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Abstract

The discovery of the Higgs boson at the Large Hadron Collider by the ATLAS and CMS
experiments has made the search for new physics beyond the Standard Model a priority
in the field of High Energy Particle Physics. New resonances have yet to be discovered
using inclusive and model-dependent searches, which means they may be driven by
subtle topologies. Rapid improvements in Machine Learning techniques have led to their
increasing application in High Energy Particle physics. Unlike supervised learning, which
is known to assume full knowledge of the underlying model, semi-supervised learning,
in particular weakly supervised learning, allows the extraction of new information from
data with partial knowledge. The goal of this study is to set up searches for heavy
resonances at the electroweak scale with topological requirements performed in both
inclusive and exclusive regions of phase-space tailored to a particular production mode.
These resonances could be generated with different production mechanisms. In this
work, we describe search procedures based on weakly supervised learning applied to
mixed samples and used to search for resonances with little or no prior knowledge of
the production mechanism. This approach has the advantage that sidebands or control
regions can be used to effectively model backgrounds without relying on models. The
effectiveness of this method is measured by the production of the Standard Model Higgs
boson, which decays into a pair of photons in both inclusive and exclusive regions of
phase-space at the LHC. Having confirmed the ability of the method to extract various
Standard Model Higgs boson signal processes, the search for new phenomena in high
mass final states will be set up at the LHC. Subsequently, the approach is used in the
search for new resonances in the Z+v final state with Z — eTe™ or Z — pu*pu~, using
the Monte Carlo simulated signal samples for 139 fb~! of integrated luminosity for Run
2 collected at the LHC. The weakly supervised learning approach is implemented and
compared to the performance of the fully supervised approach, which is then used to
calculate the production limit for Higgs-like particles for Z- where the significance of
the signal is maximal.
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Chapter 1

Introduction

Scientists benefit from advances in technology and scientific knowledge in their efforts
to understand and answer questions like: What is the universe made of? How does it
interact? Among these advances is the Large Hadron Collider (LHC), which scientists
use to collide particles. Particle physicists can use these collisions at high energies to
reproduce the conditions that existed seconds after the Big Bang. The remnants of these
collisions are being studied to answer the previous two fundamental questions. Particle
physicists have worked hard to investigate and discover the underlying physical laws
that govern the universe. To understand the interaction of subatomic particles, they are
guided by a strong theory known as the Standard Model (SM). Although this theory has
been extremely successful in making predictions, there are still certain inconsistencies
that the theory cannot explain. Therefore, several possible extensions of the SM have
been presented to address the shortcomings of this theory. These extensions are referred
to as Beyond the Standard Model (BSM) theories.

The large amount of data generated by the LHC requires significant resources for pro-
cessing and storage. Currently, the LHC generates petabytes of data per year. The vast
majority of the data generated by the collisions produces particles of low interest in the
form of background, while a small percentage of the data produces particles of interest
in the form of a signal. Therefore, the signal events are difficult to identify since they
are too tiny to be observed in real-time and can quickly decay into other particles. Com-
plex statistical approaches are required to distinguish the signal from the background.
Among other approaches, machine learning (ML) techniques play an important role in
processing the LHC data. The discovery of the Higgs boson (see Chapter 2.2) was an
important contribution from them. In particular, Deep Learning (DL) algorithms can
learn from highly complex data and identify nonlinear feature combinations. Therefore,
they are a suitable tool to study large datasets of high energy particle physics (HEPP).

The search for new resonances is very important towards the goal of unveiling new
physics BSM. Thus, the absence of signals in inclusive searches implies that if the new
resonances are hidden in the data, the fraction of the signal is very small. Machine
learning, however, can help mitigate this problem. Machine learning techniques such as
fully supervised learning have proven successful in exploring corners of the phase-space



of interest. The phase-spaces where the SM boson was observed would be an ideal ex-
ample. However, this approach needs a well-defined model and this may not happen in
the real data. For this reason, the use of techniques such as semi-supervised learning,
in particular weakly supervised learning, is more attractive for this type of search since
it can bring more freedom to the requirements of the signal models. This is based on
the advantage that the sideband is able to detect topological differences between the
potential signal and the sidebands. In a search for resonance, the sideband is treated as
the absence of the signal, thus it can be treated as pure background. So it can be used
for training versus the signal region, where it is a mixture of signal and background.
However, given the complexity of the phase-space under study and the way it is popu-
lated by background and potential signals, this approach could be considered ineffective.
Therefore, to mitigate this problem, this study focuses on several predefined regions to
narrow down the phase-space of the search.

Several anomalies were detected in both the ATLAS and CMS experiments. These
anomalies are based on the discrepancies in the production of leptons [6-16] and they
are further accommodated by the formulated hypothesis discussed in detail in Chapter
2.3.1. This serves as a motivation for the search for Higgs-like resonances with mass
around the electroweak (EW) scale, where SM backgrounds are large. In this case,
topological requirements play a crucial role in hiding the backgrounds. The approach is
further used to search for heavy resonances decaying to Z+~ final states, which describes
a search for heavy resonances where Z — eTe™ or Z — uTp~. The data used in this
analysis correspond to the integrated luminosity of 139 fb~!. Moreover, the study is an
ongoing analysis whose sole purpose is to initiate the search for heavy resonances in the
EW scale. Therefore, it is performed with topological requirements using ML techniques.

This thesis is structured as follows: The introduction to the Standard Model and the
possible physics beyond it are covered in Chapter 2. The LHC and the ATLAS detector
are briefly described in Chapter 3, while Chapters 4 and 5 focus on machine learning-
based analysis of vy and Z~ final states, respectively. Finally, Chapter 6 summarizes
the work presented in this thesis.



Chapter 2

The Standard Model and Beyond

Particle physics is a discipline of physics that deals with elementary particles and their
properties. These elementary particles have no substructure and are considered funda-
mental components of all objects in the universe [17]. In addition, they describe three
of the four interactions observed in nature. Their discoveries have been made over time,
with the 2012 discovery of the Higgs boson by the ATLAS [18] and CMS [19] collab-
orations, forming the final piece of the Standard Model. This Chapter outlines the
theoretical structure of the SM.

2.1 The Standard Model of Particle Physics

The SM is considered the most successful theory in particle physics. This theory was
developed in the 1970s and is responsible for describing all fundamental particles and
their interactions at the subatomic level [20-23]. It has been used to predict the exis-
tence and properties of various particles that have been experimentally confirmed [24].
The theory is composed of two components, namely the electroweak force and quan-
tum chromodynamics (QCD). The electroweak theory describes the interactions via the
electromagnetic and the weak force, while the latter is the theory of the strong nuclear
force. These theories are gauge field theories. They describe the interaction between
particles and are governed by the gauge principle, which allows to obtain a Lagrangian
from a symmetry.

The SM consists of 17 fundamental particles, of 12 fermions and five bosons, which
are divided into categories |25]. Their categories are based on intrinsic angular mo-
mentum or spin. These particles are organized as shown in Figure 2.1. The fermions
are the fundamental building blocks of matter, while the bosons serve as mediators of
interactions. These fermions are divided into three generations, with the first generation
consisting of lighter particles. The particles of the last two generations have identical
quantum numbers, and higher masses compared to the particles of the first generation.
These high masses make them unstable, so they can decay into generation 1 particles.
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Figure 2.1: Schematic illustration of the Standard Model particles showing the three
generations of matter/fermions, gauge bosons and the Higgs boson [26].

2.1.1 Electroweak Theory

The unification of quantum electrodynamics (QED) and weak theory is known as elec-
troweak theory. The gauge symmetry SU(2)y, x U(1)y describes this unification, where
SU(2)r is the symmetry of the weak interactions and U (1) is the symmetry of QED [27].
The weak and electromagnetic interactions between leptons and quarks are described by
this theory [21-23]. This symmetry group is very complicated, in contrast to the QCD
theory, which is based on the symmetry group SU(3)¢, the electroweak theory is based
on the symmetry group SU(2)r, x U(1)y, which describes the weak force [27]. Moreover,
QCD theory explains the strong interaction between colored quarks.

The gauge fields of the electroweak theory which are physically observable are the pho-
ton field A, the neutral Z boson field Z° and the two charged W boson fields W=. These
gauge fields are given by:

A = sinfyw W3 + costw B, (2.1)
7Z° = cosby W? — sinfy B, (2.2)
W = /1/2(W! Fiw?), (2.3)



where 6y represents the Weinberg angle and is defined in terms of weak isospin and
weak hypercharge as:
tanby = g (2.4)
92

In order to understand this we need to explain QED and QCD.

2.1.1.1 Quantum Electrodynamics

The electromagnetic interaction between charged particles and photons is described by
QED. This theory is based on the Abelian group U(1), and its Lagrangian, Lgogp, is
given by the following expression:

- 1
Lorp =¥ (i Poup —m) & — 7 Fu P, (2.5)

where 1 denotes the charged fermion with mass m and charge @, and F' is the electric
field tensor expressed by the photon vector field A, while F* = g*AY — 9V A*. The
Lagrangian in the case of a free particle is given by:

L = §" Oy — mii, (2.6)

The electromagnetic interaction plays an important role at the microscopic level, having
the function of forming atoms from the nucleus and electrons. Quantum field theory
was originally used to describe the QED. It is considered the first of the forces described
by it.

2.1.1.2 Quantum Chromodynamics

QCD mainly describes the interactions between color particles and it comes from the
simple Lie group of 8 dimensions, SU(3). There is some similarity between the QCD
Lagrangian, Locp and the QED Lagrangian, which is an interaction term between
a fermion field and a boson gauge field plus a field tensor term. However, with the
exception that the gluon field tensor G7, in QCD replaces the electric field tensor F***
in QED:

Locp = Z b (i Poop —mn) V5 — %GﬁyGaW, (2.7)
n

where b and « represent the three color charges index and the gluon index, respectively,
while the covariant derivative Pocp and gluon tensor field are calculated using the
following equations:

Docp= " (0u +igsT A}, (2.8)

w and v are Lorentz indices (0, 1,2, 3), v* represents the Dirac matrices.
G, = 0,AY — OvAY — g fIF AT AL (2.9)

The strong nuclear force acting on fermions is described by QCD, mediated by gauge
bosons called gluons. The gauge group SU(3)c, where C' denotes the color charge, can
be used to derive the strong force. In this theory, gluons serve as force carriers, trans-
mitting the strong force between quarks and other gluons.



One of the best-known properties of QCD is known as confinement which occurs at
low energies. This is the reason why color-charged particles cannot be isolated or di-
rectly detected. In contrast to confinement, there is another property in the form of
asymptotic freedom that occurs at high energies.

2.1.2 Gauge Bosons and Interactions

Gauge bosons describe the bosonic particles that act as force carriers in particle physics.
These are the exact elementary particles for which gauge theory describes the interac-
tions. By exerting forces on each other, these particles exchange gauge bosons. There are
four types of gauge bosons corresponding to the three SM interactions, namely photons
for the electromagnetic interaction, W and Z bosons for the weak interaction, and glu-
ons for the strong interaction. All gauge bosons are considered vector bosons since they
have a spin of 1. In contrast, the Higgs boson has a spin of 0 because it corresponds to a
scalar field. Particles such as neutrinos interact only via weak interaction, while charged
leptons and quarks undergo weak electromagnetic interaction and all three fundamental
interactions, respectively. The SM contains all that is known about subatomic particles.
The interactions of the particles are determined by the SM Lagrangian equation 2.10,
which is shown below with its elements:

Lsyy=La+Lr+Ly+ Ly, (2.10)
where L denotes the couplings to gauge bosons, L denotes the couplings to fermions,
and Ly and Lpg denote the Yukawa couplings and the Higgs boson couplings, respec-
tively. These components are defined as:

1

Lo =—7Fwl™, (2.11)
Lp =1 P+ hc, (2.12)
Ly = ¢yie + h.c, (2.13)

Ly =~|Dugl*~V(9), (2.14)

and they include kinetic terms of different fields. L5 and Lg include, in addition to
the kinetic terms, the self-interactions of gauge bosons and the gauge interaction terms
of fermions, respectively. While Lz contains the gauge boson interactions and the self-
interaction of the Higgs boson, Ly contains all interactions of the Higgs boson with
leptons and quarks [28].

The three forces present in SM are described by the non-Abelian symmetry group
SU(3)c x SU(2), x U(1)y. The strong force and QCD are described by SU(3)¢, while
the weak force and the strong force, as well as electromagnetism and quantum electro-
dynamics, are described by SU(2)r, and U(1)y, respectively. In addition, SU(2);, and
U(1)y can undergo electroweak unification to produce the electroweak sector explained
by the Glashow-Weinberg-Salam theory [21,22,29]. The mathematical framework of the
SM is formed by the conjunction of various symmetries or interactions. Therefore, the
SM is considered a quantum field theory based on SU(3)r x SU(2)r x U(1l)y gauge
symmetry.



2.1.3 Elementary Fermions

Fermions are known to be the building blocks of matter. The SM consists of 12 of these
fermions, which are divided into six quarks and six leptons. For each matter particle,
there is an antimatter particle that has the same mass but is opposite in other forms.
These particles interact via gauge bosons, which is also known as the exchange of force-
carrying particles. The gauge bosons have an integer spin, while the fermions have a half
spin. The six leptons and quarks in each generation are grouped into three generations
(see Figure 2.1). The quark generations consist of up and down, charm and strange,
and top and bottom, as shown in Figure 2.1. Electron and electron neutrino, muon and
muon neutrino, and tau and tau neutrino form the leptons. Electron, muon, and tau
carry -1 electric charge. The interaction between them and neutrinos is weak because
neutrinos carry no charge. Quarks, unlike leptons, can interact with all forces and have
a charge of +2/3 and -1/3. The up quark has a charge of +2/3, while the down quark
has a charge of -2/3. The quarks are divided into three generations, each differing only
in mass. They also interact with each other via a strong force, and each of them has a
color charge quantum number. Quarks and leptons are the two types of fermions, with
quarks combining to form protons and neutrons. One down quark and two up quarks
form the proton, which is held together by a strong nuclear force. Leptons, on the other
hand, are unaffected by this force.

The SM describes matter and antimatter that have opposite charges compared to their
counterparts. Fermions have an antimatter pair or counterpart and these are treated the
same as their matter equivalent by SM. The theory explains how quarks and leptons are
part of all known matter. Protons make up protons and neutrons, while leptons make
up electrons. In addition, this theory also explains how force-carrying particles affect
the quarks and leptons. The force-carrying particles belong to a group of bosons.

Quarks come in three colors: red, green, and blue, and they have the ability to stick to
other quarks because they have the color charge. Gluons are the forces that hold these
colored particles together. Since gluons are also colored, they also bind themselves to
each other. QCD is the name for this interaction, which involves the exchange of gluons.

2.2 The BEH Mechanism and The Higgs Boson

The BEH (Brout-Englert-Higgs) mechanism explains how particles get their mass. The
Higgs boson, unlike the gauge boson, which is a type of force carrier, is an elementary
particle created by quantum excitation of the Higgs field. As opposed to gauge bosons
that have a spin of 1, the Higgs bosons have a spin of 0. Unlike the gauge boson, which
is a vector boson, the Higgs boson is a scalar boson. It is a massive neutral boson that
interacts with other particles to give them mass but does not carry a force.

The BEH mechanism allows quarks and leptons to determine their masses. It was dis-
covered in 2012 by the ATLAS and CMS teams [18,30] and completed the SM puzzle.
This discovery was of great importance to particle physics, as it proved the effectiveness
of the SM [21-23| and confirmed its mass of 124.97 & 0.24 GeV [31]. The measurement



of its mass was performed in the Run 1 and Run 2 datasets in the H — ZZ — 4¢
and H — ~v channels. After the first measurement of the Higgs boson, both ATLAS
and the CMS experiments conducted extensive research. This research focused on some
of the properties of this particle, with the goal of confirming that they are consistent
with those predicted by the SM. It is considered to be a massive boson with no electric
charge. Furthermore, since this boson has no color charge and is unstable, it can easily
decay into other particles. The boson takes its name from physicist Peter Higgs. The
primary production mechanisms for the SM Higgs boson include gluon fusion (ggF),
vector boson fusion (VBF), and Higgs-Strahlung with an associated vector boson [32],
as shown in Figure 2.2. The ggF mechanism, which serves as the dominant production,
exhibits a cross-section of approximately 50.35 pb for a Higgs boson mass of 125 GeV
at /s = 14 TeV [33]. The VBF process is associated with a cross-section of around
4.172 pb. The Higgs-Strahlung mechanism, on the other hand, has a much smaller ef-
fective cross-section than other mechanisms, and one of its advantages is that it has
an experimental signature of a massive vector boson or top quark. The cross-section
of the associated production with a Z and W boson is about 0.8830 pb and 1.504 pb,
respectively. Finally, the ttH Higgs production exhibits a cross-section of 0.6113 pb.
The SM, on the other hand, can predict all the properties of the Higgs boson as well as
the quantum numbers, except for the Higgs boson mass.

2.3 Beyond the Standard Model

Although SM is recognized as the most successful theory for accurately predicting the
quark-lepton interaction in particle physics, it also has its limitations. Because of these
limitations, physicists are searching for a more complete theory. Among the limitations
of the current SM is that it cannot explain why there are three generations of quarks
and leptons and why neutrinos are massless or have a very small mass. Therefore, it
is unable to predict the strength of certain interactions and the masses of quarks and
leptons. It also cannot explain the existence of dark matter and dark energy in the
universe or the exclusion of the gravitational force from other fundamental forces. As
physicists move beyond this model and make more accurate measurements, they hope
to find a more complete theory.

Several theoretical solutions have been proposed to overcome the limitations of the SM.
The supersymmetry (SUSY) [34] and the two Higgs doublet models (2HDM) [35,36] are
examples. The SUSY model ensures that each particle has a superpartner that has a
spin that differs by half an integer. This adds a new symmetry between fermions and
bosons by changing the spin of the particle by % This transformation turns fermions
into bosons and vice versa. S-fermions are fermion superpartners, while boson super-
partners are bosinos. The overall superpartners of the SM particles, on the other hand,
are called s-particles. It is known that the Higgs boson is the source of mass for quarks,
leptons, and the W and Z bosons [37]. For the neutrinos, however, this is different or
rather not known.
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Figure 2.2: The primary production mechanisms for the SM Higgs boson at high energy
pp collisions.

2.3.1 The Madala Hypothesis

The discovery of the Higgs boson is consistent with the SM hypothesis. There have also
been reports of a number of excesses in the Run 1 ATLAS and CMS data that are being
studied by physicists. These excesses may indicate the existence of a second, heavier
scalar particle. One of the more recently formulated hypotheses is the Madala boson
(described in detail in |7,38]), which was developed in response to the anomalies in the
Run 1 ATLAS and CMS data. The term Madala means “an old man" in isiZulu, one of
the official languages of South Africa. This was formulated by the Wits Institute for Col-
lider Particle Physics (ICPP) in collaboration with researchers at the Harish-Chandra
Research Institute (HRI) in India.

This theory introduces the presence of two scalars, a hypothetical heavy scalar par-
ticle H and a Higgs-like scalar S. The heavy scalar is known as the Madala boson.
Since it yields two new heavy scalars heavier than the SM Higgs boson, this hypothesis
serves as an extension of the SM. Therefore, it was used to explain discrepancies in the
LHC Run 1 data. It was assumed to have Higgs-like couplings with the SM particles. It
is also thought to be a resonant di-Higgs production source. This appeared to resemble
some of the features associated with the production of the Higgs boson, which showed
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‘ Result | Publication ‘

Differential Higas boson py spectra ATLAS Fliducjial Cross scct‘ion measurements on h — 7y |7 and h — ZZ* — 41 [40]
CMS Fiducial cross section measurements on h — vy [41] and h — ZZ* — 41 [42]
Di-Higgs boson resonance searches ATLAS i I__imits on H — hh — bbr7,yyWW*, yybb and b.gb}; [43]
CMS Limits on H — hh — y7ybb [44], bbrT [45] and multilepton [46]
Top associated Higgs boson production ‘ ATLAS ‘ Limits on h — v [47], I\'I('asulrcxlncnts on multi-lepton decay channels [48] and h — bb [49] ‘
| CMS | Limits on h — vy and b — bb [50]
ATLA Limits on H — WW [51] and H — ZZ [52
‘ H = VIV decays } CMSS } Limits on H — I/I/’III/’J a]nd H—>72 [5:£] ! }

Table 2.1: ATLAS and CMS results utilized to constrain the relevant parameters of the
Madala hypothesis [7].

some minor deviations from the SM predictions. The deviations were found in searches
for VV and hh resonances around a mass of 275 GeV [7,39]. The Madala hypothesis
predicts that the Higgs-like heavy scalar boson H originates from a ggF production mode
and decays into the Higgs boson and some unidentified particles X, H — h + X. This
decay has somehow boosted the Higgs boson to higher values of py which helps explain
the excess in the Higgs pr spectra. Subsequently, this has motivated and encouraged
speculation about BSM physics to some extent.

The predicted heavy scalar is believed to have a mass of 2721%2 GeV and has been
quantified as a three-sigma effect [7]. It is worth noting that this hypothesis was based
on the ATLAS and CMS measurements presented in Table 2.1. These results come from
the spectra of the Higgs bosons prp,, the search for di-Higgs bosons, the production of
top-associated Higgs, and the V'V decays. However, these discrepancies, explained by
each study individually, are not significant enough to be considered as potential for new
physics. Moreover, they can be jointly explained by the formulated hypothesis [7,39].

The formulated Madala hypothesis was successfully used to explain the discrepancies in
the Run 1 and Run 2 data at the LHC [54]. The heavy scalar H shows a strong interac-
tion with the SM Higgs boson and the additional Higgs-like scalar singlet S [38]. When
applied to various experimental results from Run 1, the hypothesis has constrained the
mass of H to my = 272:1)2 GeV |7], while the mass of S has not yet been constrained,
but is believed to be in the range of 130 < mg < 200 GeV [54]. This can be attributed to
the fact that this range has a rich combination of multiple lepton production that can be
probed, and that the S additionally decays into pairs of massive gauge bosons. Studies
carried out on this formulated hypothesis have been mainly looking at the mechanism
of gluon fusion (ggF) to produce H, which can also be produced in association with the
top quarks (ttH).

The Lagrangian for the simplified model of H and S is given by:
L= Lsy + Lpsw, (2.15)

where Lpgps includes the new interactions and states. These new interactions are as-
sumed to originate from effective couplings, with the Higgs boson having normal SM
interactions with the fermions and gauge bosons. Thus, the proposed BSM Lagrangian
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with the new scalars includes:
Lesm D Ly + Ly + L1 + Lq, (2.16)

Where Ly, L7 and Lg terms represent the Yukawa, tri-linear, and quartic interactions,
respectively, defined as follows:

1
L= —Zﬂgnﬁggawmvﬂ + Byrh V,VHH, (2.17)
ﬁy = —i [ytth_tH + ybeBbH] s (2.18)
V2
1
L= *57} [)\HhhHhh + )\hxxhXX + )‘HXXHXX] ’ (2'19)

1 1
ﬁQ = — */\HhXXHhXX - *)\HHhhHHhh
2 4 (2.20)

1 1
- ZAhhxxthX - EAHHXXHHXX7

H and y represent the heavier scalar and the dark matter candidate, respectively. While
t and b represent the fields of the top quark and the bottom quark, ¢ and b represent
the Dirac conjugates of the top quark and the bottom quark, respectively.

The simplified Lagrangian model for S is given by:

Ls=Lx+Lsvy + Lgps+ Lums + Lsy, (2.21)
where 1 1
L = —50,50"S - 5mgss, (2.22)
1 Qag 1 «
ﬁSVV = ZRSQQ%SGCLM”GZU + zﬁS'Y'YESFMvFUU
Ly Lty 9.23
4 SZZ?T'U Qo 4 SZy v Qo ( . )
1 2
- SWHHoW
+ 4/€SWW7TS3}U Qoo
m _
ﬁsff:_ZKngfof, (2.24)
f

1
Lins = —iv [)\hhshhs + AsshSS + AgusHHS + AgssHSS + )\HhSHhS] , (2.25)

1 1
Lsy = *ivASxxSXX — 5)\SSXXSSXX7 (2.26)

where V represents the gluons, photons, and weak vector bosons. H, x, and v represent
the heavy scalar, the dark matter candidate, and the vacuum expectation value (v =
vev = 246 GeV), respectively. Moreover, the term in Equation 2.17 represents the
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Figure 2.3: Dilepton invariant mass distribution of ATLAS data (dots) and SM back-
ground (red line) compared with the BSM signal (blue line) for events requiring a pair
of oppositely charged leptons of a different flavor (e*p®) with at least one b—tagged
jet. [56].

effective coupling of gluons to H, where m,slg/é denotes the SM coupling defined as a;/7v.
In addition, 83, serves as a regulating parameter for the production rate of gg — H.
This model is discussed in detail in [55]. The absence of a specific supersymmetric
Lagrangian for the Higgs field can be attributed to the fundamental principles and
mathematical formalism of supersymmetry. In supersymmetric theories, the Higgs field
is part of a larger framework that incorporates a symmetry between fermions and bosons
through the introduction of superpartners. These superpartners have different quantum
statistics compared to their corresponding particles. Therefore, the treatment of the
Higgs field within supersymmetry is not isolated, but rather integrated into the broader
supersymmetric structure.

2.3.1.1 Testing the hypothesis in the multi-lepton final states

Some of the inconsistencies in the data can be explained by the Madala hypothesis,
in particular the multi-lepton final states. The invariant mass spectra of the multiple
leptons of ATLAS and CMS can be studied in the context of the new possibilities using
the Madala hypothesis. Excess has been predicted for events with two leptons plus
jets and E};iss [7,38]. A study based on the decay of S into di-lepton final states was
performed to understand this excess [4]. In this study, the BSM di-lepton signal was
compared to both the ATLAS and CMS data, with the optimal performance achieved

by changing the BSM standardization and fitting the SM +BSM approximation to the
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Figure 2.4: The (negative 2 times logarithm of the) profile likelihood ratios for each of
the individual fit outcomes, overlaid on that of their combination [6].

results based on a series of measurements.

Selection Best-fit 53 Significance
ATLAS Run 1 SS ¢¢ and 40 + b—jets  6.51 £+ 2.99 237 o
ATLAS Run 1 OS e u + b—jets 4.09 £ 1.37 299 ¢
ATLAS Run 2 SS leptons +b—jets 222 +1.19 201 ¢
CMS Run 2 SS leptons +b—jets 1.41 + 0.80 1.75 ¢
CMS Run 2 0OS e pu 2.79 £0.52 545 ¢

ATLAS Run 2 SS ¢/ and 60 + b—jets 5.42 + 1.28 4.06 o
ATLAS Run 2 tri-lepton +EZM~SS 9.05 £ 3.35 2250
CMS Run 2 tri-lepton +EL 9.70 £+ 3.88 2.36 o

miss

Combination 2.92 £+ 0.35 8.04 o

Table 2.2: A summarized results of the SM+BSM fit and their combination [6].
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A further study of this can be found in Ref. [6] to investigate the same basic model
with Higgs-like H and S and only one parameter to understand the anomalies in multi-
lepton final states and test the Madala hypothesis, setting the masses to mpy = 270 GeV
and mg = 160 GeV, respectively. The goal is to determine how consistent these variances
are. Figure 2.3, comparing the data from ATLAS, the background from SM, and the
BSM signal after selecting events with two oppositely charged leptons of different flavors
and at least one b-tagged jet shows the invariant mass distribution of the dileptons [56].
In the region below 100 GeV, the invariant mass distribution detects inconsistencies
that the H — Sh signal can explain. All measures are fitted simultaneously, and the
profile-likelihood ratio is shown in Table 2.2 and Figure 2.4 for each outcome and its
combination [6]. The best fit is 87 = 2.92+ 0.35, which differs from SM by 8.04 . This
shows that the existing instruments are not able to explain multi-lepton data and that
our simpler model can capture the effect with only one parameter. Moreover, the idea
of incorporating the Madala hypothesis into a 2HDM-+S model is now well-positioned
to be further explored by experiments in multi-lepton final states.
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Chapter 3

The Large Hadron Collider and the
ATLAS Detector

In this chapter, we give a brief description of the LHC in Section 3.1, where Sections 3.2
and 3.3 focus on the ATLAS detector and trigger system, respectively, while Section 3.4
presents the event reconstruction.

3.1 The Large Hadron Collider

The Large Hadron Collider (LHC) is the largest circular superconducting machine in
the world, with a circumference of 27 kilometers and a depth of 100 meters [57]. It is
operated by the European Organization for Nuclear Research (CERN) [58] and is lo-
cated on the French-Swiss border. This machine generates a huge amount of data from
proton beam collisions with a centre-of-mass energy of up to /s = 14 TeV. The protons
are accelerated to energies of up to 7 TeV, and the collisions at the LHC produce parti-
cles that physicists are exploring in search of new physics beyond the Standard Model
(BSM) and to test the SM at high energies. To increase the probability of BSM events
occurring, particles must be accelerated to extremely high energy and luminosity before
they collide.

As shown in Figure 3.1, this machine has four collision sites where protons collide
with each other. After being accelerated to greater energy by the LHC’s succession
machines [59], they are injected into the LHC. Protons from a hydrogen source are ac-
celerated in several stages. The first of these is the linear accelerator Linac 2, which
accelerates protons to an energy of 50 MeV. This is followed by the Proton Synchrotron
Booster (PSB), which accelerates protons to an energy of 1.4 GeV. Proton Synchrotron
(PS) and Super Proton Synchrotron (SPS) are the last two acceleration processes that
accelerate protons to energies of 25 GeV and 450 GeV, respectively, before they are
injected in bunches, in opposite directions into the LHC ring. As they travel in oppo-
site directions and collide at specific collision points, at their maximum center of mass
energy [60]. Particle detectors surround these collision points and capture the particles
that emerge from the collision to reconstruct the physics of interest.
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Figure 3.1: An illustration of the CERN accelerator complex [61].

ATLAS (A Toroidal LHC Apparatus) [62], CMS (Compact Muon Solenoid) [63], LHCb
(LHC Beauty) [64]|, and ALICE (A Large Ion Collider Experiment) [65] are the four
main detectors at the LHC, each placed at one of the four interaction points. ATLAS
and CMS are both interested in the discovery of new heavy particles, while ALICE and
LHCDb study the properties of the quark-gluon plasma in heavy-ion collisions and the an-
tisymmetries between matter and antimatter, respectively. The luminosity phenomenon
describes a quantity that measures the number of collisions produced or the probability
of a quantum mechanical event by the LHC. This yields the proportionality of the event
rate and the effective cross-section:

dN

—=L-0 3.1

=L (31)
where %{ represents the number of events per second, o and L represent the cross-

section of protons collisions and luminosity [67], respectively. However, this describes
an instantaneous luminosity, the actual number of events is obtained by integrating the
equation 3.1 over the time period in which collisions occur, i.e. integrated luminosity.
This actual number is given by the following equation:

N = /cdt-a, (3.2)

where L is defined as: )
N,
£ = Nl Zifrgj% < F, (3.3)
n
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Figure 3.2: The recorded ATLAS integrated luminosity in different years [66].

and:
e N, is the number of particles per bunch,
e 7 is the number of bunches per beam,
® frey is the revolution frequency,
e -, is the relativistic gamma factor,
® ¢, is the normalized transverse beam emittance,

e (3* is the collision point beta function, defined by:

g = ) (34)

e and F is the geometric luminosity factor, defined as:

[ (3.5)

1+ (%c;*z )2

where 0. is the crossing angle of the beams, o, and ¢* represent the root-mean-
square bunch length and root-mean-square transverse beam size at the interaction
point, respectively.

To date, the LHC machine has completed two runs. Run 1 took place in 2010-2011
and 2012, with /s =7 TeV and /s = 8 TeV as the centre-of-mass energy, respectively.
After a two-year maintenance break to improve the accelerators and detectors, Run
2 ran from 2015 to 2018, with the centre-of-mass energy for this run raised up to 13

18



44m

Tile calorimeters

LAr hadronic end-cap and
forward calorimeters

Pixel detector

Toroid magnets LAr electromagnetic calorimeters

Muon chambers Solenoid magnet | Transition radiation fracker
Semiconductor fracker

Figure 3.3: The schematic illustration of the ATLAS detector [62].

TeV. Run 3 started in 2022 and will run until 2025 at 13.6 TeV. Figure 3.1 shows the
integrated luminosity over time. The sum of the luminosity per year determines the total
luminosity for a given run. For example, the total luminosity for Run 2 is calculated
by adding 3.2 fb=! for 2015, 32.9 fb~! for 2016, and 43.7 fb~! and 60.1 fb~! for 2017
and 2018, respectively, for a total of 140 fb~!. The unit is given in inverse cross section
because the number of events is adimensional. The luminosity for Run 3 is 56 fb—!.

3.2 The ATLAS Detector

The ATLAS detector, shown in Figure 3.3, is the largest LHC particle detector and acts
as a camera that records and observes data from collisions. It is also used to measure
common SM physics and search for new physics BSM. This structure, which is 25 meters
high, 44 meters long, and weighs over 7000 tons, is located along the LHC ring. The de-
tector is divided into three parts, each with its own particle identification system. The
Inner Detector, the calorimeter, and the muon spectrometer are the subsections sur-
rounding the proton-proton (pp) interaction point and they are also discussed in detail
in the following subsections. The detector was designed with the primary goal of study-
ing collisions. The Inner Detector, composed of the Pixel detector, the Semiconductor
Tracker, and the Transition Radiation Tracker, is responsible for monitoring charged
particles and sampling both the electromagnetic and hadronic calorimeters for energy
measurements. A muon spectrometer, on the other hand, tracks muons. Figure 3.3
shows a schematic diagram of this detector, detailing the various sections of the ATLAS
in the LHC. The muon spectrometer makes use of three air-core toroid magnets of 8
Tesla with a thin superconducting solenoid of 2 Tesla covering the Inner Detector. The
solenoid is responsible for generating a magnetic field that can be used to measure the
momentum of charged particles for identification.
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3.2.1 ATLAS Coordinate System

The ATLAS detector uses a right-handed (x,y,z) coordinate system. The positive
r—axis and the positive y—axis each refer to the center of the LHC and upward toward
the sky, while the z points along the beam axis. The xy—plane is called the transverse
plane, and transverse components are vector components in this plane. The transverse
momentum pr is the component of the momentum that is perpendicular to the beam

line and is measured by:
pr = \/P3 + D} (3.6)

Figure 3.4 shows the coordinate system, which includes both the Cartesian and polar
planes. The cylindrical shape of the detector justifies the use of polar(r, ¢, z) or spherical
(p, ¢,0) coordinates, where ¢ = arctan(y/z) is the azimuthal angle around the z-axis
(beam axis), the polar angle § = arctan(r/z) measures the rotation from the beam axis
and r = /22 + 32 is the distance from the beam pipe. The polar angle 6 is also used
to define the pseudorapidity 7 = —Intan(#/2), which is the rapidity limit for highly
relativistic particles. However, the rapidity is measured by the following equation:

1. E+P,

Y =-1
“E_p

T2

(3.7)

where F and p, are the energy and momentum of the particle in the z-direction, respec-
tively. The ATLAS detector uses the 1 — ¢ coordinate space to describe position and
direction, where particles existing perpendicular and parallel to the beam axis have 7
of 0 and +o00, respectively. Also, the distance between particles is calculated using the

following expression:
AR = \/An? + A¢?. (3.8)
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Figure 3.5: (a) The cutway view of the ATLAS Inner Detector system [68], (b) The
Inner Detector of ATLAS [69].
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3.2.2 Inner Detector

The Inner Detector (ID), shown in Figure 3.5(a), is a layer consisting of four primary
subdetectors occupying about 1 m of the innermost part of the ATLAS detector. The
ID is 7 meters long and 2.3 meters wide and has a pseudorapidity of n < 2.5 [62]. It is
also closest to the interaction point and the beam pipe. It is thus responsible for the
detection of charged particles and the reconstruction of their paths and is embedded in a
2 Tesla solenoid that ensures the precise measurement of the momentum of the charged
particles. In addition to accurate measurement, the solenoid is also responsible for the
deflection and bending of the charged particles. The Pixel detector, the Semiconductor
Tracker (SCT) and the Transition Radiation Tracker (TRT) are the three subdetectors
that make up the ID, and together they provide millions of readout channels. Particles
go outward from the collision point through these subdetectors in the following order:
Pixel detector, SCT, and TRT.

3.2.2.1 Pixel Detector

The Pixel detector consists of three barrel layers and three endcap disks that provide
coverage of |n|< 2.5, providing high granularity and resolution on the order of microns.
The three-barrel layers are 50.5 mm, 88.5 mm, and 122.5 mm away from the centre of the
beam pipe. This is the most populated layer of the ATLAS detector, with approximately
80 million readout channels and 1744 modules of 46080 pixels each, each pixel segmented
in the R—¢ plane and along z and R, with resolutions of 10 um and 115 um, respectively.
During the first long upgrade (2013-2014), just before the start of Run 2, an additional
fourth layer was installed in the form of an insertable B-layer (IBL). This was installed
between the existing Pixel detector and a smaller radius beam pipe to handle high
radiation and occupancy. This layer has a length of 1.4 meters and a diameter of 0.5
meters. It is located at a distance of R = 33.23 mm from the z-axis [70].

3.2.2.2 Semiconductor Tracker

The SCT consists of four-barrel layers, each with 4088 two-sided silicon microstrip mod-
ules [71]. SCT uses the same techniques as the Pixel detector, except that it consists of
long strips of tracking silicon boards. There are about 6.3 million readout strips in these
units. Its main function is to measure momentum and it covers a pseudorapidity range
of |n|< 2.5. The SCT is 300 mm from the beam pipe and covers the Pixel detector. This
is done to improve accuracy in tracking the curvature of charged particles at greater
distances from the Pixel detector, where the particles would spread further. Its modules
are also segmented perpendicular and parallel to the strips in the R — ¢ plane and to the
beam in z and R, respectively. The former has an accuracy of 17 pm, while the latter
has 580 pum [72].

3.2.2.3 Transition Radiation Tracker

The TRT is the last and outermost component of the ID and follows the SCT. Unlike
SCT and ID, TRT measures only azimuthal information with a resolution of 130 pm in
¢ and has a pseudorapidity range of |n|< 2.0 [62]. Unlike silicon-based detectors and
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Figure 3.6: The cutway view of the ATLAS calorimeter system [62].

SCT, it consists of multiple gas-filled straw tube detectors, each 4 mm in diameter. In
the barrel and end-cap sections, these straws are organized in modules of 52544 and
122880, respectively, and filled with a gas mixture of Xe (70%), CO2 (27%), and O2
(3%), which is ionized by the charged particles as they pass through. TRT is the largest
subdetector in the Inner Detector [73,74], and it detects the transition radiation used to
identify the particles. However, it has a low intrinsic resolution, allowing measurements
only in the R — ¢ plane. This results in a precision of 130 pm per straw.

3.2.3 Calorimeters

The calorimeter system shown in Figure 3.6 is an energy detector that works by stop-
ping particles and absorbing their energy. This system, which consists of nested inner
and outer layers called the electromagnetic calorimeter (ECal) and hadronic calorimeter
(HCal), is located behind the Inner Detector. It is also located outside the solenoidal
magnet [62]. The ATLAS calorimeter is used to determine the energy of particles and
jets and to accurately measure the missing transverse energy E}”iss and covers the range
|n < 4.9|. When high-energy particles collide with dense absorbing material, particle
showers are formed. This produces low-energy particles that interact with the sample
medium. The result is a signal in the form of photons or an electric current proportional
to the output energy. The ECal has the task of separating electromagnetically inter-
acting particles with low mass, such as electrons and photons, from particles with high
mass, which are dominated by strong interactions. Protons, neutrons, pions, and other
hadronic particles are examples of these particles. Each section of the calorimeter can
be divided into active and inactive zones, also called absorbing mediums. The absorb-
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ing medium is responsible for slowing down the incoming particles and promoting the
showers, while the active region captures the energy of the resulting showers.

3.2.3.1 Electromagnetic Calorimeter

Like the sampling calorimeter, the ECal uses liquid Argon as the active medium and
lead as the absorption medium [75]. It detects showers and measures the energy of
electrons and photons over an azimuthal range of up to |n|< 3.2 [75]. This is divided
into two parts: a barrel with a range of |n|< 1.475 and two end-caps with a range of
1.375 < |n|< 3.2. ECal is the first layer of the calorimeter system that closely monitors
the energy of photons, electrons, jets, and E;L”SS . The barrel has three sample layers,
the first two of which have a thickness of 4 and 16 radiation lengths, respectively. This
ensures that only a small portion of the electromagnetic shower is deposited on this
layer, while the majority is deposited on the second layer. In addition, the third layer
is only responsible for distinguishing electromagnetic from hadronic showers and is used
to estimate the energy exiting the ECal.

3.2.3.2 Hadronic Calorimeters

The HCal calorimeter is used to determine the energy of hadrons and consists of several
systems distinguished by regions of 7, namely the Tile Calorimeter, the LAr Hadronic
end-cap Calorimeter (HEC), and the LAr Forward Calorimeter (FCal). This calorimeter
is positioned around the ECal and is similar to the Ecal in that it has a barrel and
two end-caps. It also has a FCal that is responsible for the flow of particles with low
transverse momentum. The active medium in this component of the calorimeter is a
scintillator and the absorbing material is steel. It covers a pseudorapidity range up
to |n|< 5.2. Because the HCal is only reached by heavier particles than the ECal, the
nuclear interaction length X\ causes the particles to form larger and deeper showers. This
measures the average distance the hadron travels before it undergoes the interaction.

Tile Calorimeter: Tile Calorimeter: Like the ECal, the Tile Calorimeter is used as
a sampling calorimeter but is located outside the ECal and covers the range n < 1.7.
However, the active and absorbing mediums are scintillating tiles and steel, respectively.
This consists of a barrel and two extended barrel parts covering ranges of |n|< 1.0 and
0.8 < |n|< 1.7, respectively [76]. This is primarily responsible for measuring the missing
transverse momentum p?iss and provides information for the energy construction of the
jets produced in pp collisions.

LAr Hadronic end-cap Calorimeter: The HEC has a pseudorapidity covering the
range 1.5 < |n|< 3.2. The active substance is liquid Argon, while the absorbing medium
is copper.

LAr Forward Calorimeter: The FCal, unlike the HEC, has a range of 3.1 < |n|< 4.9

and is 4.7 m from the interaction point in the z-direction. In addition to tungsten, FCal,
similarly to HEC, uses liquid Argon as the active medium and copper as the absorber.
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Figure 3.7: The ATLAS Muon Spectrometer [62].

3.2.4 Muon spectrometers

The muon spectrometer (MS), seen in Figure 3.7, is the outermost layer of the ATLAS
detector. This part of the detector tracks muons because they are the only charged
particles that cannot be stopped by the calorimeters due to their large mass and lack of
strong interactions, so they pass through the calorimeter layers with little energy loss.
Other particles that are fully contained before they reach the outer radius of the hadronic
calorimeter are an exception. The MS consists of high-precision tracking chambers,
trigger chambers, and superconducting air-core toroid and magnets [77]. It primarily
identifies and reconstructs muons with a pseudorapidity in the range of |n|< 2.7 and pr
range 3 GeV - 1 TeV, as well as triggers events with muons in the range of |n|< 2.4. Like
the ECal, the MS consists of two parts: a barrel and two end caps. The barrel covers a
range of |n|< 2.4 for pseudorapidity, while the latter covers a range of 1.05 < |n|< 2.7 for
pseudorapidity. Therefore, it helps to distinguish muons from other charged particles.
Figure 3.7 also shows the four detectors of the MS system, which include Monitored
Drift Tubes (MDT), Cathode Strip Chambers (CSC), Resistive Plate Chambers (RPC),
and Thin Gap Chambers (TGC). These modules play a key role in the detection process
and use a variety of detection techniques. RPC and TGC cover different pseudorapidity
ranges, with RPC |n|< 1.05 and TGC 1.0 < |n|< 2.4. While CSC covers |n|< 2.0,
MDT covers the entire pseudorapidity range of the spectrometer. TGC and RPC are
responsible for triggering events and measuring the position of the muon track. MDT
and CSC are responsible for the precise measurement of the path of the muons through
the MS. The muon momentum is measured by the magnetic field generated by the three
large superconducting toroidal magnets with an air core.

Monitored Drift Tubes MDT covers the entire pseudorapidity range of the spec-
trometer. MDT is responsible for the precise measurement and identification of muon
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tracks in the barrel part of the detector. It consists of long cylindrical tubes filled with
a gas mixture, typically a noble gas such as argon or a mixture of argon and carbon
dioxide. Each tube is equipped with a central anode wire running along its entire length
and is surrounded by a series of cathode strips. When a charged particle passes through
the gas volume, it ionizes the gas atoms creating positive ions and free electrons.

Cathode Strip Chambers CSCs are made up of arrays of crossed negatively and
positively charged copper cathode strips and anode wires in a gas volume. The anode
wires experience an avalanche of electrons when muons travel through them and knock
electrons off the gas atoms, which then flock to the anode wires. At an angle to the
wire direction, positive ions travel away from the wire and toward the copper cathode,
creating a charge pulse in the strips. CSCs are responsible for providing precise tracking,
momentum measurement, and spatial resolution for charged particles.

Resistive Plate Chambers RPCs are made up of two parallel plates with a positively
charged anode and a negatively charged cathode. Both plates are made of plastic with
extremely high resistivity, and a thin volume of gas separates them. The electrons in the
gas atoms are knocked out when a muon passes through the chamber. These electrons
then collide with other atoms, creating an electron avalanche. RPCs are responsible for
precise timing measurements, efficient triggering and high detection performance.

Thin Gap Chambers TGCs consist of closely spaced parallel electrode plates with
a small gap between them. The gap is usually filled with a gas mixture, such as a
combination of argon and carbon dioxide. The electrode plates are made of a conductive
material, such as metal, and are separated by thin insulating layers. TGCs are known
for their fast response time, typically on the order of nanoseconds, and their ability to
handle high particle rates. The small gap between electrode plates allows for efficient
signal amplification and fast charge collection, enabling TGCs to accurately measure
the timing of particle interactions.

3.3 ATLAS Trigger System

The ATLAS trigger system is responsible for deciding whether to keep or discard an
event. During the first long shutdown after Run 1, this system was extensively upgraded
to cope with the high collision rates and high luminosity. As a result, it is implemented
in both software and hardware, so it can be used both online and offline. The online data
processing is done while the data is being recorded, while the offline data processing is
done after the event is recorded. The ATLAS trigger system and data acquisition are
shown schematically in Figure 3.8. The collisions occur at a revolution frequency driven
by the luminosity as described before. This produces a significant amount of events from
which events physicists are not interested in are discarded [79]. The hardware component
consists of a Level 1 (L1) trigger. This trigger is responsible for analyzing event data
at a rate of 40 MHz while accepting events at 100 kHz for further processing. It also
identifies objects with high Er by using information from MS and calorimeters. The
software component includes a high-level trigger (HLT). The HLT uses the information
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Figure 3.8: Schematic representation of the ATLAS trigger and data acquisition systems
after Run 2 [78].

it receives from L1 and selects events at a rate of 1 kHz. As this information is gradually
reduced, it is further written to data memory and then sent for full reconstruction. All
of these levels are interconnected. The next level refines the decision of the previous
level and applies additional selection criteria as needed. In addition to the two levels,
there is also an event filter called trigger chains. This consists of a list of triggers that
come into play during the event selection process. The number of events is reduced from
the typical 40 MHz to 100 KHz by the L1T and 1.5 kHz by the HLT, reducing the data
from 60 TB to 160 GB and 1.5 GB.

3.4 Event Reconstruction in ATLAS

Raw detector signals are converted into measurements of the particles produced by the
collisions during event reconstruction. This is done in several steps using reconstruction
algorithms before the collision events can be used for further analysis.

The particles produced in the pp collisions deposit energy in the detector after leav-
ing the collision point. This energy deposit is then measured and used to define physics
objects such as photons, electrons, muons, jets, and missing transverse momentum. This
is accomplished by using reconstruction algorithms that reconstruct the physics objects
and measure the outgoing particles produced during the collision. The reconstruction
algorithms from the low-level detector signals such as MS tracks or energy depositions
in ECal or HCal. These algorithms play a very important role in the accurate identifica-
tion of physics objects after the reconstruction step to ensure that the objects are traced
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Figure 3.9: Schematic representation of different particles interaction with the ATLAS
subsystem [80].

throughout the event. This step is very important because the reconstructed photons
could be misidentified from electrons, quarks, or gluons instead of from photons. There-
fore, the identification and isolation steps are very important because they ensure that

the efficiency of the background is low and the efficiency of the reconstructed objects is
high.

3.4.1 Track Reconstruction

Charged particles passing through the ID leave hits in the subdetectors that yield tracks.
These tracks yield the trajectories of the charged particles [81] and are reconstructed by
implementing the inside-out and outside-in algorithms [82]. Primary pattern recognition
starts in the Pixel detector and works its way to the outer edge of ID in the inside-out
algorithm, as the name implies. The first step is seeding, which occurs in the silicon
tracker, and the second step is hit discovery, which occurs in the silicon tracker. The
outside-in method, on the other hand, is responsible for improving particle tracking when
they decay at a displaced vertex and works in the opposite direction as the inside-out
approach. The algorithm starts with hits on the TRT and works its way back to the
Pixel detector.

Charged particle tracks, also known as trajectories, are critical to the reconstruction

of many physics objects. Preprocessing, track-finding, and post-processing are the three
stages of the track reconstruction process. This process reconstructs charged tracks us-
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ing data from the Inner Detector [83,84]. In the preprocessing phase, raw data from the
Pixel and SCT detectors are received and converted into clusters. While the information
from TRT and SCT is received, the timing information and clusters are then converted
into drift circles and space points, respectively.

In addition to the azimuthal angle and polar, the tracks can also be defined by the
minimum distance in the longitudinal direction and the minimum distance in the trans-
verse plane from the center of mass. These parameters can be represented by zy and dg,
respectively, giving the definition of tracks the following representation:

q
(dO,ZO)qbg? 7)’ (39)
p
where % is the ratio of charge to momentum.

3.4.2 Electron Reconstruction

As mentioned in Section 3.2.3, the ECal is responsible for measuring the energy of elec-
trons and photons [85]. This is where electrons deposit their energy. Figure 3.9 shows
the interactions of each subdetector with different particles. These particles leave show-
ers in the respective calorimeter. The electrons and photons leave showers in the ECal,
while hadronic particles leave showers in the HCal and muons pass through all these
calorimeters and register the showers in the MS.

Electron reconstruction is performed by matching energy deposits in the ECal with
traces formed in the ID. This process consists of four distinct steps, namely seed cluster
reconstruction, trace reconstruction, electron-specific trace matching, and electron can-
didate reconstruction [85]. The seed-cluster reconstruction implements a sliding-window
algorithm [86] with a size of 3 x 5 towers to search for energy clusters with Ep > 2.5
GeV. Some of the reconstructed electrons are jets faking an electron, and the likelihood
approach is used as an identification technique [85]. The identification is classified into
loose, medium, and tight.

3.4.3 Jet Reconstruction

The most commonly used algorithm for reconstructing jets in ATLAS is the anti-kp
clustering algorithm [87] with the maximum allowed distance parameter of R = 0.4.
This reconstruction takes place in the EM and hadronic calorimeters. These jets are
defined by energy deposits left by hadrons in ECal and HCal. Moreover, they must be
within |n|< 4.5. However, the pp requirement depends on the position of the jet. Thus,
the central jet must be within |7|< 2.4 and the outer region must have pr > 25 GeV
and pr > 30 GeV, respectively.

3.4.4 Muon Reconstruction

The muon reconstruction uses information from ECal, HCal, and MS for the recon-
struction. However, it is the information from MS that is used to create a muon ob-
ject [88]. The muon objects are reconstructed from different types of muons that depend
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on different information from the subdetectors, depending on the requirements of the
track. These types are the combined muon, the segment-tagged muon, the calorimeter-
tagger muon, and the extrapolated muon [88]. The combined muon is reconstructed
by combining the tracks from MS and ID and re-matching them with all hits, while
the segmented-tagged muon is reconstructed by extrapolating an MS segment to the
ID, finding a suitable track candidate. In contrast to the segmented-tagged muon, the
calorimeter-tagged muon is reconstructed by extrapolating an MS segment to a calorime-
ter cluster. This is used only in regions where MS is only partially available. Finally,
the extrapolated muons are those that have only tracks in MS but do not match any
track in ID.

3.4.5 Photon Reconstruction

The calorimeter is divided into a grid of towers, each of which measures An x A¢ =
0.075 x 0.025, and the combined tower energy is equal to the sum of the energy deposits
from all layers of the calorimeter. Photon reconstruction is initiated using a similar
approach to electron reconstruction. Again, a sliding window algorithm is used during
the cluster seed reconstruction step. This is done to find the seed, where clustering
comes into play to reconstruct the clusters. A photon produced at an interaction point
first passes through a tracker before entering an electromagnetic calorimeter, where it
loses all of its energy through electromagnetic showers that can occur over a wide range
within the calorimeter. Photon candidates must have Ep > 2.5 GeV to be reconstructed
from energy clusters in the ECal [89]. Searching for energy clusters in the calorimeters
is the first step in photon reconstruction. Cluster seeds with a total energy of Epr > 2.5
GeV or more are selected using a sliding window technique with a size of n x ¢ =3 x5
towers. Multiple cluster seeds within any 2 x 2 tower range are selected using a second
technique to eliminate duplicates, but only the one with the highest transverse energy
is ultimately selected.

3.4.6 Missing Transverse Energy

There is a transverse momentum that is not detected in the detector and this is called

missing transverse momentum, Sg7**°. This is due to particles such as neutrinos escap-

ing the detector without a measurable trace, making direct reconstruction impossible.
This parameter measures the magnitude of the negative sum of the transverse momentum
of the reconstructed physics objects and plays an important role in the physics analyses.
It is determined using the final state particles from the hard pp interactions [90]. The
SETss is given by the sum of the following terms [91]:

Spimiss = Gpmisse | gomissy | g missT | g missjets | g missp | g misssoft (3 10)
where,
e S E?iss’e is the negative vectorial sum of the momenta of the electron
e S Egmsﬁ is the negative vectorial sum of the momenta of the photons

e S E;”iss’T is the negative vectorial sum of the momenta of the taus
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° S E?iss’j %5 is the negative vectorial sum of the momenta of the jets
o S E?iss’“ is the negative vectorial sum of the momenta of the muons

o S E?iss’sof "is the negative vectorial sum of the momenta of the soft term, which
is detector signals that are associated with specific objects

Thus, the total S E%”"” is finally given by:

SE?iSS _ \/(SEZliSS)2 4 (SELMSS)Q. (3,11)
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Chapter 4

Semi-supervised Learning-based
search of heavy resonances decay to
v~ with topological features

4.1 Introduction

In this chapter, we present the physics background and machine learning-based analy-
sis for the search of resonances decaying to vy with topological features at the LHC.
For this purpose, a semi-supervised learning strategy in the form of weakly supervised
learning is used. This approach is evaluated on the SM Higgs boson and background
processes with identical decay products. The performance of semi-supervised learning
is then compared to that of fully supervised learning.

As it comprised the last piece of the SM, the discovery of the Higgs boson at the LHC
indicated that the SM had exhausted fundamental predictions. However, the SM has
some shortcomings in explaining a variety of phenomena that have immense experimen-
tal evidence. This includes matter-antimatter symmetry. As a result, physicists are
working ceaselessly to conduct experiments dedicated to exploring physics beyond SM.

Due to the large amount and complexity of data produced at the LHC, advanced anomaly
detection methods are required. This is where the use of ML techniques comes into play.
Such methods have been proven useful in the discovery of the Higgs boson. The search
for new resonances is critical to the overall goal of uncovering new physics beyond the
SM. Therefore, the absence of signals in inclusive searches means that new resonances,
if hidden in the data, will be modest.

ML has the potential to help solve this challenge. This is evident in fully supervised
learning, which has proven effective in exploring corners of phases-pace. The phase
spaces where the SM Higgs boson was discovered are an excellent example. The prob-
lem with this strategy is that it is hampered primarily when the new physics populates
the phase-space in a different way than the baseline model. The use of semi-supervised
learning techniques, especially weakly supervised learning, based on sidebands that are
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treated as the absence of a signal provides an advantage in detecting topological differ-
ences between the prospective signal region and the sidebands. Due to the complexity of
the phase-space under study and the way it is populated with backgrounds and possible
signals, this approach may appear inefficient. The SM Higgs boson is used in this study
to quantify this effect.

The ATLAS and CMS experiments at the LHC have led to the identification of a num-
ber of anomalies based on differences in lepton production [6-16]. The number of final
states, such as dileptons with opposite and same sign, three leptons in the presence and
absence of b-quarks, are among them. It is worth noting that these final states arise in
regions of phase space where various SM processes are dominant.

The proposed hypothesis, composed of two new scalar fields, H and S, can explain
these anomalies |6, 10, 16]. These scalar fields have masses around 270 GeV and 150
GeV, respectively. This provides an incentive to search for Higgs-like resonances with
masses around the electroweak (EW) scale, where SM backgrounds are large. Topolog-
ical criteria are key in suppressing backgrounds in this case.

4.2 Application of Machine Learning in HEP

ML is a branch of artificial intelligence (AI) that is becoming more prevalent in a vari-
ety of computer systems. Algorithms in this field are able to extract insights from data
without being explicitly coded. Because the programmer has no control over what hap-
pens within the algorithm during the learning phase, ML is referred to as a “black box".
These algorithms use the learned insights to generate a new set of rules, which are then
applied to new data that the algorithm has never seen before to make generalizations.
The nature and understanding of the problem to be solved, along with the structure and
format of the data, are some of the factors that determine which algorithm to apply. In
addition, most of these algorithms have been proven successful in HEP regression and
classification problems [92].

The use of these algorithms in HEP began in the 1990s [93], with one of their most
notable contributions being the discovery of the Higgs boson at the LHC in 2012
[18,19,94,95]. Their participation usually takes place during the intermediate steps
of data processing [96, 97|, with observations being performed during the final steps of
the measurement. Therefore, they are mainly used for the classification of signal and
background events in HEP search [98]. These algorithms have been shown to be benefi-
cial as they improve the search significance when compared to the standard rectangular
cuts search approach [99]. However, the latter implies a cost-benefit tradeoff. The work
presented here is the search for resonance with topological features at the LHC, which
is compared to Higgs boson production. The semi-supervised learning technique in con-
junction with DNNs is used to achieve the goal of this study.

For particle search, algorithms such as Boosted Decision Trees (BDTs) [89,100-107] and
artificial neural networks (ANNs) [108-110] were widely used. According to Ref. [111],
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Figure 4.1: A schematic illustration of a Random Forest comprised of N number of
decision trees.

ANNSs can approximate the correlations between input variables. In evaluating the two
approaches, ANNs outperformed BDTs when only four input variables were used [110].
According to Ref. [112], on the other hand, BDTs outperformed ANNs when the num-
ber of input variables was increased. The use of BDTs was extended to software trig-
gers [113,114], while the use of ANNs was extended to electronics [84], bottom quark
tagging [115], and tau identification [116]. Since they consist of a set of trained classifiers,
BDTs outperform decision trees (DTs) in terms of performance. Ref. [117] investigated
the use of generalized models and Gaussian mixture models, in addition to BDTs and
multilayer perceptrons (MLPs). The performance of both generalized models and Gaus-
sian mixture models was similar to that of BDTs and MLPs.

4.2.1 Random Forest

Random Forest (RF) is one of the most important algorithms in ML, introduced by
Leon Breiman in 2001 [118|. This algorithm is widely used for classification and re-
gression tasks in industries such as healthcare [119,120], banking [121, 122|, and e-
commerce [123,124]. The basic components of RF are DTs built on subsets of the
training data and then combined into an ensemble that performs majority voting to
make a final decision. Figure 4.1 shows an illustration of RF, which consists of N DTs.
These trees make predictions for the classification task, with the class with the most
votes forming the prediction of the model. The intuition behind this is that a large
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number of models that are not even correlated with each other work as a committee,
and this is somehow expected to outperform individual DT models.

Unlike DT, which is prone to overfitting, RF can avoid this problem because it is built
from uncorrelated DTs. In addition, RF differs from BDT in the sense that the results of
the DTs are aggregated at the end of the training process, whereas in BDT the process
occurs during training, with each DT being part of the decision. The decorrelated trees
in RF are trained independently on different subsets of the training data [125]. The
method uses a bootstrap aggregation approach, one of the purposes of which is to re-
duce variance using the resampling with the replacement method [126]. This technique
uses different methods for decision-making, i.e., averaging the decision trees in the case
of a regression problem and applying a majority rule in the case of a classification task.

Being composed of a set of DTs, RF is known to achieve better prediction accuracy
than a single DT [118]. In the initial phase of RF, training data consisting of labels
and features are input into different DTs. These features are randomly selected when
the nodes are partitioned. RF is based on ensemble learning, which relies on combin-
ing multiple DT classifiers to achieve better performance. These trees are trained on
different subsets of the training data, taking the average or using the majority rule to
improve performance rather than relying on a single DT. The nodes of each DT in the
RF serve as attributes, while the leaves serve as decision-makers of the classifier. The
nodes are created by selecting the best feature from the subset of features used to train
that specific DT.

Moreover, the quality of the decision for each node is determined by calculating the
entropy gain or Gini index for each feature. The RF can be optimized by controlling pa-
rameters such as the number of DTs that make up the RF, the maximum depth of each
DT, and the maximum number of features used to train each tree. The DTs are evalu-
ated independently and finally come together to make the final decision by majority vote.

The RFs have found their application in HEP, this includes but is not limited to particle
detection [127], data quality investigation [128], in addition to their intensive implemen-
tation in both the DO Collaboration [129-132] and the BaBar Collaboration [133,134].
The DNNs managed to perform better than RF in Ref. [135]. The advantages of RF are
also that they are less affected by noise in the data and can handle missing values. Each
structure of DT consists of leaves and nodes that represent the features in the subset of
training data and the decisions, respectively. Since it is known that DTs tend to overfit,
the problem of overfitting does not exist in the case of RF. Moreover, RF provides more
accurate predictions compared to DTS, which is of course due to its structure where a
committee of DTs works together towards the same goal.

The use of ML, in this case, was motivated by fully supervised learning, in which the
production mechanisms, topologies, and signatures were fully described by theory, and
the mass of the SM Higgs boson was the sole free parameter in the search. The search
for new resonances, including new Higgs-like bosons, on the other hand, may entail
subtle topologies. Fully supervised learning becomes onerous and ineffective in this
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situation. Such research may be carried out with the use of a Lagrangian based on
effective interactions, which requires a large number of parameters. As we move away
from fully supervised learning and toward full-blown weakly supervised learning, this
study evaluates different approaches.

4.2.2 Deep Learning

Deep learning is part of the ML category. Image recognition [136-138], object detection
[139], face recognition [140], speech recognition [141], and machine translation [142] have
all benefited from this paradigm. DNNs are a type of DL algorithm. The architecture
of a DNN consists of numerous layers stacked together. These layers are responsible for
converting the outputs of the previous (k— 1) layer into inputs for the next (k") layer.
Equation 4.1 represents the mathematical formulation of this paradigm:

RF) = p®) (pk) R =1y p0) — g (4.1)

where W®) denotes the weights matrix, b%) denotes the bias term, h*~1) is the output
of the (k —1)* hidden layer, f(*)(.) denotes the activation function of the k" layer, and
# denotes the input vector [143].

The depth of a DNN is determined by the number of hidden layers in the network,
which can be classified as shallow or deep neural networks. Shallow neural networks
have a single hidden layer, while deep neural networks have more than two. On the
other hand, shallow neural networks have some limitations when it comes to discovering
effective features in high-dimensional data [144]. As a result, they have difficulty learning
complex nonlinear functions [145]. The evolution of ANNs into DNNs, as described in
Ref. [93], has led to an increase in the training and processing capacity of the algorithms.

Unlike shallow neural networks, DNNs have a structural design that makes them more
effective and able to learn complex models [146,147] as network depth increases [148].
According to Ref. [149], their success can be seen in HEP, where DNNs outperformed
shallow ANNs. Consequently, they are useful for learning discriminative information in
physics variables [145].

The complexity and huge amount of data generated by LHC experiments have led to a
significant increase in the use of ML techniques in this field. DNNs have improved classi-
fication performance by 8% compared to previous approaches, according to studies such
as Ref. [145]. They also proved useful for searching for exotic particles in collider, and
their performance was comparable to or better than typical jet variables [150]. However,
they have a vanishing gradient problem that can be solved using some of the strategies
described in Section 5.4.3. Other DL approaches, such as convolutional neural networks
(CNNs), have been used to distinguish quark and gluon jets in Ref. [150], and they
appeared to perform better than typical observables designed by physicists. It is also
noted that DNNs can extract reliable physics information from poor simulations and
that they are also used for image identification such as jet substructure detection [151].
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Figure 4.2: Schematic representation of supervised learning.

4.2.3 Fully Supervised Learning

ML algorithms take a set of input vectors &; of dimensionality n. These vectors are
generally referred to as features. The features are passed to an algorithm with the goal
of learning a function that allows the algorithm to generalize the learned information
to previously unseen data. Various parameters of the algorithm are set to facilitate this
learning process. When methods such as ANNs [152,153] and Support Vector Machines
(SVMs) [154] are used instead of heuristic selectors [155], fully supervised learning has
been shown to be successful in event selection in HEP. Given a binary classification task,
the basic goal of fully supervised learning is to train fully labeled data with the goal of
finding a mapping function f(x) that maps the input R to a set of classes K = {1, ..., k},
where each example 7; has a label y; € {0,1}.

Figure 4.2 shows a schematic representation of all the steps involved in fully super-
vised learning. The algorithm is trained with fully labelled data and used to predict
new data. The goal of the training is to find a mapping from x to y while minimizing
the loss function, which can be expressed as binary cross-entropy:

Uy, 9) = —y-logg + (1 —y) - log(1 — 9), (4.2)

where g is the model output and y denotes the desired outcome. The main goal is for a
trained model to find a function to estimate labels in an unknown dataset. Minimizing
the loss function helps in finding the best solution [156]:
N
Jrull = argming.gn_so 1] Zf(yu ¥i), (4.3)
i=1
where f is the prediction function, 9; is the i** model output, y; is the i** target output
and £ is the loss for a single example [157]. During the process, the model generates
its own output while adjusting the weights using a gradient descent algorithm in the
form of backpropagation. This is repeated until the output of the model approaches the
expected output. The fully supervised learning paradigm is referred to as “learning with
a teacher” [158| because of this stated approach. Fully supervised learning is mostly
used for regression and classification problems, and training algorithms for this learning
paradigm require a large amount of labeled data, especially when implemented on DNNs.

37



4.2.4 Semi-supervised Learning

Unlike fully supervised learning, unsupervised learning does not require labeled data
and expects the model to learn from itself based on similarities in the input data [159].
Semi-supervised learning [160, 161] is the result of a combination of supervised and un-
supervised learning. Therefore, both labeled and unlabelled data are used in this learn-
ing paradigm. Therefore, both labeled and unlabelled data are used in this learning
paradigm. In semi-supervised learning, the model is first trained on the small amount of
accessible labeled data. Then, the partially trained model is trained to generate labels
for the unlabelled data. The model is then trained on a mixture of labeled and pseudo-
labeled data. During training, this mixture ensures that error is reduced and accuracy
is improved.

On a classification problem for breast cancer prediction, Ref. [162] compared the perfor-
mance of fully supervised and semi-supervised learning. This was tested on a number
of algorithms, including logistic regression, k-nearest neighbor (KNN), and DT, and the
results showed that the semi-supervised learning strategy produced results quite similar
to those of fully supervised learning. Speech analysis, web content classification, and
text document classification are examples of semi-supervised learning applications. Due
to a large amount of data that requires labeling, such as audio data, website material,
and text data, this is an appropriate technique for the above areas. All of these tasks
require a significant amount of human intervention.

4.2.4.1 Weakly Supervised Learning

DL models require a large amount of data and a lot of computational power. The labeling
of such training data by human specialists can also be expensive. If done manually, this
can be potentially unreliable [163]|. Because of the difficulty of collecting large amounts
of labeled data, many researchers have explored the paradigm of weakly supervised
learning, particularly in robotics, disaster resilience, medical diagnostics, bioinformat-
ics [164], and computer vision for action identification [165] and object recognition [166].
As a result, interest has grown in HEP [1,156] for quark vs gluon tagging [156].

Weakly supervised learning is considered a cheap form of supervision [163, 167| be-
cause it is designed to learn from data with imprecise labels [168] that are treated as
ground truth. Compared to fully supervised models, the performance of this strategy
on visual detection was better in Ref. [169]. Sentiment analysis [170] and retrieval of
complex information from trained models [171,172] are two other applications. The
weakly supervised learning comes in three self-explanatory forms, namely [173]:

e Incomplete weak supervision: when labels are assigned to only a subset of the
training data,

e Inaccurate weak supervision: a situation where certain examples are assigned in-
correct labels, and

e Inexact and ineffective supervision: in this scenario, only coarse-grained labels are
assigned.
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One of the main advantages of weakly supervised learning is that the time required to
manually label the training data is minimal. Ref. [174] has succeeded in saving 6.8%
of the time spent on manual labeling of training data for supervised learning methods.
Moreover, weakly supervised approaches were equal to fully supervised learning in terms
of performance [92, 156, 166, 174-176]. The following equation is used to optimize this
weakly supervised learning:

, 1 .
Jweak = argmain f.rn—0,1) ZZ (m Z Yis yK) ) (44)
K's

€K

where K’s denotes the training data batches and yg is the signal fraction in each
batch [157].

Weakly supervised learning can be considered as a subset of semi-supervised learn-
ing [177]. This subfield was developed to enable models to learn from partially labeled
data, and it derives from the lack of fully labeled data. Studies such as Ref. [168]| use
outputs from unsupervised models to generate labels for weakly supervised learning
models. Ref. [178] combines weakly supervised learning and fully supervised learning
by training two different ANNs based on these approaches. The two models are called
the target network and a confidence network. The former is trained on weakly labeled
large data, while the latter is trained on small and fully labeled data. The confidence
network is responsible for updating the weights of the target network so that the weights
no longer need to be computed directly from the weak labels. The equation 4.2.4.1 is
used to compute this:

b
Wit = Wi — 303 (i 50 VL (fu (1. 30)). (4.5)

=1

where 7, is the global learning rate, £(-) is the loss function, cy(-) is the learned evalu-
ation function of the confidence network, and ; is the noisy label, while ¢ and b denote
a time step and the batch size, respectively. The weakly supervised learning strategy is
of interest to academics and they use this space to increase the performance of models
at a low cost.

4.2.4.2 Supervised learning with unlabelled data

Several studies [179-184] have been conducted to improve the performance of fully su-
pervised learning algorithms with unlabelled data. In this example, the training data
primarily consists of large u unlabelled samples { X 1, vy X;} with limited [ labelled sam-
ples {(X1,01), ..., (X1,0;)}. To learn from the training data containing both labeled and
unlabelled samples, a combination of statistical approaches such as expectation maxi-
mization (EM) and a naive Bayes classifier can be used [181]. This is done to train the
classifier on labeled data while using it to assign labels to unlabelled data. To achieve
this goal, DL techniques have also been used [180], and this approach is called supervised
learning using labeled and unlabelled data (SULU) [183].
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Ref. [183] has proven that using the SULU algorithm instead of the EM algorithm leads
to better results. On the other hand, the performance of the EM algorithm improves
as the number of labeled samples increases. SULU, on the other hand, requires only
a small amount of labeled data to perform better and has consistently outperformed
algorithms trained with only labeled data. Ref. [179] co-trained two separate fully su-
pervised learning algorithms on labeled data. Statistical approaches are also used to
sample the unlabelled data, with one of the trained algorithms assigning labels to the
other algorithm. The process is performed repeatedly to label the unlabelled data, while
high classification confidence examples are added to label the data, which is then used
to re-train the model [185].

The co-trained algorithms create weak predictors that are then bootstrapped using the
unlabelled data, as described in Ref. [186]. In contrast, we introduce “guided supervised
learning”, a technique that mixes multiple signal production mechanisms and assigns
them the same class label. The method takes into account the fact that the combined
mechanisms are fundamentally different. The goal of this research was to find out
whether an ML algorithm can distinguish each production technique during the testing
phase.

4.3 Dataset and event selection

The simulated Higgs to di-photon, pp — h — ~7y events are used to test the ML ap-
proaches used in this study. This research focuses on proton-proton collisions at the
LHC with a center-of-mass energy of 13 TeV. The background and signal samples were
created using the MadGraph5_aMC@ONLO 2.6.7 framework. This framework is designed to
give all of the elements needed for the phenomenology of the SM and BSM. Calculations
of cross-sections of effects, the formation of hard events, and their matching with event
generators are some of these elements [166].

It is also worth noting that the events in this study were generated in QCD with next-
to-leading order (NLO) accuracy. PYTHIA 8.2 was used to simulate parton showering
and hadronization in conjunction with MadGraph5_aMCONLO 2.6.7. The ATLA Al4
event tuning and NNPDF2.3 LO parton distribution function set were used for this pur-
pose [187]. Delphes 3, a modular framework for fast simulation of the ATLAS experi-
ment, was used for event processing [188]. Finally, by applying a set of generator-level
cuts, events of interest were simulated using the following selections:

e The transverse momentum of the photons must be greater than 25 GeV,

The di-photon invariant mass must be between 105 and 160 GeV.

Hadronic jets were reconstructed using the anti-k¢ technique [189] implemented in
FastJet 3.2.2 [190] package was implemented, with radius parameter R = 0.4.

Jets originating from bottom quarks are identified as b-jets using b-tagging algo-
rithms [191],

Jets with pr > 30 GeV and |n|< 4.7 are considered.
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Figure 4.3: The spectrum of the invariant di-photon mass at 13 TeV of the proton-
proton collision corresponds to an integrated luminosity of 36.1fb~!. The cross sections
times the branching ratio of the di-photon decays are used to standardize the different
production modes of the Higgs boson samples of the SM

Process Entries Event Yields

Yy 96447 323436
Vyy 26613 467
goF 224835 1605
VBF 240085 129
Wh 281209 41
Zh 169312 23
tth 160265 18

Table 4.1: The expected events are normalized to the number of entries for each process.

e Jets in a cone of size R = 0.4 are deleted.
e Electrons and muons must have pp > 25 GeV and |n|< 2.5.

e Finally, at least two photons must have pp > 25 GeV and |n|< 2.37 selected from
an inclusive event selection.

Non-resonant vy and Vv (V=W, Z) processes are the two primary backgrounds con-
sidered for this study. More than 80% of the total background contribution comes from
the non-resonant. Different Higgs boson production methods, such as gluon gluon fu-
sion (ggF), vector boson fusion (VBF), and associated productions with a vector boson
(Vh) or a top—antitop quark pair (¢th), have been considered in the signal samples. The
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Figure 4.4: Signal and background distributions of the object multiplicity: (a) number
of reconstructed jets per event, (b) number of b-jets per event identified by the b-tagging
algorithm, and (c) number of reconstructed leptons per event

samples from these different processes are then normalized using the recommendations
of the Higgs cross-section working group [192]. As shown in Table 4.1, the number of en-
tries for each process is normalized to the predicted event yields. For both training and
testing purposes, the data are then split into 50%:50% samples. Ref. [193| provides the
h — ~~ branching ratio (= 0.23%). The plot of the reconstructed di-photon invariant
mass spectra, m.,, for both signal and background, is shown in Figure 4.3.

4.3.1 Kinematic features

This research focuses on a total of 13 distinguishing features of particle physics describ-
ing ATLAS detector objects. In addition to using the phase-space associated with each
event, these features are used to identify the background and the various SM Higgs
boson generation mechanisms. These features also include information about object
multiplicity. As shown in Figure 4.4, this includes the number of reconstructed jets,
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b-jets, and reconstructed leptons. These kinematic features were also used to help the
classifier distinguish between hadronic and leptonic decays and to isolate mechanisms
that lead to the presence of at least one b-jet in the final states, such as tth.

To isolate processes with high transverse energy, such as Wh and tth, the following
kinematic properties (shown in Figure 4.6) are used:

e The reconstructed missing transverse energy,

e The azimuthal angle separation between the leading jets and the missing transverse
energy,

e The azimuthal angle separation between the di-photon system and the missing
transverse energy, and

e The azimuthal angle separation between the di-photon system and the leading
jets.

The jet pseudorapidity, njes, is used to distinguish processes that have at least two jets
in the central region (¢th) or forward region (VBF, Wh and Zh) of the detector. The
transverse momentum p]Tet is used to distinguish between processes with hard or soft jets.
In addition, features such as di-jet mass, m;;, and the pseudorapidity separation, An;;,
are used to distinguish VBF from other processes. Figure 4.5 shows the distributions of
these features.
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Figure 4.5: Signal and background distributions of (a) pseudorapidity of the leading jet,
(b) pseudorapidity of the sub-leading jet, (c) transverse momentum of the leading jet,
(d) transverse momentum of the sub-leading jet, (e) pseudorapidity separation of the
leading and sub-leading jet, and (f) invariant mass of the leading and sub-leading system
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Figure 4.6: Signal and background distributions of: (a) reconstructed missing trans-
verse energy, (b) Azimuthal angle separation between the leading jets and the missing
transverse energy, (¢) Azimuthal angle separation between the di-photon system and the
missing transverse energy (d) Azimuthal angle separation between the di-photon system
and the leading jets.

4.4 The DNN configuration

The architecture of the DNN was configured using the ROOT [194] package and the
TMVA data processing system [195]. The structure of the DNN implementation is as
follows: an input layer with 13 units that represent kinematic features as explained in
the previous section, three hidden layers with 26, 26 and 13 units, and a single output
layer. Figure 4.7 shows a schematic illustration of this structure. The cross-entropy (see
equation 4.2) loss function is used in this DNN to classify signal events from background
events. This is combined with zero-mean Gaussian distributed random variables and
adjusted initialization weights [196].

45



N.

jets

=i \

Nieptons 5 : (%\g S
- @ |
cading—jet Z y
ple e D
subleading—jet q\ Z 3‘ B~
Pr - 3 ;J
Mij q Q( £® DNN Score
Y C )
mi o ? b .
Micading—jet @ = (j( @)
Nsubleading—jet ‘ ‘ ;5‘ b
X\ S .
A6, B @ _ {f &
> )
Ad(leading — jet, E’,’-““)Jz \ if/\ E:
A®D(y7,leading — jet) @ O
N\é
Input Layer e r13 Hidden Layer € R2* Hidden Layer e R  Hidden Layer e R** Output Layer € &?

Figure 4.7: The DNN architecture configuration for the classification of events as back-
ground or signal in this study.

The activation functions of neurons and ANNs, in general, are extremely important.
They're used to compute the weighted sum of the inputs. This is done for each neu-
ron, which is a simple computational element that helps the ANN learn the mappings
between input and output data. Also, these functions are used to normalize the output
of each neuron so that is it between 0 and 1 or -1 and 1. Linear and nonlinear activa-
tion functions are the two types of neuron response functions, with nonlinear activation
functions being the most commonly used. Sigmoid, Rectified Linear Unit (ReLu), tanh,
and sigmoid are just a few examples of nonlinear activation functions. The activation
function used has a significant impact on the training dynamics and performance of the
model [197]. However, since these activation functions are computed hundreds or thou-
sands of times, especially in the case of DNNs, they must be computationally efficient.

A sigmoid function and hyperbolic tangent functions were used as activation functions.
These were used for both the hidden layer and the output layer. The two activation
functions have a few similar properties, for example, they are sigmoidal functions and
have a vanishing gradient problem. The output neuron, on the other hand, is normalized
and lies between 0 and 1 or -1 and 1. The sigmoid is mathematically represented by
the equation 4.6, while the hyperbolic tangent is represented by the equation 4.7. When
applied to DNNs, the sigmoid function faces the vanishing gradient problem, which leads
to slow convergence of the optimization [198|.

1

f@) = e (1.6
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(4.7)

4.4.1 Backpropagation

Backpropagation was used to train the DNN, a technique widely used for fully supervised
learning of ANNs [199,200]. This algorithm uses gradient descent and takes its name
from the ‘backward propagation of errors’ during the training phase of ANNs. Since the
gradient is computed backwards through the network, the first computation occurs at
the weights of the last layers, while the weights of the first layers are computed last.
All this happens in reverse through the intermediate hidden layers, hence the name. So
these steps come after forward propagation, where the output of the network is com-
puted from the input layer to the output layer. The sequence of these steps is performed
iteratively for each training pattern, adjusting the weights until the error between the
predicted output and the actual output is significantly small [201].

However, this approach has a slow convergence problem [202-204]. Implementing an
extremely low learning rate [205-209)] is one technique to address this problem. Several
studies have addressed the question of how to improve the convergence time of the back-
propagation algorithm. Heuristic approaches, flat-spots, and Quasi-Newton were used
to speed up the training time of the backpropagation algorithm [210]:

OE

—Q
aw,-j

Aw;j(n) = + pAw;j(n — 1), (4.8)

where « is the learning rate and g is the momentum. This equation gives the n*

correction step. The partial derivative % is calculated as:
ij

ok
Owij

= —J;(n)oi(n — 1), (4.9)

where J;0; is the propagated error up to neuron j and o; is the output of the it" neuron
in the forward direction [211]. The primary goal of this algorithm is to reduce the partial
derivative of the cost function with respect to the network weights [212]. The approach
works by minimizing the partial derivative of the error (cost) function E in terms of
network weights, i.e., F/Jw.

4.5 Fully Supervised Learning Classification

The fully supervised learning technique was applied to each separate SM Higgs boson
production mechanism and the entire background was examined for this study. The
signal was labeled 1 and the background was labeled 0. Figures 4.8 and 4.9 show
the DNN response distributions for ggF with VBF and the associated productions,
respectively. This has shown a clear separation of signal and background processes. By
comparing the results of the training and test samples, the above figures also determine
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Figure 4.8: Fully supervised learning DNN response distributions for the Higgs produc-
tion, by: (a) gluon-gluon fusion and (b) VBF.

whether the model is overtrained. In the best case, the DNN response distribution
functions for training and testing samples must be similar to prove that the classifiers
are not overtrained. This study does take into account any experimental or theoretical
uncertainties that could lead to a slight decrease in performance. The Receiver Operator
Characteristic (ROC) curve is used to evaluate the separation performance of the DNN
classifier. This can be used to quantify exactly how well the classifier can distinguish
between signal and noise. The performance of the model is measured by the area under
the curve (AUC), which is calculated by measuring the total two-dimensional area under
the ROC curve. Figure 4.10 shows the background rejection versus signal efficiency for
several Higgs production processes, including ggF, VBF, and associated productions
(tth, Zh and Wh). Each of the production mechanisms has a different separation power
depending on the event configuration. The ggF production mechanism has an AUC of
78%, which could be due to the fact that it populates a phase-space comparable to the
background. Due to the variety of signatures and topologies, the results for the tth stand
out, although the VBF and associated productions are comparable and better than ggF'.

4.6 Semi-supervised learning classification

4.6.1 Supervised classification with unlabelled signals

The fully supervised classification strategy with a mixture of signals' (as described in
Section 4.2.4.2) is tested for its ability to distinguish between different SM Higgs boson
production processes. In this method, five separate production processes are combined
to produce a mixture of signal samples. As a result, this mixture is labeled 1, while the

!The mixture is referred to as unlabelled in the context of this approach since it is comprised of
different production mechanisms.
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Figure 4.9: Fully supervised learning DNN response distributions for the SM Higgs
boson associated production, with: (a) W vector boson, (b) Z vector boson or (c) a top
quark pair.

background is labeled 0. Figure 4.11 shows the DNN classifier response distribution of
the individual Higgs productions and the total background. The performance of this
strategy is measured by the ROC curves, which show that the separation performance
of the fully supervised learning method with unlabelled signal processes is lower than
that of the fully supervised learning.

However, since the ggF is the major mechanism responsible for more than 85% of the
Higgs generation, its performance has remained stable because the mix is proportional
to the cross sections. This observation is explained by the different production mecha-
nisms having different event yields. Therefore, the predicted cross-sections are increased
to quantify the relative contribution of each production mechanism to the classifier. The
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Figure 4.10: ROC curves of DNN classification with fully supervised learning for different
Higgs production mechanisms.

additional production mechanisms, VBF, Wh, Zh, and tth are normalized to different
proportions of the predicted ggF production yield.

4.6.2 Effect of signal event yield on the event classification

Unlabelled supervision is used to test the impact of the event yield of different produc-
tion mechanisms on the DNN classifier. All production mechanisms are grouped under
the same label and have an expected cross-section of 36.1 fb~!. The predicted cross-
sections of VBF,Wh, Zh, and tth were consistently improved by using the ggF method.
This improvement was achieved by assigning specific fractions to each process, 0.25, 0.5,
0.75, and 1, respectively, indicating the fraction of the cross-section attributable to the
ggF method. The ROC curves for each of the production techniques are shown in Figure
4.12, which compares the effects of increasing the ggF cross-section on signal efficiency.

The results show that the efficiency of an unlabelled classifier is determined by the
relative contribution of each mechanism as well as the complexity of its topological fea-
tures. Both the contributions of the production mechanisms and the complexity of the
topological features affect the efficiency of the classifier with weakly supervised learn-
ing. The results from Section 4.6.1 are summarized in Table 4.2, where the integral of
the ROC curves for all production processes increases with increasing ggF cross-section
fraction.

4.6.3 Weakly supervised learning classification

The study of Higgs production mechanisms with weakly supervised learning involves
mixing signals and background processes in the di-photon invariant signal mass window
from 120 to 130 GeV. Outside the signal mass window is the region of the sideband
that lies between 105 and 160 GeV. This region is made up entirely of pure background,
while the mass window is made up of a combination of signal and background from this
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Figure 4.11: Results of fully supervised learning with unlabelled signals. Left: DNN
response distributions. Right: ROC curves, for different Higgs production modes.

ROC integral normalised to
Process | oprocess 0.25 0ggp 0.5 Ogogr  0.75 Oggp TR
gegF 0.778 - - - -
VBF 0.941 0.946 0.951 0.954 0.961
Wh 0.916 0.934 0.941 0.943 0.944
Zh 0.841 0.892 0.916 0.920 0.920
tth 0.858 0.975 0.984 0.986 0.987

Table 4.2: Relative contribution of each signal to the performance of the DNN classifier,
for fully supervised learning with unlabelled signal (Section 4.6.1). Signals are normal-
ized to different proportions of the expected events from the ggF production mechanism.

region. The purpose of this study is to find out how well the DNN can distinguish the
signal from the signal mass window of an unknown mixture of signal and noise. This is
done with respect to the pure background in the sideband.

The ROC AUCs in Figure 4.13 show that the weakly supervised learning strategy is
able to discriminate between different signal candidates. However, the results of both
fully supervised learning and supervised learning with unlabelled signals are not compa-
rable. Table 4.3 summarises the overall results of the three approaches. The complexity
of the phase-space investigated in this study can be related to the performance of the
weakly supervised learning strategy. As a result, the guided weakly supervised learning
with topological constraints was introduced, which is studied in detail in Section 4.6.4.

4.6.4 Weakly supervised learning with topological requirements

Using the classification of SM Higgs boson production modes, the performance of the
different machine learning algorithms investigated in this study was evaluated and com-
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Figure 4.12: ROC curves from fully supervised learning with unlabelled signals, (a) VBF,
(b) Wh, (¢) Zh and (d) tth are normalized to different proportions of the expected ggF
production mechanism events.

pared. Compared to fully supervised learning with unlabelled signal and weakly su-
pervised learning, the results show that fully supervised learning gives better results.
However, the performance is comparable to that of supervised learning with unlabelled
signals. The differences between these methods are due to the relative contributions
of each SM Higgs boson production mechanism. A ROC integral difference of 0.2% is
seen in the case of ggF, which has the highest effective cross-section at the LHC and
approximately the same topology as the main background (see Table. 4.3). The ROC
integral difference is 14% since the tth production mechanism contributes less than 1%
of the entire production cross-section. As a result, the weakly supervised learning strat-
egy yields the worst results, and a different approach called guided weakly supervised
learning was developed to address this problem. This method restricts training to topo-
logical signatures produced from specific production processes and is then evaluated and
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Figure 4.13: ROC curves from weakly supervised learning using the DNN classifier for
different Higgs production mechanisms. Signals and background are normalized to their
cross-sections.

verified using various SM Higgs boson generation methods. In contrast to the ggF and
tth production mechanisms, the VBF production mechanism involves the scattering of
two quarks, resulting in two hard jets in the forward and backward regions of the ATLAS
detector with a high invariant di-jet mass. In this context, the topology of the VBF is
defined as occurrences with at least two jets, which is followed by a signal significance
scan using m;; and the pseudorapidity gap between the two leading jets. The signal
significance scan is also used to increase the relative contribution of the VBF production
mechanism while reducing the background yield as much as possible. Before using VBF
selection, Figure 4.14 compares the ROC performance of the three approaches.

The results for the weakly supervised learning algorithms with topological requirements
are shown by the highlighted dashed lines. The DNN is trained in four different regions,
each specified by the significance of the signal. Weakly supervised learning with topo-
logical constraints has led to a variety of results. These results support the ability of the
technique to distinguish VBF from other production processes. Therefore, the method is
comparable to fully supervised learning. The associated production of the Higgs boson is
also tested with a W gauge boson, similar to the VBF test. In this case, two topological
features from the Wh final states are used to train the DNNs individually, which includes
both leptonic and hadronic decays of the W boson. Figure 4.15 shows the results of fully
supervised learning combined with weakly supervised learning and supervised learning
with unlabelled signals based on this test. The performance of the weakly supervised
learning appears to improve with the topological constraints, suggesting that it is able
to isolate the Wh process. Higgs boson production associated with top-antitop quarks
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Process Full Supervision Unlabelled Full Supervision Weak Supervision

ggF 0.780 0.778 0.675
VBF 0.965 0.941 0.804
Wh 0.951 0.934 0.842
Zh 0.936 0.841 0.796
tth 0.997 0.858 0.773

Table 4.3: Comparison of the integral of ROC curve AUCs from different learning meth-
ods.
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Figure 4.14: Weakly supervised learning results with VBF topological selections. For
the VBF production mode, the diagram on the left shows a two-dimensional scan of
the signal significance with respect to m;; and An;;. The expected signal significance
is represented by the z axis. The ROC curves for the VBF production mechanism with
various learning methods are shown in the graph on the right (see text). Weakly super-
vised learning results are not as good as unlabelled or fully supervised at background
rejection.

is also studied using the proposed guided weakly supervised learning method. Given
that top-antitop quarks account for less than 1% of the total Higgs boson production.
As a result, it becomes difficult to extract the signal process. In the weakly supervised
learning situation, the same finding was made, but in this case, the test is performed by
requiring two topological characteristics.

The total hadronic and semi-leptonic decays of the top quark from the tth process are
represented by these topological characteristics. Here, at least two central jets provide
for the hadronic decay and at least one b-jet and one lepton for the semi-leptonic decay.
In terms of ROC curves, Figure 4.16 shows the performance of guided weakly supervised
learning for the two topologies. Integral values from ROC, which quantify the method-
ology’s ability to extract tiny signals, are used to compare their performance. Figure
4.16 shows the ROC curves for the guided weakly supervised learning for the two typolo-
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Figure 4.15: The solid lines show the ROC curves in inclusive Wh final states using
different learning approaches. The leptonic and hadronic Wh topology requirements
with weakly supervised learning are shown with dashed lines.

gies. The ROC integral values are a representation of the method’s ability to extract
small signals. Table 4.4 compares the efficiency of inclusive weakly supervised learning
with that of guided weakly supervised learning for the VBF, Wh, and tth production
mechanisms.
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learning with ¢th topological requirements.

Process Weak Supervision ROC Integral
Inclusive 0.804
Njets > 2, Anj; > 0, mj; > 1000 GeV 0.951
VBF Njets > 2, An;; > 0, mj; > 800 GeV 0.881
Njets > 2, Ang; > 0, mj; > 600 GeV 0.912
Njets > 2, A’I?jj >0, mj; > 400 GeV 0.873
Inclusive 0.842
Wh Hadronic 0.907
Leptonic 0.902
Inclusive 0.773
tth Nb—jets > 1, Nleptons >1 0.880
Np—jets = 2 0.950

Table 4.4: VBF, Wh and tth ROC integrals with different topological requirements,
compared to inclusive weakly supervised learning.

4.7 Discussion and conclusions

The presence of massive SM backgrounds hinders the search for new resonances at the
EW scale. Moreover, neither the inclusive nor the model-dependent searches were suc-
cessful in identifying corners of the phase-space with potential excesses over the SM-only
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hypothesis. This may suggest that novel resonances exist in delicate topologies that are
difficult to detect using standard and popular search methods. The use of ML at the
LHC could be crucial for a more in-depth investigation of the available phase space. In
this study, we analyze the performance of different ML approaches using the SM Higgs
boson with di-photon decay.

The study helps to understand the performance of ML algorithms in situations where
the particle is produced with different production mechanisms. Compared to fully su-
pervised learning, the performance of supervised learning with an unlabelled signal was
better for a signal sample where the different production mechanisms were unlabelled.
Weakly supervised learning with an unlabelled signal sample is also compared with these
two approaches. Compared to full supervised learning, the latter performs significantly
worse for all production mechanisms considered (see Table 4.3).

The tth mechanism, which produces the largest number of different signatures, has the
largest impact. This is followed by the VBF mechanism, which gives a different topology
than the second one. This leads to the realization that in the presence of signatures and
topologies, weakly supervised learning alone is not always effective in distinguishing the
signal from the background. It is worth noting that hyperparameter optimizations were
performed to ensure that the DNNs perform to their full potential.

Prior to the introduction of weakly supervised learning, signatures and loose topological
constraints are introduced to counteract this effect. For the purpose of this study, this
strategy is referred to as guided weakly supervised learning. This is because the ap-
proach evaluates the impact on signal efficiency and background rejection for different
production mechanisms, showing significant gains when weakly supervised learning is
implemented. Weakly supervised learning, as used in this study, has the advantage that
it does not require the use of a signal model. As a result, it is necessary to control
the phase-space in which the sideband and the signal region are confronted with each
other. The search is not affected by the phenomenology of a model with a particular
set of parameters, since the signature and topology requirements are dictated by physics
considerations.
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Chapter 5

Application of Semi-supervision in
the search for resonances with the

Z~ final state at the LHC

5.1 Introduction

This study focuses on the search for heavy resonances decaying to Z+ final states, where
Z — ete” or Z — ptp~. The data used in this analysis correspond to the integrated
luminosity of 139 fb~!. In addition, the research continues with the primary goal of
laying the groundwork for the search for heavy resonances in the electroweak scale.
Therefore, it is performed with topological requirements using ML techniques. Unlike
fully supervised learning, which is known to assume full knowledge of the underlying
model, the semi-supervised approach, especially weakly supervised learning, allows the
extraction of new information from data with only partial knowledge. Therefore, this
approach is well suited for the proposed analysis, as it offers the advantage of using side-
bands or control regions that have minimal dependence on simulations when modeling
background. In addition, we evaluate the performance of weakly and fully supervised
learning in the inclusive and exclusive regions of phase-space, tailored for different pro-
duction mechanisms of the signals at the LHC.

The application of ML techniques in the search for resonances can play a crucial role.
These techniques can help in finding resonances that may be missed in the corners of
the phase-space that are either unexplored or poorly covered by the search. The fully
supervised learning paradigm has proven to be an effective tool that can be used to
explore the corners of the phase-space of interest. This is also true for the phase-space
where the Higgs boson SM has been observed. However, as effective as this tool may be,
it is still hampered if the new physics populates the phase-space differently from than
model used as a baseline. This is where the implementation of weakly supervised learn-
ing comes in, which has the advantage of detecting topological differences between the
potential signal region and the sidebands. Weakly supervised learning is restricted to
the topological configurations due to the complexity of the phase-space under study and
the way the background is populated. These configurations of the phase-space include
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a number of b-tagged jets, a number of leptons, vector boson fusion topology, etc.

The focus of this research is to search for resonances with H — Z+ in the final states
in predefined categories shown in Table 5.1 where H is a Higgs-like scalar. The purpose
of this study is to scan the 130 - 600 GeV range of the invariant mass of the Z~ to
verify the capability of the proposed methodology, which will then be used to prepare a
search for new phenomena at high masses in Z~ final states at the LHC. Since this is
an ongoing study within the Wits ICPP group, this work focuses more on the 150, 200,
300, and 500 GeV mass points.

5.2 Data and Simulated Samples

5.2.1 Data

The analysis uses pp collision data with a bunch crossing interval of 25 ns collected
in 2015-2018 at /s = 13 TeV. The average number of inelastic interactions per bunch
crossing during this data collection period was 34 and varied from 24 in the 2015-2016
data to 37 in the 2017-2018 data. Events recorded under stable beam conditions, where
the trigger system, tracking devices, and calorimeters were operating, and meeting the
data quality criteria are considered. The data sample is applied according to data
quality requirements to ensure good working conditions for all detector components,
corresponding to an integrated luminosity of 139.0 + 2.4 fb~!.

5.2.2 Backgrounds

The dominant background of this analysis is the non-resonant Z+ production generated
using MC. The Z + jets background is estimated from the data by reversing the photon
identification criteria (ID). The MC samples are used only to normalize the categories in
the optimization to choose the background fit functions. The normalization of the mz,
background and the shape of the Z + jets are obtained directly from the data, using the
purity study. In the statistical fit, the shape and myz, spectrum are obtained directly
from the data.

5.3 Object Reconstruction and Overlap Removal

Photons, leptons (electrons and muons), and jets are used in the selection of this analysis.
Their reconstruction techniques are summarised in Chapter 3.4. To avoid unnecessary
double-counting, objects which pass selection requirements for more than one category
are removed. An example of this is the electrons which may be identified as jets or a
photon reconstructed as an electron. This is achieved by the process termed overlap
removal which resolves the ambiguity. For the purpose of this analysis, the following
objects are removed to maximize signal efficiency:

e Electrons that lie within AR = 0.4 of any photon.

e Muons that lie within AR = 0.4 of any photon.
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Mass Point (GeV) Process Category Sideband Region Signal Region Signal Injection

Zh or Wh S > 2.5 V/GeV 3147 1664 81

150 Zh or Wh Njets > 2; 60 < myj < 120 GeV 1875 1032 64
o VBF Njets > 2; Anjj > 2; myj; > 300 GeV 1103 603 49
ggF Inclusive 13175 6444 160

200 Zh or Wh Spiiss > 2.5 /GeV 808 394 40
Zh or Wh Njets > 2; 60 < mj; < 120 GeV 839 414 40

VBF N]‘cgs >2; An]']' > 2; mj; > 300 GeV 498 245 30

300 ggF Inclusive 4173 2022 90
VBF Njets > 2 5 Anjj > 25 myjj > 300 GeV 237 113 21

500 ggF Inclusive 704 343 37
° VBF Njets > 25 Anjj > 25 myj > 300 GeV 56 29 11

Table 5.1: Events yield for the considered processes and signal injection rates for VBF,
ggF, Zh and Wh signal samples at different mass points.

e Jets that lie within AR = 0.4 of any photon.
e Jets that lie within AR = 0.2 of any electron.
e Electrons that lie within 0.4 AR of any jet.

e Muons that lie within AR = 0.4 of any jet.

5.4 Data and Kinematic Features Selection

Table 5.1 shows the number of expected event yields for both the sideband and signal
region for all predefined categories for different mass points considered for this study.
The width of the invariant mass Z~v for the sideband region is defined as 12% of the
center mass of the resonance Higgs-like signal, while the signal region is 6%. Different
signal production mechanisms (Wh, Zh, ggF and VBF) were injected. These injected
numbers are defined by 20, where o is the statistical uncertainty of the background in
the signal region, given by:

o=+v/Buw, (5.1)

where By is the number of background events in the mass window region. The signal
region for the 200 GeV mass is defined as 194 < my, < 206 GeV whereas the sideband
is between 182 < myy, < 194 GeV and 206 < mye, < 218 GeV. In this study, the
background events in the sideband region are represented by sample 1, while sample 2
consists of the background and signal in the mass window region. This serves the pur-
pose of the weakly supervised learning technique. Figure 5.1 shows the invariant mass
with an injection of signal for the categories covered at 200 GeV mass point.

Feature engineering plays an important role in the development of ML models. This
usually involves approaches such as feature extraction and feature selection. Feature ex-
traction is about reducing the dimensionality of the data to make it easily manageable
for the model. This can be done with algorithms such as principal component analysis
(PCA) and edge detection. Feature selection, on the other hand, is about determining
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Figure 5.1: Invariant mass with an injection of signal for the following categories: (a)
Inclusive, (b) SgT"° > 2.5 VGeV, (¢) Njets > 2; 60 < mj; < 120 GeV and (d) Njers > 2;
A??jj > 2; mjj > 300 GeV.

which features are important, redundant, and irrelevant. This is done by ranking fea-
tures using specific algorithms that help determine which features to remove and which
to prioritize for modeling. The correlation matrix is one of the techniques for this pur-
pose, as it indicates the relationship between the dependent and independent features.

The main purpose of this step is to select the most important features in the data.
The number of selected features gives information about the number of input units used
in the DNN configuration. It can also reduce, the computation time of the model as it
is trained on less important features. This is achieved by removing redundant features
that could add unnecessary complexity. The correlation matrix of kinetic features for
this particular study are all shown in Figures 5.2 and 5.3. This is specifically for the
category Njets > 2; Anjj > 2; mj; > 300 GeV for the mass point 200 GeV for both the
background and the signal. The correlation between two pairs of features is indicated by
a value between —1 and 1, where 0 indicates no correlation between the two variables.

Both 1 and —1 indicate strong positive and strongly negative correlations, respectively.

For example, the Figure 5.2 indicates that there is no significant correlation between

m;; and variables such as 11, 72, ¢E/F*** and Ag(Z~, EF¥*%). The correlation between
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these variables and m; ranges from —0.5% and 0.6%. Together with other correlations
below 20%, this means that there is less redundancy of important information, which is
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Figure 5.2: Correlation matrix of the implemented features/kinematics for the 200 GeV
background VBF category.

not the case for highly correlated pairs of features. There appears to be a high corre-
lation between 7;1 and 7;2, due to some degree of similarity between the two features,
both for signal and background. Overall, there is no significant correlation between the
kinematic features. This is also evident in the Sp*** > 2.5 v/GeV category shown in
Appendix A, Figures A.5 and A.6. The effect is somewhat different, however, as there
is a noticeable correlation for both the inclusive and the Njes > 2; 60 < mj; < 120 GeV
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Figure 5.3: Correlation matrix of the implemented features/kinematics for the VBF
signal for 200 GeV.

categories, which showed variation in correlations between some pairs of features (see
Figures A.1 - A4 in Appendix A). The information in the correlation matrix makes it
valuable for training the ML algorithm. These selected features described below were
chosen and their distributions can be seen in Figure 5.3. This is demonstrated for the
VBF category, as the same set of features is used for the other categories.
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Figure 5.3: The signal and background distribution of: (a) pseudorapidity of the leading
jet, (b) pseudorapidity of the sub-leading jet, (c) pseudorapidity of the dijet system,
(d) invariant dimass jet of the leading and sub-leading system, (e) Azimuthal angular
separation between the forwards jets and missing transverse energy and (f) Azimuthal
angular separation between the leading jets and missing transverse energy.

5.4.1 Data Processing

Similar to feature engineering, data processing plays a crucial role in ML modeling
[213-215]. It ensures that the raw data collected is transformed into meaningful data
from which the model can easily make sense of. In many cases, the collected raw data
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Figure 5.3: The signal and background distribution of: (g) Azimuthal angular separation
between the soft jets and missing transverse energy, (h) Azimuthal angular separation
between the Z+ system and missing transverse energy, (i) missing transverse energy, (j)
Azimuthal angle of the missing transverse energy, (e) missing significant energy and (f)
the number of jets.

may be incomplete, inconsistent, or contain many errors. These are some of the chal-
lenges that should be overcome before starting modeling. A few techniques such as
vectorization, normalization and handling of missing values, and removal of outliers can
be used to eliminate these challenges. Vectorization converts categorical values into an
integer representation by implementing methods such as one-hot encoding. This makes
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Figure 5.3: The signal and background distribution of: (m) number of central jets, (n)
relative pt of a photon, (0) Azimuthal angular separation between the Z~v system and
the dijet system and (p) Azimuthal angular separation between the Z+ system and the
leading jet.

it easier for the ML model to handle such features since the model can only input fea-
tures in numeric format.

Unlike vectorization, normalization is about transforming the data to a similar scale,
which helps improve the training data and the performance of the model. If the fea-
tures are not within a similar scale, for example, one feature is in the range 0 - 1 while
the other is within 1000 - 20000. This is considered heterogeneous data and causes the
model to have large gradient updates, which in turn prevents the model from converging.
This problem can be solved by transforming the data into homogeneous data, scaling
all features within the same range without distorting the difference in ranges [216]. As
a result, this ensures that the features have the same degree of influence. To achieve
this, techniques such as the MinMax scaler can be used, which ensures that the data is
within [0, 1]. This scaler is defined by:

o = x; — min(z) (5.2)

max(z) — min(zx)’

where z; is the it" entry /record for the variable , ), is the rescaled entry, while min(x)
and mazx(z) are the minimum and maximum entries, respectively. This approach was
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Parameter Range Description

n_estimators [10 - 100] Number of trees in the forest
max_ depth [2-6] Maximum tree depth
max_ features [2 - 6] Maximum number of features to achieve the best split
min_samples_ leaf (2 - 6] Minimum number of samples needed at the a leaf node
min_samples _split [2-5] Minimum number of samples needed for internal node split
Criterion [gini, entropy] Function used to measure the quality of a split

Table 5.2: The parameters used to configure the Random Forest in Python-based package
scikit-learn [217].

1%t Iteration Test Train Train Train Train
284 Jteration Train Test Train Train Train
31 Iteration Train Train Test Train Train
4th Tteration Train Train Train Test Train
5% Tteration Train Train Train Train Test

Figure 5.4: schematic representation of cross-validation.

used to normalize the data for this study. The data is also split into 60:40 for training
and testing purposes.

5.4.2 Random Forest Configuration

The RFs for this study are configured using a Python-based package called scikit-
learn [218] and optimized using a grid-search algorithm to select the best-performing
combination of the parameters listed in Table 5.2. During training, a cross-validation of
k = 5 is performed, where the dataset is divided into &k groups. In this approach, the
hold-out technique is implemented for each of the k& groups, using one of the groups for
testing and the rest for training (k — 1). The process is repeated until each group has
been used for testing. Figure 5.4 shows the illustration of this technique. This ensures
that all data is used for training.

5.4.3 The Deep Neural Networks Configuration

For the DNN configurations, a python API, Keras library with Tensorflow backend [219]
was used. Different topological DNN structures were configured for the categories ex-
amined in this study. This is to ensure that optimal performance is achieved for each
category. Table 5.4.3 shows the range of different hyper-parameters used for the DNN
models. The input layer of each DNN consists of 17 neurons representing the kinematic
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Hyper-parameter Range

Input units 17
Hidden layers [4 - 10]
Hidden nodes [20 - 250]
Learning rate [7.72 x 1079 - 7.52 x 1072
weight decay [1.03 x 1078 - 1.03 x 107}]
Dropout [0 - 0.5]
Epochs [50 - 500]
Activation function [ReLu, sigmoid|

Table 5.3: The hyper-parameters used to configure different DNN models.

features of the dataset. The choice of the activation function implemented has a signif-
icant impact on the training dynamics and performance of the model [197]. Therefore,
the activation functions should be computationally efficient as they are computed hun-
dreds or thousands of times, especially in the case of DNNs.

ReLu has been the most widely used activation function in DL [197,220-222] since
its introduction by Nair and Hinton in 2010. One of the advantages of this function
over other activation functions such as sigmoid is that it rectifies the vanishing problem
and is less computationally intensive since it does not require exponential and division
calculations [223|. It is mostly used for the hidden layers in DNNs. However, for the
output layer, the sigmoid function is preferred in DNNs because of its saturation [224].
Ref. [197] indicates that DNNs are easier to optimize with ReLu activation function than
with other activation functions such as sigmoid or tanh. Moreover, the Rel.u activation
function given by equation 5.3 simplifies the training process of DNNs by mitigating the
challenges of weight-initialization and vanishing gradient [225]:

fla) = {O for x <0, (5.3)

xz forxz > 0.

For this reason, ReLu was chosen for the hidden layers of DNNs in this study, while
sigmoid was used for the output layer. Even though ReLu is considered the best and
most commonly used activation function. One of its drawbacks is that it easily overfits,
i.e., the model fits perfectly to the training data and fails dismally when generalized to
a new data set. It is important to ensure that the performance of the model measured
on the training set is close to the performance on the validation set. If the performance
on the training set is significantly higher, then the model is overfitting. This happens
when the algorithm becomes overly sensitive or captures noise in the data, resulting
in low bias and high variance. A more complex model on a small amount of data can
also lead to this problem. However, if the model is too simple, it fails to capture the
underlying trend in the training data [92]. This leads to high bias and low variance. For
a perfect model, there must be a balance, because both overfitting and underfitting will
result in poor prediction of the test data. The following steps are some of the approaches
considered in this study to mitigate this problem. It is worth noting that hyperparameter
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Figure 5.5: Model loss as a function of epochs for: (a) DNN with an implementation of
the early stopping parameter and (b) DNN without the early stopping parameter .

optimization was performed to ensure optimal performance for each configured model.

1. Early stopping: Machine learning models tend to overfit when trained for longer

iterations/epochs than required. This can be illustrated by plotting the training
error or loss graph against the number of epochs, which indicates the error based
on the training and validation sets. In this case, an early stop is imposed as soon
as the error in the validation set stops decreasing and starts increasing. In this
way, the optimal model is saved while the performance of the model is measured
at each iteration. The model starts overfitting immediately after this step. Ref.
[226] points out that early stopping is the simplest and most commonly used way
to stop overfitting, and therefore helps in selecting models that provide better
generalization [227,228|. This is illustrated in Figure 5.5(a), where (b) shows
training until all epochs are exhausted. From Figure 5.5(b), it is easy to see that
the model starts overfitting after only 50 epochs. This parameter not only provides
optimal results but is also computationally efficient since the optimal generalization
performance is achieved with fewer training iterations. This is illustrated based
on the VBF category for the mass point of 200 GeV.

. Dropout:

Dropout mitigates the overfitting problem by reducing interdependent learning be-
tween neurons [229] and preventing them from co-adapting too much [226]. This
technique is called dropout because it randomly drops neurons from specific layers
along with their connections during training. During this dropout phase, the out-
puts of the dropped neurons in a given run, i.e. forward or backward pass, cannot
be considered. Refs. [229,230] indicate that this technique is a simple and efficient
way to prevent overfitting and that it also allows for better performance of DNN
models compared to other regularization methods. In DNNs, this is represented
by a hyperparameter p, which indicates the probability that a hidden node of the
network structure is preserved.

. Learning Rate
This is one of the hyperparameters of DNNs, which is used to update the weights
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of DNNs with respect to the loss gradient. Consequently, this parameter deter-
mines the rate at which DNN updates the already learned concept. Similar to the
complexity of the DNN models, which affects performance, the choice of learning
rate is also important. A smaller learning rate takes time to converge, thus longer
a training time [231,232]. This is due to the smaller adjustments to the weights at
each update. However, a higher learning rate leads to rapid changes, resulting in a
sub-optimal set of weights. This is arguably the most important hyperparameter
when configuring a DNN architecture [233]. It is therefore important to choose an
efficient number for this parameter, which of course is mostly on a trial-and-error
basis. This is given by a small positive number that is in the range between 0 and 1.

The conventional and reasonable approach is that the learning rate should de-
crease monotonically during training [234] because tuning and shaping of this pa-
rameter are important for training performance [235]. An additional parameter is
introduced to gradually reduce the learning rate during training. This parameter
is called weight decay. It is used to update the learning rate using the following
equation: .

X
1 + weight decay x epoch’

o= o (5.4)

where « is the learning rate for the current epoch, ag is the initial learning
rate, decay is a positive number, and epoch is the current update number. This
is calculated after each mini-batch. The learning rate and weight decay hyper-
parameters implemented in this study are listed in Tables 5.4.3.

5.5 Performance

Training a DNN and RF produces classifiers capable of separating signal and back-
ground events. The classifiers are trained with events labeled with the ground truth,
i.e., 0 for background and 1 for signal, in the case of fully supervised learning. In the
case of weakly supervised learning, the same approach is followed, but 0 is assigned to
the background in the sideband region, while 1 is assigned to the mixture of signal and
background in the mass window region. During the training phase, the classifier assigns
a value for the event, a value that represents the probability that the event is either sig-
nal or background. Overall, this helps in evaluating how well the classifier is performing.

Figures 5.6 and 5.7 show the DNN and RF response distribution functions, respec-
tively, for signal and background for two categories, namely Sgp*** > 2.5 v/GeV and
Njets > 2; Anj; > 2; mj; > 300 GeV. These results are the outcome of implementing
the proposed methods described in Section 4.2.3 and 4.2.4. Both approaches appear
to provide significant separation performance, with fully supervised learning showing
much better performance. A Significant separation between signal and background is
seen with weakly supervised learning, where the model was trained on the mixture of
signal and background, but evaluated with pure signal and background (see Figure 5.6).
However, this does not apply to weakly supervised learning on RF, which shows minimal
separation between the signal and the background.
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Figure 5.6: The DNN response distributions: (a) Weakly supervised learning for
SEMiss > 25 \/GeV category, (b) Fully supervised learning for Sp** > 2.5 v/GeV
category, (c) Weakly supervised learning for Nje.s > 2; 60 < mj; < 120 GeV category
and (d) Fully supervised learning for Njets > 2; Anjj > 2; mj; > 300 GeV category.

In general, fully supervised learning gives much better performance for all categories,
and the remaining categories are shown in the Appendices C and B for DNNs and RFs,
respectively. The fully supervised learning shows excellent discrimination between signal
and background, with the distributions showing a long tail at both ends, especially for
background, implying that the probability of rejecting background events is high. Even
though the weakly supervised learning gives significant separation for DNNs, there still
appears to be an overlap between signal and background.
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Figure 5.7: The RF response distributions: (a) Weakly supervised learning for Sg7s >
2.5 V/GeV category, (b) Fully supervised learning for Sgi*** > 2.5 /GeV category, (c)
Weakly supervised learning for Njes > 2; 60 < mj; < 120 GeV category and (d) Fully
supervised learning for Njers > 2; Anj; > 2; mj; > 300 GeV category.
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Figure 5.8: The ROC curves for: (a) Sgi** > 2.5 V/GeV, (b) Njes > 2; Anjj > 2;
mj; > 300 GeV.

The results of the trained DNNs and RFs are evaluated using a ROC curve given by
the signal efficiency versus background rejections. This is achieved by using AUC as the
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Mass Point (GeV) Process Category Random Forest (%) Deep Neural Network (%)

Wh Spiss > 2.5 VGeV 64.6 75.0
150 Wh Njets > 2; 60 < mj; <120 GeV 51.4 66.4
Zh Spr'® > 2.5 VGeV 69.4 82.1
Zh Njets > 2; 60 < mj; < 120 GeV 47.1 66.7
VBFE  Njets > 25 Anjj > 25 myj; > 300 GeV 61.4 74.6
ggF Inclusive 53.2 54.7
900 Wh Spiss > 2.5 VGeV 67.7 80.7
Wh Nijets > 2; 60 < myjj < 120 GeV 51.7 62.0
Zh Spiiss > 2.5 V/GeV 65.1 84.7
Zh Njets > 2; 60 < myj; < 120 GeV 53.4 64.1
VBF Njcts > 2; A'I]jj > 2; mj; > 300 GeV 55.6 74.4
300 ggF Inclusive 52.8 57.1
VBF Njets > 2; Anjj > 2; mjj > 300 GeV 49.0 7.3
500 ggF Inclusive 47.6 59.6
VBF  Njes > 25 Anj; > 2; mj; > 300 GeV 63.1 79.6

Table 5.4: A comparison of the performance of DNNs and RFs in the form of ROC AUC
based on weakly supervised learning.

Mass Point (GeV) Process Category Random Forest (%) Deen Neural Networks(%)

Wh Spiiss > 2.5 /GeV 88.4 90.6

150 Wh Njets > 2; 60 < myj < 120 GeV 83.6 87.3
Zh SeT" > 2.5 VGeV 89.7 91.3

Zh Njets >2;60 < mjj < 120 GeV 83.7 87.5

VBF Nijets > 2; Angj > 25 mj; > 300 GeV 85.8 88.0

ggF Inclusive 62.6 68.7

900 Wh Spiss > 2.5 VGeV 90.2 91.6
Wh Njets > 2; 60 < mj; < 120 GeV 84.5 88.6

Zh Spiiss > 2.5 V/GeV 91.5 92.6

Zh Njets > 2; 60 < my; < 120 GeV 84.5 87.9

VBF Njets >2; Anjj > 2; mj; > 300 GeV 86.0 88.4

300 ggF Inclusive 65.4 71.5
VBF  Njets > 25 Anj; > 25 myj; > 300 GeV 87.7 88.7

500 ggF Inclusive 717 72.5
VBF Njets >2; Anjj > 2; mj; > 300 GeV 90.4 91.4

Table 5.5: A comparison of the performance of DNNs and RFs in the form of ROC AUC
based on fully supervised learning.

primary metric which is given by the integral of the ROC curve. The larger the AUC
value, the better the accuracy of the performance. The ROC curves shown in Figure
5.8 give the quantified performance of the DNN and RF classifiers for both the weakly
supervised learning and weakly supervised learning approaches. This is given by the
signal efficiency versus background rejection.

The summary of all these AUCs can be found in Tables 5.4 and 5.5 for weakly
supervised learning and fully supervised learning, respectively. From these summaries,
it can be seen that weakly supervised learning is not efficient when applied to the RF in
comparison to DNN. However, the performance of the two algorithms is quite comparable
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for the fully supervised learning approach with RF being slightly lower than the DNN
in some cases. This is in agreement with the results in Ref. [236]. It is for this reason
that the entire study is carried out to completion with the implementation of DNN.
For reference, the ROC curves corresponding to these results are provided in Appendix
E. The two techniques are used for different processes at the respective mass points.
The performance of the DNN for the 200 GeV mass point for inclusive is significantly
worse than that of the other categories. This suggests that the optimized DNN was not
successful in separating the signal from the background.

5.5.1 Significance

The ability of the classifier can be read directly from the distribution curves, where it can
be seen how the classifier managed to separate the background from the signal. From
this DNN response distribution is derived the significance, the standard metric in HEP.
This significance is calculated based on the background rejection using the following
equation:

significance = 5 (5.5)

VS+ B’
where S is the number of signal events and B is the number of background events. The
significance indicates the maximum signal-to-noise ratio achieved by the DNN classifier.
Figures in Appendix D shows the significance results for all categories and their respec-
tive mass points. These results are summarized in Tables 5.6 and 5.7 for fully supervised
learning and weakly supervised learning, respectively.

Maximum significance appears to be achieved at 0% background rejection rate for the
Njets > 2; 60 < mj; < 120 GeV category for 200 GeV mass point. The same effect is
observed for the inclusive category for 200, 300, and 500 GeV. This is due to the fact
that the DNN classifier does not achieve a clearer separation between the signal and the
background. The results of this significance can be seen in the plots presented in Ap-
pendix D. The maximum significance along with the percent rejection of the background
is shown in Tables 5.6 and 5.7 for all categories.
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Mass Point (GeV) Process Category Maximum significance Background rejection (%)

Wh Spiiss > 2.5 /GeV 2.72 95
150 Zh Spiiss > 2.5 /GeV 4.55 99
Wh Njets > 25 60 < my; < 120 GeV 1.97 10
Zh Njets > 25 60 < my; < 120 GeV 1.97 20
VBF Njets > 2 A?]jj > 2; mjj > 300 GeV 2.25 70
ggF Inclusive 1.89 0
200 Wh Spiiss > 2.5 /GeV 2.94 99
Zh Spmiss > 2.5 /GeV 4.25 99
Wh Njets > 2; 60 < my; < 120 GeV 1.88 0
Zh Njets > 2; 60 < my; < 120 GeV 1.89 10
VBF Njets > 2; AT]”' > 2; mjj > 300 GeV 2.14 70
300 ggF Inclusive 1.96 0
VBF  Njets > 27 Anj; > 2; myj > 300 GeV 2.22 80
500 ggF Inclusive 1.90 0
VBF  Njets > 27 Anj; > 2; myj > 300 GeV 2.01 70

Table 5.7: Maximum significance for various background rejections from the DNN re-
sponse distribution with weakly supervised learning.

Mass Point (GeV) Process Category Maximum significance Background rejection (%)
Wh Spmiss > 2.5 /GeV 4.74 99
150 Zh SEs > 2.5 /GeV 5.33 99
Wh Njets > 25 60 < my; < 120 GeV 3.49 95
Zh Njets > 2; 60 < my; < 120 GeV 3.16 95
VBF Njcts > 2; Anjj > 2; mjj > 300 GeV 3.45 95
ggF Inclusive 2.09 40
Wh SEIs > 2.5 /GeV 4.16 99
200 )
Zh SET'® > 2.5 VGeV 4.65 99
Wh Njets > 2; 60 < mj; < 120 GeV 3.28 95
Zh Njets > 25 60 < mj; < 120 GeV 2.91 90
VBF  Njes > 2; Anj; > 25 myj > 300 GeV 3.14 95
300 ggF Inclusive 2.29 60
VBF  Njets > 2; Anj; > 25 my; > 300 GeV 2.45 90
500 ggF Inclusive 2.13 40
VBF  Njets > 2; Anj; > 25 my; > 300 GeV 2.61 90

Table 5.6: Maximum significance for various background rejections from the DNN re-
sponse distribution with fully supervised learning.

5.6 Spurious Studies

In this section, we estimate the uncertainty in the choice of different functions to describe
the background shape. This uncertainty relates to the fitting of a pure background
template using a given signal and background function with a non-zero Ng;, result. This
is called a spurious signal, intended to select the optimal functional form [18], where Ny,
denotes the number of signal events. The properties of the fit of each tested function
are presented in Table 5.8 for the VBF category. Table 5.8 summarises the results
shown in Figures 5.9 - 5.11. The rest of the other categories are shown in Appendix F.
The background template is a combination of background MC samples and the inverse
ID data sample (Z + jets) in the following categories: VBF, Sph > 2.5 v/GeV;
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Function S/A Sin %  Spurious signal N par Chi2 Prob  Pass selection

Category-0

FKO 72.3 18.6 2 14.8 PASS

FK1 136 38.7 3 11.9 PASS
Category-1

FKO 67.7 16.5 2 24.7 PASS

FK1 125 31.8 3 21.6 PASS
Category-2

FKO 73 17.1 2 23.1 PASS

FK1 102 26.1 3 21 PASS
Category-3

FKO 74.5 16 2 33.6 PASS

FK1 108 26.8 3 33.1 PASS
Category-4

FKO 78.9 15 2 23.8 PASS

FK1 124 26.3 3 21.7 PASS
Category-5

FKO 60.2 11.2 2 17.4 PASS

FK1 94.3 18 3 16.1 PASS
Category-6

FKO 59.9 -8.32 2 13.3 PASS

FK1 79.8 12.9 3 11.7 PASS

Table 5.8: Fitted spurious signal yield at 150 GeV for VBF phase-space. The spurious
signal yield is normalized to 140 fb~!. Category-0 represents no background rejection,
whereas Category-1 to Category-6 represent 10%, 20%, 30%, 40% and 50% background
rejection.

Njets = 2;75GeV > mj; > 105 GeV and Njers > 1. There are the different orders of
the so-called dijet functions (FKO):

Felasb, {ax)) = (1 — z)baXimoaloe@ p — 0 1 2, (5.6)

denoted as FKO, FK1 and FK2. This is done to test various functions for each functional
form, with different fits tested by varying the position of the signal peak. The template
sample is stored in the histogram with 1 GeV per bin from 130 to 1000 GeV. A scan of
the presence of the signal is performed with a step of 1 GeV, and the waveform varies as
a function of mass. To decide which functional form describes the background form well,
an “F-test" procedure is introduced, using a higher-order functional form if its “F-test"
gives a p-value of less than 5%.
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Figure 5.9: Fitting on the background MC template VBF 150 GeV.
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5.7 Signal Parameterization

The signal parameterization is performed on all the mass points for the categories con-
sidered for this study. This is done where the signal mass distribution is modelled from
MC simulations as the sum of a double-sided crystal ball (DSCB) function [89], described
as follows.

2 .

eit /27 Zf — 0o <t< i,
()45042
e Lo .

if t < —«
N.{ R (ke —ag,—t)] L f Lo (5.7)

0-5a%; TR

e G a0 e

where t = Am,/ocp, Am, = my, — pucp, N is the normalization parameter, ucp is

the peak of the Gaussian distribution, oo p represents the width of Gaussian part of the
function, while oz () is the point where the Gaussian becomes a power-law on low
(high) mass side and nr,(ng;) is the exponent of the power-law. The pucp and ocp for
the VBF category are summarized in Table 5.9 and shown in Figure 5.13 as a function of
the invariant mass. The rest of the other categories are presented in Appendix G. While
the results of the DSCB fits for inclusive are shown in Fig. 5.12. The data invariant
mass shape is provided by the following extended likelihood formula:

L. = Pois (n. | N.(0)) - H fe (miy,,0) - G(6), (5.8)
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Mass Point (GeV) Background rejection (%)  ucp (GeV)  ocp (GeV)
10 149.71 £ 0.06 2.30 £ 0.08

150 20 149.70 £ 0.04 2.32 £ 0.04
30 149.71 £ 0.03  2.35 £ 0.04

40 149.74 £ 0.05 2.28 £ 0.09

20 149.71 £ 0.04 2.30 £ 0.05

inc 199.71 £ 0.02 3.02 £ 0.02

200 10 199.68 £ 0.03 2.93 £ 0.04
20 199.67 £ 0.03 2.92 £ 0.05

30 199.67 £ 0.04 2.91 £ 0.05

40 199.66 + 0.04 2.92 £ 0.04

20 199.65 £ 0.03  2.97 £ 0.03

inc 299.41 £ 0.03 4.23 £ 0.02

300 10 299.56 &= 0.06 3.87 £ 0.08
20 299.54 £ 0.06 3.88 £+ 0.08

30 299.55 = 0.06 3.86 & 0.08

40 299.57 £ 0.06 3.87 £ 0.08

20 299.59 £ 0.06 3.85 £ 0.09

inc 499.48 + 0.05 5.06 = 0.09

500 10 499.34 £ 0.08 5.19 £ 0.15
20 499.36 £ 0.09 5.20 £ 0.15

30 499.37 £ 0.09 5.27 £ 0.15

40 499.45 +£ 0.10 5.22 £ 0.17

50 499.42 £ 0.09 5.27 £ 0.21

Table 5.9: Summary of pucp and ocp values for VBF signal samples at Njgs > 2,
mj; > 300 GeV and An;; > 2, after background rejection.

where GG denotes the terms constraining the nuisance parameters, f and ¢ denote the
My invariant mass shape and different categories, respectively. While n. represents the
observed number of events in a specific category ¢, and N,(0) is the expected number of
events in category ¢ determined by the model parameters 6.

The first term in the likelihood function is the Poisson probability Pois (n. | N.(9)),
which quantifies the probability of observing n. events given an expected number of
events N.(#). This term accounts for the statistical fluctuations in the data.

The second term in the likelihood function is a product over all events in the category
¢, denoted as [[" fc (mgey,6). This term represents the probability density function
(PDF) f. for each event’s invariant mass my, in category c. The PDF captures the
shape of the invariant mass distribution and is parameterized by the model parameters
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Figure 5.12: Results of individual fit of DSCB parameters as a function of the invariant
mass spectrum of Z(— ¢£)~ for VBF inclusive: (a) 200 GeV (b) 300 GeV and (c) 500 GeV.

0. The product is taken over all observed events in category c.

The third term, denoted as G(#), incorporates the effects of nuisance parameters in
the analysis. Nuisance parameters are additional parameters that describe uncertainties
or systematic effects in the measurement. This term includes constraints on the nui-
sance parameters to ensure that they are consistent with prior knowledge or auxiliary
measurements. These constraints are typically represented as Gaussian or log-normal
probability distributions.

By maximizing the likelihood function £, with respect to the model parameters 6, we
can determine the parameter values that best describe the observed data in terms of
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Figure 5.13: Parameterization of: (a) ucp and (b) ocp as a function of the invariant
mass spectrum of Z(— ¢¢)y for VBF

the invariant mass spectrum. This maximization procedure takes into account both the
statistical fluctuations in the data and the shape of the invariant mass distribution .

The extended likelihood formula enables a comprehensive analysis of the invariant mass
spectrum, considering both the event yields and their shape. By combining the statisti-
cal and shape information, this approach provides a robust and accurate characterization
of the observed data, facilitating the study of resonant peaks and their properties in this
research.

5.8 Discussion and Conclusions

In this analysis, the discriminative ability of the weakly supervised learning technique is
evaluated and compared to that of fully supervised learning. The ATLAS Monte Carlo
samples are used to evaluate the two techniques. This corresponds to the non-resonant
Z~ dataset, which is the dominant background since it accounts for more than 90% of the
total background. The signal represents the simulated Higgs-like to Z~ final state [237].

The performance of the DNN is compared to that of the RF, both of which are based on
weakly and fully supervised learning. The DNN gives better results in each case of the
learning techniques, with fully supervised learning RF being comparable to the DNN.
However, this is not the case for weakly supervised learning, where a significant differ-
ence was found between the two algorithms. The results seem to be different for the
different categories considered, with the Sgi®* > 2.5 v/GeV giving optimal results for
different mass points than the other categories. The difference between these categories
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can be attributed to their specific event configurations.

It is worth noting that different machine learning algorithms perform differently for
different applications, which is due to the specific applications and the dimensionality of
the dataset. Both algorithms are capable of modeling both linear and nonlinear complex
functions, but the results seem to indicate that the DNNs have higher potential. The
DNNs are selected for further analysis in this study based on their performance. The
combination of DNNs with weakly supervised learning and fully supervised learning is
crucial for HEP because they are able to show improvements in classification that can
provide further evidence for some of the BSM theories. This suggests that DNNs are
useful in extracting the discriminative information in the physical objects for the pur-
pose of classification.

This work focuses on finding resonances using ML techniques such as weakly super-
vised learning and fully supervised learning in conjunction with DNNs. The envisioned
methodology has been tested on the production of the Higgs boson in the v study
discussed in Chapter 4, and furthermore has been used in the Z~ final state with the
intention of setting up a search for new phenomena in high mass final states for the LHC.
The results show that weakly supervised learning is capable of extracting signals from
the background, but its performance is somewhat lower than that of fully supervised
learning. DNNs have shown their strength in learning from highly complex data and dis-
covering nonlinear feature combinations. The advancement of deep learning techniques
could help in exploring the high volumes of data in HEP with tiny amounts of signal
that could be hiding under large amounts of backgrounds.
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Chapter 6

Conclusions

Advanced machine learning techniques have emerged as a necessity for complex data
analysis in HEP. Such techniques, especially Deep Learning, have proven to be useful
in event reconstruction and identification. In this work, Deep Learning in the form of
DNNs based on fully supervised and weakly supervised learning is used to search for
heavy resonances at the EW scale with topological requirements. The SM Higgs bo-
son with di-photon decay is used to evaluate the performance of the proposed method.
This is presented in Chapter 4 with the sole purpose of evaluating the capability of this
methodology, which is then used to search in the Z+ final states in Chapter 5. The
study helped to understand how well ML algorithms perform when dealing with parti-
cles produced with different production mechanisms. Thus, supervised learning with an
unlabeled signal achieved better performance than fully supervised learning for a signal
sample when the different production methods were left unlabeled. Weakly supervised
learning with an unlabeled signal sample is also compared with these two methods.
The weakly supervised learning with unlabeled signal somewhat achieves a significantly
worse performance compared to the other approaches.

The evaluation of the Z~ final state is performed using the Monte Carlo simulated
signal samples for 139 fb~! integrated luminosity for Run 2 at the LHC. The study is
performed in both inclusive and exclusive regions of phase space tailored to a particular
production mode. It was conducted in the 150 - 600 GeV range, with the overall goal
of establishing a search for the high mass points at the LHC. The results of this study
suggest that weakly supervised learning is not as efficient as fully supervised learning
in the search. Thus, the performance of fully supervised learning outperforms that of
weakly supervised learning. The performance is driven by the event selections or config-
urations. The results of the SM Higgs boson with di-photon decay are shown in Ref. [1],
with those of the Z~ final state in [2].

The signals and topologies used in this study can also be used to search for heavier
or lighter SM Higgs-like bosons. However, this is only true if the topological constraints
are loose enough. Then they can be used for more general searches for bosons. Other sig-
natures, such as those of the MSSM (minimal supersymmetric model), can be added. For
example, in the presence of a b-tagged jet, it is well motivated to use weakly supervised
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learning, requiring a maximum number of jets to remove potential signals associated
with top quarks. Other types of searches, such as searches for resonances in multiparti-
cle cascades, can also be performed using this method.

In contrast to the generic search, the study of phase space is guided by physical consid-
erations. Consequently, the concept of signal optimization and predicted importance,
which is deeply rooted in search with fully supervised learning, must be modified and
adapted to this technique. The model coverage or the ability of the search to cover large
parts of the parameter space should be emphasized. In this study, weakly supervised
learning is defined in the context of using sidebands to represent the background. This
method can also be used to control large samples as well as signatures that do not have
bounded resonances.
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Appendix A

Correlation Matrix

Correlation matrices for the production mechanisms taken into consideration for this
study are provided in Appendix A as supplementary material. For instance, Figures
A.1 and A.2 depict, in the inclusive category for 200 GeV, respectively, the correlation
between pairs of features for background and signal. For this category, it appears that
some of the pairs of features, such as when m;; paired with features like 12, N;, N¢;
and A¢(Z7,77), show a strong correlation than others. Additionally, the individual
correlation between ¢p** ptyy/ Moy, and A¢(softjets, EF*) and the remaining fea-
tures is insignificant. Figures A.3 and A.4 for the S > 2.5 v/GeV category for
background and signal in 200 GeV, respectively, show a nearly identical trend. The
Njets > 2; 60 < mj; < 120 GeV category (Figure A.5 - A.6), in comparison, appears to
have insignificant correlations between most of the features, in addition to a few with
a strong correlation such as (n;1,n52), (EFR®5, Spmiss) and (A¢(Zv,41), Ad(Zy, 7)),
due to their degree of similarity.
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Figure A.1: Correlation matrix of the implemented features/kinematics for the 200 GeV
background in the inclusive category.
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Figure A.2: Correlation matrix of the implemented features/kinematics for

signal for 200 GeV in the inclusive category.
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Figure A.3: Correlation matrix of the implemented features/kinematics for the 200 GeV
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Figure A.4: Correlation matrix of the implemented features/kinematics for the Wh
signal for 200 GeV in the Sg7**® > 2.5 VGeV category.
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Figure A.5: Correlation matrix of the implemented features/kinematics for the 200 GeV
background in the Njes > 2 and 60 < m;; < 120 GeV category.
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Figure A.6: Correlation matrix of the implemented features/kinematics for the Zh signal
for 200 GeV in the Njes > 2 and 60 < mj; < 120 GeV category.
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Appendix B

Random Forest Response
Distributions

Appendix B includes the Random Forest results for both weakly supervised learning
and fully supervised learning discussed in Section 5.5. These results are grouped into
categories and their respective mass points. For example, the results for the inclusive cat-
egory for mass points 200, 300, and 500 GeV are shown in Figures B.1 - B.3. Compared
to fully supervised learning, the weakly supervised learning approach appears to have
achieved a minimal separation between the background and signal. In particular, for the
500 GeV mass point, there appears to be significant separation between signal and back-
ground for fully supervised learning. This is also evident in the other categories, from
Figure B.4-B.11. In the Sp** > 2.5 \/GeV category, the weakly supervised learning
shows slightly better performance than the inclusive case.
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Figure B.1: RF Response Distribution for the inclusive category for 200 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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Figure B.2: RF Response Distribution for the inclusive category for 300 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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B.1.3 500 GeV
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Figure B.3: RF Response Distribution for the inclusive category for 500 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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B.2 S >25vVGeV,Wh
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Figure B.4: RF Response Distribution for the Sg7** > 2.5 v/GeV, Wh category for 150
GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning,.
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Figure B.5: RF Response Distribution for the Sg7*% > 2.5 v/GeV, Wh category for 200
GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning,.
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B.3 S > 25 VGeV, Zh
B.3.1 150 GeV
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Figure B.6: RF Response Distribution for the Sgi** > 2.5 v/GeV, Zh category for 150
GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure B.7: RF Response Distribution for the SEW“ > 2.5 VGeV, Zh category for 200
GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning,.
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Figure B.8: RF Response Distribution for the Njes > 2 and 60 < mj; < 120 GeV,
Wh category for 150 GeV mass point: (a) Weakly supervised learning and (b) Fully
supervised learning.
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Figure B.9: RF Response Distribution for the Njes > 2 and 60 < m;; < 120 GeV,
Wh category for 200 GeV mass point: (a) Weakly supervised learning and (b) Fully
supervised learning.
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Figure B.10: RF Response Distribution for the Nj.s > 2 and 60 < m,; < 120 GeV,
Zh category for 150 GeV mass point: (a) Weakly supervised learning and (b) Fully

supervised learning.
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Figure B.11: RF Response Distribution for the Nj.s > 2 and 60 < m;; < 120 GeV,
Zh category for 200 GeV mass point: (a) Weakly supervised learning and (b) Fully

supervised learning.
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Appendix C

DNN Response Distributions

Appendix C includes the DNN results for both weakly supervised learning and fully
supervised learning discussed in Section 5.5. These results are organized into categories
and their respective mass points. For instance, Figures C.1 - C.3 show the results for
the inclusive category for mass points of 200, 300, and 500 GeV, respectively. Compared
to fully supervised learning, the weakly supervised learning approach appears to have
only partially separated the background from the signal in each case. In particular, for
the 500 GeV mass point, there appears to be significant separation between signal and
background. The other categories in Figures C.4 - C.15 also show this. It is important
to note that the results of the two techniques are significantly better than those of the
counterpart, in the form of RF in Appendix B.
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Figure C.1: DNN Response Distribution for the inclusive category for 200 GeV mass
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point: (a) Weakly supervised learning and (b) Fully supervised learning.
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point: (a) Weakly supervised learning and (b) Fully supervised learning.
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C.1.3 500 GeV
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Figure C.3: DNN Response Distribution for the inclusive category for 500 GeV mass
point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure C.4: DNN Response Distribution for the Sg7** > 2.5 /GeV, Wh category for
150 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.

102



C.2.2 200 GeV
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Figure C.5: DNN Response Distribution for the Sg7** > 2.5 /GeV, Wh category for
200 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure C.6: DNN Response Distribution for the Sgi** > 2.5 v/GeV, Zh category for
150 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure C.7: DNN Response Distribution for the Sg* > 2.5 v/GeV, Zh category for
200 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure C.8: DNN Response Distribution for the Njets > 2 and 60 < m;; < 120 GeV,

Wh category for 150 GeV mass point: (a) Weakly supervised learning and (b) Fully
supervised learning.
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Figure C.9: DNN Response Distribution for the Njes > 2 and 60 < mj; < 120 GeV,
Wh category for 200 GeV mass point: (a) Weakly supervised learning and (b) Fully
supervised learning.
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Figure C.10: DNN Response Distribution for the Njes > 2 and 60 < mj; < 120 GeV,
Zh category for 150 GeV mass point: (a) Weakly supervised learning and (b) Fully
supervised learning.
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C.5.2 200 GeV
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Figure C.11: DNN Response Distribution for the Njes > 2 and 60 < mj; < 120 GeV,
Zh category for 200 GeV mass point: (a) Weakly supervised learning and (b) Fully

supervised learning.
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Figure C.12: DNN Response Distribution for the VBF category for 150 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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Figure C.13: DNN Response Distribution for the VBF category for 200 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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Figure C.14: DNN Response Distribution for the VBF category for 300 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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C.6.4 500 GeV
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Figure C.15: DNN Response Distribution for the VBF category for 500 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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Appendix D

Significance graphs

Significance was derived based on the distributions shown in Appendix C, which are cal-
culated based on background rejection. These plots were used to quantify the amount
of background that must be rejected to achieve the maximum signal-to-noise ratio. Fig-
ure D.1(a) shows that maximum significance was achieved at 0% background rejection.
This is an indication that the classifier cannot distinguish or separate the signal from
the background. This is the same case for all weakly supervised learning approaches
in the inclusive category. In the cases where significant separation has been achieved,
the maximum significance can be anything but 0% rejection, as shown in the remaining
plots, except for the weakly supervised learning for the Njeis > 2; 60 < mj; < 120 GeV
at 150 GeV and the fully supervised learning for 200 GeV.
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Figure D.1: DNN Response Distribution for the inclusive category for 200 GeV mass
point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.2: DNN Response Distribution for the inclusive category for 300 GeV mass
point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.3: DNN Response Distribution for the inclusive category for 500 GeV mass
point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.4: DNN Response Distribution for the Sgp* > 2.5 /GeV, Wh category for
150 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.5: DNN Response Distribution for the SEJ’"C”SS > 2.5 VGeV, Wh category for
200 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.6: DNN Response Distribution for the Sgi** > 2.5 v/GeV, Zh category for
150 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.7: DNN Response Distribution for the SE%”SS > 2.5 V/GeV, Zh category for
200 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.8: DNN Response Distribution for the Sgi** > 2.5 v/GeV, Zh category for
150 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.9: DNN Response Distribution for the SE%”SS > 2.5 V/GeV, Zh category for
200 GeV mass point: (a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.10: DNN Response Distribution for the Njes > 2 and 60 < m;; < 120 GeV,
Wh category for 150 GeV mass point: (a) Weakly supervised learning and (b) Fully

supervised learning.
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Figure D.11: DNN Response Distribution for the Njes > 2 and 60 < m;; < 120 GeV,
Wh category for 200 GeV mass point: (a) Weakly supervised learning and (b) Fully

supervised learning.
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Figure D.12: DNN Response Distribution for the Njes > 2 and 60 < m;; < 120 GeV,
Zh category for 150 GeV mass point: (a) Weakly supervised learning and (b) Fully

supervised learning.
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Figure D.13: DNN Response Distribution for the Njes > 2 and 60 < m;; < 120 GeV,
Zh category for 200 GeV mass point: (a) Weakly supervised learning and (b) Fully

supervised learning.
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Figure D.14: DNN Response Distribution for the VBF category for 150 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.15: DNN Response Distribution for the VBF category for 200 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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Figure D.16: Significance for the VBF category for 300 GeV mass point: (a) Weakly
supervised learning and (b) Fully supervised learning.
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Figure D.17: DNN Response Distribution for the VBF category for 500 GeV mass point:
(a) Weakly supervised learning and (b) Fully supervised learning.
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Appendix E

ROC Curves

ROC Curve plots can be found in Appendix E. The performance of the classifier is
measured by the AUC, which is obtained by integrating these ROC curves. Figure E.1
compares the performance of RF and DNN based on weakly supervised learning and fully
supervised learning for the inclusive category for mass points 200, 300, and 500. The
ROC curves for SE?iSS > 2.5 vGeV and Njes > 2; 60 < my; < 120 GeV, respectively,
are shown in Figures E.2 and E.3. Figure E.4 shows the VBF category.
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GeV, (b) 300 GeV and (c) 500 GeV learning.
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Appendix F

Spurious Signal

The figures in this Appendix F show the study of the spurious signals for the other
mass points for which fully simulated signal samples were available. The methodology
used to collect the spurious signals is described in section 5.6. The fit of property of
each tested function is presented in Table F.1, F.2 and F.3 for S > 2.5 v/GeV
Njets > 2,75GeV > mj; > 105 GeV and Njes > 1 categories, respectively. These
Tables serve as a summary for Figures F.1 - F.2, F.3 - F.4 and F.5 - F.6, respectively.
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F.1 Sp* >25+/GeV

Function S/A Sin % Spurious signal N par Chi2 Prob  Pass selection

Category-0

FKO 72.5 43.7 2 28.7 PASS

FK1 178 148 3 24.2 PASS
Category-1

FKO 62.2 35.3 2 24.4 PASS

FK1 163 122 3 19.1 PASS
Category-2

FKO 63.2 -37.9 2 24.2 PASS

FK1 161 116 3 17.7 PASS
Category-3

FKO 63.8 -31.4 2 23.5 PASS

FK1 153 92.6 3 18.7 PASS
Category-4

FKO -40.7 -25 2 43.3 PASS

FK1 108 72.2 3 36.7 PASS
Category-5

FKO 46.4 -16.5 2 20.3 PASS

FK1 101 54.8 3 16.2 PASS
Category-6

FKO 33.6 12.3 2 40.2 PASS

FK1 79 37.3 3 34.1 PASS

Table F.1: Fitted spurious signal yield at 150 GeV for VH Leptonic phase space,
Spmiss > 2.5 \/GeV.
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Figure F.1: Fitting on the background template for VH Leptonic 150 GeV, with S+B
function.
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F.2  Njus > 2 and 75 < m;; <105 GeV

Function S/A Sin %  Spurious signal N par  Chi2 Prob  Pass selection

Category-0

FKO -32.6 -7.32 2 49.7 PASS

FK1 -52.8 16.7 3 47.4 PASS
Category-1

FKO -47.9 -7.56 2 64.2 PASS

FK1 -44.3 13.2 3 70.6 PASS
Category-2

FK1 -39.6 8.84 3 83.6 PASS

FKO -53.6 -10.4 2 69.2 PASS
Category-3

FKO -52.2 10.4 2 53.9 PASS

FK1 -59.7 -12 3 63.9 PASS
Category-4

FK1 -26.1 -4.86 3 72.7 PASS

FKO -68.9 -12.4 2 36.2 PASS
Category-5

FK1 -31.8 5.85 3 85.2 PASS

FKO -60.7 -9.94 2 57.9 PASS
Category-6

FKO 54.5 9.42 2 42.1 PASS

FK1 66.9 11.9 3 45 PASS

Table F.2: Fitted spurious signal yield at 150 GeV for VH Hadronic phase space.
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Figure F.3: Fitting on the background template for VH Hadronic 150 GeV, with S+B
function.
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F.3 N, > 1

Function S/A Sin %  Spurious signal N par  Chi2 Prob  Pass selection

Category-0

FKO -32.6 -7.32 2 49.7 PASS

FK1 -52.8 16.7 3 47.4 PASS
Category-1

FKO -47.9 -7.56 2 64.2 PASS

FK1 -44.3 13.2 3 70.6 PASS
Category-2

FK1 -39.6 8.84 3 83.6 PASS

FKO -53.6 -10.4 2 69.2 PASS
Category-3

FKO -52.2 10.4 2 53.9 PASS

FK1 -59.7 -12 3 63.9 PASS
Category-4

FK1 -26.1 -4.86 3 72.7 PASS

FKO -68.9 -12.4 2 36.2 PASS
Category-5

FK1 -31.8 5.85 3 85.2 PASS

FKO -60.7 -9.94 2 57.9 PASS
Category-6

FKO 54.5 9.42 2 42.1 PASS

FK1 66.9 11.9 3 45 PASS

Table F.3: Fitted spurious signal yield at 150 GeV for VH Leptonic phase space.
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Figure F.5: Fitting on the background template for ttH 150 GeV, with S+B function.
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Appendix G

Signal Parameterization

The signal parameterization is performed on all the mass points for the categories con-
sidered for this study and the supplementary material is provided in Appendix G. The
uep and ocp for the SE’%‘“S > 2.5 VGeV and Njgs > 2 and 75 < mj; < 105 GeV
categories are summarized in Tables G.1 - G.4. These results are shown in Figure G.1 -

G.4 as a function of the invariant mass.

Mass Point (GeV) Background rejection (%)  pop (GeV) oo (GeV)
10 149.74 £ 0.07 2.41 £ 0.08

150 20 149.73 £ 0.07 2.42 £ 0.08
30 149.73 £ 0.07  2.40 £ 0.08

40 149.75 £ 0.07  2.40 £ 0.08

50 149.76 + 0.04 2.49 £ 0.05

10 199.73 £ 0.06 2.90 £ 0.07

200 20 199.72 £ 0.06 2.93 £ 0.07
30 199.72 £ 0.06 2.92 £ 0.07

40 199.73 £ 0.06 2.92 £ 0.07

50 199.77 £ 0.06  3.00 £ 0.06

Table G.1: Summary of ucp and oop values for Wh 150 GeV signal sample at

SEmiss > 2.5 v/GeV after background rejection.
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Mass Point (GeV) Background rejection (%)  pop (GeV)  ocp (GeV)

10 149.62 £ 0.07 2.34 £ 0.13
150 20 149.59 £ 0.05 2.47 £ 0.04
30 149.66 £ 0.05 2.56 £ 0.04
40 149.67 £ 0.05 2.56 £ 0.04
50 149.67 £ 0.06  2.55 £ 0.04
10 199.67 £ 0.88  2.92 £ 0.55
200 20 199.69 £ 0.05 2.91 £ 0.06
30 199.69 £ 0.04 2.91 £ 0.05
40 199.59 £ 0.05 2.97 £ 0.04
50 199.68 £ 0.05 2.90 £ 0.04

Table G.2: Summary of ucp and ocp values for Zh 150 GeV signal sample at
SeT"® > 2.5 VGeV after background rejection.

Background rejection (%) pcp (GeV)  ocp (GeV)

10 149.62 + 0.07 2.34 £+ 0.13
150 20 149.63 + 0.06 2.66 + 0.06
30 149.62 + 0.05 2.66 + 0.04
40 149.69 4+ 0.08 2.57 + 0.07
50 149.70 £ nan  2.56 &+ nan
10 199.64 4+ 0.08 2.82 + 0.10
200 20 199.56 & 0.06 2.78 + 0.10
30 199.51 + 0.05 3.11 &+ 0.04
40 199.61 4+ 0.08 2.62 4+ 0.64
50 199.56 £ nan  3.11 £ nan

Table G.3: Summary of ucp and o¢p values for Wh 150 GeV signal sample at Njers > 2
and 60 < m;; < 120 GeV after background rejection.
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Mass Point (GeV) Background rejection (%)  pop (GeV)  ocp (GeV)

10 149.66 + 0.08 2.54 £ 0.07
150 20 149.64 £ 0.05 2.45 £ 0.07
30 149.61 £ 0.09 2.56 £ 0.08
40 149.63 £ 0.05 2.48 £ 0.06
50 149.63 £ 0.06 2.56 £ 0.05
10 199.63 £ 0.05 2.82 £ 0.09
200 20 199.64 £ 0.05 2.82 £ 0.09
30 199.67 £ 0.06 2.84 £ 0.09
40 199.77 £ 1.00 3.01 £ 1.00
50 199.73 £ 0.07 2.79 £ 0.13

Table G.4: Summary of pcp and ocp values for Zh 150 GeV signal sample at Njers > 2
and 60 < m;; < 120 GeV after background rejection.
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