subsequently, the Z boson peak is modelled using a double-sided Crystal Ball function, while
a fraction of the background contribution is assumed to survive the background subtraction.

From this procedure, we extract the number of Z signal (Ng,) and background (Npyg)
for each threshold and compute the corresponding significance as

Nsig
/Naig + Nogg

Figure 8.1b shows the resulting Z boson significance as a function of the Z_ID logit score.
At high score values, the significance approaches that of the nominal selection, while the
maximum significance is observed at logit(Z_ID)= 0.3.

To visualise the impact of the ML-based selection, we also present a ROC-like curve in
Fig. 8.2, where we normalise the signal and background yields to the nominal selection. The
horizontal axis shows the relative background contribution, while the vertical axis shows
the relative signal yield above the nominal. From this figure, we see that the signal yield
saturates at roughly 20% improvement, with the maximal significance corresponding to an
approximately 50% increase in the Z background.

Z = (8.2)
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Figure 8.1: Illustration of the Z boson significance procedure using a subset of 2022 data.
(a) Distribution of the Z_ID logit score for dilepton pairs, scanned to determine the optimal
ML selection. (b) Resulting significance of the Z signal as a function of the score threshold,
obtained by fitting the background and signal components. The nominal selection is indi-
cated with a dashed blue line, the ML-augmented selection with a solid red line, and the
score corresponding to maximum significance is marked with a black star.

8.3 Additional machine learning event selection

8.3.1 Implementation

We extend the H2Zy analysis framework [168] for this study in a dedicated development
branch, dev2_nbi [169]. Two main modifications are required. First, additional information
is retrieved from the DAOD events and propagated to the analysis ntuples to provide the nec-
essary input features for the ML algorithms. Second, the ML inference itself is implemented
using the ONNX framework [170]. As a consequence, the event selection cutflow is slightly
modified to incorporate decisions based on the ML output.

The updated ntuple production follows the standard cutflow up to the lepton selection
stage. For events failing the nominal lepton identification or isolation requirements, dedicated
ML algorithms are used to compute lepton identification (lep_PID) and isolation (lep_ISO)
scores. These scores are then combined to form dilepton candidates, which are evaluated by
an additional ML classifier trained to identify Z boson decays (Z_ID).

Figure 8.3 shows the full cutflow for a representative subset of a VBF signal sample. The
definition of each cutflow step is given in Appendix C.2. The red contribution illustrates
the additional selection step, in which the standard lepton identification and isolation re-
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Figure 8.2: Data ROC curve for the ML-augmented Z selection. The number of signal and
background events is normalised to the nominal selection, corresponding to the point (1, 1)
shown in blue, while adding the ML selection for different score thresholds is shown with red
crosses. The point of maximum significance is highlighted with a black star. A zoom-in is
provided in the lower-right panel.

quirements are effectively replaced by ML-based selection for events that fail the nominal
criteria. After the nominal lepton or the ML-based selection, the event proceeds through the
remainder of the nominal analysis selection; as a result, a larger number of events survive
the full cutflow, but not all that fulfil the ML cut. Events are stored and labelled according
to whether they pass the nominal selection or the ML-based selection, enabling a direct
comparison between the two approaches. Extra leptons stored in the event must fulfil the
nominal identification and isolation criteria to be considered as possibly originating from
V' H production.

In summary, the ML-based lepton and Z boson selection provides a controlled way to
recover signal events failing the nominal selection, while preserving the dilepton mass shape
and enabling the data-driven scale factor procedure described in Section 8.7.

8.3.2 Z selection results

To assess the impact of the ML-based lepton selection, we examine its effect on the recon-
struction of the Z boson. The Z boson exhibits a distinctive and narrow resonance at a mass
of 91.2 GeV, making it an ideal reference object for this comparison. Figure 8.4a shows the
dilepton invariant mass distribution in a combined MC sample, comparing the true Z signal,
the nominal selection, and the selection obtained after applying the ML-based approach.
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Figure 8.3: Cutflow of the different selection steps for a VBF signal sample. The nominal
selection is shown in blue, indicating the number of events surviving each sequential step. The
additional events selected by the Z_ID model are shown in red; this contribution corresponds
to the step represented by the wide bin encompassing cuts 10 to 13.

We observe that the Z_ID model increases the signal selection efficiency from approx-
imately 80% in the nominal selection to about 97%. The ratio panel shows a uniform
improvement across the mass spectrum, demonstrating that our ML-based selection does
not introduce any sculpting effects around the Z boson mass peak.

This improvement is even more evident when considering the events failing the selection
shown in Fig. 8.4b, which should represent the background (in this case mainly ¢¢ events).
While the nominal selection leaves a pronounced peak around the Z boson mass in the back-
ground distribution, the Z_ID model correctly recovers this contribution as signal, effectively
reducing the residual Z-like structure in the background.

By looking at 2022 data in Fig. 8.5, we see that the ML-based selection improves the
signal yield by approximately 20% compared to the nominal selection, while preserving the
MC shape of the dilepton mass distribution and maintaining background rejection.

8.4 Impact on event categorisation
The event categorisation follows the same strategy described in Section 7.4 and is left un-

changed in this study. However, since the ML-based lepton selection alters the composition
of the selected event sample and may populate regions of phase space previously suppressed,
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Figure 8.4: Dilepton invariant mass distribution for (a) signal selection and (b) background
selection in a combined MC dataset of Z+jets, tt, and dilepton samples. The solid black
histogram shows the true Z signal and background, the dashed blue histogram corresponds to
the nominal selection, and the dotted red histogram corresponds to the ML-based selection.
The lower panel shows the ratio with respect to the truth.

the efficiency of the existing categorisation BDTs is not guaranteed to remain optimal.

We apply the nominal categorisation to the events selected by the ML-based approach
to evaluate the impact of the new selection on the category populations. The ML selection
targets exclusively the reconstruction of the Z boson, while all subsequent steps in the
cutflow remain unchanged. As a consequence, we do not expect an increase in the number
of backgrounds associated with photon reconstruction.

For processes with a genuine Z boson in the final state, including the Higgs signal and
irreducible Z containing backgrounds, the ML-based selection is expected to increase the
yield with comparable efficiency. Figure 8.6 shows the fraction yield of different signal
samples per category. We observed proportions comparable to the nominal selection from
Fig 7.3, showcasing a general and stable improvement in Z selection for the Higgs signal.

However, because the nominal selection already achieves a very high Z purity, any ad-
ditional contribution from non-Z processes, even if small in absolute terms, represents a
significant relative increase and must be carefully evaluated.

From the nominal analysis, diboson processes were found to contribute predominantly to
the Lepton category, electroweak Z~jj events mainly populated the VBF' categories, and the
contribution from ¢ processes was negligible. In this study, particular attention is therefore
given to assessing whether the ML-based selection leads to a non-negligible increase in non-Z
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Figure 8.5: Dilepton invariant mass distribution for (a) signal selection and (b) background
selection in a data 2022 sample. The dashed blue histogram corresponds to the nominal
selection, and the dotted red histogram corresponds to the ML-based selection. The lower
panel shows the ratio of the ML selection over the nominal.

backgrounds, specifically from diboson and tt processes, and how this propagates through
the existing categorisation.

Figures 8.7 and 8.8 show the invariant mass distribution of the [l system in MC for
both signal (in purple) and background. The ratio panel highlights the improvement over
the nominal Z selection. The LRelpT-eeM and LRelpT-eeL categories exhibit the largest
statistical gains, at around 20%. The remaining categories show improvements of 10%-20%,
with the Lepton category showing the smallest increase.

8.5 Signal and background modelling

As for the event categorisation, the signal and background modelling strategy follows that
of the nominal analysis in terms of functional forms and parametrisation. In the nomi-
nal analysis, an unbinned maximum-likelihood fit is employed, which is optimal given the
limited statistics in some categories. However, due to the limited scope of this study, the
fits presented here are instead performed using a binned y? minimisation. No changes to
the underlying signal or background models are introduced, and no data-driven corrections
or scaling to match data are applied. This approach allows us to isolate the effect of the
ML-based selection on the MC distributions.

The signal is modelled independently in each category using a double-sided Crystal Ball
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Figure 8.6: Signal population in the different event categories for the ML selection for the
2022 MC sample. The panels correspond to the different categories, while the horizontal
axis shows the fraction of signal yield contribution of each Higgs boson production mode in
a given category. The ggF process is shown in blue, VBF in orange, VH in green and yellow
for W and Z bosons respectively, ttH in purple, and bbH in brown.

(DSCB) function. Figure 8.9 shows the invariant mass distribution and corresponding fit
for the inclusive signal samples. The signal shapes observed after the ML-based selection
are very similar to those obtained with the nominal selection, with the primary effect being
a change in normalisation rather than in shape. The fit demonstrates proper agreement
with the simulated distribution for this study, and the ratio between the distribution and
the fitted model remains close to unity across the full mass range. This indicates that the
ML-based lepton selection does not distort the signal mass shape and that the nominal signal
modelling remains valid.

The signal fits for each category are shown in Appendix C.3. In all categories, the
fitted models provide a good description of the corresponding mass distributions. Categories
characterised by a boosted Higgs boson topology, such as VBFT and HRelpT, exhibit a
narrower mass resolution, quantified by a smaller Crystal Ball width ocg, compared to the
other categories. This behaviour is expected, as higher-momentum particles are generally
reconstructed and calibrated with better precision®.

For the background, we do not perform a category-by-category optimisation of the func-
tional forms. Instead, we adopt the functions determined in the nominal analysis, as reported

LAt very high muon momenta, the resolution can degrade, since the momentum measurement relies
predominantly on track curvature, which becomes increasingly small for high-energy muons.
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Figure 8.7: Invariant mass distributions of nominal plus ML selected MC signal and back-
ground for the Lepton, VBF and HRelpT categories. The lower panel shows the bin-by-bin
ratio to the only nominal selection, combining the individual backgrounds into a single back-
ground.

in the auxiliary material of Ref. [20], but using a uniform fit window of [115,160] GeV for

all categories.
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Figure 8.8: Invariant mass distributions of nominal plus ML selected MC signal and back-
ground for the LRelpT categories. The lower panel shows the bin-by-bin ratio to the only
nominal selection, combining the individual backgrounds into a single background.

fourth-order exponential polynomials, and fourth- and fifth-order Bernstein polynomials.

Figure 8.10 shows the weighted event distributions for the Lepton, VBFT, and VBFL
categories after applying the nominal plus ML selection, together with the fit probability.
The Z+jets sample exhibits sizeable statistical fluctuations across all three categories. In
the Lepton category, the diboson background is significant, but Z-+jets and non-resonant
Z~ remain the dominant contributions. The t¢ background is small but present throughout
the spectrum. In the VBFT category, the background is minimal and dominated by EW
Zvjj, although statistical fluctuations in the Z+jets sample produce visible contributions in
some bins. The non-resonant Z~ background contributes significantly near the Higgs mass.
For the VBFL category, the EW Z~vj7, non-resonant Z~, and Z+jets backgrounds provide
comparable contributions, with small ¢ contributions in a few bins.

Figure 8.11 shows the invariant mass distributions and fits for the HRelp T categories, with
the electron and muon channels separated, and each further divided into Tight and Loose
subcategories. Comparing the Tight selections among them, as well as the Loose selections,
we observe that they follow a similar overall trend, with the HRelpT-pupu T category exhibiting
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Figure 8.9: Invariant mass distribution of the ¢+ system for the inclusive 2022 signal MC
sample, shown in purple. The distribution is fitted with a double-sided Crystal Ball func-
tion, shown in red, with the best-fit parameters, x? value, and corresponding fit probability
reported in the inset. The lower panel shows the bin-by-bin ratio of the distribution to the
fit.

a higher yield than its electron counterpart. The dominant background contribution is from
non-resonant Z~, while Z4jets are more prominent in the Loose categories and appear
reduced but sharply peaked in the Tight categories. The tf background remains small but
is present throughout the spectrum.

Figure 8.12 shows the invariant mass distributions and fits for the LRelpT categories,
with the electron and muon channels separated and each further divided into Tight, Medium,
and Loose subcategories. These categories contain the largest number of background events
passing our selection. We observe that the two Tight have quite different shapes, while
Medium and Loose selections resemble each other. The dominant backgrounds are non-
resonant Z+ and Z+jets, which contribute at roughly the same magnitude, consistent with
the results obtained using the nominal data-driven method to estimate the purity and relative
fractions of these two backgrounds.

8.6 Projections on sensitivity

From these fits, we determine the mass window containing 68% of the expected signal in
each category, wgg, together with the corresponding expected signal yield Sgg within this
window. Using the same window, we evaluate the expected background yield Bgg for each
category. We obtain the signal uncertainties by propagating the fitted model parameter
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Figure 8.11: Invariant mass distributions of nominal plus ML selected MC background for
the (a) HRelpT-eeT, (b) HRelpT-eeL, (c) HRelpT-uuT, and (d) HRelpT-ppulL categories.
The distributions are fitted with the best-fit second- and third-order exponential polynomial
functions shown in red. The fit function and the fit probability are reported in the inset.
The lower panel displays the bin-by-bin ratio of the distribution to the fit.

uncertainties through pseudo-experiments, ensuring they reflect the statistical component of
the fit. Background uncertainties are determined either from the propagation of the fitted
background model parameter uncertainties through the integral over the signal region, or
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Figure 8.12: Invariant mass distributions of nominal plus ML selected MC background
for the LRelpT categories, with electron and muon channels each divided into Tight (T),
Medium (M), and Loose (L) subcategories. The distributions are fitted with the best-fit
third- and fourth-order exponential polynomials and fourth- and fifth-order Bernstein poly-
nomials, shown in red. The fit function and the fit probability are reported in the inset. The
lower panel shows the bin-by-bin ratio of the distribution to the fit.

via bootstrap resampling when the fit covariance matrix is ill-conditioned.

We then compute the sensitivity from these quantities according to Eq. 8.2. Since the
categories are mutually exclusive, we obtain the inclusive sensitivity by combining the indi-
vidual category sensitivities in quadrature.

Table 8.2 shows the sensitivities obtained by applying the ML-based selection on top of
the nominal selection, after projecting the 2022 MC distributions to an integrated luminosity
of 165 fb~!. This projection enables a direct comparison with the nominal sensitivity reported
in Table 7.3 for the partial Run 3 dataset. Appendix C.4 provides the sensitivities derived
directly from the 2022 MC samples only.

Although the VBFT category loses some of its previous significance, it remains the most
sensitive category under the new selection. The small improvements observed across most
other categories combine to yield an inclusive expected sensitivity of 2.01. These results,
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while promising, are based on 2022 MC data only and should be interpreted with caution,
as statistical fluctuations remain significant due to the limited sample size.

Category wes [GeV] Ses. Bgs" Ses"/\/Ses” + Bes"
Lepton 3.93 1.57 + 0.03 37 + 2 0.25
VBFT 3.64 1.80 £ 0.06 2.26 £ 0.11 0.89
VBFL 3.68 3.14 £ 0.10 19.2 £ 0.9 0.66
HRelpT-eeT 3.02 1.26 £ 0.07 3.4 £+ 27 0.58
HRelpT-eeLL 3.51 3.15 £ 0.12 43 + 2 0.46
HRelpT-puT 3.55 2.51 £ 0.11 11+3 0.69
HRelpT-pplL 3.68 2.55 £ 0.08 56 £ 8 0.33
LRelpT-eeT 3.67 10.7 £ 0.3 4319 + 16 0.59
LRelpT-eeM 3.88 35.5 £ 0.7 3517 &+ 56 0.59
LRelpT-eeL 4.37 30.5 £ 1.1 17390 + 154 0.23
LRelpT-puT 3.70 5.23 £ 0.16 87 £ 16 0.55
LRelpT-puM 3.87 37.1 £0.5 3059 + 34 0.67
LRelpT-ppul 4.10 40.6 £+ 0.6 19426 + 215 0.29
Inclusive 4.01 176.5 £ 1.2 43971 £+ 509 2.01

Table 8.2: Expected sensitivity projection from 2022 MC to an integrated luminosity of
165 th~! after ML Z selection. The expected signal events (Sgs") and background events
(Bgg") are obtained by integrating with the fit in a mass window of width wgs, defined to
contain 68% of the signal. The signal uncertainties represent the statistical uncertainty on the
yield in the signal region, obtained by propagating the fitted model parameter uncertainties
via pseudo-experiments. The background uncertainties represent the uncertainty on the
estimated background yield in the signal region from the fitted background model. For the
inclusive case, the sensitivity is obtained by combining the individual category sensitivities
in quadrature.

8.7 Projections on signal strength uncertainties

The uncertainty in the signal strength is derived from a profile likelihood scan of the Higgs
signal strength parameter. Systematic uncertainties are evaluated by varying each nuisance
parameter by +1¢ with respect to its nominal value and propagating the resulting variations
to the fitted signal strength. The statistical uncertainty is then obtained from the total
uncertainty, defined by the points where the profile likelihood crosses the 1o threshold, after
subtracting the total systematic uncertainty in quadrature.

Due to the limited scope of this study, we do not perform a full re-evaluation of all
systematic uncertainties or their propagation through the analysis. For the ML-based lepton
selection, we expect changes in the statistical uncertainty, while modifications to the electron-
and muon-related systematic uncertainties may also arise.
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This section outlines the proposed methodology for deriving scale factors and assess-
ing the energy scale, resolution, and efficiency associated with ML-based lepton selection.
Based on this procedure, we present qualitative projections to illustrate the potential impact
of the new selection on the overall uncertainty, with particular emphasis on the expected
improvement in the statistical component.

In general, electron and muon calibration and efficiency corrections are obtained by re-
constructing leptonic Z boson decays using a tag-and-probe method, which allows the lepton
reconstruction, identification, and calibration efficiencies to be measured independently for
each lepton [108-110].

We could use a similar strategy for the ML-based selection by comparing the recon-
structed Z boson mass peak in simulation and data for both the nominal working point and
the ML approach. We first measure the efficiency of the nominal selection in simulation
using truth-matched Z boson decays. We then obtain the corresponding efficiencies in data
by applying the nominal scale factors provided by the CP groups.

For the ML-based selection, efficiencies can be evaluated analogously in simulation and
data. By comparing yields obtained with the nominal and ML selections, we can derive a
global scale factor for the ML-based lepton selection. This approach relies on nominal cali-
bration and scale factors as inputs and would likely require assigning additional systematic
uncertainties to account for the modified selection.

A full calibration of the ML-based lepton selection could be performed in a dedicated fu-
ture study. The precision of such a calibration could improve the standard one by developing
a dedicated Z boson tagger, enabling calibration at the dilepton level rather than through
the deconvolution of individual leptons.

Table 8.3 shows the expected uncertainty on the signal strength reported for the nominal
Run 3. We have added a column which shows the projection and the strength of improving
statistics by the ML Z selection. The electron and muon efficiencies have been updated to
reflect the new selection. For this study, a conservative inflation factor of three is applied to
these uncertainties. All other systematic uncertainties remain unchanged.

To estimate the projected improvement in the statistical uncertainty on the signal strength,
we consider an approximate relation between the signal strength uncertainty and the ex-
pected statistical significance: Ap o< 1/Z, where Z is the significance of the process.

The signal strength is defined as

Nsig
M= NSM (8.3)
sig
where Ny, denotes the signal yield inferred from a signal-plus-background model.
We assume the relation
1 VS+B
Apox - = vo+s , (8.4)

Z S

and use it solely as a relative estimator of the statistical sensitivity; it does not replace a full
profile-likelihood treatment.
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We treat the ratio of uncertainties between the two methods as a consistent and reliable
quantity for comparison. Therefore,

A/Lytgrtn ZML N 201

ApME T Znom. 1.81

~1.11, (8.5)

where the expected sensitivity Zy, and Zyon, are retrieved from Tab. 8.2 and 7.3 respectively.
Given that Aulo™ = 0.68, the projected uncertainty for the ML selection is

A Nom.
AL~ % ~0.61. (8.6)

Propagating these numbers in Tab. 8.3, yields a total uncertainty of 0.64, corresponding to a
9% reduction compared to the nominal selection, even with the conservative overestimation
of the electron and muon efficiencies.

. Ap
Uncertainty source Expected ML projection
Statistical uncertainty 0.68 0.61
Systematic uncertainty 0.16 0.18

Spurious signal (background modelling) 0.11 0.11
QCD scale, PDF+ag, parton shower 0.09 0.09
Branching ratio (H — Z7) 0.05 0.05
Luminosity 0.03 0.03
Photon efficiency 0.02 0.02
Jet 0.02 0.02
Electron and photon energy scale and resolution 0.02 0.06
Electron efficiency 0.02 0.06
Muon < 0.01 0.03
Trigger < 0.01 < 0.01
Total 0.70 0.64

Table 8.3: Symmetrised impact of the individual sources of statistical and systematic uncer-
tainty on the expected strengths using the nominal and a projection adding the ML selection.
The numbers being projected in the ML case are in bold. Table adapted from Ref. [20].

8.8 Conclusions and outlook

In this study, we demonstrate through simulation the potential to replace the nominal cut-
based lepton selection with a machine learning approach that identifies Z bosons from lepton
pairs. We select the optimal working point of the ML-based Z score by maximising the
expected Z boson significance, and propagate the resulting selection through the remainder
of the nominal analysis chain. We then study the impact of the updated selection on the
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event yields across all categories, verifying that no uncontrolled increase in the Z boson
background is introduced. We extract signal and background yields in each category using
binned y? fits, performed independently for each category and using the same functional
forms as in the nominal analysis, which was validated through spurious signal tests.

We evaluate the expected sensitivity to the H — Z~ signal by defining, for each category,
a mass window that contains 68% of the signal and combining the corresponding sensitiv-
ities in quadrature. Because the available MC samples are limited to the 2022 dataset, we
project the results to the integrated luminosity of the nominal analysis, 165 fb~!, to enable
a fair comparison. Under this projection, we observe an improvement in the total expected
sensitivity to 2.01, compared with the 1.81 reported in the published analysis.

We explore the relationship between the signal strength uncertainty and the statistical
sensitivity to quantify the impact of the ML-based selection. Using this approach, we ex-
pect the statistical uncertainty on the signal strength to improve from ApNo™ = 0.68 to
ApML = 0.61. Even under a conservative scenario in which the electron and muon scale
factor uncertainties are increased by a factor of three, we still observe a reduction in the total
uncertainty on the signal strength, from ApN°™ = 0.70 to ApMY = 0.64. We emphasise that
these results are based on projections and do not replace a full evaluation using a profile
likelihood fit.

Currently, several strategies are being explored to address weaknesses in the previous
analysis, to improve sensitivity, and reduce uncertainties for the full Run 3 results. As part
of this project, we are developing a data-driven procedure to derive precise scale factors for
the ML-based lepton selection, enabling the assignment of concrete systematic uncertainties
rather than relying on projections.

Simultaneously, efforts are underway to prepare a large public dataset containing Z+jets
in both MC and data. Encouraging the community to address the domain shift between
MC and data could significantly improve object reconstruction and calibration. A well-
calibrated, fully reconstructed Z boson would benefit all analyses involving Z bosons and
could enhance the resolution of Higgs signals, analogous to how improvements in H — bb
resolution motivated our work on b-jet calibration.

Future work could extend the approach explored in this chapter to photons. Unlike
leptons, photons do not originate from a narrow resonance, and photons from final-state
radiation (e.g., in Z+v events) often have low transverse momentum, making a calibration
across a broad pr range more challenging. One potential strategy is to exploit the similarities
between electrons and photons in the electromagnetic calorimeter, as both produce similar
shower shapes, although photons typically penetrate slightly deeper, on average 9/7, into the
calorimeter. By shaping electron showers to mimic photon signatures, it might be possible
to reconstruct a Z boson peak and find its scale factors.
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Summary and Discussion

During this thesis, we have developed and applied ML techniques in two central areas of
experimental particle physics: object calibration and physics analysis. The primary objec-
tive has been to enhance Higgs boson searches, with a particular focus on improving b-jet
calibration and increasing the sensitivity of the rare H — Z~ decay channel.

The first part of this work focused on jet calibration, aiming to improve the energy
resolution of b-jets using ML techniques. A hybrid training strategy combining simulated
and collision data was investigated to reduce the domain shift and improve the jet energy
resolution. As an initial step, a suitable data-driven training target was defined using event
topologies in which a well-calibrated reference object recoils against the leading jet. Z+jets
samples were first employed, as they provide a kinematic regime comparable to that of b-jets
originating from Higgs boson decays. Two approaches were then explored: a BDT, used as a
proof of concept, and a transformer architecture capable of exploiting detailed detector-level
information, such as jet constituents.

Training solely on MC simulation already led to a significant improvement in jet energy
resolution compared to the nominal calibration, with slightly better performance from the
BDT. The transformer, while promising, proved computationally intensive and difficult to
train. When moving to hybrid training with both simulation and real data, the algorithm
did not converge sufficiently toward the target derived from data. This was primarily due to
the imbalance between the large number of simulation events and the limited data, leading
to underrepresentation of data labels in the loss function.

We observed that the resolution scale in data was, in general, larger than that observed
in simulation, motivating an initial attempt to deconvolve the measured resolution into its
detector component. A first approach based on subtraction in quadrature was tested in
simulation, providing a better estimate of the detector resolution than the directly observed
resolution. This method was then applied to collision data, yielding results consistent with
simulation, although the outcome proved noisy depending on the regression method used.
These initial in-situ studies served as the foundation for subsequent investigations.

Following this, a transformer trained exclusively on simulation demonstrated substantial
improvements in both the b-jets energy scale and resolution. Building on the data-driven
resolution studies expertise developed in the previous project, we investigated whether an
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additional in-situ calibration would be required in addition to the nominal in-situ calibra-
tion for this new MC-based approach. For the first time, Z+jets and v+jets samples were
employed in combination with a deconvolution method, assuming a Gaussian detector reso-
lution, to extract the JER in collision data. At the time of this work, the transformer-based
calibration bJR4 was not yet available for application to real collision data. Preliminary re-
sults obtained using the full nominal calibration indicate compatibility between the inclusive
in-situ calibration and the b-jet-specific component, suggesting a generally robust description
of the in-situ calibration and, at the same time, the presence of still large uncertainties.

Moving to the explicit analysis work, the final project applied ML techniques to improve
the selection of Z bosons, thereby enhancing the statistical sensitivity of the H — Z~
analysis. Separate BDT models were trained for electron and muon channels, combining
particle identification and isolation information to estimate the probability that a lepton
pair originates from a Z boson. A significance-based optimisation was then performed to
determine the optimal selection threshold for Z candidates.

This improved selection was applied to the 2022 simulation, with subsequent evaluation
using the nominal event categorisation and fitting functions from the partial Run 3 analysis.
Projections to the integrated luminosity of the same period were performed to compare the
expected sensitivity of the H — Z~ analysis with and without the ML-based selection. The
projected sensitivity increased from 1.81 for the nominal selection to a projected 2.01 using
the ML-enhanced Z selection.

In terms of signal strength uncertainty, the statistical component improved from ApNom: =
0.68 to ApML = 0.61. Systematic uncertainties related to leptons were conservatively in-
flated by a factor of three to account for uncomputed scale factors. Combining these contri-
butions, the total uncertainty decreased from ApNe™ = 0.70 to ApM = 0.64, corresponding
to a 9% reduction.

Overall, this thesis demonstrates the potential of ML techniques to enhance both jet
calibration and event selection in Higgs boson analyses. The b-jet studies explored the
feasibility of hybrid training to reduce the domain shift between simulation and data. The
results of an MC-only ML calibration were presented, along with studies assessing the need
for an additional in-situ correction. At the same time, the H — Z~ analysis shows that a
targeted ML-based Z selection can increase signal yield and reduce uncertainties. Together,
these results highlight the practical impact of advanced computational methods on precision
measurements and provide a foundation for future improvements and broader applications
within the ATLAS experiment.

The results of this thesis point towards several concrete next steps, both for consolidating
the methods developed here and for extending their impact within ATLAS. In the near
term, the highest priority is completing the in-situ calibration studies for the bJR4 model.
Finalising this calibration would make the model available for physics analyses, improving b-
jet energy resolution and enhancing the sensitivity of a wide range of measurements, including
H — bb decays and di-Higgs production where one of the Higgs bosons decays to bb. In
parallel, a complete propagation of the ML-based Z selection through the H — Z+~ analysis
chain using a profile likelihood approach is foreseen. This would enable a more complete and
robust evaluation of the expected signal strength sensitivity. If the projected improvements
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are confirmed, the ML-based Z selection is expected to become the primary choice in the
next full Run 3 H — Z~ analysis.

Beyond these immediate goals, revisiting the hybrid training strategy remains a promising
direction. If successful, such an approach could be generalised to reconstructed objects
beyond jets. One of the main limitations encountered in this thesis was the simultaneous use
of simulation and collision data during training without an appropriate weighting scheme,
leading to the dominance of simulation statistics. A potential improvement would involve a
two-step training procedure: first, training the model to regress towards truth-level quantities
in simulation, allowing it to learn the correlations among input variables; followed by a fine-
tuning stage using collision data to adapt the learned representation and reduce residual
discrepancies.

More broadly, addressing the simulation-data domain shift remains an open and active
area of research. In this context, a combined simulation and collision dataset from Run 2
has recently been released to the general public [171]. Work is ongoing to prepare a derived
dataset containing low-level particle information suitable for ML applications from the same
data. Such a dataset would enable the wider community to perform studies of domain adap-
tation techniques and facilitate the development of object-level taggers, such as a dedicated
leptonic Z boson tagger. This would allow analyses involving Z bosons to operate directly
at the dilepton level, rather than relying on independent single-lepton selections, potentially
improving performance across analyses.

With the large amount of data already delivered to ATLAS during Run 3, exceeding a
total integrated luminosity of 0.5 ab™!, when combined with previous runs, and with the
High-Luminosity LHC scheduled to begin operation in the early 2030s, the field is entering an
era of unprecedented statistical power. This transition opens the door to increasingly precise
measurements and the study of rare processes previously inaccessible. Building on these
opportunities, continued advances in reconstruction, calibration, and analysis techniques,
such as those explored in this thesis, will be essential for fully exploiting the available data
and, ultimately, deepening our understanding of the fundamental physics underlying the
Universe.
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Appendix A

Hybrid training

This Appendix provides additional material supporting Chapter 5.

A.1 Postprocess cutflow

After the ntuples are produced with ANAHELPERS, a series of postprocessing selections is
applied to refine the event sample. In Table A.1, a list of each of these postprocessing cuts
is shown together with the efficiency for a Z(uu)+jets MC sample. Similar selections are

Selection step Efficiency [%]
Initial sample 100
Two truth leptons 99.98
Truth jet > 1 76.45
Opposite-charge muons 75.66
Jet—-muon overlap removal 75.66
66 < my, < 116 GeV 73.34
|AP(Z,j,)] > 2.9 19.72
Subleading jet veto 6.22
Jet truth matching 5.55

Table A.1: Cutflow for the Z(uu)+jets Monte Carlo sample after applying the physics
selection with the total efficiency. The quoted efficiencies are cumulative.

applied in Fig. A.1, which shows the cutflow for a subset of the MC and real data samples.

A.2 Sample validation

This subsection presents a set of distributions used to validate the MC and data samples
employed in the analysis.
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Figure A.1: Cutflow of the selection cuts applied to the ntuple with a subset of the dataset
for MC (left) and real data (right).

Figure A.2a shows the azimuthal separation A¢ between the leading jet and subleading
jets in a Z(up)+jets MC sample. A higher density of entries is observed around A¢ ~ 0.5,
indicating that subleading jets tend to be more aligned with the leading jet than with
the reference object. Such configurations can lead to an overestimation of the constructed
reference momentum, pie’.

The leading jet pr distribution in Fig. A.2b exhibits a depletion around 40 GeV, which
is even more pronounced in the p# distribution. This behaviour originates from the sublead-
ing jet veto, which requires the subleading jet to have pr < 12 GeV until the leading jet
momentum exceeds 40 GeV.

Figure A.3 compares the distribution of the number of reconstructed jets per event be-
tween simulation and real data after the full event selection. The overall agreement indicates

a consistent modelling of jet multiplicities between data and simulation.

A.3 DAOD Containers

Table 5.3 summarises the variables used as inputs to the ML regression and for event val-
idation. In this subsection, we specify the data containers from which these variables are
extracted and motivate their inclusion.

With Athena Release 22, calorimeter cell-level information is no longer stored, which
limits access to fine-grained energy deposition patterns. While JETM3 does not provide
explicit jet constituents, it does include the GLOBALNEUTRALPARTICLEFLOWOBJECTS
and GLOBALCHARGEDPARTICLEFLOWOBJECTS containers. These particle-flow (PFlow)
objects are matched to the leading jet within AR < 0.5 to obtain an approximate set of jet
constituents suitable for use as ML inputs.

Future dataset versions (newer p-tags) may reduce the availability of these containers, in
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Figure A.2: (a) Azimuthal separation between the leading jet and subleading jets in a Monte
Carlo sample of Z(upu)+jets events. (b) Momentum distributions of the reference object Z

boson (green) and the truth leading jet (blue).

which case a transition to track-based quantities would be required. For the present work,
however, the PFlow information provides the only available constituent-level information

and is therefore retained.

The variables are sourced from the following containers:

o Track-level quantities from INDETTRACKPARTICLES,

o Reconstructed jets from ANTIKT4AEMPFLOWJETS,

o Jet constituents from GLOBALNEUTRALPARTICLEFLOWOBJECTS and
GLOBALCHARGEDPARTICLEFLOWOBJECTS,

o Reconstructed muons from MUONS, and

o The truth jet pr target from ANTIKT4TRUTHDRESSEDWZJETS, which provides a
more accurate representation of the b-jet momentum.

Truth jet flavour labelling follows the FTag group recommendation using HADRONCONE-

EXCLTRUTHLABELID.
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Figure A.3: Normalised distribution of the number of jets per event in MC (solid blue) and
real data (dashed black).

A.4 Removing JVT variables

Since the JVT variables are computed from the final stages of the jet calibration, their
inclusion can produce a biased regression. Its impact on the regression performance is
studied by removing it from the input feature set.

This cross-check is important to ensure the model remains independent of other cali-
bration steps. The three JVT-related variables removed, as defined in Table 5.3, are: Jvt,
JvtRpt, and JvtJvfcorr.

Figure A.4 compares the resolution obtained with and without the JV'T variables in the
BDT model. As expected, the resolution degrades slightly when these variables are removed,
but the effect is less than 3%. This highlights the trade-off between achieving marginally
better resolution and maintaining independence from other calibration procedures.

A.5 Resolution studies: analytical vs numerical

Some additional considerations arose when determining the optimal label to use, which are
described below. The uncertainty associated with the label can be computed from

abe res Z j
PR =D P = cosdyy - pr T+ Y cosdy, PR (A1)
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Figure A.4: Resolution of inclusive jets binned by pr in MC samples, comparing the nominal
ATLAS calibration (blue dots), a BDT regression with all variables (purple triangles), and
a BDT regression without JVT variables (green squares). The bottom panel shows the
corresponding ratios from the nominal calibration.

and, assuming the uncertainties are uncorrelated, standard error propagation can be applied

O plaber = \/(cos oz - ap%>2 + Z <cos Gjy - ap¥)2 : (A.2)

This expression depends on the uncertainty of the subleading jets momentum o e and

the Z boson momentum o, z. We can try to parametrise these uncertainties. These uncer-
tainties can be parametrlsed as functions of py. The observed uncertainty for the Z boson
is relatively constant across the pr range, and fitting it with a power-law function yields

Opz = % \0/% 4+ 0.09. For the subleading jets, a similar power-law fit is performed in bins
of truth pr, resulting in o 2 = w + ?/% +0.02, which is larger than o,z.

Two strategies naturally follow from this study. The first is to impose a cut on the label
uncertainty, selecting only events with low uncertainty. For instance, this would preferentially
select events where the subleading jets are in the central region of the detector and have
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relatively high energy, compared to the broader cuts typically applied. The second approach
leverages Monte Carlo (MC) simulation, where the actual uncertainty can be computed
directly. In this case, the value obtained from Eq. A.2 can be compared with the label
resolution defined as Riape = pEUut® /piabel,

After applying the parametrisation, the per-pr uncertainties can be propagated through
Eq. A.2. The resulting uncertainty on the label is shown in Fig. A.5a. high-pr jets may ex-
hibit a good relative resolution while still having a large absolute o, tael A more appropriate
comparison can therefore be obtained by normalising the uncertalnty to the reconstructed
jet momentum, shown in Fig. A.5b. This distribution yields a more continuous distribution.
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Figure A.5: Distribution of (a) the uncertainty of the label, and (b) the uncertainty of the
label divided by the pigPel.

Following the first approach, using this relative Oplavel, We Can remove events where we
expect the error to be big, based on the uncertainties of the other objects of the event,
so we only use for training those with a low uncertainty. The optimal threshold can be
determined by scanning its impact on the piaP®! response; an example with a cut at 0.08 is
shown in Fig. A.6. With this requirement, the distribution becomes more centred around
zero and narrower compared to both the X1 and X2 methods; however, the improvement
remains smaller than anticipated. However, the event yield is significantly reduced, implying
a trade-off between improved systematic behaviour and statistical precision.

Building on the first approach, the second strategy evaluates how well the numerically
computed uncertainties reflect the actual label resolution. Figure A.7 compares the uncer-
tainties computed numerically using Eq. A.2 with those obtained from the resolution of the
label Ry.pe. The purple line indicates equality between the two methods. As observed, the
numerical estimate is significantly smaller in the simulation. This difference could be quan-
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Figure A.6: Normalised response distributions for the different label constructions. The
dash—dotted purple curve shows the result after applying the uncertainty cut.

tified in MC, validated using independent samples, and subsequently propagated to collision
data to obtain a more realistic estimate of the detector resolution.

These studies were instrumental in understanding how the label is constructed and how
its uncertainty is estimated. However, the focus of the project gradually shifted toward
clarifying what this resolution represents physically and how it propagates to the jet energy
resolution.

A.6 Results for pseudorapidity

In Section 5.5, the performance of two ML algorithms was compared as a function of jet
transverse momentum. Here, the differences between the BDT and transformer results and
the nominal calibration are examined as a function of pseudorapidity, n, and are shown in
Fig. A.8. In all cases, a degradation of performance is observed when moving from MC to
data, with a further reduction seen for the hybrid training.

The resolution is best in the central region of the calorimeter as expected, and gradually
worsens for forward jets, maintaining approximate symmetry between the two sides.
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In-situ b-jet results with different
generators

This Appendix provides additional material supporting Chapter 6.

After studying the JER for different generators, the quantity Ryjgr was evaluated for
PYTHIA 8, and the best fit was found to be consistent with a constant line.

Figures B.1 and B.2 show Ryjgr for Z-+jets and y+jets events, respectively, for the three
generators studied in each case.

Large fluctuations are observed across all working points and samples; however, the
results are generally consistent within their respective uncertainties. The differences between
generators are commonly treated as an additional systematic uncertainty and are studied
here as a validation.

Since the ratio is consistent with unity, no additional calibration appears to be required.
Nevertheless, these differences can serve to better quantify the additional uncertainty that
should be assigned to b-jets.
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Figure B.1: Ratio of the in-situ jet energy resolution (JER) relative standard deviation
between b-tagged and inclusive jets as a function of jet transverse momentum in Run 2
Z+jets events, shown for the b-tagging working points (a) 90%, (b) 85%+77%, and (c)

70%+65%.

The ratio is constructed from measurements in data and the corresponding

predictions from simulation using PYTHIA 8 (orange dots), SHERPA (green squares), and
FxFx (blue triangles); statistical uncertainties are shown.
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Figure B.2: Ratio of the in-situ jet energy resolution (JER) relative standard deviation
between b-tagged and inclusive jets as a function of jet transverse momentum in Run 2 v+jets
events, shown for the b-tagging working points (a) 90%, (b) 85%+77%, and (c) 70%+65%.
The ratio is constructed from measurements in data and the corresponding predictions from
simulation using PYTHIA 8 (orange dots), SHERPA (green squares), and HERWIG 7 (blue
triangles); statistical uncertainties are shown.
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H — Z~ with ML Z selection

This appendix provides additional material supporting Chapter 8.

C.1 ML Z selection validation plots

C.1.1 Single lepton models

In order to classify lepton candidates as identified or isolated, the TruthType variable is
used as detailed in Tab. C.1. For electrons, a value of 2 corresponds to an isolated electron.
For muons, identification is indicated by TruthType values 5, 6, 7, or 8, while isolation is
specifically indicated by a value of 6.

truthType value Definition

Unknown Electron
Isolated Electron
Non isolated Electron
Background Electron
Unknown Muon
Isolated Muon

Non isolated Muon
Background Muon

0 3 3T W

Table C.1: Details of the truthType meaning for electrons and muons.

Figure C.1 shows the distributions of MC signal and background for the input features
of the e_IS0O model. Most signal distributions are clustered closer to zero compared to the
background, while the pile-up distribution behaves similarly for both, as expected. Fig-
ure C.2 presents the feature importance ranking, with topoetcone20 providing the most
discriminating power. The ROC curve on the right demonstrates strong model performance,
with an area under the curve of AUC = 0.981.

For muons, two models are used: one for identification and another for isolation.
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Figure C.1: Normalised distributions of the e_ISO input parameters in 2022 MC samples
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Figure C.2: Left: Feature importance for the e_IS0 model. Right: ROC curve for the e_ISO
model using 2022 MC samples (Z — ee and tt), with the corresponding accuracy score.

Figure C.3 shows the distributions of MC signal and background for the identification-
related variables used in the mu_PID model. The variable segmentDeltaEta provides the
largest 1D visual separation between signal and background. Following the example of
electrons, Figure C.4 presents the feature importance ranking and ROC curve. The most
important variable is 7, followed by energyLoss, with the model achieving an area under
the curve of AUC = 0.997.

For muon isolation, the distributions of the variables used for training are shown in
Fig. C.5. Similar to the electron isolation variables, signal events generally have lower values.
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Figure C.3: Normalised distributions of the mu_PID input parameters in 2022 MC samples

(Z — pp and tt). The distributions for uPID are shown in solid red, while non-uPID are
shown in dashed blue.

Figure C.6 shows that the most important features in this model are DFCommonJetDr and
newflowisol20, although all variables contribute with useful information. The ROC curve,

shown on the right, has the lowest area among the models presented so far, with an AUC =
0.964.
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Figure C.4: Left: Feature importance of the mu_PID model. Right: ROC curve for the
mu_PID model using 2022 MC samples (Z — puu and tt), with the corresponding accuracy
score.

C.1.2 7 boson models

Once the individual leptons have been assigned a 1lep_PID and lep_ISO score, this informa-
tion is combined for lepton pairs along with the relative impact parameter significance to
train two Z-boson models, one for each lepton type.

Figures C.7 and C.8 show the distributions of the input variables for the Zee ID model,
along with the feature importance and ROC curve. As noted earlier, for electron identifica-
tion, the variables produced by the DNN (DNN_pel) are used. The most important feature
appears to be the isolation score of the first lepton, followed by the identification score, al-
though all variables contribute. The model achieves strong performance, with an area under
the ROC curve of AUC = 0.987.

The corresponding plots for the Zmm_ID model are shown in Figs. C.9 and C.10. In
this case, the feature importance is more evenly distributed across all input variables, with
the relative impact parameter significance having a slightly higher weight. The model also
achieves strong performance, with an area under the ROC curve of AUC = 0.993.

Overall, both models show significant improvement, which is reflected in the Z mass
peak for signal and background, as shown in MC and data in Section 8.3.2 after their
implementation in the analysis framework.
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C.2 Cutflow detailed

Table C.2 explicitly defines the sequence of selection steps applied in the nominal H — Z~
analysis; its numbers are equivalent to those shown in Fig. 8.3.

Cutflow Selection requirement

3 Events/sumweight in DAOD
4 Events/sumweight in DAOD
5 GRL

6 Primary-Vertex

7 Event-Quality

8 Triggers

9 (No selection applied)

10 Minimum two lepton requirement
11 Lepton ID

12 Lepton ISO

13 Object level overlap removal
14 Two lepton opposite sign

15 Loose photon selection

16 Trigger match

17 Overlap removal on photon and jets
18 Di-lepton mass final cut

19 Photon pr low-mass cut

20 Photon ID final cut

21 Photon ISO final cut

22 Three body mass cut

23 Photon pr high-mass cut

Table C.2: Definition of the nominal cutflow steps used in the baseline H — Z~ event
selection.

C.3 Signal and background modelling

The fits described in Section 8.5 are shown for both signal and background per category, to-
gether with the corresponding best-fit parameters. The signal fits are presented in Figs. C.11
and C.12, while the background fits are presented in Figs. C.13, C.14, and C.15. Although
the background fits were already discussed in the main text, the corresponding fit parameters
are included here for completeness and future reference.
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Figure C.11: Invariant mass distribution of nominal plus ML selected MC signal for the
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Figure C.14: Invariant mass distributions of nominal plus ML selected MC background for
the (a) HRelpT-eeT, (b) HRelpT-eeL, (c) HRelpT-uuT, and (d) HRelpT-pul categories.
The distributions are fitted with the best-fit second- and third-order exponential polynomial
functions shown in red. The best-fit parameters, the x? and the fit probability are reported
in the inset. The lower panel displays the bin-by-bin ratio of the distribution to the fit.
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Figure C.15: Invariant mass distributions of nominal plus ML selected MC background
for the LRelpT categories, with electron and muon channels each divided into Tight (T),
Medium (M), and Loose (L) subcategories. The distributions are fitted with the best-fit
third- and fourth-order exponential polynomials and fourth- and fifth-order Bernstein poly-
nomials, shown in red. The best-fit parameters, the x? and the fit probability are reported
in the inset. The lower panel shows the bin-by-bin ratio of the distribution to the fit.
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C.4 Sensitivity 2022

After fitting the signal and background in each category using the available 2022 MC samples,
the signal window containing 68% of the signal is determined, and the expected number of sig-
nal events within this range, Sgg’, is extracted from the fit. The same window is then applied
to the background to obtain the corresponding number of background events, Bgg". Signal
uncertainties are estimated by propagating the uncertainties of the fitted model parameters
through pseudo-experiments to capture the statistical component of the fit. Background
uncertainties are evaluated either by propagating the fitted parameter uncertainties through
the integral over the signal region or, when the fit covariance matrix is ill-conditioned, via
bootstrap resampling. The sensitivity is then computed using both Sgg” and Bgg’.

To allow a fair comparison with the published partial Run 3 analysis, the distributions
were scaled using the corresponding luminosity weight, as described in Section 8.6. Table C.3
shows the (raw) results using only the 2022 MC samples. The values are consistent with the
scaled results, demonstrating overall agreement and validating the procedure.

Category s [GoV] S B Sa'v/ow + b
Lepton 3.93 0.28 4+ 0.01 6.5+ 0.4 0.11
VBFT 3.64 0.32 &£ 0.01 0.40 £ 0.02 0.38
VBFL 3.68 0.56 4 0.02 3.41 £ 0.16 0.28
HRelpT-eeT 3.02 0.22 4+ 0.01 0.60 & 0.5 0.24
HRelpT-eeLL 3.51 0.56 4+ 0.02 7.6 +£04 0.20
HRelpT-puT 3.55 0.45 4+ 0.02 1.9+ 0.6 0.29
HRelpT-pplL 3.68 0.45 4+ 0.02 10,0 £ 1.4 0.14
LRelpT-eeT 3.67 1.89 £ 0.05 57 + 3 0.25
LRelpT-eeM 3.88 6.30 £ 0.10 624 + 10 0.25
LRelpT-eeL, 4.37 5.42 £+ 0.16 3088 £ 27 0.10
LRelpT-puT 3.70 0.93 £+ 0.03 154+ 3 0.23
LRelpT-puM 3.87 6.58 £+ 0.08 543 £+ 6 0.28
LRelpT-ppul 4.10 7.21 £0.13 3449 + 38 0.12
Inclusive 4.01 31.3 £ 0.2 7515 4+ 90 0.85

Table C.3: Sensitivity from ML Z selected events from 2022 MC. The expected signal events
(Sgs’) and background events (Bgg") are obtained by integrating with the fit in a mass
window of width wgg, defined to contain 68% of the signal. The signal uncertainties represent
the statistical uncertainty on the yield in the signal region, obtained by propagating the
fitted model parameter uncertainties via pseudo-experiments. The background uncertainties
represent the uncertainty on the estimated background yield in the signal region from the
fitted background model. For the inclusive case, the sensitivity is obtained by combining the
individual category sensitivities in quadrature.
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