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Abstract

The Standard Model Effective Field Theory (SMEFT) aims to investigate deviations from
the Standard Model and place constraints on the free parameters of this theory, the Wilson
coefficients. In the SMEFT framework, the process, gg — Z(— [TI17)H(— bb) receives a
contribution from the dimension-6 operator Oy whose associated Wilson coefficient, cg,
is presently weakly constrained in the current state-of-the-art measurements. This thesis,
for the first time, carries out feasibility studies in this process within this framework. We
simulate and analyze events generated using the SMEFT model to identify key kinematic
quantities which can be used to study these EFT effects. By effectively separating the most
challenging backgrounds, which include q¢ — ZH and pp — Z + jets, from the signal, we
establish constraints on this Wilson coefficient at a 95% Confidence Level. Comparing our
results with the current global fit values, we find a stricter constraint for the High Luminosity
LHC era.
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Chapter 1

Introduction

The Standard Model of Particle Physics is our current most fundamental description of the
universe and the elementary particles that the universe constitutes. It explains the interac-
tions that these particles have in terms of mediation of force carriers. The theory exhibits
unparalleled experimental accuracy, confirmed in numerous experiments around the world,
one of them being the ATLAS experiment at the Large Hadron Collider. However, while
explaining only three of the four fundamental forces, it is not a complete theory and faces
some shortcomings.

There is a tremendous ongoing effort to search for physics beyond the SM. With a lack of
evidence of direct detection of new particles, the focus is now shifted towards precision mea-
surements to observe deviations from the SM predictions. One of the promising approaches
to study these deviations is the model-independent framework, Standard Model Effective
Field Theory (SMEFT). This theory introduces additional operators in the SM Lagrangian
to account for new physics at high energy scales. These operators have couplings associated
with them, which can be expressed in terms of the free parameters of this theory, the Wilson
coefficients.

Studies have been performed for the interpretation of current measurements in the context
of SMEFT, to place limits on these coefficients and quantify the effects of new physics.
An interesting weakly constrained Wilson coefficient is ¢4, whose associated operator alters
the Higgs, Z boson and top quark interactions. Being the most massive particles found in
the SM, Higgs boson and top quark act as crucial probes to investigate physics beyond the
SM. This thesis studies the gg — ZH process to interpret the measurements in terms of
this coefficient. Enduring two challenging backgrounds, one of a much higher cross section,
pp — Z + jets, and a second one which has the same final state, q¢ — ZH, this thesis
addresses the challenge of separating these processes from gg — Z H. After carrying out this
separation, we impose constraints on this Wilson coefficient and verify if they compare well
with the current global limits.

The remainder of the thesis is organized in the following way. Chapter 2 presents a brief
introduction to the Standard Model and Standard Model Effective Field Theory. It also
outlines the motivation behind selecting this process. Chapter 3 offers a short summary of the
ATLAS experiment. Chapter 4 provides a comprehensive account of the studies conducted



in this analysis, involving the identification of kinematic regions of interest to study EFT
effects in these interactions. Chapter 5 describes the usage of deep learning algorithms
for discriminating the signal from the backgrounds. Finally, we derive a sensitivity on the
relevant Wilson coefficient in terms of a 95% Confidence Level exclusion limit in chapter 6.
The thesis concludes with future outlooks in chapter 7.



Chapter 2

Theoretical Context

This chapter provides the theoretical basis for the rest of the thesis. It starts with an
introduction to Standard Model and Standard Model Effective Field Theory in Sections 2.1
and 2.2. These sections are partly adapted from [1]. After this description, a motivation for
the rest of the work is stated in Section 2.3.

2.1 Standard Model

The Standard Model (SM) is a theory model that formally defines and describes the interac-
tions between all known particles. Particles are broadly categorized into two types based on
their spin. Particles having integer spins are bosons, whereas particles with half an integer
spin are fermions. The fermions come in three generations, where the generations only differ
from each other in terms of the masses. Moreover, for each fermion particle, there is a cor-
responding antiparticle which carries the opposite (additive) charge. Fermions are further
divided into leptons and quarks, depending on the forces they experience. The interactions
of particles are mediated through the exchange of particles which are known as ‘force carriers’.

The non-Abelian group that constitutes the SM is SU(3) x SU(2) x U(1). The SU(3)
group represents strong interactions between the quarks and the force carriers, gluons. The
quantum number associated with particles which are charged under this group is the color
charge. Due to the non-commutative structure of the group, the gluons interact with each
other. The SU(2) x U(1) is the gauge group that dictates the electroweak interactions of the
SM. The quantum charge for the SU(2) part is the third component of weak isospin. There
are three gauge bosons, W+ and the neutral Z bosons which are the mediators. Again, the
non-commutative nature of the group leads to interactions between the bosons. U(1) group
provides a description of the electromagnetic interaction between charged particles. For this
group, photons are the mediators which are exchanged during such an interaction. Lastly,
for the incorporation of masses in the SM, a scalar doublet, corresponding to the Higgs field,
is added by hand to the SM Lagrangian, whose interactions with the fermions and bosons
render them mass.

The Standard Model has been a tremendously successful framework, by guiding experimental
efforts and providing accurate predictions for various particle physics phenomena since its
development. Despite its achievements, there are some phenomena that the SM has not been



able to explain fully. Some examples include the neutrino masses, the dark matter problem,
and matter antimatter asymmetry.

2.2 Standard Model Effective Field Theory

To address the problems that the SM is not able to solve, many theories have been proposed.
In the absence of discovery of resonances pointing towards new heavy particles, it is thought
that the physics at low energies might be detached from the microscopic properties of a more
fundamental UV theory at high energy scales. This implies that there exists heavy new
physics at scales beyond the current LHC reach, which integrates out to give us interactions
whose effects one can observe. To incorporate such interactions, Standard Model Effective
Field theory is introduced. It is a theory which treats SM as a low energy approximation of
such a fundamental UV theory, and is a model-independent way of parameterizing effects of
new physics. It extends the SM Lagrangian in powers of an energy scale, A, corresponding
to the energy scale of new physics, to include operators of higher dimensions. The operators
consist of SM fields, and the Lagrangian obeys symmetries of the SM. The addition of these
terms can either lead to new vertices or changes in the existing vertices of the SM. The
Lagrangian is,
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The constants ¢;, known as Wilson coefficients, determine the strength of the operators. ‘O’
are operators of increasing dimensional powers ‘d’, whose corresponding terms are suppressed
by the energy scale A“*. A priori, the coefficients and the energy scale are unknown. If we fix
the energy scale (A = 1 TeV for this thesis, as is commonly chosen for consistency), the only
free parameters remaining in the theory are these Wilson coefficients which are to be found
experimentally. Odd dimension operators violate lepton number conservation, introduce a
CP asymmetry, and hence are typically ignored in SMEFT interpretations. Operators of
dimension 8 (and higher) are further suppressed and currently unavailable in the current
implementations of SMEFT framework. Thus, in this thesis, we only focus on dimension-6
operators.

Parameterization

The introduction of SMEFT operators in the SM Lagrangian can manifest itself in several
ways. This includes the addition of effective vertices, or contact interactions that previously
did not exist. In order to experimentally probe how large the effects of new physics are, we
express the experimentally relevant quantity, the cross section, in terms of the Wilson coeffi-
cients. If we focus solely on dimension-6 operators, from the SMEFT Lagrangian introduced
in Section 2.2, and confine ourselves to Feynman diagrams where only one SMEFT operator
appears, we can rewrite the cross section as,

0o IMP = Mgy + > MPP (2.2)



where M is the matrix element amplitude for the respective terms. Expanding this gives us
three terms,
OSMEFT = OsM + Oint + 0Bsm (2.3)

where the first term corresponds to the terms originating from SM, while the second term
is related to the interference between the SM and dimension-6 operators, and is suppressed
by A=2. The third term is a pure beyond Standard Model (BSM) term, resulting exclusively
from additional operators and is suppressed by A=*. This term encompasses contributions
from multiple terms, e.g. pure dim-6 terms, interference of SM and dim-8 terms. However,
this thesis only considers contributions from dim-6 operators. Rewriting equations (2.2) and
(2.3), we arrive at

Tint D 2Re(Mgy M;”) ~ S (2.4)
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The constants « and [ signify the strength corresponding coefficients, on the cross section.
Finally, for ¢« = j, i.e. if we consider only one SMEFT operator, which is the case in this
thesis, we can write,

OsMm

—
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2.3 SMEFT interpretation in Higgs sector

2.3.1 Motivation

With SMEFT having a minimal set of assumptions, there is a tremendous ongoing effort
to interpret all LHC measurements in terms of this framework. Fig. 2.1 shows the current
95% Confidence Limits of Wilson coefficients attained by a global fit performed on all data
[2]. The magnitude of the limits vary significantly between the coefficients, and depends
on the sensitivity of the measurements which are affected by the associated operators. The
inclusion of some SMEFT operators has the impact of changing the distributions of kine-
matic observables, instead of a major change in the cross section, requiring us to investigate
differential, in contrast to total, cross section measurements. For this study, we choose the
Higgs sector to carry out SMEFT interpretations. This sector is explicitly chosen because
this particle, owing to its special properties, acts as a crucial probe to explore new physics.
It is one of the heaviest particles of the SM, rendering it sensitive to BSM physics at higher
energy scales. It interacts with all the particles of the SM, and is the only particle with spin
0. In the SM Lagrangian, the Higgs fields is added by hand to provide mass to the other
fields, and its recent discovery has opened several avenues to investigate its properties and
research BSM scenarios.

Due to the lower production rates of this heavy particle, the operators which change its in-
teractions are particularly difficult to put limits on. It thus becomes important to investigate
processes which involve vertices with Higgs boson, in a dedicated manner and check if they



can assist in placing stricter constraints on the respective coefficients. In this domain, the
process we focus on is gg — ZH, with Z decaying to two leptons and Higgs boson decay-
ing to two b-quarks. Higgs boson production in association with a V' boson (W or Z) is a
prime process used to study Higgs bosons these days as the associated Z boson, decaying
to leptons, can be reconstructed well in this channel. However, gg — ZH has never been
measured independently because of its low cross section. It is studied under pp — ZH,
and no distinction is made between quark and gluon initiated processes. In this thesis, we
examine the extent to which the separation of the two processes is possible.

From the EFT perspective, the gg — ZH process depends on Oy (¢ stands for Higgs field).
This coefficient is weakly constrained (O(20)), as highlighted with an arrow in Fig. 2.1. Fig.
2.2 displays some vertices which are modified by the associated operator. The interactions
which are altered include those between top quark, Higgs, and Z (and W). This thesis, for
the first time, performs feasibility studies on this process to derive the confidence limits on
the coefficient ¢4 using only this process. Although this process receives contributions from
other operators as well, we do not consider them since they are relatively more strongly
constrained.

BN Top + Higgs 4+ VV, Quadratic NLO EFT

10%f === Top + Higes + VV, Linear NLO EFT S MEFiT
10%} ‘I
101y
10°
107!

102

Magnitude of 95% Confidence Level Bounds (1/TeV?)
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Fig. 2.1: Value of 95% Confidence Limit (CL) of Wilson coefficients obtained from a global
fit to data. The operator for this analysis is highlighted (with an arrow). Adapted from [2]

2.3.2 Production Mode of the Higgs: g9 - ZH
Signal Process

We consider here the process, gg — ZH. As can be seen in the two LO diagrams that
contribute to this process in Fig. 2.3b and 2.3c, this process has the advantage of being
sensitive to couplings of the Higgs boson between top-quark and Z boson. Since this process
only occurs at NLO, it is studied in conjunction with the LO qq¢ — ZH. Because of the
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Fig. 2.2: Vertices modified due to SMEFT operators O,z (left and middle) and Oy (left,
middle and right)

dominance of the latter process, the variations in differential distributions of the physical
observables of the two processes are not captured. It has been vastly demonstrated that the
invariant mass spectrum of the ZH system and the pr spectra of the Higgs and Z bosons
are more boosted for the gluon initiated process than the quark initiated process [3, 4, 5].
This happens because of the top-dominated virtual loop in the gluon-gluon scattering (cf.
Fig. 2.3c). The matrix element amplitude possesses a branch cut at /s = 2m; [3]. This
enhances the cross section when myzy > 2m;, because of the on-shell condition for the two
top quarks being fulfilled in the scatterings gg — ¢t and subsequently tt — ZH [6]. This,
in turn, leads to a harder pr spectrum for this process, augmenting the cross section in the
high pr regime. The need to include this process in the analyses separately, instead of with
qq — ZH, becomes even more important if we wish to study EFT effects. As mentioned
above, these effects appear as subtle deviations in these differential distributions. For this
particular process, as we shall see, the EFT spectra for pZ and m g is even harder than the
SM spectra. So, if this process is not included separately, the harder spectra in pp — ZH
may be attributed to EFT effects, which may/may not be true. Other interesting aspects of
this process are that the perturbation corrections coming from QCD are more prominent in
gluon scattering than quark scattering, which amplify the cross section. Finally, the presence
of the virtual loops makes it very sensitive to BSM physics wherein non-SM like particles
could be present in these loops. Thus, the gluon initiated Z H is an important process, and
we demonstrate here that there is information in the kinematic observables that can be used
to separate it from qq — ZH.

Considering the EFT effects, it is the top quark loop where the operator Oy appears and
SMEFT effects can be observed. There are other SMEFT operators that appear in this
process which are not taken into account since they are relatively more strongly constrained.
Due to the absence of this top loop in q¢ — ZH (cf. Fig. 2.3a), there is no contribution
from Oy in this process. The production of the Higgs and Z bosons with large transverse
momenta enables us to explore this scenario and hence, is key for SMEFT studies considered
in this thesis. The global EFT combination effort of ATLAS does not currently take into
account the gg — ZH process [7], and the limits that are placed on this operator are only
through indirect constraints. Thus, we wish to quantify the direct constraints in terms of
the level of limits we can bring about through this single process.

Taking into account the decay products of the final state bosons, the channel we choose is,



g9 — Z(— I7I*)H(— bb). We emphasize that the decay of Z to leptons providing a clean
experimental signature (with effective triggering) combined with the decay of Higgs boson
to bottom quarks having the highest branching ratio makes this a highly sensitivity (50
established [8]) channel to study Higgs bosons. In fact, it is this channel that was used to
establish the discovery of Higgs decay to two bottom quarks [9, 10].

Fig. 2.3: Left: Feynman diagrams for the process, q¢ — ZH. Middle: Triangle diagram for
gg — ZH. Right: Box diagram contributing to gg — ZH

Background Processes

A background comprises of a process which shares the same final state as the signal we are
considering. The major backgrounds that need to be considered are gq¢ — ZH and Z + jets.
Some of the other less dominant backgrounds are singletop, Diboson (W Z, ZZ, W W) and
tt. Some Feynman diagrams for each process are given in Fig. 2.4 and Fig. 2.5. For
obvious reasons, qq¢ — ZH is a very challenging background, since the final state particles
are exactly the same, and the cross section is O(10) times larger than gg — ZH. The
other most challenging background is Z + jets, for which, the cross section is much greater.
The multiple jets arising from the initial state or parton showering can mimic the two b-
jets coming from Higgs boson decay in g¢g — ZH. For Diboson processes, the Z bosons
can decay to two leptons and two b-quarks, imitating the signal. Similarly, the jets from
single top quark and top-anti-top production can mimic the b-jets in gg — ZH. A powerful
kinematic observable to reject these backgrounds is the invariant mass of two b-tagged jets,
which would not peak at my, = 125 GeV in these processes, whereas it would, in the signal.
To perform background rejection, we use machine learning techniques, which are explored
in Chapter 5.
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Fig. 2.4: Some Feynman diagrams for V-+jets and Diboson processes

Fig. 2.5: Some Feynman diagrams for single top and tt processes



Chapter 3

Experimental Setup

The Large Hadron Collider (LHC) [11] is the most powerful accelerator and collider in the
world. It is a 27 km circular collider which accelerates protons and ions to very high speeds,
which upon colliding produce highly energetic particles. Currently, it is operating at a peak
center-of-mass energy of 13.6 TeV. This collider accommodates four collision points, wherein
four detectors are housed. These four detectors, with their own specific goals, address a wide
range of particle physics questions.

3.1 The ATLAS Detector

One of the two general multi-purpose detectors is the ATLAS (A Toroidal LHC ApparatuS)
detector [12]. With the measurements of 45 m in length and 25 m in diameter, it is the largest
volume detector of the LHC. A cut-away illustration is displayed in Fig. 3.1. Surrounding
the interaction point are the cylindrical barrel regions, which have several sub-detectors
embedded in it, in a layer-like fashion, to detect the particles that are produced in the colli-
sions, and provide a comprehensive measurement of their properties. The end cap structures
are placed at the very end of these barrel regions, offering additional coverage. These sub-
detectors consist of the inner detector, the calorimeters and the muon spectrometer which
are discussed below. Before this discussion, we describe the coordinate system that the AT-
LAS experiment uses.

The coordinate system used is the right handed Cartesian system, with z axis along the
beam. The x axis is towards the center of the LHC tunnel and y axis points upwards. Since
the detector follows a rotational symmetry along the z direction, a cylindrical coordinate
system is used to describe the properties of particles. The polar angle, ranging from [0, 7]
is the angle from the z axis, and azimuthal angle, ranging from [—m, 7| describes angles
along the z axis. Another angle used to describe the direction a particle follows is the ra-
pidity (pseudo-rapidity) angle for massive (massless) particles. The rapidity is defined as,
>, where p, is the momentum along the beam. The pseudorapidity is defined as,
n = —Intan(0/2). A key quantity which is measured is the transverse momenta which is the
momenta in the x-y plane, pr. Since the momentum along the beam axis is not known, it
is the transverse momenta which is often studied. Moreover, pr is Lorentz invariant with
respect to the boost in the z-axis. Another quantity of interest is R, which is the distance

in the (1, ¢) plane, given by AR = /(A¢)? + (An)2.
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Fig. 3.1: Illustration of the ATLAS detector. Taken from [12]

Inner detector

The task of the inner detector is to perform tracking of charged particles and deduce their
momenta. This is possible through the determination of the trajectory a particle takes,
combined with information about the hits produced through ionisation when the particles
interact with the low-dense materials lying in their path. The trajectory is reconstructed
by seeing their paths in the 2T magnetic field from the superconducting magnets in which
the inner detector is contained. It is further partitioned into three sub-detectors, the pixel
detector, the semiconductor tracker and the transition radiation tracker, which have varying
materials. Another function of this sub-detector is to perform vertexing (primary, secondary
and tertiary) which helps in accurate determination of the location of the interaction point
(IP). Lying nearest to the points where the protons collide, this sub-detector suffers from
large amounts of radiation.

Calorimeters

The role of the calorimeters is to provide a measurement of the energy of particles. They are
designed in such a way that they have alternating layers of passive and active material. The
passive material initiates the showering, which is a cascade of particles which lose energy
after covering each radiation length, while the active material detects these particles and
carries out the measurement. There are two different calorimeters that are placed one after
the other, electromagnetic (ECAL) and hadronic (HCAL), depending on the particles they
measure the energy of. ECAL is involved with particles which shower electromagnetically
and is made of liquid argon (passive) and lead (active), while HCAL plays the same role but
with hadronically decaying particles and the material used here is scintillator tiles (passive)
and steel (active). In the end caps, the materials are copper and liquid argon.

11



Muon Spectrometer

Most particles are contained after traversing the calorimeters, except muons and neutrinos.
The muon spectrometer, positioned as the outermost layer in the system of sub-detectors, is
used to track and detect muons. A distinct arrangement of magnets is employed for these
purposes, in the barrel region and endcap region which cover different range of psuedorapidi-
ties. It is comprised of two chambers, the track and trigger chambers, which together are
able to provide the measurement of the position and momentum of muons as well as identify
the events that are interesting to be selected.

Trigger

With a bunch crossing of a few ns, the rate of occurrence of events is too high. This makes
it computationally impossible to store all the events and thus a selection has to be made.
This is carried out by a trigger system which comprises of three triggers and selects only
interesting events. The first is a hardware trigger, the second a software trigger and a third
which is done by the specific analyses. At each level of triggering, the reduction of the data
to be recorded reduces by a significant amount.

12



Chapter 4

Phenomenological Studies of the
gg — Z H process

This chapter provides a detailed account of the studies conducted on the process, gg —
Z H. The first section describes the process of event generation, followed by an analysis of
these generated events using Rivet [13]. In the third section, the results of the analysis are
presented.

4.1 Event Generation

With an abundance of data available from the detectors, simulations are needed to carry
out exhaustive studies on them so they can serve as a guiding principle for interpretation
and analysis of measured data. In particular, these simulations help us select a particular
process which could be interesting to look at, details about the final states, and the back-
grounds that would mimic the signal. The job of producing these simulations is done by
Monte Carlo generators. Event generation consists of simulation of events of a process based
on a theoretical model. The event files generated contain all the particles that are produced
in a given process, with a complete description in terms of the locations of their production
and decay, and energies and momenta. For a pp collision, the generation of events at the
reconstruction level consists of three steps. The first of these is the production of the hard
scatter process at the parton level, wherein the matrix element of the process is calculated.
The particles generated at this level are then fed into a parton shower generator to produce
parton showers and perform hadronisation. The third step consists of passing these showers
and other final state particles through a detector simulation which imitates the conditions
of a real-life detector, so the comparison to real data is direct.

Some Monte Carlo (MC) event generators commonly used in particle physics are MadGraph
[14], Sherpa [15], Pythia [16], Herwig [17], and GEANT4 [18], and the choice varies depend-
ing on the target of the physics studies. For this study, the relevant event-generators are
MadGraph(-aMC@NLO) and Pythia. MadGraph simulates pp collision truth-level events at
LO and NLO accuracy, and the parton showering and hadronisation is performed by Pythia.
Provided with a model (based on a selected theory) along with other inputs, MadGraph
produces Feynman diagrams and computes cross sections of the generated process. A key
feature is its ability to take as input BSM models enabling the exploration of BSM phe-

13



nomenology. A plethora of BSM models are available interfaced with MadGraph like Higgs
Doublet Model, Minimal Supersymmetric Standard Model and SMEFTatNLO.

SMEFTatNLO [19] is the model used here since the process gg — ZH requires one-loop
matrix element computations. It realises dimension six SMEFT operators in the Warsaw
basis, and the current implementation includes only two-fermion operators. The model is
able to calculate the linear and quadratic contributions from SMEFT. It is assumed that the
CKM matrix is unitary. Yukawa couplings of all fermions are ignored, except the top quark.
The implementation uses five-flavour scheme. The flavour symmetry chosen is,

U(2), x U(2), x U(2)g x [U2); x U(2).]?

which treats the three generations of leptons the same, and the first two generations of quarks
as the same. The third generation in the quark sector is treated differently to prioritize top
quark operators [20]. Typically, specific flavour structures are targeted, owing to the presence
of a large number of two- and four-fermion operators. The coefficient of interest with its
operator definition is,

o = it D) ()
with ﬁ;go = ¢! DHp — (D,)T¢ (¢ corresponds to the Higgs field).

In this study, 6 x10° events of each process listed in Table 4.1 are simulated. The events are
generated at a center-of-mass energy of 13 TeV and 13.6 TeV, using MadGraphb5_ aMC@NLO
(version 2.6.5) [14] and the package SMEFTatNLO [19]. Three steps are involved to simulate
events. First, restrict cards are created, which specify the value of the Wilson coefficient
being considered (for SM, all values are set to zero), and information about the decays,
masses of SM particles and the physical constants. Next, using these restrict cards, grid-
packs are generated, which store the matrix element computation. This is done to avoid
carrying out this calculation for each event, making the third stage much easier. Lastly, Mad-
Graph5_aMC@NLO uses these matrix element calculations to simulate parton-level events
and Pythia8 carries out the parton showering and hadronization. The events are produced
in an EVNT format, which are then read by a Rivet routine to analyse the events. The
commands used to generate the processes are summarized in Table 4.1, where q is defined

Table 4.1: Commands used for production of samples of different processes

gg — ZH | generate g g > h z QCD=2 QED=2 NP=2 [QCD)]
qq — ZH | generate q ¢ > h z QCD=2 QED=2 NP=2 [QCD]

as q =1, c, d, s, u~, c~, d~, s~, and p = g, q. The commands QCD, QED, and NP (new
physics couplings) specify the coupling order of the respective interactions in the process
and [QCD] accounts for next-to-leading order. For example, QCD=2 means the inclusion of
all diagrams with QCD vertices <= 2. The final states this analysis looks at is H — bb and
Z — 1t~ with | = e, u. With a branching ratio of 58.2% [21] (for my = 125 GeV), the
Higgs boson to bb is a natural choice, while Z boson to leptons provides a clean experimental
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signature. These decays are enforced in the Pythia showering commands, ‘‘25:onMode =
off”, which enforces no decay of Higgs, followed by “25:onlfMatch = 5 -5” to impose the
decay of Higgs only to b (anti-b) quarks : particle ID 5(-5). Similarly, decays of Z are forced
to be electrons (positrons) or muons (antimuons) : Particle IDs: 11(-11) or 13(-13).

The value of Wilson coefficients considered are ¢y = 1.0, 5.0, 10.0, 15.0, 20.0, and 50.0. As
explained in Section 2.3, the current limits of these coefficients are O(20) [2], which is the
value we use for carrying out the studies in this chapter. The remaining values are considered
to compute the 95% Confidence Level exclusion limits on this coefficient in chapter 6. The
cross sections of the processes (at /s =13 TeV) are :

Table 4.2: Generated cross sections (pb) for various processes at /s = 13 TeV

Process Generated cross section (fb)
gg — ZH (SM) 52.58 + 0.02
gg — ZH (SM + EFT (cs = 1)) 49.67 + 0.04
gg — ZH (SM + EFT (cs = 5)) 39.11 + 0.03
gg — ZH (SM + EFT (cy = 10)) 29.89 + 0.03
gg — ZH (SM + EFT (cy = 15)) 25.23 £ 0.02
gg — ZH (SM + EFT (cy = 20)) 24.87 £ 0.01
gg — ZH (SM + EFT (cy = 50)) 158.1 =+ 0.01
qq — ZH 723.6 + 2.2

Comparing to theoretical predictions as presented by the LHC Higgs Cross Section Working
Group in [22], the cross sections for gg — ZH and qq — Z H exhibit a deviation of ~21% and
~18% respectively. This is because of the difference in the orders of accuracy, for example,
the former process is reported with a NLO (next-to-leading order) + NLL (next-to-leading
logarithmic) accuracy, while MadGraph takes into account only NLO accuracy.

We observe from Table 4.2 that the gg — ZH process has a much smaller cross section than
the qq — Z H process. The cross sections for SM + EFT processes decrease as the value of
the Wilson coefficient increases, as compared to SM, due to a destructive interference of the
SM term and the EFT term. The decrease occurs till ¢y, = 20, after which the quadratic
term of EFT starts to dominate this linear term.

4.2 Analysis Strategy

4.2.1 Rivet Toolkit

RIVET (Robust Independent Validation of Experiment and Theory) [13] is a C++ frame-
work used to validate and tune MC event generation and perform analysis on simulated
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events. Its biggest asset is its ability to produce distributions of kinematic quantities effi-
ciently which can be measured directly in a process, which is why it has been extensively
used to study SM and BSM processes.

HepMC events are fed into a Rivet routine, where they are analyzed to produce an out-
put in the form of histograms. These histograms are stored in YODA (Yet more Objects for
Data Analysis) format text files. A routine consists of three methods:

e The init method is called only during the initialization. Here, the final state projections
are declared. Projections are objects which calculate the physical observables, like the
final state particles that satisfy some definite criterion, for example particle IDs and
kinematic properties. The output histograms to be produced, with detailed information
about their binnings and labels, are also booked in this method.

e The analyze method forms the main body of the routine, and is carried out once
for each event. Here, event selection is implemented and reconstruction of particles is
done. Their kinematic properties are computed with predefined classes and functions
and used to fill histograms. Each event has a weight associated to it, which accounts for
the probability of a particular event to occur. During the filling of the histograms, these
event weights are applied to each kinematic distribution under observation. Some rele-
vant utility classes that are used in this analysis are Jets (depiction of a clustered jet),
DressedLeptons (representation of leptons dressed with photons) and FourMomentum
(class offering access to kinematic properties of particles).

e The finalize method is called after every run is finished, to normalize the histogram to a
given value. In accordance with the purpose, either ‘normalize’ or ‘scale’ operations are
used. To study shape effects of kinematic distributions, the former method is utilized
which normalizes the area under the histogram curve to the set value. If the user wants
to make comparisons with data, that is, normalize the histograms to the absolute cross
section, the scale method is employed. The scaling factor used is (branching ratio x)
cross section x (sum of weights)™'. In order to get the total number of events, this
number is multiplied by the luminosity.

4.2.2 Reconstruction Algorithm

For the considered final state (H — bb and Z — [*17), leptons and b-jets have to be
reconstructed.

e Jets Reconstruction : Since jets are a collection of charged and neural particles origi-
nating from the fragmentation and hadronization of partons, their reconstruction can
provide details of the kinematic properties of the original parton. The information from
the calorimeters and tracker is utilized to retrieve jets, which is done by jet reconstruc-
tion algorithms. Jets have specific topology which makes them identifiable. There are
two main types of algorithms typically employed, cone and sequential reconstruction
algorithms. This analysis uses a sequential reconstruction algorithm named the anti-kp
algorithm [23]. It examines a list of particles, and clusters them together if they meet
certain criterions. The criterion used is a distance measure. For each particle 7, two
distances are calculated, d;; (with every other particle, j) and a beam distance d;z,
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R here gives the jet radius, a measure of the extension of the cone around the jet.
The algorithm starts by identifying the particle with the largest pr. It computes all
d;;, selects the particle with the smallest d;;, and combines these two particles to get
another particle. If, however, d;p is smaller, it calls this particle as a jet and moves
on to the next particle in the list. The procedure is repeated until all particles in the
list are exhausted and combined into some jet cluster. In ATLAS, R = 0.4 is used for
resolved b-jets and R = 1 for boosted jets.

The routine used here begins with the definition of a FinalState object with |n| < 2.5,
which represents all the final state particles in this pseudorapidity range. This cut exists
because of the limit on the acceptance of the linear detector. The VetoedFinalState
object is used to define the final state particles which will help to find jets. In this
object, neutrinos and muons are removed. Neutrinos are generally not considered
because it is difficult to reconstruct them, and muons are avoided so they are not
misreconstructed as jets. The FastJets Projection is then used to define jets, specifying
also the reconstruction algorithm and R to be used. We use R = 0.4 here. Kinematic
cuts of |n| < 2.5 and pyr > 20 GeV are enforced for maximal trigger efficiency and
good energy resolution. Since we are only interested in b-jets arising from the decay of
Higgs boson, we tag the identified jets by the ‘btagged’ function. This returns a bool
value, reporting if the jets have at least one b-jet or not. Only those events are stored
which contain two b-tagged jets. Selections are imposed on the invariant mass of the
b-jets, so they correspond to a Higgs boson. For this reason, events with my, > 140 or
my, < 100 are vetoed.

Lepton Reconstruction : Leptons and photons, in general, are reconstructed using
information from trackers and energy clusters in calorimeters. In the routine, the
IdentifiedFinalState object is used to represent photons (to dress leptons), electrons
and muons arising from the final state. They are recognised using their PIDs. The
dressing of the leptons means that bare charged leptons are combined with photons
surrounding them in a conical sense (defined by R). Their four vectors are added to
give a dressed lepton. This is done to take into consideration the QED FSR. Then,
PromptFinalState is used to recognise the final state particles which originate from the
hard process. After this identification, dressed leptons are chosen with a cone of radius
R = 0.1. Similar to jets, the standard cuts of |n| < 2.5 and pr > 25 GeV applied.
Only those events are stored which contain one pair of electrons or one pair of muons.
Similar to the b-jets, events with m; > 101 or my; < 91 are vetoed.

4.2.3 Kinematic observables of interest

The kinematic observables of the final state particles, e.g. the transverse momenta, invariant
mass, rapidity, etc. are of primary interest to us. Our goal here is to find event quantities
that are sensitive to EFT effects, and the ones that hold discriminating power to distinguish
the process gg — Z H from the backgrounds. The LHC coordinate system uses pr, n and ¢
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instead of p,, p, and p., as mentioned above. Knowing these three quantities, we can fully
describe a particle’s three momentum.

We examine the kinematic distributions for three processes, gg — ZH (SM), g9 — ZH
(SM + EFT (¢4 = 20)) and q¢ — ZH. The only background considered here is the quark
initiated ZH production because this background shares exactly the same final state of ZH
and in terms of kinematic distributions, it is the most difficult background to separate. For
these three processes, we investigate the following observables:

o pr€ (Z, H, ZH, by, by, 11, 1)
o m € (11, byb,, ZH)

o A¢ € (HZ, biby, Ly, bly)

o An € (HZ, biby, Lily, bil)

o AR € (HZ, biby, Lily, bil)

where by (1;) corresponds to the leading jet (lepton), i.e. jet (lepton) with higher transverse
momentum, and bs (1) to the subleading jet (lepton).

In order to study correlations between different quantities, we also investigate the 2D distri-
butions of all 28 combinations of the following 1D variables:

® Myy o Ay o Aoz o ARy,
o p7 o Any o Anzpy o ARzy

4.3 Results

4.3.1 Identification of Kinematics

The results of this analysis presenting the kinematic distributions of the final state particles
are discussed in this section. The centre-of-mass energy used is /s = 13.6 TeV, correspond-
ing to Run-3 data, and the total luminosity is (expected to be) L = 300 fb~!. We choose
the value of ¢y = 20, which is consistent with the current limits, as explained in Section 2.3.
At this value, there is a strong interplay between the linear (interference with SM term) and
the quadratic terms of the associated EFT operator. In the plots given below, the left side
distributions are targeted to isolate regions where EFT effects are notable in comparison to
SM. For these plots, we use the normalization of the plots to be the total expected events,
N = L x 0 x € x BR, where L signifies the luminosity, ¢ the cross section, € the efficiency of
the selected events and BR the branching ratio for the chosen process. The right side plots
focus on g9 — ZH (SM) and qq — Z H, to highlight the differences which would be valuable
for separation of these two processes. For these plots, we normalize the distributions so that
the area under the curves is a fixed value (= 1). This is done so we can specifically focus on
shape effects, since the distributions are still overwhelmed with the considered background
as the cross section for quark initiated ZH production is much greater (O(10)) than the
gluon initiated ZH.
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myzy and p% distributions

Upon the introduction of the cy operator in the top quark loop, the top quark, Higgs bo-
son and Z boson interactions change. EFT effects manifest themselves as a modification
of the mediator particle’s properties, and hence the energy scale and momentum transfer
of the process. Any deviations in the distributions in the SM + EFT model from those of
the SM should, thus, be attributed to a modification of the energy. Figure 4.1 shows the
distributions for mzyg for the three processes. This is a key variable because conservation
of momentum implies /s = myzy, and any alterations in the former will be directly seen
in the latter. Figure 4.1a displaying the invariant mass demonstrates that the spectrum for
the SM + EFT model has an interesting region in the high mass range (mzy > 600 GeV)
where there is a significant number of events, with an absence of similar events in the SM.
This is exactly the manifestation of the changes explained previously. Figure 4.1b compares
the same variable in the gg — ZH (SM) and qq — ZH processes. We observe here that
the distribution for the qq¢ — Z H process is shifted to give a softer spectrum. This happens
because of the top-quark loop in the Feynman diagram of the gg — ZH process, when the
two top quarks satisfy the condition of being on-shell, as was described in Section 2.3. The
transverse momentum of the Z boson is correlated with the invariant mass of the ZH sys-
tem. Being a directly measurable quantity, it is a principal variable to study. The transverse
momentum of the Z boson, similar to mzg, shown in Figure 4.2a reveals that there is a
considerable number of Z bosons which have a high momenta (pZ > 300 GeV) in the SM
+ EFT model. On the right hand side, in Figure 4.2b, it is seen that the bulk of events in
qq — Z H are populated in the lower momenta region.

Angular distributions : Agy,

Next, an angular distribution of the bb system is presented. The plots for the two-lepton
system emerging from the decay of the Z bosons are not showcased here. This is because
the two final state bosons are symmetrical in terms of their transverse momenta and are
produced back-to-back. No SMEFT operators are introduced in the decay of the Higgs and
Z bosons, and so any digression observed in the distributions of the SM + EFT model from
the SM in the bb system would be replicated in the [T]~ system. We choose to present the
plots for bb system since EFT effects are (slightly) more enhanced than in [*1~. Figure 4.3
shows the plot for the difference between the ¢ angles of the two bottom quarks. In Figure
4.3a, we see that in the SM + EFT model, the two quarks favor being emitted close to each
other, in contrast to SM. This is due to the more boosted transverse momentum of their
parent, the Higgs boson. This effect is repeated in the difference in the psuedorapidities,
n, of the two quarks. Figure 4.3b with A¢y, for g9 — ZH (SM) and q¢ — ZH depicts
that for the latter process, the bottom quarks are emitted back-to-back, as opposed to the
former process. Further, the distributions for this variable are striking because EFT effects
and background contributions have their bulk of events in opposite regions of phase space.
For the other variables, for example, the differences between the ¢ and 7 of the Higgs and
Z bosons, the angular distributions exhibit only subtle deviations arising only from overall
cross section normalization.
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Fig. 4.1: Invariant mass of ZH system, myy, for g9 — ZH (SM) and gg — ZH (SM+EFT)
(left) and for g9 — ZH (SM) and qq¢ — ZH (right)
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Fig. 4.2: Transverse momentum of Z boson, pZ, for g9 — ZH (SM) and g9 — ZH
(SM+EFT) (left) and for g9 — ZH (SM) and qq¢ — ZH (right)
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Figures 4.4a, 4.5a and 4.6a report the expected correlation between mzy and pZ for gg — ZH
(SM), gg — ZH (SM + EFT) and qq — ZH respectively. These plots reaffirm the results
that there are events in the higher mass and transverse momenta regime for gg — ZH (SM
+ EFT), as opposed to g¢g — ZH (SM). For the q¢ — ZH background, the spectra of
mass and transverse momenta are shifted to the lower regimes. The plots are scaled to the
total number of expected events. Similarly, figures 4.4b, 4.5b and 4.6b show the 2D plots
for pZ vs Agy for gg — ZH (SM), g9 — ZH (SM + EFT) and qq — ZH respectively. In
g9 — ZH (SM + EFT), boosted events relating to Z bosons with higher momenta are the
events where the decayed products of Z and Higgs bosons have small angles between them.
Studying these plots highlights the part of the phase space to be scrutinised to explore EFT
effects. For the q@ — ZH process, when Z bosons have smaller transverse momenta, the
decayed leptons are emitted with large angles between them.

4.3.2 Significance of a cut-based approach

These results show that a selection can be made in this 2D plane of pZ vs Agy, (or, equiva-
lently, mzy vs Adgy,) to reject this background to the greatest degree. A series of diagonal
selections (cuts) is made in this plane to select the one that yields the highest significance
for the two signals we consider, which are gg — ZH (SM) and g9 — ZH (SM + EFT).
The cut of Ady, < (355 X pZ + 1.5) gives a significance, (\/%73) =434 for S =99 - ZH
(SM) and B = qq — ZH, and 2.57 for S = g9 - ZH (SM+EFT) and B = q¢ — ZH.
The smaller value of the significance for the g9 — ZH (SM + EFT) process is, of course,
arising from the lower cross section. Here, we only include the q¢ — ZH background, and to

make a prediction, we must incorporate all other backgrounds. This is done to only obtain
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a rough estimate and conclude if these observables can assist us in carrying out the task of
separation of signal from backgrounds. The full significance studies are performed in the
next chapter. In conclusion, we have discerned variables which have pointed to regimes that
can be used to isolate EF'T effects and reject the gq¢ — ZH background.
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Fig. 4.4: 2D distribution between myzy and pZ (left) and between pZ and Ay, (right) for
g9 — ZH (SM)
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Fig. 4.5: 2D distribution between myzy and pZ (left) and between pZ and Ay, (right) for
99 — ZH (SM+EFT)
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qq — ZH

23



Chapter 5

Background Rejection using Deep
Learning Techniques

This chapter demonstrates the usage of deep learning techniques to separate the signal events
from the background events. An overview about the motivation for background rejection is
first presented in section 5.1, followed by some basics of the technique in section 5.2. Section
5.3 illustrates the dataset used for the signal and background samples. Sections 5.4 and 5.5
discuss the details of the algorithm used and final results.

5.1 Background rejection

In particle physics, for a discovery to be established, a global significance of 50 in the signal
is required over background fluctuations. This means that the probability of the observed
signal being a statistical fluctuation in the background is 0.006% or less. Achieving this
level of significance requires us to understand not only the physics of the signal process,
but also the backgrounds which imitate the signal. And so, it is a necessity to examine the
distributions of backgrounds precisely, to be able to identify regimes where the background
can be separated from the signal as effectively as possible.

In order to do this, various techniques are used, which include usage of cut-based analysis or
advanced machine learning algorithms. In the simplest cut-based analysis, event quantities,
for example the transverse momenta, or the azimuthal angle, of the final states corresponding
to signal and backgrounds are studied. Cuts are made in the phase space so we maximally
reject the background. On the other hand, machine learning algorithms process the input
features which are these kinematic distributions, identify complex correlations between them
and use this information to discriminate between signal and background.

5.2 Neural Network Basics

One of the machine learning algorithms commonly used are artificial neural networks. A
neural network (NN), inspired from the neuron network of the human brain, is a system
which is used to process data using connections between several nodes. At its heart, it is
a mapping which upon feeding some input features gives us an output. A typical network
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consists of an input layer, one or more hidden layers and an output layer.

We describe the basic architecture of a neural network, as shown in Fig. 5.1. To begin the
process, some features (in our case, the kinematic distributions of particles), are fed as inputs
to a network’s input layer. Each feature acts as a node in this layer. Fach node has a weight
attached to it, which signifies its importance. A higher (lower) weight assigned to a feature
indicates its greater (lesser) influence. An activation function is associated to each layer that
has the role of making the output non-linear. Additionally, a bias term is applied to each
node to introduce an offset in the output of the activation function. Thus, upon taking the
weighted sum of the inputs and the bias term, the activation function decides whether a
node is activated or not. The information from all these nodes is propagated to the next
layer, called the hidden layer. This layer consists of a certain number of predefined number
of nodes. The processing of information again occurs here, and weights are assigned to the
nodes. This process is repeated for each subsequent hidden layer. Ultimately, the processed
information is passed to an output layer. The output varies depending on the problem being
addressed by the network. These weights dictate the decision-making process of the network
and so, the goal of the network training is to optimise these weights to produce the best
possible predictions.

Input Layer Hidden Layer Output Layer

Output

Input 2

Fig. 5.1: Architecture of a simple neural network

The optimisation of the weights is done using backpropagation and gradient descent. After
a first iteration of the computation of predictions, a ‘loss function’ is calculated, which ex-
presses how good a network performs. It is typically a function of the difference between
the prediction and the true value. After this computation, the backpropagation method
uses the chain rule of calculus to calculate the gradient of the loss with respect to all the
weights. Gradient descent is the algorithm which uses these gradients to update the weights
by minimising the loss function.

A neural network can be used to solve a variety of problems, categorized into three types of

learning: supervised learning, unsupervised learning and reinforcement learning. Supervised
learning has two subcategories, namely classification and regression. The task of separating
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signal events from the background events falls into the category of supervised learning, and
is seen as a binary classification problem. For this scenario, the NN is presented with some
inputs and output labels. The network learns to predict the output of new unseen inputs.

5.3 Input Dataset

In this chapter, we use the ATLAS samples from the VH (V = W or Z) analysis [8] as input
data for the signal and backgrounds. A description of the samples is provided below.

5.3.1 ATLAS Samples

The ATLAS samples for the pp — VH — (Il /lv/vv)bb channel [8], with | = e, u corresponds
to data taken at the LHC at a centre-of-mass energy of /s = 13 TeV during the period
2015-2018. This data amounts to a total integrated luminosity of (139 + 2) fb~! [24]. The
backgrounds include top quark (tt and single top), V+ jets, and Diboson processes. The
channels looked at are 0-, 1- and 2-leptonic final states. To reduce theoretical dependencies
(models and uncertainties), and to enhance sensitivity, the Simplified Template Cross Section
(STXS) framework [22] is used to carry out differential cross section measurements. In this
framework, the phase space is partitioned into various bins of kinematic regions defined for
some event quantities. This assists in isolating regions with increased sensitivity to BSM
effects. The variables chosen for this channel are the transverse momenta of the V' boson,
py and the number of jets, n;, produced. The bins correspond to p¥., € (0, 75, 150, 250,
400, oo) GeV and n; € (0, 1, > 2). In the current implementation, g¢ — ZH and g9 - ZH
are combined into one measurement because of lack of experimental sensitivity in separating
these two processes. For the same reason, the first bin with p¥. < 75 GeV is not considered.

Stage 1.2 VH = V(— leptons)H
|

qq@ — WH qq -+ ZH gg — ZH

£ I — I [
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150 : | : |

250 [ — [
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0-jet I 1-jet -2 2-jet 0-jet I 1-jet IZ 2-jet 0-jet I 1-jet -2 2-jet
Fig. 5.2: Schematic representation of Stage 1 of STXS binning scheme for VH samples [25]
Details about the generators of the signal and background processes are listed in Fig. 5.3.

For this analysis, we emphasize that the relevant channel is that of 2-leptons. The selected
events must meet the following criteria :

e Exactly 2 leptons of the same flavour and opposite charges passing basic identification
and isolation criteria
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e For at least one lepton, pr > 27 GeV

81 GeV < my < 101 GeV

Exactly 2 b-tagged jets

For leading b-tagged jet, pr > 45 GeV

For jets, pr > 20 GeV if || < 2.5 and pr > 30 GeV if 2.5 < |n| < 4.5

Process ME generator ME PDF PS and UE model Cross-section
Hadronisation tune order

Signal, mass set to 125 GeV and bb branching fraction to 58%

qq — WH POWHEG-BOX v2 [54] + NNPDF3.0NLO™ [55]  Pyrmia 8.212 [45] AZNLO [56] NNLO(QCD)"+
— Lubb GoSAM [57] + MINLO [58, 59] NLO(EW) [60-66]

qq — ZH POWHEG-BOX V2 + NNPDF3.0NLO™ PyTHIA 8.212 AZNLO NNLO(QCD) P +
— vwbb/Lebb GoSaM + MINLO NLO(EW)

99— ZH POWHEG-BOX V2 NNPDF3.0NLO™ PYTHIA 8.212 AZNLO NLO+

= vwbb/LLbb NLL [67-71]

Top quark, mass set to 172.5 GeV

tt PowHEG-Box v2 [72] NNPDF3.0NLO PyTHIA 8.230 Al4 [73] NNLO+NNLL [74]

s-channel single top ~ PowHnec-Box v2 [75] NNPDF3.0NLO PyTHIA 8.230 Al4 NLO [76]

t-channel single top ~ POWHEG-BOX V2 [75] NNPDF3.0NLO PyTHIA 8.230 Al4 NLO [77]

Wt PowHEG-Box v2 [78] NNPDF3.0NLO PyTHIA 8.230 Al14 Approximate NNLO [79]

Vector boson + jets

W — bv SHERPA 2.2.1 [48, 80, 81] NNPDF3.0NNLO SHERPA 2.2.1 [82, 83]  Default NNLO [84]
Z/y" = 0 SHERPA 2.2.1 NNPDF3.0NNLO SHERPA 2.2.1 Default NNLO
Z — vv SHERPA 2.2.1 NNPDF3.0NNLO SHERPA 2.2.1 Default NNLO
Diboson
9q — WW SHERPA 2.2.1 NNPDF3.0NNLO SHERPA 2.2.1 Default NLO
wq—WZ SHERPA 2.2.1 NNPDF3.0NNLO SHERPA 2.2.1 Default NLO®
qq— ZZ SHERPA 2.2.1 NNPDF3.0NNLO SHERPA 2.2.1 Default NLO®)
g9 = VV SHERPA 2.2.2 NNPDF3.0NNLO SHERPA 2.2.2 Default NLO

Fig. 5.3: Monte Carlo generators used for production of signal and background processes.
Adapted from [§]

5.3.2 EFT Reweighting
Motivation

The unavailability of ATLAS official EFT samples for the (scan of) Wilson coefficients makes
it necessary to use an alternative approach. The MadGraph samples obtained as described
in Chapter 4 serve a dual purpose. First, they act as an inspiration for kinematic variables
which are most relevant, i.e. discriminating for EFT effects and can be used to execute the
task at hand. Secondly, they are used to derive correction factors to be applied to the official
ATLAS gg — ZH samples in order to mimic EFT effects.

Technique

During event generation, each event appears with a certain Monte Carlo (MC) weight, factor-
ing in the probability of its occurrence in real-life. When constructing histograms for specific
kinematic variables, these MC weights are used to populate the histogram bins instead of
simply counting the number of events. This makes it possible to construct EFT samples
using the SM samples, by modifying the per-bin MC weights of the latter. In this study, we
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make use of the 2D distribution of pZ and Agy,. As established, pZ is directly correlated
with myzy, and any changes due to EFT contributions would be directly seen in this variable.
We also identified Ay, as an important angular quantity that has the potential to capture
additional EFT effects. To create the EFT samples from the SM samples, we divide this 2D
phase space into a 20 x 20 grid and take the ratio of the MC weights of the (truth-level)
EFT sample and the (truth-level) SM sample bin-by-bin. This ratio of the MC weights gives
us the correction weights, which are applied to the ATLAS (reconstructed-level) gg — ZH
samples to get the EFT samples (refer equation (5.1)) for this process. We make the assump-
tion that the detector efficiencies that translate the truth level information to reconstructed
level information remain the same for the EFT and SM samples.

(5.1)

Reco

OEFT
< ) X (USM)RECO = (ogFrT)
JSM Truth

Comparison of Results

We present the results of the application of the reweighting technique to get EFT g9 — ZH
samples from ATLAS SM gg — ZH samples. This is done by drawing a comparison between
the kinematic distributions of samples generated from MadGraphb_aMC@QNLO+Pythia8 and
samples obtained through the reweighting technique.

In the last chapter, the centre-of-mass energy was set to /s =13.6 TeV and luminosity
to L = 300 fb~! to get the number of events. To align with the current analysis, we
regenerate these events from MadGraph5_ aMCQ@QNLO+Pythia8 so that they correspond to
V/$ = 13 TeV and the luminosity is set to L = 139 fb~'. We confirm that there are no
shape differences introduced when switching between these energies. Fig. 5.4 depicts the pZ
and Aq¢y, distributions for the two different kinds of samples. The overall effect is replicated
in the ATLAS samples. A point worth mentioning is that in the event generation process
using Madgraph, the generated events are produced at the truth level, without incorporating
detector simulation. On the other hand, ATLAS samples are generated at the reconstructed
level, where the simulation of the detector is applied. The discrepancy that arises might
be due to this fact, however, it does not impact our results. Moreover, when comparing,
we should be mindful of the fact that the definitions of the b-jet differ in the two levels of
construction. Since we used pZ and Agy, to perform the reweighting, it is expected that these
distributions exhibit the closest match. To ensure that the reweighting technique accurately
reproduces the effects in the other variables, we evaluate all the other event quantities listed
in section 4.2.3. In Fig. 5.5, we present two such distributions, A¢zy and Anzy. The plots
show that the distributions of the two samples align well with each other.

5.4 Algorithm: Deep Feed-Forward Neural Network

Feed forward neural networks are trained to separate the signals gg — ZH (SM) and gg —
ZH (SM + EFT) from the backgrounds, q¢ — ZH and pp — Z + jets. Our initial
focus is on the q¢ — ZH background because this is the more challenging background,
in terms of similarities in kinematics. We use two different networks, for g9 — ZH (SM) vs
qq — ZH and gg — ZH (SM + EFT) vs q¢ — ZH, to assess their robustness in both cases.
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Subsequently, we test the SM and EFT samples on both these networks and select the more
effective one. Given that the gq¢ — ZH background shares the exact same final state as
the signal, it poses a considerable challenge for separation. Therefore, a dedicated training
specifically targeting this background becomes necessary. The V' H analysis currently merges
these two processes into a single one, but there is a desire and intention to eventually separate
them. As a result, one of the objectives of this chapter is to quantify the extent to which
this background can be rejected from the signals. To comprehend how similar these two
processes are, we plot a correlation matrix between event quantities for both the processes,
shown in Fig. 5.6. It is evident that the correlation matrices exhibit striking similarities with
only minor differences. The matrices, however, do not detect any non-linear correlations. A
neural network is expected to capture these subtle variations and learn how to differentiate
between the two. Additionally, pp — Z + jets is a dominant background with its sizeable
cross section. Thus, we train a network against this background as well and investigate how
it performs. We show its correlation matrix in Fig. 5.7. It is seen that there are some
differences between this process and the gg — ZH process. In order to begin the task of
separation, we first rank the input features to identify the most relevant kinematic variables
for these ATLAS samples, drawing inspiration from the previous chapter.

ATLAS work in progress

{ ATLAS work in progress
gg - ZH(SM + EFT) > bbl*I~

100 qq - ZH - bbl*I~

1.00

pf
pf

mzy  Ad(b-jet 1, b-jet 2)

jets

2p;

T

0.44 0.057

An (V, bb)An (b-jet 1,b-jet 2)

0.50

0.25

0.00

-0.25

-0.50

-0.75

-1.00

Correlation coefficient

mzw  Ad(bet 1, bjet 2)

jets
T

3

[N
-
2
Q
=
2
=
=
<
)
Q
=3
=
<

0.75

0.50

0.25

0.00

-0.25

-0.50

-0.75

-1.00

Correlation coefficient

Fig. 5.6: Correlation matrix for gg — ZH (SM) (left) and gq¢ — ZH (right) processes
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Fig. 5.7: Correlation matrix for Z + jets process

5.4.1 Ranking of input features

For the ranking of the variables, the signal and background we use are gg — ZH (SM +
EFT) and q¢ — ZH respectively. From the list of variables we have, we carefully choose a
total of 10 input features which hold the largest discriminating power. This is done by exam-
ining the kinematic distributions of the quantities, and investigating if there are significant
variations between the signal and background. By ranking and selecting these 10 features,
we aim to simplify the network by gradually eliminating features one-by-one and evaluating
its performance at each step. In contrast to the Madgraph_.aMC@QNLO and Pythia8 gener-
ated samples we had in the previous chapter, where we only included 2 (b-)jets in the final
state, the ATLAS V H samples include additional jets, arising from the splitting of gluons or
quarks in the initial state. Since the initial state varies, the variables relating to these jets
are particularly important. Two such quantities are number of jets, njqs, and invariant mass
of leading b-tagged jet and a third jet, my, s,, shown in Fig. 5.8a and 5.8b. The first figure
depicts that the probability for additional jets to be emitted in a gluon initiated process is
more than for a quark initiated process. This is due to the distinct Casimir factor (color fac-
tor) that appear in the expression of the radiation emitted from quarks and gluons [26]. The
second figure shows that this quantity, related to additional jets, holds discriminating powers.

For every variable, successive cuts are placed on the respective distributions to get the signal
Nselected

and background efficiency. The efficiency is defined as ¢ = S5 The cut-based analysis
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is done in a 1-dimensional plane, and disregards any potential correlations between the
variables, which could potentially be recognised by a neural network. Figure 5.9 shows the
signal efficiency vs background efficiency curves obtained for the 10 variables. The y = x
line (shown in grey) corresponding to a straight lines implies a complete overlap of the two
distributions leading to no separation. The larger the area between this line and the curve
for any variable is, the more pronounced is the difference between the distributions, leading
to a better separation. To quantify the ranking, the area between the y = x curve and the 1D
curve is calculated, and presented in Table 5.1. Here, inv. means invariant and add. stands
for additional. The table and the figure demonstrate that the most discriminant variables
are myy and variables related to the transverse momenta of the final jets. This is exactly
what was established in the previous chapter. As established, apart from these quantities,
variables which are associated to the initial state, for example, my, j,, My,j, and njes are
essential inputs for achieving maximum separation. Lastly, we have the angular quantities
which are less discriminating than the other ones. This is in contrast to what we saw in the
last chapter, and the discrepancy arises because of the cut imposed on pZ > 75 GeV in these
samples. This cut eliminates the events wherein the 2 b-jets appear back-to-back. Although
this cut already rejects a huge background of q¢ — Z H, but the discriminating power is now
lost for these angular distributions.

Table 5.1: Ranking of kinematic variables for selection of inputs

Ranking | Kinematic Variable Definition Area (%)
1 myzu Inv. mass of (Z, H) 20.41
2 S pit Sum of pr of b-tagged jets 19.60
3 P pr of Z 19.16
4 p%ddjets Sum of pr of add. jets 14.25
5 Mip153 Inv. mass of (leading b-jet, leading add. jet) 13.79
6 M3 Inv. mass of (subleading b-jet, leading add. jet) 13.14
7 Njets Total number of jets 12.31
8 Ay A¢ between tagged b-jets 12.09
9 Nz n of Z 9.01
10 ANz A¢ between 7 and tagged b-jets 6.15

5.4.2 Specifics of the model
Hyperparameters

Hyperparameters are constants that dictate the performance of a neural network, and need
to be tuned to enhance it as much as possible. The main hyperparameters to be optimised
include the learning rate, layer count, number of nodes within each layer, batch size of the
input samples, the dropout rate, and epoch number. The learning rate governs the speed
at which the network updates the weights, specifying the magnitude of the step taken along
the slope of the loss function to approach its minimum. The batch size controls the count
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of input data which the network handles before it updates the weights. The dropout rate,
on a random basis, sets a fraction of the nodes to zero to minimise the dependence of the
network on a particular node. The role of this parameter is to prevent overfitting. The total
number of times the network processes the full training data is given by the epoch size.

Model architecture and specifications

We adopt a feed-forward neural network using TensorFlow [27] and Keras API [28]. The
network architecture is described as follows. The input layer consists of a number of nodes
which is equivalent to the number of features. If set to be True, a preprocessing of the
input tensor is initialised after the input layer, which standardises the input distributions
such that their mean is 0 and their variance is 1. This is done so that all the features are
scaled in the same range and there is no dominance of a particular feature. The activation
function is set to be Rectified Linear Unit (f(x) = max(0,x)). ‘N’ number of hidden dense
layers (i.e. fully connected so that all nodes of a previous layer are connected to all nodes of
the next layer) are added to the network, inter-mediated by a dropout layer. After the last
hidden and its subsequent dropout layer is the output layer for which the activation function
is set to softmax (f(z;) = ﬁ) This function assigns to each event, the probability

of belonging to each class. For binary classification, the output is a two dimensional array
containing the probabilities of the input data belonging to either the signal or the background
class. The argmax function (f = arg max(g(x))) is used to get the predictions of a particular
event. The optimiser and loss function selected are the Adam optimiser [29] and categorical
crossentropy, suitable for multi-class classification tasks.

Optimization of Hyperparameters

For the input data, the total statistics we have are 8 x 10° events of gg — ZH, 5 x 10°
events of q¢ — ZH, and 5 x 107 events of Z + jets. The events are normalized so that they
correspond to a luminosity of 139 fb=!. For the training, we use a sample size of 8 x 10°
events for the signal and backgrounds. The shards method of TensorFlow [27] is used to split
this sample into two equal halves, training and test data. The entirety of the statistics is
used as the validation set. For assignment of labels to the data, the signal and backgrounds
events are one-hot encoded. Shuffling of the dataset is done before feeding the events into
the network. The input array is formed by concatenating the signal and background events.
To ensure that each batch contains a balanced number of events from both classes, shuffling
with an appropriate step size (equal to the total number of events) is necessary.

Prior to evaluating the network’s performance, the initial step involves confirming the
smoothness of the loss curve in relation to the number of epochs and checking for signs
of overfitting. Overfitting is detected when the loss curves of the training and test sets begin
to diverge beyond a certain epoch. The tuning of the hyperparameters can have drastic
effects on the loss curve and it is imperative to find an optimal set of constants for which
the training and test losses converge and reach a plateau.

A grid scan of the hyperparameters is performed :

e learning rate € (1072,5 x 1073,1072,5 x 1074, 1074,5 x 107°,1075,5 x 1075,107)
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e batch size € (32,64,128,1 x 10%,2 x 103,5 x 10%)
e number of layers € (1,2,3,4, 5,6,7,8,9,10)
e number of nodes per layer € (10, 20, 30, 50)

Here, the italic and bold values correspond to the best achieved values of these parameters
for g9 - ZH (SM) and g9 — ZH (SM+EFT) ( for separation from qq¢ — ZH). The
learning rates are varied in steps of 5, from 1072 to 107%. If the rate is too small, a larger
number of epochs are required to reach the minimum, or it may not converge at all. If the
rate is too big, it might bounce around the minimum and never reach convergence. The
training samples are divided into several batches, which the network handles at a time, and
the weights are updated after each batch. This has several advantages like computational
efficiency and ensuring the stability of the network. Typically the batch sizes chosen are of
the order of O(10) to O(100). This ensures that there are less number of samples in each
batch so that the updating of weights takes place more frequently, leading to better perfor-
mance of the network. But in this case, owing to the fact that g¢ - ZH and qq — ZH
have similar distributions, the batch size is kept large enough so that the network is able to
differentiate between the signal distribution and statistical fluctuations in the background.
The number of epochs are fixed to be 300 or 102, since the optimal learning rate is small
and it takes a larger number of epochs to reach the minimum of the loss function. The
layer count determines the depth of the network, the deeper it is, more complex the network
becomes. It is seen that a highly complex network is required for an adequate performance.

Figures 5.10 and 5.11 show the loss and accuracy curves for the gg — ZH (SM) vs q¢ — ZH
and gg — ZH (SM + EFT) vs q¢ — ZH respectively. Both figures demonstrate an ideal
loss function. For the SM case, we choose Nepocns = 300 since the plateau is reached with
this number of iterations, while for the EFT scenario, we extend it to 1000 epochs. The
loss and accuracy plots complement each other. Accuracy is defined as the ratio of correct
predictions (obtained from the argmax function) to the total number of predictions. Notably,
from the accuracy curve, we observe that the network exhibits better discrimination between
g9 — ZH (SM) and q¢ — ZH (final accuracy = 66%) compared to g9 — ZH (SM + EFT)
and q¢ — ZH (final accuracy = 68%). This is anticipated since we established in Chapter
4 that the populated regions in the phase space differ more significantly when comparing
99 — ZH (SM + EFT) to q¢ — ZH than gg — ZH (SM) to q¢ — ZH. As no over-training
is observed between training and validation (test), the dropout factor is set to zero and no
regularizers are applied. We observe a kink in both the curves which could imply that the
model transits from a first minima to a second minima. This happens when the learning
rate is small, and the model is stuck in the first minima for a long time before it reaches the
true minimum.

5.5 Performance of Neural Network

The neural network outputs the probability of an event being a signal or background. A
discriminant can be constructed from these quantities,

D = log(M)

Pbackg'round
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The aim of a network is to have two distinct peaks for the two discriminants, Dgigne and
Dyackground, and subsequently place a cut on this distribution so that only signal events
remain. Alternatively, we can simply look at the quantity, Ps;g,q for both classes of events
and follow a similar approach. In order to evaluate the performance of a neural network, we
utilize the area under the ROC (receiver operating characteristic) curve, known as AUC, as
the figure of merit. The ROC curve employed in this context is a plot between background
rejection (1 - background efficiency) and signal efficiency. A higher AUC corresponds to a
superior network performance, as it reflects a larger area under the curve.

5.5.1 qq — ZH rejection

We begin by incorporating 7 features in the network, according to the ranking made above.
Incremental addition of features to the network from 7 to 10 is done and it is confirmed
that the network’s learning capability improves. Fig. 5.12a shows the final ROC curve for
g9 — ZH (SM) vs qq — ZH for 10 features. We use a cut on p% as a baseline and observe
that the network outperforms a cut-based analysis done on pZ, therefore, justifying the usage
of a neural network. A calculation of the AUC gives 70.4% and 74.9% for SM and SM + EFT
processes respectively. To draw a comparison between these two networks, we validate the
SM and SM 4+ EFT samples on both of them and inspect which one is a better compromise.
Fig. 5.13a shows the comparison of the networks for the SM sample. As anticipated, the
network which is trained dedicatedly for the SM sample has a slightly higher AUC (5 %)
in contrast with the one trained for SM + EFT. Fig. 5.13b shows the same plot for SM +
EFT sample, but the difference between the performance for different networks is larger here
(12 %). This disparity arises due to the SM-specific network’s limited ability to capture the
distinctive tail of the distributions of pZ and mgzy present in the gg — ZH (SM + EFT)
process. Consequently, the network trained on the EFT sample emerges as the preferred
choice.

For this network, we display its output in Fig. 5.14, which is the probability of an event
(99 — ZH (SM + EFT) or q¢ — ZH) being a signal. For the background events, we see a
distinct peak at values near 0.3, which means that the network is able to classify these events.
For the signal events, we do not observe a definite peak, but rather a plateau from values of
0.5 to 0.9. The network is able to classify a certain number of events with high probability,
but this number is quite small, indicated by the uncertainty. These events belong to the tail
of the distributions we mentioned before. The plot demonstrates that placing a cut on this
distribution at 0.6 (or higher) will aid us in rejecting a majority of the background.

5.5.2 Z + jets rejection

We proceed by employing a neural network to reject the dominant background, namely
Z + jets. For this network, we use two additional input features which are the invariant
mass of the b-tagged jets, my,, and polarization of the Z boson. Since my;, has a peak at the
Higgs boson mass for gg — ZH while it is a flat function for Z + jets, it is an important
discriminating variable. The choice of including polarization of the Z boson in the network
is inspired from the V H analysis [8]. Before feeding into the network, the weights of the
events are normalized to 1. This is an important step to prevent data imbalance due to the
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large difference in the cross sections. We again perform a grid scan of hyperparameters as
the previous network, and present the loss and accuracy curves in Fig. 5.15 for the optimal
set (learning rate = 1073, batch size = 128, number of layers = 10, number of nodes per layer
= 50). For this set, the network exhibits the expected behaviour, as is demonstrated in the
loss curve. The accuracy now is 75%, which aligns with what is anticipated, considering the
significant variation of the event quantities in this process compared to gg — ZH. Fig. 5.16
showcases the ROC Curve and output of this network. The AUC is now 82%, surpassing
the previous case. Furthermore, if we examine the output, we notice a distinct peaks for
the background events and signal events. This indicates the network’s enhanced ability
to distinguish the two processes. Once again, we see that the network is quite confident
(Output > 0.8) in recognising the signal for a certain regime of phase space, where the
transverse momenta of the Z boson is high. We verify that the inclusion of the two additional
variables enhances the performance of the network.

5.5.3 2D distributions of DNN outputs

Having employed two networks each of which targets to separate the two most challenging
backgrounds, we now see how the signal events and background events populate the 2D phase
space formed by the outputs of the two DNNs. To maximally reject the Z 4 jets background,
we place a cut on 100 < my, < 140 GeV. Fig. 5.17a, 5.17b and 5.18 show these distributions
for the processes gg — ZH (SM + EFT), q¢ — ZH and pp — Z + jets respectively. The
first figure shows that the signal events are populated in the right hand corner, which is
anticipated because this region corresponds to the regions where DNN output > 0.8 for both
the neural networks. The 5.17b and 5.18 figures show that the q¢ — ZH and pp — Z + jets
backgrounds have the majority of events populated near the middle and lower middle part of
the 2D phase space. Moreover, there are less number of events in the top right corner where
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the signal events reside. Hence, we have identified a region in this phase space which could
be useful in separating the signal events from the background events. In the next chapter
where we derive the 95% Confidence Level exclusion limits, we will concentrate on these 2D

heatmaps.
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Fig. 5.17: 2D distribution of the output of the two neural networks validated on gg — ZH
(SM + EFT) (left) and q¢ — ZH (right)
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Chapter 6

Constraints on Wilson Coeflicient, cg

Equipped with the two neural networks outlined in chapter 5, we can utilize their outputs
to impose constraints on the Wilson coefficient, ¢4, in terms of 95% Confidence Level (CL)
exclusion limits, which is the main focus of this chapter.

6.1 Constraining cy: 95% CL limit

By analyzing the outputs of the two DNNs, we can obtain an estimate on the number of sig-
nal and background events. This information is instrumental in establishing 95% CL limits
on cg. So far, we have focused only on the two most challenging backgrounds. However, to
obtain an accurate estimation of the 95% CL limits, it is necessary to consider all the back-
grounds discussed in Sec. 2.3.2. To achieve this, we must get the neural network predictions
for the additional backgrounds. Additionally, in order to impose these constraints, we also
need these predictions for the other EFT samples with varying cy; values.

6.1.1 Predictions of other backgrounds

The other backgrounds in consideration consist of t£, diboson, single-top, W H and W + jets.
The preselection process applied to the ATLAS samples effectively removes a significant num-
ber of these background events. Furthermore, concentrating on the high pZ regime (p% > 150
GeV) and implementing an additional selection on the invariant mass of the two b-tagged
jets, these backgrounds are substantially suppressed. On these selected samples, we get their
predictions from both the optimised neural networks by validating them on the networks.
Fig. 6.1a and 6.1b show the distributions of the DNN outputs for the major backgrounds,
tt, diboson, Z + jets and qq — ZH, as the remaining backgrounds are considered negligible,
on networks optimised for discrimination against q¢ — ZH and for Z + jets respectively.
Although not depicted in the plots, the small contributions of other backgrounds are taken
into account for the final estimation.

For the q¢ — Z H optimized training, the diboson and Z+jets backgrounds exhibit, in gen-
eral, a similar trend, with a noticeable peak around values of approximately 0.6. The tt
background observes a first peak at very small values, and a second peak at values of 0.5.
These peaks mean that the network is not able to identify these samples as backgrounds. This
is expected since the network learns to differentiate the subtle differences between gg — ZH
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and qq — Z H, rendering it unable to classify events with distinct distributions. Secondly, we
use the network optimised for Z + jets to validate these samples, and the results are shown
in 6.1b. The backgrounds, tt and diboson, now peak at lower values now and thus the task
of discrimination between signal events and background events would particularly benefit
from this training. The background, q¢ — ZH, also has a peak near 0.4 but still has some
events in the tail of the distribution, which is, again, expected. To gain insight into the total
number of events that remain, we examine the prediction of the absolute number of events
after being validated on the Z + jets optimised network in Fig. 6.2, as the previous plots
solely illustrate the distribution shapes. The figure reveals that the dominant backgrounds
in the last bins, where the signal would peak, are Z + jets and qq — Z H, which reassures
the need to have two dedicated networks for these backgrounds.
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Fig. 6.1: DNN output distribution of background events for neural networks optimised for
qq — Z H background (left) and Z + jets background (right)

6.1.2 Predictions of other EFT Samples

The results of the validation of EFT samples in terms of the output of the DNNs is shown
in Fig. 6.3a and 6.3b for q¢ — ZH and Z + jets optimised networks respectively. Both
graphs indicate that the networks possess lower discrimination power from the background
when ¢y < 15, since they learn to differentiate the signal from the background based on
features unique to the EFT distributions. Although these signatures begin to appear for
cyr values greater than 0, the effects become large enough to change the distributions from
the SM distribution for values larger than cg > 15. For small values of cg, the kinematic
distributions closely resemble those of the SM, and hence, there is no major difference in the
output. The performance improves for higher values due to the network being trained on
Cot = 20.

Having obtained an estimation of the background events and EFT samples in this 2D plane,
we can now move forward and impose constraints on cg.
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6.1.3 x2 Fit

A x? test is a standard test performed in statistics to see how well some measured data
competes against a theoretical model, i.e. expected data. It is defined as,

X2 _ Z (fi(C)Theor _ fi(C)Dat(z>2

(O.fDiata)Q

(6.1)

i
where the sum is over all the bins and f, is some function whose values we are comparing.
In our context, we rewrite Eq. (6.1) as,
C,
Xegr) =) NN
: (VNPD,)2

(2

(6.2)

where the sum is over all bins and N;** is the total number of events (signal + background)
corresponding to an EFT sample with a certain ¢y value in each bin, ‘i". ‘PD’ here means
pseudodata. The y? function can be seen as the log-likelihood function for a Gaussian distri-
bution, where NP denotes the mean and the variance is given by N*P. Assuming that the
‘pseudodata’ here corresponds to the EFT sample with ¢4 = 0, we can evaluate this function
for all other ¢4 values. Following this, the minimum of the plot of x? vs ¢4 gives us the best
fit value and the values corresponding to x? = 3.841 will yield 95% CL exclusion limits for
cot- The (binned) number of events are extracted from the outputs of the two DNNs. This is
done by calculating the number of background + signal events in each bin of the 2D heatmap
formed by the outputs of the DNN. We take the luminosity to be 300 fb~!, corresponding
to (expected) Run3 data. Following the procedure described yields the x? function which
is shown in Fig. 6.4. We observe a minimum at c4 = 0, which is expected since we chose
the value of ¢y = 0 for pseudodata, and obtain the 95% CL exclusion limits, cj; = 26.3.
We observe that for values of ¢y, = 10 to 20, the function remains flat. The sudden rise
after cg = 20 is because of the increase in the cross section, owing to the dominance of the
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Fig. 6.3: DNN output distribution of EFT samples for neural networks optimised for gqg —
Z H background (left) and Z + jets background (right)

quadratic term. If we scale this luminosity to 4000 fb~!, we get the exclusion limit to be
cg)‘;’ = 4.06 which is a much stricter constraint. A point worth mentioning is that this function
preserves the shape effects of the distribution of the signal events and background events. If
there exists unusual fluctuations leading to unphysical shape effects in the background, this
would be propagated in the result.

Assuming that the ‘pseudodata’ here corresponds to the EFT sample with cy = 20, we can
get a sensitivity for the measurement if the true value is ¢y = 20. We do this by again
calculating the x? function for all ¢y values under this new assumption. The results are
shown in Fig. 6.5. We observe a minimum at cy4 = 20, which is anticipated because of the
chosen pseudodata sample. We obtain the 95% CL limits, ¢} = 16.05 and c}); = 22.70 if
cfz;“e = 20. We observe that for lower values of cy, the function remains flat till ¢4 = 10,
since the distributions for these samples are very similar to each other but quite different
from c4 = 20. Again, sudden rise after cy = 20 is due to the fact that the cross section

rises, because of the dominance of the quadratic term.

6.1.4 Comparison to global fits

If we compare the value of ¢} = 26.3 to that from the global fit, which is 18, we find that
for Run3, the current limit is a bit more strict that what we have obtained. However, for
HL-LHC era, we have ¢} = 4.06, which is much stricter. While the value from the global
fits obtained arises from only indirect constraints, we exploit information from only a single
process here which brings a direct constraint on this coefficient.
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Chapter 7

Conclusions and Outlook

The Standard Model (SM) provides a description of the elementary particles and the interac-
tions they experience. Although it is a marvel of modern particle physics, there exists some
phenomena which are left unexplained by this theory model. In order to describe physics
beyond the SM, one of the theories proposed is the Standard Model Effective Field Theory
(SMEFT). Treating the SM as an EFT, this theory expresses the strength of new physics
beyond the SM in terms of some coefficients, named the Wilson coefficients. This thesis
carried out feasibility studies of the gg — ZH process to derive a constraint on the Wilson
coefficient, cy:. We first presented phenomenological studies performed on this process with
a goal of identifying key kinematic variables which can be probed to study EFT effects, and
assist in isolating the signal from one of the challenging backgrounds, q¢ — ZH. Currently,
due to lack of sensitivity, the gg — ZH and qq — ZH processes are studied together.
We demonstrate that there is information in the kinematic distributions of these processes
which can be utilized to separate them eventually. Additionally, a dominant background is
pp — Z + jets, because of its very large cross section. Thus, we employed neural networks
to reject these two backgrounds. Using the outputs of these two neural networks, we derived
direct constraints in terms of exclusion limits on cg4. We arrived at the conclusion that we
are able to place a constraint on the 95% exclusion limit for a luminosity of 300 fb=!. On
comparison with the current global fit limits, the global limits are more strict than the one
we have obtained.

Having derived these constraints, we stress that we have a long way to go before we reach this
sensitivity experimentally. For future studies, the following considerations should be made.
Considering the two main backgrounds for which neural networks were employed, we did
not take into account that the background pp — Z + jets is modified by the addition of the
operator, Og. Moreover, training neural networks in dedicated bins of pZ might be beneficial
in recognising the bins where the sensitivity for these limits is the highest. Additionally, we
employed two different neural networks to separate two backgrounds but convoluting them
in a sophisticated and effective manner can help increase their power and lead to better
signal versus background rejection. Finally, we took a simple statistical approach to get the
value of the exclusion limits but a comprehensive statistical analysis must be performed,
while also taking into account the uncertainties.
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