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Abstract

In this master thesis, we compared the performance of a Neural Network (NN) and a
Boosted Decision Tree (BDT) Machine Learning (ML) algorithm for the binary classi-
fication of Dark Matter (DM) signal and the Standard Model (SM) background. We
conducted searches based on models from different theoretical principles that share com-
mon experimental signatures, including three models based on a new Z’ vector boson
coupled to a DM candidate: the Dark Higgs model, Light Vector model, and an inelastic
Effective Field Theory model. We also studied the direct slepton production model in Su-

persymmetry, and a Two Higgs Doublet Model with an additional pseudoscalar mediator.

In the process of networks optimization we explored methods to mitigate the phenomena
of missing variables on datasets, as well as how to weigh simulated samples that have neg-
ative weights. Our study involved two approaches: a model dependent approach training
one BDT for each model and a model independent approach training three BDTs, in
kinematically orthogonal regions for all models simultaneously. We demonstrated that
the ML model independent approach consistently achieved higher mass exclusion limits

for all studied models compared to the model dependent approach.

To perform these analyses, proton-proton collision data collected with the ATLAS de-
tector at the Large Hadron Collider during the Run II data taking period (2015-2018),
corresponding to an integrated luminosity of 139 fb~!, was used. The utilization of the
ATLAS data provided a crucial foundation for training and evaluating the ML algorithms,

ensuring their relevance and applicability to real-world physics phenomena.
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Chapter 1

Introduction

After the Higgs boson, the last ingredient of the Standard Model (SM), was discovered
in 2012 [1], we still question its nature. Is it the long-awaited SM particle or the first of
a series of scalar particles? With the advent of higher energies and higher collision rates,
the Large Hadron Collider (LHC) continues the voyage towards new physics phenomena.
The ambitious LHC physics programme may shed light on some of the greatest mysteries
in physics today. The focus of this work is to perform a search for new physics phenom-
ena, such as Dark Matter (DM) candidate and its plausible mediator using supervised
learning. A Neural Network (NN) and a Boosted Decision Tree (BDT) will be trained
on various Monte Carlo (MC) simulated data samples including both SM processes as
well as different hypothetical DM models. The analysis uses proton-proton (pp) collisions
at the LHC from Run IT at /s = 13 TeV, recorded by the ATLAS detector. The data
selects final states with dileptons and Missing Transverse Energy (MET). By comparing
the data collected from Run II with simulation of SM processes we will carefully select

the features to be used in the training phase of the Machine learning (ML) networks.

One of the biggest motivations for this project is to search for Dark Matter (DM), one of
the biggest mysteries in today’s science. It can be a Weakly Interacting Particle (WIMP)
[2] or the Axion [3] which are both viable candidates to constitute the DM in the uni-
verse. The primary focus is to set up a NN and a BDT to be trained on a set of models
predicting DM particles such as: i) Supersymmetry [4] ii) 2HDM + a [5] iii) simplified
DM models with a different DM mediator as well as one model based on EFT [].



2 CHAPTER 1. INTRODUCTION

We concentrate on dilepton and Missing Transverse Energy (MET) final states, pp —
llxx = Il MET. Where the presence of DM particles is inferred from large amounts of
MET in the event, since they cannot be detected directly in the detector. There are
various Beyond Standard Model (BSM) models with a DM candidate, x, which may lead
to a dilepton + MET final state. Typically, any searches for new physics chooses one or a
few models and do a thorough data analysis to test them. However, the emphasis of this
project, as aforementioned, will be to let an ML algorithm learn the features of various
DM models predicting a dilepton + MET final state. Two approaches will be investigated:
i) train one NN/BDT for each of the available DM model and ii) train a few NNs/BDTs in
some relevant signal regions using all of the DM models as input. The former method will

serve as our benchmark while the latter will be a more model independent search for DM.

Utilizing the powerful tool of ML it might help recognize a pattern that is common
through all the different models studied, at least within some specific signal region., which
might in turn bring us closer to identifying an empirical signal of DM in the collected
data. The DM models considered in this work are built upon different theoretical prin-
ciples, making them phenomenologically different from each other, however, still sharing
some experimental features. Thus, the approach of building generic ML algorithms to
be simultaneously trained on several different the models could help reduce the compu-

tational time needed to test new models in the future.

This thesis is organized into three main parts: Background, Methods, and Results. The
Background part provides a theoretical foundation, while the Methods part details the
data preparation and machine learning optimization techniques. Finally, the Results part

presents the findings of the thesis, as well as the conclusion and outlook.

We will start this thesis by introducing the theoretical foundation behind the SM us-
ing Quantum Field Theory in Chapter 2. Thereafter, in Chapter 3 we will present the
theory behind the DM models we will study. After the theorical description of the SM
background and DM signal that will be used on the ML algorithms, we will present how
we can measure the theory from an experimental point of view. Afterwards, we will

present the ATLAS detector, the traditional methods of searching for new physics, in-



cluding the statistical tools that we will utilize, all of this is in Chapter 4. After that we
will give an overview to both NNs and BDTs, as well as the tools that will be used to

evaluate their performances in Chapter 5.

In Chapter 6 we will present the methods used to prepare the dataset for ML, mean-
ing the event selection and the feature selection. In this chapter we will discuss the
challenges that arise when preparing datasets to be used in an ML study. In Chapter 7
we will discuss our model independent approach, and what methods we use to mitigate
the challenges that come from the data preparation. Lastly, we will present and discuss

the results in Chapter 8 and 9.

All scripts used in this thesis, and more plots, can be found on the GitHub repo available

here https://github.com /rubenguevara/Master-Thesis/tree/master.


https://github.com/rubenguevara/Master-Thesis/tree/master

CHAPTER 1. INTRODUCTION



Part 1

Background






Chapter 2

The Standard Model of Particle
Physics

The Standard Model (SM) of particle physics is the framework of particle physics, it
unveils the secrets of the universe’s building blocks and their interactions. With its
framework, it offers a rich understanding of the structure and behavior of matter, solid-
ifying its place as a bedrock in the realm of modern physics. At its core, the Standard
Model describes three of the fundamental forces of nature: the electromagnetic force, the
weak force, and the strong force. These forces are mediated by particles known as gauge

bosons, which act as carriers of the forces between matter particles.

As the SM is described using Quantum Field Theory (QFT), we need the description
of what a field is. A quantum field is a fundamental concept in quantum physics that
describes the underlying fabric of reality, where particles and their interactions are rep-
resented as excitations or vibrations of these fields. In this chapter we will delve into
every of the aforementioned forces, the spontaneous symmetry breaking phenomenum
that gives mass to particles, as well as how to calculate the cross-section of processes. We
will start by describing electromagnetism in terms of QFT, namely Quantum Electrody-

namics.

The theory of this section is mainly based on Peskin’s and Schroeder’s "An Introduc-

tion to Quantum Field Theory" |7] and partly on Thomson’s "Modern Particle Physics"

[5]-
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2.1 Quantum Electrodynamics

In the beginning there was nothing; then God said, “Let there be light,” and there was
light. The first part of the Standard Model, Quantum Electrodynamics, or QED for short,
described the processes in nature involving the photon. The Lagrangian of QED can be

seen below

Lopp = (i) —m) 1 — iB“”BW (2.1)

with ¢ = 1140, where 1) is a bispinor field of spin-1/2', m is the mass of ¢, y* are the

Dirac matrices, defined as

10 0 0 0 0 01
., o1t o0 o X 0 0 10
Y= y = )
00 -1 0 0 -1 00
00 0 -1 ~1 0 00
0 00 —i 0 01 0
0 0 i 0 0 00 -1
7= , =
0 i 0 0 ~100 0
i 00 0 0 10 0

Furthermore we have ) = D, where iD,, = 10, —eB,, is the covariant derivative, where
e is the coupling constant?, B, = 8,B, — 0,B,, is the electromagnetic field tensor®. B,

is the covariant four-potential* of the electromagnetic field, also known as the gauge field.

The above Lagrangian is described by a U(1) symmetry group, meaning that it cor-
responds to the unitary group of one unitary matrix with determinant 1°. The conse-
quence of QED being described by this symmetry group is, recalling Noether’s theorem,

that there is only one unique degree of freedom, this is the rotation of phase angle, a(z),

In QED, it is the electron or positron field

2Which in QED is the electric charge of 1.

3Taking 0, B" + x0, B"” = 0 gives all of Maxwell’s equations.

4Defined as B, = (%(b, B) where ¢ is the electric potential and B is the magnetic potential we know
and love from electrodynamics.

SFor more information about group theory we refer the reader to Georgi’s "LIE ALGEBRAS IN
PARTICLE PHYSICS. FROM ISOSPIN TO UNIFIED THEORIES" [9]
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of the field . This means that
,¢ N ¢/ _ 6i6a¢ (22)

Inserting ¢/’ into the Eq. (2.1) yields that £ — £ = £, meaning that our theory is locally

gauge invariant.

2.2 Yang-Mills Theory

While QED is expressed by the Lagrangian in Eq. (2.1), which is part of a U(1) symmetry
group, it can still be described by a more general Lagrangian using Yang-Mills theory. The
differences between the Yang-Mills and QED Lagrangian being that the gauge freedom
changes from a plane rotation of the phase angle a of the field v, to a more general gauge

in a® in the field f; (using now the infinitesimal transformation notation)
fi — (1 +igat® + (9(042)) fi
The covariant derivative also changes to a more general
iD, =10, —eB, — 1D, =10, — gAjt*

where e is replaced by a coupling constant g, the vector field B,, changes to a more general
A, which transforms as

a a 1 a abc Ab ¢
Au—>AM+§8ua + A

where f¢ is a set of numbers called the structure constants. The important thing to
note about the Yang-Mills is that the covariant derivative is non-Abelian®, meaning that

the commutator of the operator becomes
[Dl“ DV] = —Z'ngyta

this new t® factor is a Lie algebra generator, which for our purposes represent a local

gauge symmetry we have on the field. The structure constant has to fulfill the criteria

6Except in the trivial case where we use the U(1) symmetry group
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that
[te, %] = 4 fobete (2.3)

The difference between the Yang-Mills and the QED Lagrangian is most noticeable when
fully writing
Fr, =0,A, —0,A,+g f“bCAZAfj

Where the last term takes into account the self interaction of bosons. Adding all of this

up we get the following Lagrangian
T 1 a v
LYM = f (le — m) f — ZF“VF‘QL (2.4)

T
where we use the notation f = ( fi fo - fn> where f; is a field. Using the Euler-

Lagrange equation with the Yang-Mills Lagrangian above yields the equation of motion
M Fg, + gf A, = —gi, %y (2.5)

As using Noether’s theorem on the equation of motion gives us the conserved quantity of
the theory, we will apply it for every symmetry group in the SM. There is also a theorem”

that states that for an SU(n) symmetry group there are n? — 1 vector fields.

If we were to choose U(1) as our local symmetry group the generator ¢t* = I and all
the structure constants are f®° = 0, meaning that we get the QED back. Noether’s

theorem states that the conserved quantity of the Lagrangian is the electric charge e.

"See Georgi’s book [9)]
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2.3 Weak theory

Using the Yang-Mills Lagrangian from Eq. (2.4) on SU(2), choosing t* = %i, where o*

are the Pauli matrices given as
ol = N R (2.6)

The structure constants are the Levi-Civita f2% = ¢Y*. Where 4,5,k € [1,2,3]. The

Weak theory gives us the gauge freedoms of
f—= (1+iad'e" +0(?) f
Using the notation of A, — W, we get that there are 2> — 1, meaning three vector fields
Wi—>Wi+18 A
p Ty po T € p

We cannot directly apply Noether’s theorem on this Lagrangian, as it is not renormal-
izable, but when arriving to electroweak theory we would get that two quantities are

conserved®, the hypercharge and isospin. In this theory we have isospin doublets, mean-

ing
U
(5
f D
u
For up and down type particles. i.e. for leptons, and for quarks.
Y

8See Section 2.5
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2.4 Quantum Chromodynamics

Using the Yang-Mills Lagrangian from Eq. (2.4) on an SU(3)¢, choosing t* = )‘2—a, where
A%, the Gell-Mann matrices, are the SU(3) equivalent of the SU(2) Pauli matrices:

010 0 —i 0 1 0 0
M=1100| X=|: 0o o], =10 =1 o],
00 0 0 0 0 0 0 0
00 1 00 —i 00 0
M=1loo00], X=|0oo0 o], X=]o0oo0 1], (2.7)

100 i 0 0 010
00 0 10 0

1
N=10oo0 —i|, X¥=—|01 o0

! V3
0 i 0 00 —2

The structure constant have to obey Eq. (2.3), thus we get

—_

F123

FUT _ p156 _ 246 _ g257 _ g345 _ _ ¢367 _

N —

f458 — f678 —

=

Using the notation of A, — G, we get that there are 32 — 1, meaning eight vector fields
Qe Ge 1 9. .a’ achb c
p Gyt ; L+ € pe

If one were to use Noether’s theorem on the SU(3)¢ Yang-Mills Lagrangian, we would get
that there are three conserved quantities for this symmetry group. These are the colors,
r,g and b. With all the information above we can fully describe Quantum Chromody-
namics, which describe quark interactions. The eight vector fields are the eight different

gluons that are in the theory.
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In this theory we have color triplets

fi
f=1r
I3

where f; is the color state of the particle we are studying.

2.5 Electroweak unification and the BEH Mechanism

We have so far introduced the three symmetry groups that form the SM, but this is not the
full picture yet. To get the full SM we need to talk about the electroweak U(1)y @ SU(2),
unification as proposed by Glashow-Weinberg-Salam, which in turn yields four massless
vector fields (three W; from SU(2)., and B from U(1)). The universe we observe how-
ever, does not have four such vector fields, the W* and Z are massive, and in fact only

the photon is massless.

As proposed by Higgs-Braut-Englert we can introduce a complex scalar ¢, which is
charged under SU(2);, ® U(1)y with a hypercharge of 1/2. This leads to the general,

renormalizable Lagrangian
LD Ly = (Duo) (D"0) = i (#°9) = N (670) (28)

with
D,qu = au¢ - ZgW;Ll ¢ - ig’ywﬁ (29)

where W, and B,, are vector fields of the SU(2);, and U(1)y group respectively. And
where p? (¢*@) — \? (¢*¢) = V(¢) is the potential of the new complex scalar field. Ex-
panding about this potential with a real scalar field then yields the Higgs doublet, written

in unitary gauge

<
I

(2.10)
v+ H(z)
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where H is real scalar field. This expands the potential to be

1 1
miH? + —m?2 H* (2.11)

VIH) = 20 Sv2

%m% H? +
where we have used that mpy = v/2\v. This potential is the so-called Sombrero potential,
and we can reveal that this scalar field H is the Higgs boson. In choosing unitary gauge,
meaning Eq. (2.10), we have seemingly removed three degrees of freedom from the
Lagrangian. To see where the degrees of freedom have gone, we return to the Lagrangian
in Eq. (2.8) and write out Eq (2.9), which (after a lot of math) yields the following new
fields

W E iW?
Wj_Lﬂ (2.12)
W8~ ¢'B
Zuz% (2.13)
g-+e
B, — ¢W?
A, =929 (2.14)

B /g% + e2
These are the W and Z boson as well as the photon, respectively. The three degrees of

freedom we lost on the unitary gauge went to give mass to the W*, W~ and Z, while

the photon remains massless.

To explicitly show how the SSB phenomena gives mass to every other particle, one can
transform the Lagrangian to the unitary gauge, this adds an extra term on the Lagrangian

called the Yukawa Lagrangian
Lyuy = Yiyi;¢

where y; ; are the Yukawa couplings between the scalar, ¢, and fermion field, 1. As we are
looking at a complex scalar field in the SU(2) representation we have from the Yang-Mills

theory
U

D

where U, D is the field up and down type spinor. For example this can be the first

u
generation quark two component spinor () = consisting of the up and down quark

d
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or the lepton two component spinor L = . The standard for weak interactions is to
v

define right and le ft handed helicity using the operators

1 1
L:§(H—’Y5), and R:§<H+’Y5)

where 75 = i7°v'y?73. Such that we can write

U U U 0
UL:L = y and DR:R =
D 0 D D

as well as their hermitian conjugates.

2.6 S-matrix expansion

But how do we predict the occurrences of processes? To explain this generally, we can
conduct an S-matrix expansion. To be more precise and use terms from quantum field
theory rather than quantum mechanics, we can use the scattering operator S on the

interaction term of the SM Lagrangian L;,;. Starting by defining the general operator

S = Z SO, where SO =T and
i:v?;tices . (2 15)
SM = (—i)"T / dixy - / d*Xp [Lint (1) - Ling ()]

where T is the time operator ordering the terms such that we predict our desired transition
amplitude, and x; are coordinates in spacetime. The & operator sums over all vertices
of a Feynman diagram. To calculate the probability amplitude we can start with an
easy example using QED, the Bhabha scattering process e"et — e~e™, in particular
the annihilation channel where we have ete™ — ~ on a vertex level. The interaction
Lagrangian of interest for this process is Ly = etb(z)y*1)(x)A,. We use the scattering

operator in the following way
(FIS™ iy — (e7et| S@ |eme™)

= (e7e”| <—€QT /_ Z d'x /_ Z d4y@($)v“w(fc)z4u(m)ﬂ(y)v”w(y)flu(y)> |e7e®)
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Starting by using the time operator 7 on the integrals, which gives us the normal order
of the operations, we can start by using Wicks theorem to "connect" the two points in
spacetime x and y. As we know there are no photons in the initial or final state, we can

connect the photons as propagators, meaning

5@ == [~ ax [" atyn (B A i A o)

where
F > d4q F —ig(z—y)
with
—Guv +r v
DE (k) = &/ 2.16
£(k) = et (2.16)
where ¢ = g,¢" is the contracted four-momentum of the particle, and r,, = q’;g” we will set

to zero as we will use the Feynman gauge. Here we have omitted the mathematical details,
but to summarize it with words. We calculated the photon propagator which connects
two spacetime points x and y by calculating the Greens function of the Minkowski space
using among other the residue theorem from complex analysis. If we were now to define
le"et), (e"et], 4 and 1 we could directly calculate the scattering amplitude by setting
in the values, as this usually involves solving integrals that use Dirac delta function®. To

complete our example we define

leme™) = ( 2Epa;)(\/2Ekbk) 0), and (e"e| = (2\/E,E}) (0] a,b}

Tt

1) 71

where F; is the energy of the particle and a;,b; and a are creation and annihilation

operators, respectively. In general fermion fields have

d3 1 —ip-x st,,8 ip-x N
b= / P (Zja;m(p)e v (pe ) =Vt

Where, depending on ¢ (for u(p)) and ¢~ (for v(p)) are the particle and antiparticle
fields, respectively. It is standard convention to say that ingoing particles and anti-

particles on an interaction are written as ¢ and 1, respectively, and their hermitian

9At least while omitting loops, which we will do in this thesis
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conjugate when they are outgoing. With this information we can connect the initial and

final particles to their fields, solving the bra we have
<e e+‘ bz = (2VEpEx) (0] apb%;w;,

Giving

3y 3./ s s —ip-x — —ik'-x
(e D)) = OLf 55 [ 5y Fome (Do o ur (e + 6w ()= ) ]

using the relation aplsapt = (2m)208) (p' — p) — a;,sapt where the latter part kills vacuum,

we get

(7| (@)v(z) = u(z)v(z) (0]

Doing the same for the ket, and setting all of this into the initial equation we get

1151 = =500 [~ [ atyulen o) Dl — yyatont) )
Giving us
(278 b1+ p2 = = P u(2) 5 WA 0 )

we can relate the scattering amplitude to a variable called the transition amplitude, M ;

by using
1510 =5 (= S ) s
@ !

Meaning that we have

Mhabha = U(M)V““(Pz)i u(py)y"v(ph)

The reason we did all this is to calculate the differential cross-section (in the center of

mass frame) from this, using

do 1 pyx
dQ  64n2s px

Ml (2.17)

where pyx and p;* are the magnitudes of the final- and initial-state momenta, respectively.

From the differential cross-section we can also calculate the cross-section by integrating
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over df2.

—/%/7r L Dr*) g sin 0d0dg (2.18)
7= o Jo 64m2s pix fif sl '

This method is a general way to calculate the cross-section of an event we want to study,
but usually one just constructs the matrix element My, from Feynman diagrams. In this
calculation we already introduced the photon propagator in Eq. (2.16), and we implicitly
simplified it to be gq%”, which is valid for our purposes, and can be used in any event
where the photon is the propagator. Feynman realized this and made Feynman rules to

construct diagrams. The rules are shown in Figure 2.2.

Meaning that following these rules we just constructed the Feynman diagram for Bhabha

scattering shown in Figure 2.1

e e

o(p1) v(ph)

Figure 2.1: Feynman diagram of Bhabha scattering annihilation
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Lowest-order Feynman rules

External particles:

f == L @ f f -} L @ i} f
u u v

YAANAANAANAANe U Y 900000000008 00000000000 9

u € € €
Propagators:
f Y g Wiz H
—P—0 e 800000000008 NS - —— 0
i ~lgyy ﬂ'éab _"'(é’ﬂr—%qv"‘mz) i
(rHq—m) q° q° q*-m? q2—m?
Three-point vertices:
f q
Y -iQrey* 9 i %5 payn
f g

~
t
=]

gi\N uleq .5 g gw ul Ccy—C 5
w 5707 Z fcosewrg(v A7)
Vg f
f ' Z
. dw . . gw
H---- —Im 2mW H-=-- Jgpvmwgw H=-—=-- ."gjuvmzmv
f W™ Z

Figure 2.2: The Standard Model Feynman rules. Image taken from Thomson’s "Modern Particle
Physics" [8]
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2.7 Adding it all up

Combining the three groups U(1)y ® SU(2), ® SU(3)¢ as well as introducing the Higgs
field from Eq. (2.10) gives us the SM Lagrangian. To give an illustration of the elements
of the SM we can see Figure 2.3

mass - =2.3 Me\ic? =1275 GeVig® =173.07 GeVic* V] =126 GeVic?
charge -+ 23 u 213 C 213 t 0 i 0 H
spin —+ 1/2 =y 12 - 4 12 7 1 9 0
up charm top gluon 't;gggﬁ
=4 8 MeV/c* =05 MeWic? =4.18 GeV/c? 0o
A3 d 103 S -113 b ] )y
12 })’ 12 j 1/2 j 1 w
down strange bottom photon
0.511 MeV/e* 105.7 MeV/ic? 1.777 GeVie* 91.2 GeVic?
1 -1 -1 ] P
12 e y 12 ]'1 112 T y 1 3 wnn
=
electron muon tau Z boson O
u—: <2.2eVic? <017 MeVic? <15.5 MeWic® 804 GeVic? “:I
= 0 0 0 1 ' .
e
g 102 ])e 112 ‘I)ll 112 ])T 1 W W
8. electron muon tau Whboson | <
- neutrino neutrino neutrino "

L

Figure 2.3: The Standard Model of particle physics. Image taken from Wikipedia [10]

From Figure 2.3 we can see all the particles of the standard model. These include the
quarks wu,d,c,s,t and b, the leptons e, and 7 as well as their neutrino partners, the
carrier of the strong force g, the carriers of the weak force W= and Z, the carrier of the
electromagnetic force v and the scalar Higgs boson H. From the figure we can also see

which particles can interact with each of the bosons.

These are the building blocks of nature, as mesons, subatomic particles consisting of
quark-antiquark pairs, and baryons, meaning subatomic particles consisting of three
quarks (such as the proton and neutron) can further build atoms with electrons to fur-

thermore create chemistry via quantum mechanical processes.
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However, although the SM successfully accounts for the majority of observable matter in
the universe, it represents only approximately 5% of the total energy content. Approxi-
mately 70% of the universe is composed of Dark Energy which we know is there because
of the universe’s expansion, and is represented in the cosmological constant in Einsteins
Field Equations [11], and the remaining 25% of the energy in the universe is Dark Mat-
ter. The next chapter of this thesis will present a brief description of Dark Matter, and
present the Beyond SM models with Dark Matter candidates we will study.
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Chapter 3

Beyond Standard Model Dark Matter

While the standard model of particle physics has been incredibly successful in describing
the behavior of subatomic particles, it is not a complete description of the universe. For
example, the standard model cannot accommodate the mysterious gravitational forces
that hold galaxies together, and it fails to account for the abundance of matter that we

observe in the universe.

These mysteries have led scientists to propose the existence of Dark Matter (DM), a
mysterious substance that makes up a significant fraction of the matter in the universe.
The name DM, stems from the understanding that while most DM particles do not in-
teract with matter via any of the forces described by the SM. However, it is important
to note that certain DM candidates can indeed interact weakly through the weak force
as described by the SM. This makes it extremely difficult to detect directly. However,
its presence can be inferred through its gravitational effects on visible matter, such as
stars and galaxies, which is why we know it is there [12, 13]. In this thesis we will look
at so-called Weakly Interacting Massive Particles (WIMP) DM candidates. There is no
formal definition of a WIMP, but broadly it is a new elementary particle which interacts

via gravity, possibly the weak interaction, and potentially other forces outside the SM.

There are several extensions of the SM that include DM candidate particles interact-
ing via a so-called Beyond Standard Model (BSM) Lagrangian. Such as Supersymmetry
[4], Universal Extra Dimensions [14] and little Higgs models [15]. In this chapter we will
present the BSM models we will be studying that have a dilepton and MET final state.

23
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3.1 Mono-7Z’ candidates

Six of the models that will be studied in this thesis come from a new theoretical gauge
boson that behaves like much heavier Z boson. The theory is based on the papers by
Bauer et al. [6]. The models we will study assume a U(1)" symmetry for a new Z’ gauge
boson, from this we can extend the SM Lagrangian, to include the Z’ coupling to the SM
particles by

LD =) g2, (3.1)

q
where the coupling g, is a free parameter of the model. The three models we will study are
based on three interactions of this new Z’ (decaying into two leptons) and DM candidates

x which we describe now.

3.1.1 7’ Dark Higgs

The DM Z' models come with an additional scalar responsible for SSB. A new scalar
particle that couples to the Z’, which we will call the Dark Higgs (DH), hp, plays the
role of portal to DM. Analogous to the SM process of Higgs-boson radiation from a W or
Z, the DH is radiated from the Z’ in a dark-Higgsstrahlung process. In addition, we will
assume that this DH boson couples with invisible states, such as DM. A minimal model
for this process, with the U(1)" symmetry with a charged scalar field ®p as well as an

invisible singlet scalar ¢, :

1

1
L2 [Dy@pl* + pp|®pl* = Ap|®pl* — 1Fw)” + 5(0u0y) = M®p*62 = V(gy) (32)

with &p = \/LE(UD + hp), thus obtaining a vacuum expectation value giving mass to the

7', my. The coupling of the DH with Z’ is
QngzmzhpZ, 7" = gnymzhpZ, Z" (3.3)

where (), is the charge of the &, which is a free parameter absorbed in the coupling gy,

above. The Feynman diagram for this dark Higgs model is depicted in Figure 3.1
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Figure 3.1: Z’ Dark Higgs Model

3.1.2 7’ Light Vector

The second mono-Z" model we will look at, is when the Z’ is relatively light such that
it can be produced in ¢g annihilation and decays to dark states. As an example we can
consider a Z' coupled to a new fermion which has both Dirac and Majorana masses, My
and M,, respectively. Where the Majorana mass can be generated from the U (1)’ through
a Y, P, XXx¢, such that

LD X(il) — Ma)x — %(Yx + h.c)

This leads to two Majorana states xi. with masses M; 5 = |M,, £ My|. We will study
the process Z' — x1x2, where xo — Z’x;. This model is represented in the Feynman

diagram in Figure 3.2

Figure 3.2: Z’ Light Vector Model

It is assumed that the mass splitting of the two states, xi2, is larger than my/, such
that the heavier state, xo can decay into an on-shell Z’ and a stable DM candidate y;.
The x1,2 interaction with the Z’ is off-diagonal, and taking M,, > M, we can write the

interaction

9x _
5 2L X1 + X xe) (3.4)
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3.1.3 7’ Effective Field Theory

The aforementioned models rely on the Z’ coupling to the quarks as seen in Eq. (3.1).
In the third model, rather than producing the DM candidates through the new Z’, we
consider the possibility that the dark states x; and x. are produced through a new

constant interaction:

1 _
quuQ(m“vf’xl + X177 x2), (3.5)

where A is the scale at which new physics may appear. Similarly to the Light Vector
model we assume the two dark states x; » with an off-diagonal coupling to the Z’, however,
the intermediate s-channel Z’ in Figure 3.2 has effectively been replaced with a heavy
Zy, which has been integrated out to give the operator in Eq. (3.5). This results in the

process of in Figure 3.3.

Figure 3.3: Z’ Effective Field Theory Model
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3.2 Supersymmetry

Supersymmetry, or SUSY for short, is another SM extension that introduces a new sym-
metry between fermions and bosons. A supersymmetrical operator, (), changes a particle
from a fermionic state, |F'), to a bosonic state, |B), and vice versa by changing the spin
by 1/2 unit

QIF)=1B), and Q|B)=|F)

This new symmetry has as a consequence that for each fermion degree of freedom in
the SM, there must be a boson degree of freedom and vice versa. What this means is
that every SM particle has a superpartner, such that SM particles are grouped with their

supersymmetric counterpart into supermultiplets according to their quantum numbers.!

This extension addresses many of the problems in the SM, but for the purposes of this
thesis we will only mention the WIMP miracle [1]. To give a brief description of the
WIMP miracle, if we put in the dark matter density that the universe requires today,
we can infer how many WIMPs? we need of a given mass to make it up. With this we
can compute what the self-annihilation cross-section must be in order to get the right
abundance of dark matter in the universe. That value turns out to be in the range of
the electroweak scale. For SUSY the DM mass scale is in the ballpark of 100 GeV to 1
TeV, suggesting that the self-annihilation of SUSY WIMPs in the early universe could
have naturally resulted in the observed dark matter abundance we see today. During
the cooling of the universe, the self-annihilation of WIMPs eventually stopped, known as
freeze-out. This freeze-out process led to a constant population of WIMPs, preserving a
certain relic density. This relic density is suggested to be what we observe today as dark
matter, indicating the importance of freeze-out in determining the abundance of dark

matter particles in the universe.

The neutralino, Y9!, is a leading candidate for dark matter because it naturally emerges
as the lightest supersymmetric particle, and is in the SUSY models studied in this thesis
assumed to be typically stable. As a WIMP, the neutralino possesses the appropriate

properties to be a dark matter candidate, interacting weakly with other particles and

!The supersymmetric operator, (), does not change any of the quantum numbers except for the spin
2 Assuming they interact only through the weak force and gravity
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having a mass scale consistent with the observed dark matter density in the universe.
Because of this we will look at a model which has neutralinos in the final state. The
model we will study, which has been studied by the ATLAS collaboration [16], is the
direct slepton production channel as this has a dilepton and MET final state, which this

thesis is based on.

For this thesis we will study a process involving superpartners of the leptons, the sleptons,

(, as illustrated in the Feynman diagram in Figure 3.4.

l
l_. 1
gi* o
p
l

Figure 3.4: Supersymmetric direct slepton production model

In this model we study sleptons produced in the pp—collisions at the LHC, which then
decay to their SM partner, the leptons, in addition to the DM candidate the neutralino,
x}. In this thesis only the 1st and 2nd generation® are included in the models, which are

assumed to be mass degenerate. The staus in the models are assumed to be heavier.

3The superymmetric partners of the electron and muons, the selectron and smuons
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3.3 Two Higgs doublet model

The Two Higgs Doublet Model, or 2HDM for short, is an extension of the SM that intro-
duces an additional Higgs doublet? [17]. This model is motivated by various theoretical
considerations and provides a framework to study the properties of the Higgs boson and

explore new physics phenomena, including implications for DM searches.

The 2HDM includes two Higgs doublets instead of one, resulting in an expanded scalar
sector. This means there are additional Higgs bosons, which include neutral and charged
ones. The presence of these extra Higgs bosons opens up new channels for DM inter-

actions and allows for the possibility of DM particles being connected to the Higgs sector.

The 2HDM offers different scenarios, In this thesis we will study the scenario of hav-

ing a charged Higgs doublet with an additional pseudoscalar a, which couples to DM.

The model we will study in this thesis is one version of the 2HDM with the addition
of a pseudoscalar mediator a which mediates the interactions between the visible and

dark sectors.

We will study the channel depicted in Figure 3.5, which includes a charged Higgs, H ™.

b

Figure 3.5: Two Higgs Doublet Model + pseudoscalar decay channel with a dilepton and MET
final state stemming from t — W'b — [Tyb and W~ — 177

We study this specific channel because of the potential dilepton final state that can come
from the W+ — [ty coming from the top-decay and the other W~ boson decaying to

[=7; (See Section 6.1), in addition to the MET from the DM candidates xx and the

4Meaning a new Eq. (2.10)
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neutrinos from the W decays. An important value we will study is the ratio between the
vacuum expectation values of the two Higgs doublets, written as tan 8. This model has
been studied by the ATLAS collaboration [18]|, and we will from now on refer to it as the
2HDM + a model.

3.4 Summary

To summarize the models we will be studying in thesis. We have three models that stem
from a U(1)" extension of the SM, this U(1)’ extension predicts a new vector boson Z’
which can interact with DM candidates. The first of the three mono-Z’ models we study
is a Dark Higgs model, where the Z’ couples to a new scalar particle behaving like the
Higgs, hp. The second model assumes that the Z’ is a Light Vector, which interacts
directly with heavy dark states x1, x2, x2 finally decaying to a real Z’ in addition to the
DM candidate ;. The third model is an Effective Field Theory version of the last model,
with unknown production inetaction, expected to show up at some high energy scale A.

Where we assume that the Z’ is lighter than the dark state x».

The fourth model we will study is a Supersymmetric direct slepton model, where the
sleptons, the scalar superpartners of the SM leptons, decay into leptons and neutralinos,
¢ — (%Y, where {9 is assumed to be the DM candidate. The last model we will study in
this thesis is a Two Higgs Doublet Model with an additional pseudoscalar a that decays
into DM candidates, yy.

Now that we have presented the theoretical framework behind the SM and the DM
models, we have essentially showcased our signal and background for the ML search.
But as only having the theoretical framework is not enough to make a dataset to use in
ML, we have to show how we can obtain experimental measurements to confront these
theories. This is the subject of the next chapter, which presents how to get kinematical
variables from Lorentz vectors, and how one identifies real particles in detectors. We
will also present the cut and count method used to discover new physics as well as the

statistical tools we will apply to our searches.



Chapter 4

Production, Detection and Analysis

Now that we have established the necessary theoretical groundwork of particle physics in
Chapter 2 and explored our DM candidates in 3, it is time to explore how this knowledge
can be applied. This leads us to ask important questions such as, how can we measure
what we have learned?” How do we put it into practice? Most importantly, how can we

use this knowledge to uncover new physics phenomena?

To answer these questions, we have divided this chapter into three sections, each of
which will focus on a different aspect of experimental particle physics. The first sec-
tion will delve into particle production, followed by an examination of particle detection
with the ATLAS detector at the LHC, and finally, we will explore the intricacies of data

analysis in particle physics.

31



32 CHAPTER 4. PRODUCTION, DETECTION AND ANALYSIS

4.1 Particle production

Having already been introduced to the SM we are now ready to dive into the subject of
how we can produce the particles that we wish to detect. In this chapter we will start
from the basic kinematics of particles and then move to more complex variables that will
be of use when analyzing data from detectors. The material for the first section is based
on Thomson’s book Modern Particle Physics [8], Jacksons’ "Kinematics" [19] and Vadla’s

PhD. thesis [20].

4.1.1 Particle kinematics

When working on a relativistic setting, such as we do in high energy particle physics,
four vectors are the natural object to consider to generally describe our particles. As we
are mainly interested in the motion of the particles, we will look at the four-momentum.
Instead of using general variables, we will describe the particles using the four-momentum
in terms of the geometry of the detectors (See Section 4.2), that means we will use the

polar angle, 6, and the azimuthal angle, ¢, such that we have

Lab .
pM = (E7px7py7pz) — (Eva CcOs ¢>pT S111 ¢7 |p| COoS 9) (41)

where pr is the transverse momentum expressed as

pr = /P +p; = |p|sinf (4.2)

Where the relativistic energy and momentum are given as, £ = ym and p = ym/3, with
v=1/y/1— 32 and B8 = v/c!, m is the mass of the particle and c is the speed of light
in vacuum. By contracting? two four-momenta we get the important Lorentz invariant

square of the invariant mass

m?* = p,p" = E* — |p|°

! As this is a particle physics thesis I will convert to Natural Units where we set c=1, h =1
2Using the particle physicists convention of the Minkowski metric tensor 1., (+, -, -, -)
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which can be generalized for a system containing n particles as

m’® = pp" = (i E) — (i pz-> (4.3)

As this thesis will focus on a dilepton (and missing transverse energy) final state, which is
of the type 2 — 4 where two are invisible, but the invariant mass of the two visible leptons
in the final state will be of interest, we will denote the invariant mass of the visible leptons
as my. From this we can also get another interesting variable, the transverse energy. This

follows directly from Eq. (4.3) by using the transverse momentum

Er = m2 —|—p2 4.4
T

The invariant mass is what we measure in the final state only. As we analyze data® from
Run IT on LHC, which operated at /s = 13 TeV, it is important to consider the determi-
nation of the center-of-mass energy, which characterizes the initial state of the colliding
protons. While the LHC controls the initial state, it is crucial to understand that the
13 TeV energy value associated with the incoming protons does not directly define the
center-of-mass energy of the initial state. Instead, it is the partons, primarily gluons but
also including quarks and anti-quarks, that contribute to the center-of-mass energy, see

Section 4.1.2 for more details.

The aim of this thesis is to search for DM, which we know interacts weakly with matter
in the "same way" as neutrinos, meaning it leaves no signal in detectors such as ATLAS*.
So how can we detect its presence? As we know that the transverse momenta before a
particle collision is zero®, then we know that the sum of transverse momenta must be
zero after the collision as well, to conserve momentum. From this we often can infer the

presence of the non-interacting particles from the presence of missing transverse energy®

3 And mostly simulations mimicking the ATLAS detector

4Neutrinos interact in dense and large mediums however

5Because protons travel along the beam axis

6 Also called missing momentum. While energy is a scalar quantity without direction, we use the term
"missing transverse energy" to emphasize the magnitude of the missing transverse momentum vector.
This convention is adopted due to the nature of our energy measurements in calorimeters, which actually
give us directions
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(MET), which is defined by
Epe = o], whae ppe = - Y pr, 145)

where the sum extends over the measured momenta of all the observed particles in an
event, as well as all the low energy tracks which are reconstructed, but not associated
with any particle”. From this formula, if all particles produced in the collision have been
detected, then this sum should be zero. Meaning that in ideal cases, significant MET is

an indicative of the presence of undetected particles.

Another useful kinematic variable is the hadronic activity which is the scalar sum of

the transverse momentum of all jets in an event, defined as

Hp = Z P74l (4.6)

i€{jets}
This gives a measurement of the hadronic energy scale of an event. Another handy trick
comes from the realization that the centre-of-mass frame is between the hadrons in jets,
where the total momentum is given as a function of the energy of the hadrons. This means
that the final state particles are boosted along the beam axis. With this realization we

can now introduce a Lorentz invariant® kinematic property known as the rapidity, y used

yzém(E+m) (4.7)

We can use that p; = E cosf in the high-energy limit as the mass is negligible. In this

to express the polar angles

limit we can use the pseudorapidity, n, defined by

0
y~n=—In (tan §> (4.8)

The pseudorapidity is an interesting variable as, in the same was as 6, it can tell us how
close to the beam the final state particles are”, but this time independently of the boost

as it does not include the mass of the particle. The pseudorapidity also gives us that for a

"Referred to as soft terms
8Under boosts along the beam axis
9Where the higher || means closer to the beam
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single particle the phase space is more uniformly distributed on (7, ¢) than (6, ¢)—space.
The 7 variable can also be negative, meaning it is boosted along the other beam direction.
From this we can define a new variable which will come handy with particle identification,

which is called the R-cone, that defines a circle in (7, ¢)-space. It is defined as

AR = /(An)? + (A¢)? (4.9)

Another interesting variable is the transverse mass, defined as

m7 =m? + py (4.10)
where m? is the invariant mass defined in Eq. (4.3). What is interesting about this
variable is that it is a generalization of the invariant mass in the transverse plane and can
thus accommodate the MET coming from invisible particles. We can take this further by
looking at a variable which calculates a transverse mass for two leptons by distributing the

miss

total p7*** among the two systems, and minimizing the maximum of the two transverse
miss

masses by varying the distribution of the p7***—vector in terms of the size of pp. This is

called the stransverse mass and is defined by

. l L

() = min  [max{mi (pf diix) i (p, 42 x) } (4.11)
Ap +hr =P,

where ¢, are "dummy 2-vectors", x is a free parameter used to "guess" the mass of the

invisible particle, and m2 (pr,qr) is an application of Eq. (4.10) using two particles:

m% (pr.ar) = 2(prqr — Pr - qr)

For a more detailed explanation and interpretation of the stransverse mass we refer the
reader to the paper by Barr et al. [21]. Even though the stransverse mass was made with
neutralinos in mind, it can still be used to calculate SM processes. For example, if we
want to reduce WHW ™~ background events, we can first recall that each boson can decay
as Wt — [T+ (and W~ — [~ 4+ 7;) with the W mass, my, as an endpoint. Meaning
that we can use mpo to reduce the W+TW = events in a dilepton final state by requiring

that mpo > Myy.
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4.1.2 Proton-proton collisions

With all the kinematics out of the way the question of how the particles are produced
still remains. The answer could be an electron-positron collider, as they did in LEP,
a proton anti-proton collider, like the SppS. As this thesis uses LHC data we will look
at proton-proton collisions. Protons are made of elementary particles, two up- and one
down-quarks to be specific. Because of this it is not hard to realize that the Feynman
rules acquired from the SM (Figure 2.2) also apply here. In this subsection we will study
how different effects of pp—collisions affect the cross-section, and therefore the expected

number of events to occur, from a kinematical point of view.

Parton Distribution Functions

Although the proton is made up of two up quarks and one down quark, called the valence
quarks, the proton also consists of gluons and other quarks and anti-quarks, called sea
quarks. These sea quarks become important in deep inelastic scattering, where the proton
breaks apart due the high energies in the collisions. As we accelerate the protons before
colliding them, we also accelerate the quarks and "gluons" inside it, each of the partons
carry a momentum fraction x of the proton, referred to as the Bjorken x. We can then
calculate the reduced centre-of-mass, s of two colliding partons ¢; and ¢s, as seen in
Figure 4.1, with the proton momentum fraction x; and x5, from the proton’s momentum
p1 and py respectively as

§ = T1x98

where s is the centre-of-mass energy squared of the pp—system. The valence quarks in the
proton do not only interact with the other valence quarks in the other proton, but they
might also emit gluons which split into quark anti-quarks pairs or gluon-gluon, making
a “sea” of gluons, quarks and anti-quarks around the valence quarks. The momentum of
the partons inside the proton are dependent on the momentum transfer Q? and is rep-
resented by an experimentally determined momentum distribution, known as the parton
distribution function (PDF) |22]| f(z,Q?). In other words, the PDFs give the probability
of a parton to carry the momentum fraction x of a proton. The shape and form the
PDFs play an important role in estimating the process cross-section that occur after the

pp—collisions, and therefore are crucial when simulating events using Monte Carlo [23]. If
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we take as an example the process pp — [T1~ + X where X denotes any hadrons formed

by the remaining quarks. Figure 4.1 showcases the process.

Figure 4.1: Feynman diagram depicting the pp — 171~ +X process where X denotes any hadrons
formed by partons not taking part in the hard process qq — IT1~. The colliding valence quarks
are defined as q; = x;p; where each quark ¢; is carrying the momentum fraction x; of the proton
momentum p;.

The cross-section for the process is
o (p(p1)p(p2) = 1717 + X) =

/ / Z ff(l‘l)ff(xg) e (qf(xlpl) + (jf(ﬂfng) — l+l_) dxgdl‘l (4.12)
0 Jo I

where o (qf(z1p1) + G¢(z2p2) — 1717) is calculated using the Feynman rules given in Fig-
ure 2.2, and f are the PDFs.

Breit-Wigner resonance

Another important aspect when looking at particle collisions is the Breit- Wigner res-

onance. All unstable particles have a decay rate or width, I', (given as inverse of the

lifetime 7) which is present in the wave function, ¥ oc e=*™~"/2) This decay rate also

becomes apparent when the unstable particle is the propagator of the interaction we are

studying

1
el Py et (4.13)

From this we can see that, as the square of the centre-of-mass energy s, approaches the
unstable particles mass m, there will be a resonance at the invariant mass of the final state
particles that "show" the mass of the unstable particle, this is called the Breit-Wigner

resonance. It is because of resonances like this that we can identify particles such as the



38 CHAPTER 4. PRODUCTION, DETECTION AND ANALYSIS

Z boson. A new resonance Z’ resonance is predicted by some BSM DM models studied

in this thesis.

Expected events

The most important value we need to know when studying pp—collisions is the number

of events N expected for a process, this is defined as

ning

N = J/E(t)dt, where L= f (4.14)

00y

where o is the cross-section of the process as expressed in Eq (2.18) while also taking
into account the PDF functions in Eq. (4.12) and the decay widht in Eq. (4.13). The
last three symbols come from accelerator kinematics where o, , denotes the beam size, f

is the frequency of bunch crossings, and n, 5 is the number of protons in bunches.
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4.2 The ATLAS detector

We have so far in this chapter discussed how particles are produced. But we have not yet
explained how we actually detect them, arguably the most important matter in the field
of experimental high energy particle physics. This section of the chapter is just about
that, and we will explain how the detection happens in A Toroidal LHC ApparatuS, or
more commonly know as the ATLAS detector. Figure 4.2 showcases the detector and its
size. The information of this section is largely based on the original ATLAS Technical

Design Report [24].

The ATLAS detector is a general multipurpose!? detector located at the LHC and covers
nearly the entire solid angle around the collision point, as described in the reference frame
depicted in Figure 4.2. The ATLAS detector consists of four main subdetectors; (i) an
inner tracking detector (ID), an (ii) electromagnetic calorimeter (ECAL), a (4ii) hadronic
calorimeter (HCAL), and lastly (iv) a muon spectrometer (MS). Figure 4.3 visualizes in
the transverse plane the four (i) — (iv) main sub-detectors, along with how the different
particle types interact with each layer. A brief description of each layer is given in this
section.

44m

25m

Tile calorimeters

LAr hadronic end-cap and
forward calorimeters

Pixel detector
LAr electromagnetic calorimeters

Toroid magnets
Muon chambers Solenoid magnet Transition radiation tracker

Semiconductor tracker

Figure 4.2: Cut-away view of the ATLAS detector, image taken from Ref. [21]

0Probing pp— and AA— (heavy ions) collisions.
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Figure 4.3: Illustration of the ATLAS detector layers, image taken from Ref. [25]

4.2.1 Inner detector

The inner-detector (ID) system is immersed in a 2T axial magnetic field and provides
charged-particle tracking in the range |n| < 2.5. The ID provides the first measurements
of the momentum and charge of electrically charged particles, as these can be determined
by the curvature of their reconstructed tracks. The ID is made of three independent sys-
tems; the pixel detector, the semiconductor tracker (SCT) and the transition radiation

tracker (TRT).

The pixel detector is made up of 80 million silicon pixel sensors, each of size 50 x 400um?,
and spread over four layers. Outside the pixel layers are the SCT, which consists of silicon
microstrip detectors, also placed on multiple layers. The SCT covers the pseudorapidity
region |n| < 2.5. Lastly we have the TRT, which consist of 4 mm in diameter straw tubes,

which enable track-following up to |n| = 2.0 and allows for electron identification.
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4.2.2 The calorimeters

The ATLAS detector has two types of calorimeters, the electromagnetic calorimeter
(ECAL) and the hadronic calorimeter (HCAL), both designed to fully stop certain types
of particles. The ECAL is immediately surrounding the inner detector and is divided into
a barrel part (|n| < 1.475) and two end-cap components (1.375 < || < 3.2). The ECAL
consists of absorbing lead plates, with liquid Argon (LAr) in between. The thickness of
the calorimeter is made to fully measure the shower of photons and electrons/positrons.
The muons will only lose a small fraction of their energy as they have longer interaction

lengths in lead.

The HCAL is immediately surrounding the ECAL on all sides and consists of two types
of detectors. In the barrel (|n| < 1.0) and the extended barrel regions (0.8 < |n| < 1.7),
the HCAL is made of steel plates with plastic scintillator tiles as active material. While
on the end-cap regions (1.5 < |n| < 3.2) there are hadronic LAr detectors, with absorbing
copper plates as active material; in the forward region (3.1 < |n| < 4.9) a combination of
copper and tungsten plates are used as active material. The active materials are chosen
to maximize the interaction cross-section with hadrons, such as neutrons, protons and
charged pions. The depth of the HCALs is also designed to fully stop hadrons and their
showers, which corresponds to the deposited energies. Hadrons are efficiently stopped
at the HCALs, meaning that only muons and invisible particles, such as neutrinos and

potentially dark matter, leave the HCAL.

4.2.3 Muon spectrometer

The outermost layer of the ATLAS detector is the muon spectrometer (MS), dedicated
to the measurement and identification of the muons momenta. The MS consists of mul-
tiple layers of detector material, and is immersed in a strong magnetic field to bend the
trajectories of the charged muons. The MS is made of four different types of detector
component: (i) Monitored Drift Tubes (MDTs) in the barrel, (ii) Cathode Strip Cham-
bers (CSCs) dealing with the events closer to the beam line in the end cap, (iii) Resistive
Plate Chambers (RPCs) in the barrel and (iv) Thin Gap Chambers (TGCs) in the end
caps. The MDTs and CSCs are used for tracking while the RPCs and TGCs are used for
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triggering. The tracking is provided for pseudorapidities up to |n| < 2.7, and the trigger

system only extends to |n| < 2.5.

4.3 Data analysis

The time has come to explore how we can search for new physics phenomena, now that
it has been established how particles are produced and how we detect them. In this
section we will take into account the classic way of searching for new physics which is
called the cut and count method, but there are other methods to search for new physics,
such as Machine Learning (ML) which is the method pursued in this thesis. There might
be other methods, such as Quantum ML, but as of today we are still in a too early
stage of the technology [26]. To give a short description of the cut and count method,
it makes kinematical cuts on various variables to isolate signal from background. The
way the signal and background!!' are made is by Monte Carlo (MC) simulations, which
is necessary for guiding us on where to place efficient cuts and understand our sensitivity
to a given BSM model. As it would not be a real experimental physics discovery without
making a statistical analysis of the results we will also explain how we utilize this tool.
To guide us through this process we will use ZZ®*) channel in the discovery of the Higgs
Boson in 2012 [1] as an example of the success of the cut and count method, and the
search for the existence of a new W’ boson studied by ATLAS [27], for the statistical

tools.

4.3.1 Cut and count method

The cut and count method is what has been the standard method of doing data analysis
with LHC data. As the name implies, the cut and count method works by making cuts
on kinematical variables and afterwards counting how many events are left. The goal of
using this method is to make cuts such that we remove as many background events as
possible while also keeping as many signal events as possible. For example, if we were
to study a new physics model with a new light vector boson behaving similarly to the Z
boson, but with a higher mass, then a good kinematical cut to remove many background

processes would be to require that my; > 100 GeV, as this would remove the majority of

HUThere are also data driven methods, but on this thesis we will focus on simulations
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Z-resonance from the final state, making it easier to "find" the new physics model.

To more thoroughly explore the cut and count method we can look at the Higgs dis-
covery, in particular the H — ZZ® — 41'? channel. The event selection consist of
kinematical cuts used. The kinematical cuts included (aside from the acceptane cuts),

were:

e Single-lepton or dilepton triggers

e Four leptons final state with ordered pr > 20,15,10,7 GeV

e Higgs-boson candidates are formed by selecting two same flavor opposite charge

lepton pairs

The first "cut" is to make sure that the event contains leptons with sufficient quality to
have fired one of the relevant triggers. The second cut is to have the sufficient number
of leptons in the final state with pr above the trigger thresholds. And lastly we want to
have two lepton pairs of the same-flavor with opposite-charge, this is to make sure that
one lepton pair actually decays from a Z-boson. What now remains is to explore the
"count" part of this method. When counting the events that pass the event selection one
usually counts the background events that pass, the data points that pass, and also the
signal events that pass. For the 2012 Higgs discovery, the Higgs channel with a Higgs
mass of 125 GeV was used as signal. The results of the 2012 discovery is shown in Figure

4.4.

Although this section made the process look simple, it was through the effort of many sci-
entists working together that made this happen. The great computational power needed
to correctly simulate events and reconstruct objects from detector signal was, and still
is a big challenge. Not to mention the state-of-the-art technology to be able to both
accelerate the protons to an energy high enough to "create" new physics, and to actually
be able to detect it. This alone was not enough to claim the discovery, to claim anything

we need to look at statistics, which is the subject of the next section.

12Where [ is for lepton, but only means e* or u*
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Figure 4.4: The Higgs discovery on the ZZ*) channel, image taken from Ref. []

4.3.2 Statistical tools

To make any sort of claim in modern physics we should be absolutely certain that what
we are claiming is true, as just making the cuts and isolating a signal to background is
not enough. To be specific we need to be "at least 50 sure" to claim any new discoveries.
But as not everything in experimental high energy particle physics is a new discovery,
we will also look at exclusions. In this section we will present some mathematical details

behind the statistical tools that will be used in this thesis.

This thesis follows the example set by Dr. Bugge in the FYS5555 course at UiO [28], here
we use as an example the 8 TeV ATLAS W' search [27], where a Bayesian analysis was
performed to set limits on the existence of a new W’ boson. Using the signal+background
hypothesis, the expected number of events in each lepton channel, ee, uu, of the process
W' — v is

Nexp = €sigLint0 B 4 Npig
where Liy, is the integrated luminosity, eq, is the signal selection efficiency defined as

the fraction of signal events that satisfy the event selection criteria, Ny, is the expected

number of background events, and oB is the cross-section times branching ratio of the
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process. Using Poisson statistics, the likelihood to observe N, events is

(Nexp)Nobse_Nexp
Nobs!

L(Nops|oB) = (4.15)

We include uncertainties by introducing nuisance parameters 6;, each with a probability
density function g;(6;), and integrating the product of the Poisson likelihood with the
probability density function. The integrated likelihood is

L(Nos|oB) = / £(Naulo B) [T 9:(6)d0, (4.16)

where a log-normal distribution is used for the g;(6;). The nuisance parameters are taken
to be: Lint, £sig and Nypie. The measurements of the two decay channels (muon or electron
final state for W/ — [v) are combined assuming the same branching fraction for each,
thus Eq. (4.16) remains valid with the Poisson likelihood replaced by the product of the
Poisson likelihoods for the two channels. The integrated luminosities for the electron and
muon channels are fully correlated. We can further use Bayes’ theorem which gives the

posterior probability that the signal has signal strength o B:
Ppost(UB’Nobs) = N‘CB(Nobs’UB)Pprior(UB> (417)

where Ppior(0B) is the assumed prior probability, here chosen to be flat in 0B, for o B >
0. The constant factor N normalizes the total probability to one. The posterior proba-
bility is evaluated for each mass and decay channel as well as for their combination, and

then used to set a limit on oB.

As we can see, the inputs for the evaluation of Lp (and Ppost) are €gg, Lint, Npkg and
Nobs and the uncertainties of the first three. The uncertainties for these should account
for experimental and theoretical systematic effects as well as the statistics of the simu-
lated samples. For this thesis the systematic uncertainties will not be calculated, but will

rather be assumed to be flat and + 20% of the background.

To make exclusions we can use Eq. (4.17) to establish a confidence level (CL). CLs

are defined as the probability to observe the number of events observed in an experiment,
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Nops, o1 less given signal+background. We usually define a signal+background hypoth-
esis to be excluded when CL,,, < 5%. Meaning a 95% CL, such that the probability to
falsely exclude an existing signal(+background) is 5%. We will use CL is to set limits on

theoretical models, rather than exclude them.

On the other side, to claim any discovery in particle physics we need to know the sig-
nificance of any statistical fluctuation. Before getting to the significance we can discuss
the p-value, defined as the probability to observe the number of events observed in the

experiment, ns, or more given only background

p=P(N = Nops|A = Nowg) = Y L{k[Nig) (4.18)

k=Nobs

The smaller the p—value, the less compatible an observation is with the background only
hypothesis, meaning more likely to be a discovery. In Figure 4.5 we can see how the

p—value could look for an arbitrary distribution

0.4
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0.15¢
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Figure 4.5: Illustration showing how the p—value of an arbitrary distribution might look (shaded
area). We can also see the relation of the p—value to the significance Z in this illusteation.

From this figure we also see the relation between the p—value and the significance Z.

Mathematically the relation is expressed by

— 2
Zex/2

b= o V2T

dx

As mentioned in the start of this subsection, a discovery in particle physics is defined to

be at least a Z = 5o deviation from the background hypothesis, meaning that we would
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have a p—value of p < 2.87 x 10~7. In other words, with a 50 deviation, the probability

to falsely discover something is at worst one in roughly 3.5 million.

As the significance is an interesting quantity we can give it its own definition. We will
use the low statistics formula for the significance, as this is the most general one. We can

either define the significance as the observed significance with the equation

No s
7 = \/2 |:NobslnN—b - Nobs +kag

bkg

However, for our purposes, as we will use the signal-+background hypothesis, we will use
the expected significance, which we get by changing Nops — Ngig + Npkg, Where Ny, is the

number of signal events

Nsi
Z = \/2 |:(Nsig + kag) In (1 + N, £ ) - Nsig:| (419)

bkg

However, as Eq. (4.18) did not include any nuisance parameters, it used Eq. (4.15) instead
of Eq. (4.16). We want to express the significance with uncertainties. From "Discovery
sensitivity for a counting experiment with background uncertainty" from Glen Cowan

[29], we can use then Eq. (17) on his paper that reads

7 = {—2 (Nobs In {%] 4 min {WD} 1/2

where m = 7Ny, and where we have Eq. (19) on his paper that says

_ Noig

ngg
where oy, is the uncertainty of the background. Using the prior definitions of m and T,

as well as changing Nops — Ngig + Npig gives us

2 2

Nokg Npkg Nokg
( Vi | e N | R Nt Noke)+ 22 )
Z - - 2 NSI + ka hl N £ + 5 £ ].n £ 5 £
& & (1+ ngg)(Nsig-i-kag) Tbke (1+N§kg %
bkg Ubkg Ubkg

(4.20)

Which makes for a better estimate of the significance one has in reality.
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The 95 % CL limit results from the 8 TeV ATLAS W' search [27] can be seen in Figure
4.6. To understand the exclusion plot here we will explain what the objects are. The
y-axis of the plot represents the cross-section times branching ratio of the process. The
x-axis is the mass of the W’ boson. The red dashed line is the predicted theoretical cross-
section times branching ratio. The black dots represent the observed exclusion limit
gathered from real data, in this thesis we will not include real data in the exclusion plots
we generate. The dashed black line is the expected 95% CL limit calculated using the
tools presented in this section, with a 1o (green) and 20 (yellow) variance. The way we
set limits on the models is by excluding all the mass points that have a higher predicted
cross-section times branching ratio than the expected limit. This means that the 8 TeV

ATLAS W’ search excluded the mass of the W’ up to ~ 3100 GeV, as this is where the
red dashed line crosses the black dashed line in Figure 4.6.

E f T I T ST 1 I T T 17T | L ‘ L I L | UL | L l__
;_;, C ATLAS --e-- NNLO theory B
o 10° —e— Observed limit 3
----- Expected limit
, - P Expected+ 16 |
10 = Expected + 20 =
- 95% CL :
10
1 3
; W —lv i
1oL Ns=8TeV, | Ldt=20.3 b .

1 I 1 1 1 | | N | 11 1 | ‘ 11 1 1 I | I | Il 11 | | 11 1 1 F
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Figure 4.6: 95% CL example using the ATLAS W' search at 8 TeV, figure taken from Ref. [27]
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4.4 Summary

In this chapter, we have studied how one can discover new physics from calculating
the number of expected events from pp—collisions. Using special relativity as a tool,
we can express the four-momentum of the particles with detector-coordinates, p* =
(E, prcos ¢, prsin ¢, |p| cos ). From this four-momentum vector we can thereafter cal-
culate interesting kinematic variables such as the invariant mass my;, missing transverse
energy EM5  stransverse mass, mro, among others. Using the advanced ATLAS detec-
tor with the main four parts; inner-detector (ID), electromagnetic calorimeter (ECAL),
hadronic calorimeter (HCAL), and the muon spectrometer (MS), we can get experimen-

tal measurements from the particles that come from the accelerated protons at the LHC.

With the recorded data and MC simulations taking into account the experimental fea-
tures such as the PDFs and Breit-Wigner resonance, as well as the ATLAS kinematics,
we can compare how the simulated events fare with the data recorded. By playing around
with the kinematical variables of the particles and making cuts to isolate new physics
signal, we can see if there is a discrepancy between the data recorded and the SM back-
ground. After creating this signal region with the cut and count method we conduct a
statistical analysis to see how the new theory/observed data deviates from our current

understanding of physics.

This state-of-the-art method is what currently is being used at CERN and has lead
to a great advancement in the field. However, with the rise of new technologies, such as
machine learning, which excel at classification tasks, a door has been opened to try new
methods. In this thesis we will use ML to hopefully create a better and more general
signal region than what the current cut and count method does. Before describing how,

we will explain what machine learning is, this is the subject of the next chapter.
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Chapter 5

Machine Learning

Machine Learning (ML) has emerged as a powerful tool for analyzing complex datasets
and making accurate predictions. Its applications span across various fields, from natural
language processing to image recognition, and it has been used successfully to solve a

range of problems.

The main approach of this thesis will be to use ML as its popular rise has proven to
be effective at binary classification tasks [30, 31] in High Energy Particle Physics. For
our purposes it will be a powerful tool to attempt to classify events as SM background

or as DM signal.

To give a short description of the essence of ML we can start by considering a general
parameter 3 = {1, 32, -, 3,} for an n-dimensional problem, which for our purposes
can be seen as what are called weights and biases (8 = {w,b}), the goal is to choose
these parameters B such that we minimize a cost (also called loss) function C(3) with
respect to a set of data points given by a matrix X. This matrix X will be our dataset

containing n features for each event m, and is of the following form

X11 T21 X331 - Tnl
T12 T2 X32 - ITp2

X = T13 T23 T33 - Tpl (5-1)
Tim Tom T3m - Tnm

o1
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This project will only focus on Supervised Learning, meaning that we know that the
output is a binary representation of signal and background, such that we can use target
values t. Then we give the network a score depending on how close the predicted output
is to the real values t. Then we repeat the process after tweaking the parameters 3 and

see if the score gets better.

To this end, we will first provide a mathematical foundation for ML, starting with a
brief overview of the different types of ML algorithms we will study, such as Neural Net-
works (NN) and Boosted Decision Trees (BDT). Other aspects such as the importance
of feature selection and feature engineering in preparing the data for ML algorithms, as
well as the concept of model evaluation and optimization will be discussed in Chapter 6

and Chapter 7, respectively.
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5.1 Neural Networks

The theoretical foundation for this chapter is mainly based of Hjort-Jensen’s lecture notes
[32, 33, 34]. Before beginning, we can briefly explain the idea behind NNs. As stated by
Hjorth-Jensen in [32]:

The idea of NN is to mimic the neural networks in the human brain, which
is composed of billions of neurons that communicate with each other by send-
ing electrical signals. Each neuron accumulates its incoming signals, which
must exceed an activation threshold to yield an output. If the threshold is not

overcome, the neuron remains inactive, i.e. has zero output

That takes us to what a neuron is.

5.1.1 Artificial neurons

To describe the behavior of a neuron mathematically we can use the following model that

mimics how one neuron works

y=1f <Z wﬂz’) = f(2) (5.2)

Where y, the output of the neuron, is the value of its activation function (See section
5.1.3), which has the weighted, w;, sum of signals x;, - - - , x,, received by n neurons that

are in a presiding layer. We will call this weighted sum for z to ease the notation.

The goal of NNs is to mimic the biological nervous system by letting each neuron in-
teract with each other by sending signals, for us, it is in the form of a mathematical
function between each layer, called the activation function. Most NNs consist of an input
layer, an output layer and intermediate layers, called hidden layers. All the layers can
contain an arbitrary number of neurons, and each connection between two neurons is
associated with a weight variable w;. The goal of using NNs is to teach the network the
patterns of the data to then predict some target. In the context of our search for DM,
by giving a NN our dataset of events as "its input layer", we can then train the network

to classify events as signal or background.
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Explained in greater detail if we were to look at a single data event, we start with
an input with all the relevant features of the event, X'. Using Eq. (5.2) on every neuron
on the next layer we can teach the network if there are any connections between the n
features, we can repeat this process for as many hidden layers as we want. As an output
we want a single neuron to see if it has predicted the event to be a signal or background,
since this is binary output. After analyzing the prediction we can use the labels on the
target data t to tell (the network) whether it predicted correctly or wrong. We can then
use a cost function and a specific metric to evaluate numerically how well the network
predicted the output by giving it a score. Seeing how the results fare we can then back-
propagate to shift the weights and biases and repeat the process until we are satisfied

with our result. Each of these iterations is called an epoch.

To generalize our artificial neuron to a whole network we can look at a Multilayer Per-
ceptron (MLP). An MLP is a network consisting of at least three layers of neurons, the
input, one or more hidden layers, and an output. The number of neurons can vary for
each layer. The above explanation is a very dense and simplified one. In reality, it is
complicated to find out which cost function, activation function, metric, etc. are best
suited to the given problem. But before we get into the gory details we can explore the

mathematical model that illustrates what was explained above.

5.1.2 Optimizers

The way we "tweak the parameters 3 to see if the network prediction gets better" is by
using an optimizer. We will mainly focus on the theory behind the Stochastic Gradient
Descent (SDG) optimizer as it is easier to digest. Before explaining the SDG we have to
look at the Gradient Descent (GD).

Given a cost function C'(B) we can get closer to the minimum by calculating the gra-
dient V3C'(B) wrt. the unknown parameters 8 from the NN. If we were to calculate
the gradient at a specific point 8; in the parameter space, the negative gradient would
correspond to the direction where a small change d3 in this parameter space would result

in the biggest decrease in the cost function, in the same way we in physics would de-

1See Eq. (5.1)
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termine where the local (or global) minima are in a complex multidimensional potential
numerically. In GD, we can choose a step size 1 (which needs to be optimized) related
to the size of an iteration in the parameter space; this is called the learning rate. The
mathematical function for an iteration in parameter space to optimize the parameter 3

such that it minimizes the cost function is given as

Bit1 = Bi —nVsC(B;) (5-3)

To converge towards a minimum we should select a learning rate 1 small enough to not
"step over" the minimum point of the cost-function-space, but also not too small to
get stuck on a local minimum rather than the global minimum. Thus using the learning

rate as a hyperparameter in a grid search is a good way to optimize a NN for a given task.

In GD one computes the cost function and its gradient globally for all data points.
This quickly becomes computationally heavy when dealing with large datasets. Thus, a
common approach is to compute the gradient over batches of the data. For our purposes
it would be optimal to use GD, but our data size is massive, of the order of 10% events
(13 GB), becoming computationally challenging. Thus instead of making an n x 10® data
matrix (see Eq. (5.1)), we could for example split it into ten smaller matrices of n x 107
to then perform a parameter update, making the computation affordable. This is where
SGD comes in, for each step, or epoch the data is divided randomly into N batches of
size n. Then for each batch we use the cost function minimization, Eq. (5.3), to update
the parameters, thus updating 3,1 N-times for each epoch. The idea of SGD comes
from the observation that the cost function can almost always be written as a sum over
n data points. The main advantage of SGD is not to ease the computation however, as
using more batches also reduces the risk of getting stuck in a local minimum since the
SGD introduces a randomness of which part of the parameter space we move through,

but this is at the cost of reducing statistics which might not be ideal for every problem.

There are other optimization algorithms we could use, such as the popular ADAM [35].
The Adaptive Moment Estimation (ADAM) is a more advanced optimization algorithm

that uses adaptive learning rates. It computes individual learning rates for each weight
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based on the average of past gradients and their variances. ADAM also uses momentum?
to accelerate the convergence of the optimization algorithm. We will test both ADAM

and SGD when optimizing our networks.

5.1.3 Activation functions

As seen in Section 5.1.1, an important aspect of NNs are activation functions and cost
functions. As shall become apparent in Section 5.1.4, when evaluating an activation func-
tion we get the neuron output, but what are these activation functions? Mathematically
speaking, activation functions are: Non-constant, Bounded, Monotonically-increasing and
continuous functions. In this project we will utilize two different activation functions at

different layers. The first one is a sigmoid activation function

fa) = (5.4)

which is the most basic activation function, this will be used from the last hidden layer

to the output layer. On all other layers we will utilize a Rectified Linear Unit (ReLU)

x ifx >0,
f(z) = 2" = max(0,z) = (5.5)

0. otherwise.

ReLU has better gradient propagation, meaning that there are fewer vanishing gradient

problems compared to the sigmoid function.

5.1.4 Feed Forward network

To describe how the network "guesses" outputs in a mathematical model we can start by
looking at Eq. (5.2) where we got an output y from an activation function f that receives

x; as input. We can expand the function’s input as follows

y=f (Z w;T; + bi) = f(2) (5.6)

2Past gradients influence current updates, improving optimization by considering direction and mag-
nitude of previous gradients.
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where w; is still the weight, and we now use the previously mentioned bias b; which is
normally needed in case of zero activation weights or inputs®. The difference comes now
in the interpretation; in the activation z = (3., w;z; + b;) the inputs x; are now the
outputs of the neurons in the preceding layer. Furthermore, an MLP is fully-connected,
meaning that each neuron received a weighted sum of the output of all neurons in the
previous layer. To expand the activation in Eq. (5.6) we can first look at the output of

every neuron ¢ in a weighted sum z; for each input z; on a layer

M
zi = Zwiljxj + b;, (5.7)
j=1

where M stands for all possible inputs to a given neuron ¢ in the first layer. Such that
if we evaluate the weighted sum in an activation function f; for each neuron 7, then the

output of all neurons in layer 1 is ¥}

M
yi = f(z)=f <sz~1ﬂj +b§>
j=1

To generalize this for [-layers, which may have different activation functions, we write it

as
N1
S = ) = f (z Wy 4 bz) 6.9
j=1

Where N, is the number of neurons in layer {. Thus, when the output of all the nodes in
the first hidden layer is computed, the values of the subsequent layer can be calculated
and so forth until the output is obtained. With this we can show that we only need the

inputs z,, to calculate the output with [ hidden layers

(5.9)

Nl Nl—l No
= Sty (b (v (S 1) ) 1)
j=1 k=1 n=1

This shows that an MLP is nothing more than an analytic function, specifically a mapping
of real-valued vectors & € R — y € R™. We can also see that Eq (5.9) is essentially a

nested sum of scaled activation functions of the form

f(@) = c1f(caw +c3) + ey

3The bias allows the model to introduce a constant offset output of a neuron
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where the parameters ¢; are the weights and biases. By adjusting these parameters we
shift the activation function to better match the label we are training the data on, this
is the flexibility of a NN. Something else we can note is that Eq. (5.9) can easily be
changed into matrix notation, as hinted with Eq. (5.1). However, this realization can
help make computing the values a much easier task by for example utilizing TensorFlow
[36] or other mathematical packages in Python. An illustration showing the main idea of

how a Feed forward network is set up is shown in Figure 5.1.

f(x) = Sigmoid

Figure 5.1: Basic illustration of a network with two hidden layers.

5.1.5 Back Propagation algorithm

So far we have only explained Feed Forward networks, which help us to compute the
output of the NN in terms of basic linear algebra. We mentioned the possibility to adjust
the weight and biases, but never explained how. Now is the time to dive into that subject,
as we will explain the back propagation algorithm. What we want to know is how the
changes in the biases and weights in the network change the cost function, and how
we could use the final output to modify the weights? Before we derive these equations
we start by a plain regression problem, using the Mean Squared Error (MSE) as a cost

function for pedagogical reasons

COV) = 53— ) (5.10)
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where W is the matrix containing all the weights, y; is the network output and (more
importantly) ¢; are the targets, which are the labels of events telling whether we have a
signal or background event. To generalize this we first have to generalize Eq. (5.8) for a

layer [

M
~N\T A
A=Y w2 = (W) g
i=1

where the right side is written in matrix notation. From the definition of zé- with an

activation function, Eq. (5.6), we have

0z
] -1
E— 5.11
and l
ﬁzj o
oy Wi

which again, with the definition of the sigmoid activation function, Eq. (5.4), gives us

8y§

=y — ) = FED - S (5.12)

Furthermore, we need to take the derivative of Eq. (5.10) with respect to the weights,

doing so for a respective layer [ = L we have

dC(WE)
dwjy

8ij

L
owjy,

= (y; —t;)

where the last partial derivative is easily computed using the chain rule with Eq. (5.11)

and Eq. (5.12)
8ij _ 6ij 3z§-

L = 9.L 9L
8wjk 8zj 8wjk

1

=yl —yPy~
Such that X
oC(WE)

sor— = Wi =)y A= yy =y (5.13)
Jk

where we have defined the error

o=yl —t)yr (L —yl) = f(z)) = (5.14)
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or in matrix form

. oC
o= f(2) o ot

where on the right-hand side we wrote this as a Hadamard product®. This error §” is
an important expression, since as we can see in the index form of this expression in Eq.
(5.14), we can measure how fast the cost function is changing as a function of the j-th

output activation. This means that if the cost function does not depend on a particular

neuron j, then 5jL would be small.

We also notice that everything in Eq. (5.14) is easily computed. Thus, we can also
see how the weights change the cost function using Eq. (5.13) quite easily. Another thing
we can compute with Eq. (5.14) is

oC  9C oyt

i (9,2]-L - 8ij 02}

which can be interpreted in terms of the biases bJL as

o 0o oc
i 3()5 82} n 8b]L

(5.15)

where the error 5jL is exactly equal to the rate of change of the cost function as a function

of the bias.

Something interesting is that when using Eq. (5.13 - 5.15) we see that if a neuron output
y]L is small, then the gradient term, Eq. (5.13), will also be small. We say then that the
weight learns slowly, meaning that the contribution of said neuron is less important "to
fix" than those that have a higher weight. Of course this example is a very simple one to
wrap our heads around, but the magic comes when the algorithm is evaluating a random
neuron in a layer n, after using many layers the NN becomes a black box for us to wrap

our heads around!

It is also worth noting that when the activation function is flat at some specific values®

the derivative will tend towards zero, making the gradient small, meaning the network

4Also called element-wise product, (Ao B);j = (A® B)ij = (A)ij(B);
°For the sigmoid it is at values |z| > 1 and for ReLu z < 0
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is learning slow as well. To finish up our back propagation algorithm we still need one
equation. We are now going to propagate backwards in order to determine the weights
and biases. We start by representing the error in the layer before the final one L — 1 in
terms of the errors of the output layer. If we try to express Eq. (5.14) in terms of the

output layer [ 4+ 1, using the chain rule and summing over all £ entries we get

90 azl+l 8Zl+1
-y 200 s g
k

1 5.1 I
— 0z, 0% 025

recalling Eq. (5.7) (replacing 1 with [ + 1) we get

5= S s (5.16)

k

Which is the final equation we needed to start back propagating.

5.1.6 Summary

To summarize the whole process of the NN

e First take the input data x and the activation z; of the input later, and then
compute the activation function f(z) to get the next neuron outputs y'. Mathe-
matically this is taking the first step of the feed forward algorithm, i.e. choosing
[ =01in Eq. (5.9)

e Secondly we commit all the way in Eq. (5.9) and compute all z;, activation function

and y'.
e After that we compute the output error 6% by using Eq. (5.14) for all values j.
e Then we back-propagate the error for each | = L —1,L —2,--- 2 with Eq. (5.16).

e The last step is then to update the weights and biases using Eq. (5.3) for each [
and updating using

! ! I 1-1
Wy, < Wi — MY,

and

! l l
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This whole procedure is usually called an epoch, which we can repeat as many times as

we want to better reduce the cost function in hope of converging to the global minima.
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5.2 Boosted Decision Trees

In the previous chapter, we explored how NNs can aid in the task of signal and back-
ground classification, such as the one in this thesis where we are looking for a DM signal
on top of SM background. In this chapter, we will delve into Boosted Decision Trees
(BDTs), another powerful tool for binary classifications. BDTs, unlike neural networks,
are not based on simulating biological neurons. Instead, they rely on decision trees, a
simple yet powerful idea that has been around for decades [37, 38]. Decision trees are
built by recursively splitting data based on the values of features until a stopping con-
dition is met. BDTs take this idea one step further by training an ensemble of decision

trees, where each tree attempts to correct the mistakes of its predecessors.

BDTs have several advantages over other machine learning algorithms, such as neural
networks, for binary classification problems. They are highly interpretable, which allows
us to understand how they arrived at their decisions. This is particularly important in this
field, high energy particle physics, where the ability to interpret results is crucial. BDTs
are also highly resilient to overfitting® and can handle missing data effectively. Given
their strengths, BDTs have been widely used in particle physics for binary classification
tasks, such as distinguishing signal from background events. The idea of the BDTs used
in high energy physics today was proposed as early as 2001 by Friedmann in the paper
Greedy Function Approzimation [39], and since then have become an indispensable tool in
the field. In particular, in the ATLAS collaboration challenge The Higgs boson machine
learning challenge [10] the creation of a BDT package called XGBoost [41] increased the
popularity even more as they won the challenge. Today XGBoost has become a standard

ML tool used in the field.

In this chapter, we will explore the theory behind BDTs in the context of extreme gradient
boosting, for this we are mainly interested in two ways of making DT, a set of Classifica-
tion And Regression Trees (CART). The theory is mainly based on Hjort-Jensen’s lecture

notes [12, 13| and section 2 on the original XGBoost paper [11].

SWhich is when the model learns too much from the training data, becoming excessively specialized
to the training examples and performing poorly on new, unseen data.
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5.2.1 Decision trees

We will begin by explroing Decision Trees (DT) in the context of this DM search. The
idea behind DTs is to find the most important features which contain the optimal infor-
mation about the signal (DM) and background (SM), and then split the dataset along
the values of these features with the goal of creating a dataset containing pure signal. As
we are going to use kinematical variables as features we will use this to both augment
and automate the classical cut and count method (Section 4.3), which is based on making
kinematical cuts on the variables. To find which kinematical features are most important
in splitting the dataset we have to achieve a stopping criterion where we end up on a

so-called leaf node.

A DT is typically divided into root modes, interior nodes and a final leaf nodes, also
called leaves, which are all connected by branches, hence the name decision tree. As
mentioned in the start of this chapter, we will look at two ways of making DTs, the first

one we will look at is the regression tree.

5.2.2 Regression trees

As previously mentioned the leaves contain the prediction of a trained network, and
are used to make new predictions on new datasets based on the information of the DT
learning in the branching process. As how to construct trees, there are mainly two steps

we need to follow:

1. Split the predictor space (set of possible values zy,xa, - ,x,") into J distinct and

non-overlapping regions, Ry, R, --- , Ry

2. For every observation that falls into the region R;, we make the same prediction,

which is the mean of the response values for the training observations in R

But how do we construct the regions R;, Ro,---,R;?7 In theory these regions could
have any shape, but for simplicity and pedagogical reasons we will choose to divide the
predictor shape into high-dimensional rectangles, or boxes. This means that the goal is

to find boxes Ry, Ry, -+, Ry that minimize a cost function, which again, for pedagogical

"Meaning all features in one event m in Eq. (5.1)
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reasons will be the Mean Square Error (MSE) (Eq. (5.10)), defined as

J

Z Z (yi — Ur,)?

j=1i€R;
where y; is the network output, and g, is the mean response for the training observations
withing box j. Ideally we would consider every possible partition of the feature space
into J boxes, but his is computationally challenging. Thus, the common approach is to
begin at the top of the tree, where all observations belong to a single region, and then
split the predictor space, where every split is indicated via two new branches down in the
tree. This is greedy (as in Greedy Function Approzimation [39]) since the best split is
made in the first step, rather than looking ahead and picking a split that might lead to

a better tree in a future step.

To make any split we start by selecting the predictor z; and a cut point s that splits the

predictor space into two regions R; and Ry
{X|z; <s} and {X|z; > s}

so that we obtain the lowest MSE,

Y wi—ur)+ D Wi—r)

i, ERy i:x;€Ro

where we consider all predictors z1, 9, - - - , x, and each possible value s for each of them,
where these values can be randomly assigned numbers. For any j and s we define the pair
of half-planes where yz, and yg, are the mean responses for the training observations in
R1(j,s) and Rs(7, s) respectively. The goal is to find the value j and s such that we mini-

mize the cost function, which can be done quickly depending on the number of predictors.

Then we repeat the process looking for the best predictor and best cut point, but in-
stead of stopping with two regions, we split one of the two into another two regions
creating a total of three regions. This is called the depth of a tree, and we can in prin-
ciple continue to split indefinitely, however one usually sets a stopping criterion on how

many events should be at a leaf.
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The method explored above is straight forward, but often leads to overfitting and unnec-
essarily large and complicated trees. To mediate this one usually uses a so-called Cost
complexity pruning algorithm. For regression procedures, the algorithm, rather than con-
sidering every possible subtree, considers a sequence of trees indexed by a non-negative
tuning parameter «. For each value of this a there corresponds a subtree T' € T such

that

> Y wi—9r)* +aT (5.17)

m=1i:x;€Rpm
is as small as possible. In the equation above T is the number of terminal nodes of the tree
T, R,, is the rectangle corresponding to the m-th terminal node. The tuning parameter o
controls a trade-off between the subtree’s complexity and its fit to the training data. As
« increases, the above equation will give us a higher value, meaning that our trees would
normally prioritize less complex models. This procedure is repeated until we minimize

Eq. (5.17) and choose a suitable value for . This is the essence of regression trees.

5.2.3 Classification trees

The second DT type we will study is the classification tree. Classification trees are very
similar to regression trees, except that they are used to predict a qualitative response
rather than a quantitative one. This means that classification trees are used for predic-
tive modeling in which the output variable is discrete, such as classifying an email as
spam or not spam, or predicting whether an event in our dataset is a DM signal or SM

background event.

Like regression trees, classification trees recursively split the data based on the values
of input variables until a stopping condition is met. However, the splitting criteria for
classification trees are different. Classification trees cannot use the MSE function used in
regression trees as a criterion for making binary splits, instead they use the classification
error rate. The classification error rate, classification trees have discrete outputs, is sim-
ply the fraction of the training observations in a region that do not belong to the most

common class.
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(Classification trees use measures such as Gini index or the entropy to determine quality
of a split at each node. The idea behind these quality measures is to select the split that

maximizes the separation between the different categories of the output variable.

If a classification task takes for example k = 1,2,--- , K values as outputs, we can define
a probability distribution function p,,; that represents the number of observations of k
in a region R, with N,, observations. We can represent this likelihood function in terms

of the proportion I(y; = k) of observations of this output in region R, as
1
Pmk = N_m Z I
a)ieRm

where p,,. represents the majority class of observations in region m. The tree most

common ways of splitting a node are given by: The misclassification error

m

z;€ERm
The Gini index G
and the entropy s
K
> P Log(pr)
k=1

5.2.4 The CART algorithm

As we are going to look at extreme gradient boosting, the main algorithm for this type
of DT is the Classification And Regression Tree (CART). For classification, the CART
algorithm splits the dataset in two subsets using a single feature k£ and threshold t;. This
could for example be a threshold set on the value of the invariant mass of an event we
are trying to classify as background or signal. The way we optimize the pair (k,t;) such
that we get the purest subset is by for example using the Gini factor G. With this the

cost function tries to minimize

Mie My
C(l{?, tk) Left Gleft + ”rrfht Gright
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where Giefi/rignt is the impurity of the left /right subset given in Eq. (5.18) and myef Jright
is the number of events in the left /right subset. Once the algorithm successfully splits the
training set in two, it splits the subsets using the same algorithm, and so on, recursively.
For our purposes we will make the DT stop searching for the pair (k,%;) once we have
reached the maximum depth we chose, or whenever the sum of the weights on a leaf is
one. Both of these are hyperparameters that need to be optimized, as will be done in

Section 7.3.2.

The CART algorithm for regression works similarly to the one for classification, but
instead of trying to split the training set in a way that minimizes the Gini or entropy
impurity, it tries to split the training set in a way that minimizes the (MSE). Meaning

that we have

Ok ) = NS By sy + 9 NS By
m m
with
1
MSEnoe: _noe_ i2
¢ Mpode Z (y ¢ y)
i€node

and

_ 1

Ynode = m Yi

node i€Enode

5.2.5 Ensemble modeling and (extreme) gradient boosting

Now that we have explained how DTs work, we still need more information to get the
full picture of Boosted DTs. As we are going to look at a massive dataset, a single tree is
not strong enough to be used in practice. What is actually used is the ensemble model,
which sums up the prediction of multiple trees together. What is important in these
models is that the different trees we are summing together try to complement each other.
For example if the first split on one tree is on the invariant mass of a dilepton pair,
while on another tree it is the MET, then we know physically that these are important
features that DM + dilepton models have as a signature, meaning that it should be a
good combination. Mathematically, we can write the prediction of an ensemble model in

the form
K

@z:ka(sz), T €F (5.19)

k=1
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where K is the number of trees we want to sum over, f; is a function of the functional
space JF, where F is the set of all possible CARTs. With this we want to minimize the

objective function of the form

L= EZC%WZ §j<ﬁ>

k=1

where we sum over n leaves, C' is training cost function (for example it can be the MSE),
and Q(fx) is the complexity of the tree fi, which penalizes the more complex models.
We can see from both functions above that we need to teach all trees at once to make
predictions, this is however both computationally demanding and intractable. Instead,
we can use an additive strategy, where we fix what we have learned, and add a new tree

at a time. Using Eq. (5.19) with 0 trees and going up we see that we get

9 = file) = 07 + fi(z)
= fulzi) + falws) = 9 + fo(zy)

0 = fi() + falas) + fala) = 957 + fal)

and so on. Mathematically we see that a prediction at step ¢ as in g}lgt) takes the form

i }:ﬁ%:= Dt filw) (5.20)

Such that we can now write the objective to be

= Clun i+ filad) + Q) (5.21)

from which we can set up our choice for cost function. In general, we take the Taylor

expansion of the loss function up to the second order such that we get

n

U”:E:%X%yf”)+%ﬁ®0+ “haf2(a)| + QUf) + const

%
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where

6= 0,0y 3 ™") and ;=20 Cly;, 91"

Such that the specific objective at step ¢ becomes

& 1

> i) + ghusiten| + 00 (522
i=1

where we removed all constants, such that Eq (5.22) becomes the optimization goal for
the new tree. As we can see the above equation can take into account any cost function
as it is written in a general form with a Taylor expansion. Furthermore, we can rewrite

this by expanding

T
1
Q(f,) = oT + §Azw§.
j=1

where the first term is the same as in Eq. (5.17), and the second is called the regularization

term (see Section 5.3.1 for a detailed explanation). Inserting this into Eq. (5.22) we get

i=1 =1

T
j=1

such that with a fixed tree structure, ¢, we can define the optimal weight w} on a leaf j

as
* 27'11 Gi
= = 5.23
YT TS A (5:23)
and correspondingly the optimal objective reduction
T
Lo Xii9)’
LO(g)=—=) &=L 6T 5.24
() 222;;1hi+A+0‘ (5.24)

With both of these equations we have all we need to use BDTs, the extreme part of
the gradient boosting is something the XGBoost algorithm has implemented in terms of
system optimization, such as parallelizing the tree boosting task, and can be read in more

detail in section 4 of the original paper [11].
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5.2.6 Summary

So in short BDTs split datasets based on different values of the features on the dataset,

Figure 5.2 shows an illustration of how DTs work.
.
Figure 5.2: Illustration showcasing how decision trees work by splitting a dataset of N events

with M features whenever a threshold X,Y or Z for a feature is passed. The label S and B
state whether the event is signal or background respectively.

The illustration in Figure 5.2 just shows how one tree might work, in reality we can choose
to have an arbitrary number of trees and combine their results with the ensembling and
boosting method. Then after combining the generated tree structures we use the optimal
weight in Eq. (5.23) and the optimal objective reduction Eq. (5.24) to minimize the
objective to get the most accurate predictions as possible. But this will come later when

applying these to data in Section 7.3.2.
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5.3 Tools and evaluation methods used for both algo-

rithms

Now that we have explained how both NNs and BDTs work, we will present the tools

and evaluating method that we will use in this thesis.

5.3.1 Cost functions

Cost functions have been mentioned throughout this chapter, but what are they? Cost
functions are what we will utilize to evaluate how well the output of the network fares
against the target, i.e. if our network "guesses" right whether an event is signal or
background, thus making this a very important part of our network! Before getting
into this we first have to look at logistic regression. Since we are studying a binary
classification task where the output is either ¢;, = 0 or ¢; = 1, meaning background or

signal. We can introduce a polynomial model of order n as
Ji = Bo + Pri + o} + - 4 Bua]

where the hat notation, g, symbolizes a condensed matrix form of the output of a layer.
We can define the probabilities of getting ¢; = 0 or 1 given our input z; and 3 (weights
and biases) with the help of a logistic function. Using this we get the probability as

1

ti =1 I3 =
p( i, B) =

and

p(ti = 0|z, B) = 1 — p(ti = 1|z, B)

We want to then define the total likelihood for all possible outcomes from a dataset
D = {(t;,x;)}, with the binary labels ¢t; € {0,1}, applying the Maximum Likelihood
Estimation (MLE) principle. This gives us

P(D|B) = H [p(ti = 1]as, B))'* [1 = p(t; = 1|z;, 8)) "

i=1
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from which we obtain the log-likelihood

n

c(B) = Z (tilogp(t; = 1|zi, B) + (1 — t;) log[l — p(t; = 1|x;, B)])

i=1
By taking the parameter 3 to first order in x; and reordering the logarithm we get

n

C(B) = = > _(u:(Bo + Brs) —log(1+ exp(fo + i) (5.25)

i=1
This equation we will use throughout the thesis and is known as the cross entropy. The
two beta parameters used are the weight and biases, f; = w and By = b. The goal is to

optimize these parameters such that it minimizes the cost function.

L2-regularization

Furthermore, we will add an extra term to the cost function, proportional to the size of
the weights. We do this to constrain the size of the weights, so they do not grow out of
control, this is to reduce overfitting. We will use the so-called L2-norm where the cost

function becomes

C(B) = C(B) +AY_ui; (5.26)

meaning that we add a term where we sum up all the weights squared. The factor A
is called the regularization parameter. The L2-norm combats overfitting by forcing the
weights to be small, but not making them exactly zero. This is so that less significant

features still have some influence over the final prediction, although small.

5.3.2 Sample weight

A "sample weights" array is an array of numbers that specify how much weight each
sample in a batch should have in computing the total loss. It is commonly used in
imbalanced classification problems (the idea being to give more weight to rarely-seen
classes) [44]. To mathematically illustrate how this weight works is by multiplying a

constant term y; into the cost/loss function that is used further on the error propagation.
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As an example we can extend the simple MSE, Eq. (5.10) to
. ] —
(W) == J(yi — )2 5.27
(W) 2i§1x(y ) (5.27)

This will become an important feature when discussing network optimization in Chapter
7, and especially for particle physicists as we want to re-weight Monte Carlo events to

expected events to correctly showcase kinematical distributions.

5.3.3 Area under the ROC-curve

To evaluate how well our networks do, we will use the accuracy, which literally tells us how
the fraction of events it guessed right. But we will also take into account a more advanced
metrics, this is the Area Under the "Receiver Operating Characteristic (ROC)" Curve
(AUC). The theory for this section is based on the Wikipedia page [15]. Before explaining
what the AUC is we first need to explore the ROC curves. The ROC curves helps us
illustrate how successful a network is doing binary classification. The ROC curve, as the
name states, is a curve, where we plot the True Positive Rate (TPR) against the False
Positive Rate (FPR). The TPR is defined by dividing the True Positive (TP), which is
when the network correctly guesses a signal event to be a signal event, by the Positive

(P), which is the total number of signal events in the data.

TP
TPR = —
P

On the other hand, the FPR is when we divide the False Positive (FP), when the network
guesses a background event to be signal event, divided by the Negatives (N), the total

number of background events in the data.

FP
FPR = —
N

To get a numerical value of how well a network classifies data we thus calculate the AUC.
The TP and the FP are both going to be predictions from the networks, which for this
thesis will give an event a score from 0 to 1%, meaning that if we had a perfect network

which guessed everything correctly we would only get TPs and thus an AUC of 1. If we

8Where 0 means that the network classifies an event as background and 1 as signal.
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were to get an area of 0.5 this would mean that the network is randomly guessing whether
an event is a signal or background, practically making a coin toss for every event. The

goal is to have a network to give an AUC score as close to 1 as possible.

While only using the accuracy as a metric is not a bad start, it is not favorable to use as
a metric if datasets are unbalanced. As en example, if we had a dataset with 100 events,
where 95 were background events and 5 were signal events, if we only used accuracy as a
metric we would be inclined to think that an accuracy of 95% is great. However, as the
dataset is unbalanced, the network could easily take a shortcut and guess every event to
be a background event. Meaning that the network learned nothing. This is where the
AUC comes into play, as this metric highlights whenever a network guesses wrongly in a
binary classification. Meaning that if we used the worst case scenario with 95% accuracy
when guessing everything to be background, we would have a TPR = 0 and an FPR = 0,
if we were to plot this we would get a flat line on the FPR and TPR axis, meaning that
it would give us an AUC of 0.5. Highlighting that our network is randomly guessing, and

that it needs to be optimized further. In Figure 5.3 we see an example of a ROC curve.
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Figure 5.3: Illustration of a ROC curve. The orange line is the result of a network, while the
dashed blue line is to illustrate a random guess (AUC = 0.5)
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5.3.4 Validation plots

Another tool that we will use to evaluate how well a network does is by making so-called
validation plots. The way these plots work is by making a distribution with histograms
of the ML output for both signal and background. As a score closer to 1 means that the
network predicts an event to be a signal event, and 0 means that the network predicts a
background event. Then we would ideally have all the signal events shoved to the right
and all the background events shoved to the left. Usually this is not the case, as some
background events might be similar to signal events. We will therefore utilize this kind

of plots to see the distribution of the network predictions.

In addition to just sorting events by the ML score, we will also re-weight the events
(which are MC events) into expected events?, which takes into account the cross-section
of a process in an event basis. The difference this makes can be seen in Figure 5.4, where
we can see how an arbitrary distribution changes when applying re-weighting, the most
notable difference is in the last bins where we stop having more signal events than back-
ground events. We can however still use the non-re-weighted plots to see how well the
network has learned to categorize, but these plots will not be used in this thesis, and can

rather be found on the GitHub repo'’.

It is standard practice to fill the histograms with semi-transparent colors, such that one
can visualize the whole spectra for both background and signal. In this thesis we will
use this, as well as validation plots where we divide the SM events into their respective
background channels and fill them with opaque colors, while leaving the signal unfilled.
We will in addition include real data points in a control region, meaning up to a score of
0.6, to see how well SM simulations agree with the data. Ideally we want our data to not
agree with the SM simulations when the network predicts a score close to one, as this
discrepancy could be a hint of new physics. But as we cannot show signal regions before

a data unbinding procedure we will not pursue the latter case.

9Gee Section 7.1.1 for more information
10 Available in Plots here: https://github.com/rubenguevara/Master-Thesis /tree/master
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Figure 5.4: Illustration of the validation plots. Plot a) shows how the network learned a dataset
without re-weighting events, while b) shows how it looks for re-weighted events. For this example
we will not show any numbers, but the plot a) has more signal events than the luminosity allows

for, while plot b) is corrected.
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5.3.5 Significance plots

To create signal regions which will be used for statistical analysis we will also look at
significance plots. The way these plots work is by using the expected significance, Eq.
(4.19)*, on the number of signal and background events that are present after making
a cut in the ML output on the validation plots. As an example, Figure 5.5 shows the
re-weighted validation plot from the previous section (upper figure). We can calculate the
expected significance by counting the number of signal and background events that have
an ML score greater than 0.5, 0.6, 0.7, 0.8, 0.9 and 0.99 respectively. The significance
distribution is shown in the lower plot of Figure 5.5. Here we see that the greatest
expected significance lies on the last bin of the upper distribution, the example used
reaches an expected significance of ~ 2.350. We will use this as a metric to choose where

we will make a kinematical cut before making exclusions.

HOr Eq. (4.20), if we want to include uncertainties
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Figure 5.5: Plot a) shows an arbitrary ML score distribution. Plot b) shows the expected
significance that is calculated from the distribution shown in plot a) when making cuts on the

ML output score. The dashed lines are to guide the eye.
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5.3.6 BDT and NN exclusive plots

Feature importance

For BDTs, as we can calculate which features had the most impact when splitting the
data, we will also include feature importance plots. As the name states these plots tell
us how important the features in the dataset were in the training to separate signal from
background. As we are using the XGBoost package when working with BDTs, we will use

the inbuilt functions of the package to plot the feature importance.

When plotting the feature importance there are several metrics we can use to determine

how important they are, for this thesis we will mainly look at

e Gain: which measures the relative contribution of a feature to the model’s perfor-

mance

e Weight: the number of times a feature appears on a tree to split the data. This is

the standard metric used by XGBoost

e Cover: the number of samples affected by the split with a feature

Metric and loss evolution

For NNs we can plot how the metrics (AUC and binary accuracy) as well as the loss
function change over the training epochs. We will plot these changes for both the training
and testing sets. The goal is that the metric and loss converge to the same point for the

training and testing set.
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5.4 Summary

Now that we have explored the theoretical foundation of the ML algorithms we will be
studying, as well as the tools we will be using to test how well the algorithm has performed,
we are ready to start telling about the methods we will be utilizing in this thesis. The next
part will be about the data preparation process, which shows the kinematical variables
that we will use as features, as well as the size of the dataset. We will also present in the
next part the challenges that arise when using extreme datasets as we do in high energy

physics, including the methods used to mitigate these problems.
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Chapter 6

Data Preparation

Now is the time to focus on the critical task of preparing the data for our DM search
using ML. This task is essential because accurately distinguishing between signal and
background events is a key challenge in searching for any new signal event, as seen in
Chapter 4.3. In this chapter we will define what background and signal actually are,
as well as selecting appropriate kinematical cuts to define the preselection region for our
search. In addition, we will explain the data preparing procedure such that it is in a format
that is well-suited for our ML algorithms. The reason this process is of great importance
is, so we can maximize the chances of our ML algorithm to accurately identify any DM
signals. Moreover, by providing a detailed explanation of the data preparation process, we
can ensure that our dataset is both reliable and effective, and that our analysis is robust
and trustworthy. In short, this chapter represents a critical step towards achieving our
goal of using ML to classify DM from SM events using ATLAS data, and this is essential

to the success of our overall research goal.

85
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6.1 Standard Model background estimation

As we are going to look at dilepton final states with missing transverse energy to try
to teach our ML to learn DM signatures, then we need to take into account all possible
SM backgrounds events that share the same final states. The SM backgrounds processes
we will look at are explained in the next subsections. Appendix E gives the full list of

dataset IDs for background processes used in this thesis.

6.1.1 W and Drell Yan

Wjets and Z* /~*+jets can lead to final states that mimic the one we are searching for.
The W boson can decay to a lepton and neutrino W — ly;, which features MET, and
Z /v — ll, which ends as a dilepton final state. The dominant production mechanisms
for these background processes are shown in Figure 6.1. Where the quark jet can keep
on decaying, potentially weakly creating another lepton and neutrino giving rise to a
dilepton final state. We will divide these background processes into two, W and Drell
Yan processes, where the latter is Z/~* + jets. To simulate these background processes

Sherpa 2.2.11 [46] was used.

~ 00000000 > —*
g q q g
q'a q'a
q W/Z/y g WiZ[y
—_———— —_—

Figure 6.1: Diagrams showcasing SM W and Drell Yan production. A quark marked with a
prime, indicated that the quark might be a different flavor after interacting with a boson.

6.1.2 Top pair

Another SM background process we will look at are ¢t processes. Since the top has a
close to 100% branching ratio of decaying into a b-quark! and a W boson, t — bW,
where the W boson can again decay into a neutrino and lepton, where the first leads to

MET. The overall final state is dilepton with MET together with two b-jets. The main

'Making b—tagging an effective method to reduce this background channel
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production mechanism for these processes can be seen in Figure 6.2. To simulate these

background processes Powheg-Box v2 [17] interfaced with Pythia 8 [18] was used.

(a) s-channel (b) Gluon fusion (c) t-channel

Figure 6.2: Diagrams showcasing SM tt production

6.1.3 Single top

On the same note we have processes with a single top, where again the top has a high
branching ratio of decaying into a b-quark and a W boson, t — bW ™, where the W
boson can again decay into a lepton and neutrino, giving MET. The main production
mechanism for these processes can be seen in Figure 6.3. The b-mesons, and quark (for t-
channel) can occasionally decay semi-leptonically giving us the second lepton and another
neutrino. To simulate these background processes Powheg-Box v2 [47] interfaced with

Pythia 8 [48] was used.

> > ~oO000CC0 | Y,
q q g t
W+ Al
b t b A
> > —— VY
(a) s-channel (b) t-channel (c) tW

Figure 6.3: Diagrams showcasing SM single top productions. A quark marked with a prime,
indicated that the quark might be a different flavor after interacting with a boson.

6.1.4 Diboson

The last SM background process we will look at are processes containing two bosons,
called diboson backgrounds. The two SM bosons we will consider when looking into
these final states are the W and Z, as these can decay as Z — [l or W — ly;. The

main production mechanism for these processes can be seen in Figure 6.4. From these
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diagrams we have that WW — Il +vv, WZ — lv + 11> and ZZ — Il + vv, which all

lead to a dilepton with MET final state. To simulate these background processes Sherpa
2.2.11 [16] was used.

vz

(a) s-channel WZ (b) s-channel WW
q’ 7 - - W* ) Z
q'/q A
] 74 W g Wt/ 7
(c) t-channel WZ (d) t-channel WW and ZZ

Figure 6.4: Diagrams showcasing SM diboson production. A star superscript on a boson indicates
that the boson needs to be virtual and off mass shell. A quark marked with a prime, indicated
that the quark might be a different flavor after interacting with a boson.

2Where one lepton is not reconstructed
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6.2 Dark Matter samples

6.2.1 Mono-7Z’

The Z'—aware DM models described in Chapter 3 are showcased in Figure 6.5.

(a) Dark Higgs (b) Light Vector (c) Inelastic EFT

Figure 6.5: Mono Z’ models

These models contain three relevant couplings

e the coupling gp between the Z’ and the dark sector particles (Z2'Z'hp (See Figure
6.5a) or Z'x1x2 (See Figure 6.5b and 6.5¢))

e the coupling g, between the Z’ and quarks
e and the coupling g; between the Z’ and leptons

The coupling to quarks and leptons are assumed to be the same for all generations. When

simulating the couplings were set to

® gp = 17
e g,=0.1,
e and g, = 0.01.

In addition to the couplings, as mentioned on Chapter 3, we will divide the three models,
Dark Higgs, Light Vector and inelastic EFT into two more regions. The difference being
the masses of the new Z’ boson, Table 6.1 showcases the definition of the Light Dark
Sector (LDS) and Heavy Dark Sector (HDS).
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Table 6.1: Dark sector masses in light- and heavy dark sector models

‘ Dark Higgs ‘ Light Vector / Inelastic EFT

i my =5 GeV my, = 5 GeV

Light Dark Sector M, =125 GV | my, = my, + my + 25 GeV
Heavy Dark Sector my =5 GeV My, = My /2
Mpp = Mgz My, = 2mZ/

The simulated masses of the new Z’ boson used in this thesis are
mz = [130, 200, 400, 600, 800, 900, 1100, 1200, 1300, 1400, 1500] GeV,
for the DH and LV model and
mz = [130, 200, 300, 400, 500, 600, 700, 800, 900, 1000, 1100, 1200, 1300, 1400, 1500] GeV,

or the EFT model.

6.2.2 Supersymmetric direct slepton production

For the supersymmetric direct slepton production model, pp — 0+ X — 0000 + X,

depicted in the Feynman diagram in Figure 6.6

X4

L
7 *i* X4
1
Figure 6.6: Direct slepton production

The masses of the sleptons, m;, and neutralino, myo, are the free parameters. We also
assume that there is a 100% branching ratio on the decay (- ¢x). The mass pairs of
the neutralinos and sleptons used in this thesis are shown in the scatter plot of Figure

6.7. mgo(< my) ranging from 0 (50 GeV) to 380 (400 GeV), respectively.
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Direct slepton production mass points
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Figure 6.7: Scatter plot showcasing the X} and ¢ mass pairs for direct slepton production studied
in this thesis. Fach dot represents a simulated direct slepton process using the masses.

6.2.3 2HDM + a

The Two Higgs Doublet Model with an additional pseudoscalar a (2HDM +a) which
decays into DM represented by the Feynman diagram in Figure 6.8.

Figure 6.8: 2HDM + a

There are six important parameters for this model:

The Yukawa coupling constant between the pseudoscalar mediator a and DM, vy,

which was set to y, = 1.

The electroweak vacuum expectation value, v, which was set to v = 246 GeV.

The mass of the DM candidate, m,, which was set to m, = 10 GeV.

e The mass of the new charged Higgs, mpy+
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e The mass of the pseudoscalar a, m,
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e The ratio between the vacuum expectation values of the Higgs doublet, tan j.

The values of the mass pairs (my+, m,) used for this thesis are summarized in Figure

6.9 for some values of tan # ranging from 1 to 30.
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Figure 6.9: Scatter plot showcasing the m, and my- mass pairs for 2HDM + a model studied
in this thesis. FEach dot represents a simulated 2HDM + a process using the masses. As we have
different values for tan 8 we show the different simulated samples for each mass for each value.



6.3. OBJECT SELECTION 93

6.3 Object selection

Before getting into our DM search and the regions we will study we have to define how
standard objects are defined. By standard objects we mean electrons, muons and jets.
As this thesis is made using ATLAS data and simulations we will be following the central

recommendations.

6.4 Preselection region

Now that we have defined what our backgrounds and signals are, the next step is to create
a so-called preselection region. The preselection region is the kinematical region we will
use as a base for our search. As we are conducting a model independent search we want
our kinematical cuts to be minimal and as general as possible. As we are looking at a
dilepton final state, then we need to first define what we mean by that. If we were only
searching for DM with the Z’ model, then a sensible definition would be Same Flavor
Opposite Sign (SFOS) leptons (e*e®, u*uT). However, to stay as general, and model
independent, as possible we will also study other possible combinations as these might be
important for theories such as SUSY or Lepton Flavor Violating (LFV) models. These
are Different Flavor Same Sign (DFSS), DFOS and SFSS lepton pairs.

Since we are looking for DM, which we expect to behave similarly to a neutrino, then
a nice kinematical variable to set a general cut to isolate signal from background is the
MET, we can see the distribution of MET on all of Run II in a dilepton final state in
Figure 6.10, where we have applied a cut of m; > 10 GeV to exclude hadrons, as well as

the central recommendations cuts.

As we are conducting a model independent search, we want to use minimal cuts. The
MET cut made in this thesis was chosen to be of 50 GeV (violet line in plot), meaning we
will only look at events where the MET is greater than this. As we can see from Figure
6.10 by making a kinematical cut on 50 GeV we are cutting out a massive part of the

background processes while only losing a small part of the signal.
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Figure 6.10: Distribution of MET when looking at a dilepton final state in all of Run II. The
violet line shows a MET cut of 50 GeV to create a preselection region. Three DM models are
also shown, in addition to the SM expectations.

Other than the object selection criteria, these are the only cuts that will be used to define

the preselection region. Their summary can be seen in Table 6.2

Table 6.2: Table showcasing the cuts used to define the preselection region for our model inde-

pendent search.

Feature ‘ Selection criteria
Dilepton final state (0T 0F 0 00T and (R0
Missing Transverse Energy Emiss > 50 GeV

6.5 Feature selection for ML

For this thesis there are many possible kinematic variables that can be used as features
for our ML algorithms, in this section we will make use of the kinematical variables
presented in Section 4.1.1 as well as introduce new variables that might help our ML
algorithm to correctly learn the patters of SM background and DM signal events. As

we cannot show any unblinded data points we will only show the kinematical distri-
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butions with real data at the control region, which has m; < 110 GeV. For the dis-
tributions of the features used in other regions see the GitHub repo, available here:

https://github.com /rubenguevara/Master-Thesis/tree/master /Plots/Data_ Analysis/SRs

As we are studying a final state with two leptons it is natural to look at the kinematics
for both of these objects. The first thing we will look at is the transverse momentum, pr,
of each lepton as defined in Eq. (4.2). We will also look at the azimuthal angle, ¢ and
the pseudorapidity, n defined in Eq. (4.8). With this we have practically constructed a
four-momentum from which we could learn all particle kinematics. However, we want to
help our ML algorithm as much as possible in the task of learning SM background and
DM signals. A powerful kinematical variable for this is therefor the invariant mass, my
defined in Eq. (4.3), which might as an example can help the ML algorithm sort out
resonant models. Another variable of interest is the transverse energy, Fr defined in Eq.
(4.4) for the lepton pair. The distribution of the invariant mass can be seen in Figure

6.11.
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Figure 6.11: Distribution of my; in control region. For the 2HDM + a we only include the
distribution for tan 8 = 1.

As we are studying DM, an invisible particle, the most important kinematical variable


https://github.com/rubenguevara/Master-Thesis/tree/master/Plots/Data_Analysis/SRs
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to distinguish background from signal is the missing transverse energy, E7**. Another
version of the MET is the so-called Object-based E* significance, or Ej****" for short,
this variable is used to deal with artificial or fake Ey*s. The way Ej**** works is by
weighing the value of E7** by the precision of its reconstruction. It is defined as

miss
Emiss,sig _ ET

T O.(Ejn:n'ss) (61)

where o(E***) is the uncertainty of the reconstruction of the EM*$ which consider the
individual uncertainties of the objects that enter the EJ**** calculation. The distribution
of this variable can be seen in Figure 6.12. In this thesis we will use both E* and
E7"*%*9 even though they are correlated, as the algorithm might choose in different in-

stances® which of these is of more importance.
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Figure 6.12: Distribution of E,?iss"%g in control region. For the 2HDM + a we only include the
distribution for tan 8 = 1.

To keep the trend of variables for invisible particles, we will also study the transverse
mass, mp defined in Eq. (4.10), and stransverse mass, mpy defined in Eq. (4.11). The

distribution of the stransverse mass can be seen in Figure 6.13. Moving on to jet related

3Meaning different signal regions when conducting a model independent search. See Chapter 7.1.2
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variables, we will count the number of b- and light jets with py > 30,40 GeV respectively.
As the jet reconstruction is tricky, especially when requiring a MET cut. In Appendix C
we can see how the data and MC simulations of the SM agree when counting the number
of b- and light jets with a py cut of > 30 GeV and > 40 GeV respectively. The agreement
with different pr cuts can be seen in Appendix C. We will also look at the pr, n and ¢
of the three most energetic jets, as these have the best MC and data agreement, and the

invariant mass of the two most energetic jets m;;.

Another variable we will look at is the hadronic activity, Hr defined in Eq. (4.6), from
which we can also get the ratio between the MET and hadronic activity, E¥*/Hr.

£ ¥Vm Dboson
B . ar —_— ingle Toj
q>.>107 Vs=13Tev, 139 fb™ < Drell Yan DHHDS I, 130
miss LV HDS m,, 130 ——— EFTHDS m, 130
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10 —e— Data [ ~eoc Stat.unc. ®
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Figure 6.13: Distribution of myo in control region. For the 2HDM + a we only include the
distribution for tan § = 1.

To know the distance between the lepton and MET the difference in azimuthal angle is
studied between: the lepton pair, A¢(ly, l5), the dilepton system and MET, A¢(ll, EXss),
the leading lepton and MET, A¢(l;, E7***), and the lepton closest to the MET and the
MET, Ag¢(l., EF*). In some of the models we are studying it is expected for DM and
the lepton pair to be back to back, the distribution of A¢(ll, EF**) shown in Figure 6.14,
where we see that every model we study, except for the 2HDM -+ a model, is back to
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Figure 6.14: Distribution of A¢(ll, E%"'SS) in control region. For the 2HDM + a we only include

the distribution for tan 8 = 1.
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The kinematic variables used are summarized in Table 6.3 and the distribution of the

remaining kinematical variables are shown in Appendix B.

Table 6.3: Table showcasing the kinematic variables that will be used as features on our ML
algorithm.

The variables marked with * have poor MC and data agreement. The variables marked with
T create jagged arrays. What this means and what we will do with this is explored in Section

6.5.1 and 7.2.1, respectively.

Kinematic variable

Feature name

pr of both leptons

¢ of both leptons

71 of both leptons

Invariant mass of dilepton pair, my

Missing transverse energy in event, s

Missing transverse energy significance in event, Ej"*>*"
Transverse mass in an event, mr

Stransverse mass in an event, mrs

Transverse energy of lepton pair, Er

¢ between lepton pair, A¢(ly,lo)*

¢ between lepton pair and MET jet, A¢(ll, Ess)

¢ between leading lepton and MET jet, A¢(l;, E7s*)
¢ between the closest lepton and MET jet, A¢(l., EFiss)*
Hadronic activity, Hp

Ratio between E"** and Hy, EF'*/Hyr

Number of b-jets

Number of light jets*

pr of three jets with highest ppf

¢ of three jets with highest pp'

n of three jets with highest ppf

Invariant mass of two jets with highest pr, m;;'

leplpt & lep2pt

leplphi & lep2phi
lepleta & lep2eta

mll

met

met_ sig

mt

mt2

et

dPhiLeps

dPhiLLMet
dPhiLeadMet
dPhiCloseMet

ht

rt

nbjets

nljets

jetlpt & jet2pt & jet3pt
jetlphi & jet2phi & jet3phi
jetleta & jet2eta & jet3eta
mj]

6.5.1 MC and data disagreement

There is a challenge, with the final states that are not eTe™ or u*pu~ (SFOS), as the MC
generated background tends to be lower than the recorded data. The number of events
that are not SFOS are minimal though?®, and we think the reason it does not fit the data
is because we are not including fake leptons®. The features where these are prominent

are marked by a * In Table 6.3. As we want the MC simulations of the background to

4For all kinematical variables divided into their respective dilepton final state see the GitHub repo
S5Fake leptons refer to reconstructed particles that appear to be leptons but are actually misidentified
hadrons or non-prompt particles.
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agree as much as possible, we will not use the features marked with a * when using our

ML algorithms.

6.6 Transfer to ML-friendly syntax

We have so far explained how the data will be used and carefully selected, however the
question of how the data is made, and the number of samples we will work with still

remains unanswered.

The MC simulations are made available in ROOT [49] NTuples which contain the informa-
tion of the objects passing the selection criteria in each event. What remains is to set
the kinematical cuts, so we have our preselection region. To do this, as well as saving
the remaining events into a new file which will be fed into the ML algorithm, we utilized
the algorithms on EventSelector®, which also saved the events that passed the event
selection criteria as ROOT histograms (to make plotting the distributions easier). After
saving the events that passed the selection criteria we used the algorithms on DataPrep’
to plot the actual distributions of kinematical variables, and more importantly converting
all the events that passed the event selection into an ML-friendly syntax. For this thesis
we are converting from ROOT NTuples to pandas DataFrame [50| which can furthermore
be saved as hb files to be read more efficiently. The reason we chose pandas DataFrame
is because of the easily readable kinematics per event, the easily applicable kinematical
cuts to the whole dataset (to more effectively create signal regions), and most importantly
because of the compatibility with XGBoost [41] and TensorFlow [36] which will be the
ML packages we will utilize for both BDTs and NNs. With this we are ready to discuss

the preparation of our ML algorithms.

6 Available here: https://github.com /rubenguevara/Master-Thesis/tree/master/EventSelector
7 Available here: https://github.com/rubenguevara/Master-Thesis/tree /master /DataPrep
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Chapter 7

Machine Learning preparation

We have now presented the dataset and theory, and are thus ready to start making our
ML algorithms. The first part of this chapter will be a presentation of the dataset in more
details, included all the events and the weights variable. We will also explore how we
divide our dataset into a training and testing set. Afterwards we will discuss the crucial
task of optimizing the architecture and hyperparameters of the ML models for obtaining
high-performance classifiers. In this field, the challenge is often to distinguish between
signal events from rare physics phenomena, and the much more common SM background
processes. Since the signals events are extremely rare, the classifiers need to be highly
optimized in order to effectively separate them from the background. In addition, the
datasets have numerous features, which can lead to overfitting or poor generalization if
not properly optimized. Another hardship is how to mitigate the phenomena of jagged

arrays and missing variables.

It is essential to carefully choose the model architecture and hyperparameters, as well
as the dataset pre-processing techniques, in order to achieve the best possible perfor-
mance in the search for the rare DM physics phenomena. This can involve optimizing
parameters such as the learning rate and the regularization strength. Exclusively for the
NNs we have the number of layers and the number of neurons per layer. Exclusively for
the BDTs we have the number of trees and the tree depth. The second and third part of

this chapter will be just about optimization for the NNs and BDTs respectively.

101
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7.1 The datasets

The way we are making datasets in this project, to keep it as close to model independent

as possible, will be of the following format
e Make a dataset with all the SM backgrounds and one DM model.

e Make a dataset with all the SM backgrounds and all the DM models, divided into

different signal regions and statistically combine the results of each signal region

The idea behind the first one is to start with a model dependent approach, where we
train an ML algorithm to learn just one model at a time. The reason for taking this
approach, is because it is still closer to being more model independent than normal ML
HEP searches, as these usually train on the whole SM background dataset with just one
signal model with fixed masses and parameters. While what we would be doing is com-

bining all the different masses and parameters into one dataset for each model.

For the second one, if we created Signal Regions (SR) in kinematically orthogonal re-
gions, then some models might be more important than other in each region. Meaning
that the approach would teach the ML algorithm the signatures of the DM physics in
the final state, rather than making an algorithm that is good at learning one individual
model. Furthermore, the plan is to combine the results of each respective region to get

an overall view of all the signal regions studied.

In this project we will look at real data from the ATLAS detector from all running
periods of Run II. This is from period 2015-2016, 2017 and 2018 each with an integrated
luminosity of 36.4,44.3 and 58.5 fb~!, respectively. In Table 7.1 we list the overall num-
ber of corresponding MC simulated events for each process, together with the expected
events (i.e. scaled to the relevant cross-section and integrated luminosity), for all SM
background and the as DM models considered. In addition to using the features in Table
6.3, we will also include the EventID, dataset ID (DSID), period, dilepton final state,

label telling us whether an event is signal or background and the weight of each event.
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Table 7.1: Table showcasing the number of simulated events and expected events for every SM
background channel and DM model that will be used in this thesis.

Channel ‘ Simulated Events ‘ Expected events for 139 fb~1
W 38,684 5,436
Drell Yan 47,201,697 2,198,258
TThar 28,126,697 978,531
Single top 729,624 93,899
Diboson 10,983,689 116,654
Standard model total 87,080,391 3,392,777
7' Dark Higgs Heavy Dark Sector 498,621 54.921
7' Dark Higgs Light Dark Sector 892,365 155.37
7' Light Vector Heavy Dark Sector 521,759 39.82
Z' Light Vector Light Dark Sector 470,352 235.70
7' Effective Field Theory Heavy Dark Sector 715,409 0.0004
7' Effective Field Theory Light Dark Sector 640,963 0.0007
Supersymmetric direct slepton production 684,276 413,044.46
2HDM + a 3,371,806 65,211.31

From this dataset we can see one of the main challenges that will follow throughout
the thesis, especially with the model dependent approach. This is the unbalance of
the dataset, as an example lets look at the DH HDS model using the model dependent
approach. Here we would train using all 87,080,391 simulated background events and
498,621 simulated signal events, as the numbers show, the majority of the dataset consists
of background events, making the task of learning harder for any ML algorithm. This
becomes even harder when applying the weights used for re-weighting simulated events
to expected events at 139 fb~!. What these weights used are is the subject of the next

section.

7.1.1 Weights

The weights are crucial for most of what is to come further in this thesis. The weights
only apply to MC simulations and can be interpreted as corrections to the simulations.

The weights are defined as Eq. (7.1)

lumlperiod

7.1
Z Wme,DSID ( )

W = Wne X Wpy, X Wgs X Wisf X Wnlo,ew X Witbar X Wjet X Wyjet X

This equation has a lot of information in it, so every part of this will be discussed. Start-
ing from the MC weight, w,,., which as stated in [48] gives the relative probability of an

event within a sample, the pile-up weight w,,, is a weight used to correct object recon-
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struction as it can be possible for multiple objects to cross on the identification process.

[51)

The cross-section weight w,,, defined as w5 1= x5 Xwy ¢ X gesr Wwhere xs is the cross-section
of the process, wy¢ is the k—factor which tries to take into account the higher-order QCD
corrections, for more details we refer the reader to the study done by Catani et al. [52].
geyys is the filter efficiency, which is the expected fraction of MC events that pass through

the acceptance criteria.

The Lepton and trigger Scale Factor (LSF), w,s, which are applied in order to correct
for differences in reconstruction in MC with respect to data, the Next to Leading Order
(NLO) electroweak correction wy, e, which corrects for higher order EW diagrams, for

more details we refer the reader to the paper by Denner et al. [53].

The Witpar, Wjer and wyjer, which are reconstruction corrections for t¢ [54], jets [55] and

b-jets [56], respectively. And lastly the luminosity of the period, meaning

;

36.4 fb~t, for period = 2015-2016

lumiperion = § 44.3 th™',  for period = 2017

58.5 fb~!, for period = 2018
\

divided by the Sum Of Weights (SOW), > w,,. of every sample for each dataset ID.

7.1.2 Signal regions

As a first step towards achieving less model dependence we will create three Signal Regions
(SR). The goal is then to train one network in each respective SR that contains all the

DM models we wish to study. The SR we will study are defined below
e SR1: my > 110 GeV and EZ** € [50,100] GeV
e SR2: my > 110 GeV and EF*** € [100, 150] GeV

e SR3: my > 110 GeV and EF** > 150 GeV
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where the my cut is made such that we remove the Z—peak before training and where
the MET regions are orthogonal. The goal of having kinematically orthogonal SRs when

training is to allow the combination of the results.

7.1.3 Train and test split

When training our networks we will use 80% of the dataset, the remaining 20% will be
used to test whether the networks are learning any physical patterns or just getting really
good at guessing events in the given dataset. When splitting the datasets however, we
need to be absolutely certain that the distributions follow the same shape and have the
same ratio of background channels as well as having good MC and data agreement in the
training and testing data sets. In this thesis we will utilize a function from scikit learn
[7] called train_test_split which can easily split our dataset into a training and testing
set of a chosen size, while also splitting the label of the dataset, meaning whether the

event is signal or background, in the same manner.

Distribution with vS = 13 TeV, 139 fb~!, Distribution with vS = 13 TeV, 139 fb!,
Training dataset Ef** > 50 GeV, 20% syst. uncertainty Testing dataset Ef'** > 50 GeV, 20% syst. uncertainty

- 1 LV HDS m; 130
Diboson [ LV LDS mz 130
TTbar EFT HDS m; 130

= Single Top EFTLDS m; 130
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Diboson [ LV LDS mz 130
TTbar EFT HDS m; 130

= Single Top EFTLDS m; 130
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Figure 7.1: Distribution of the stransverse mass when dividing SM background and DM samples
into 80% training and 20% testing datasets. The integrated luminosity for each distribution
is 80% and 20% of 139 fb~! respectively. We also included an estimated 20% flat systematic
uncertainty to the simulated events.

In Figure 7.1 we can see that the distribution has not been altered when we split the
dataset into 80-20. The data and MC agree reasonably in both datasets, meaning the
distributions are split correctly. To see the distribution of every other kinematical variable

see the GitHub repo?.

2 Available here: https://github.com /rubenguevara/Master-Thesis/tree /master /Plots
Data Analysis/train_test split


https://github.com/rubenguevara/Master-Thesis/tree/master/Plots/Data_Analysis/train_test_split
https://github.com/rubenguevara/Master-Thesis/tree/master/Plots/Data_Analysis/train_test_split
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7.2 Neural Network Training

For this thesis we utilize TensorFlow v. 2.7.1 GPU for all NNs. After creating the
dataset, the first and most important thing is to marinate the batch_size whenever we
try anything while using the dataset. This is to optimize wrt. to both the size of the

dataset and the imbalance between signal and background events.

The highest possible batch size that could be used for this thesis was 2223 leading to
roughly 4 million simulated events per batch. This is the best that a dedicated GPU,
NVIDIA A100-PCIE-40GB, could handle. The batch size also decreases the more complex
the NN becomes, as this requires greater computational power. If we reduce the batch

size for any of the tests we will explicitly mention what we changed it to.

With this out of the way there are still a few challenges to mitigate to optimize our

NN. These are described below.

7.2.1 Padding of data

There are two difficulties to overcome when utilizing NNs as compared to BDTs. The
hardest to solve, as there is no general solution yet, is the padding of jagged arrays. As
indicated in Table 6.3 with the T, we will record events with up to three jets in the final
state. However, there are not always three jets in the recorded events that we will be
studying, this creates jagged arrays which we can interpret as arrays with missing values.

This is an unwanted feature that we need to avoid when training NNs.

To mediate this problem we chose to set the pr to zero for the missing jets and myj;
to zero if there are less than two jets, this is something that is physically reasonable as it
does not violate any conservation laws. More problematic however is the n and ¢ when
there are no jets. To mediate this we have set the values to -999, which has no physical
meaning and is impossible to achieve, this we did so it becomes easier for us to identify

the jagged arrays that need different interventions.

31t has to be a power of two because of the alignment of virtual processors (VP) onto physical
processors (PP) of the GPU. As the number of PP is often a power of 2, using a number of VP different
from a power of 2 leads to poor performance.
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As mentioned before, there is no consensus on how the padding should be done, and
there are many methods of doing so. The classical data scientist way of solving this prob-
lem would be to just take the mean of every feature and use that as a variable for every
event with missing values. That means replacing every pr,m;; = 0 and n, ¢ = —999 with
the mean of every pr, m;;, n and ¢ (excluding the 0’s and -999’s respectively). However,
this is not popular among physicists since it breaks conservation laws when we say there
are jets present in an event when in reality there are none. Another approach is to use
Bayesian statistics or ML to estimate the missing values, these options will not be pur-
sued in this thesis due to time constraints, but might be of interest for future projects.
Another approach, is setting all the missing values to zero, as this might mean that there
is not anything there, but this also breaks conservation laws since 7, » = 0 have physical
meaning, this is also highly looked down upon by data scientists since this could affect
the weighting when training the network and potentially create a false pattern for the

network to follow which would lead to a bias.

The jet pr and mj; being 0 is a valid form of padding the dataset, as this does not
break any fundamental law of physics. However, setting ¢ as something outside [—m, 7]
does not make much sense as this is the angle around the detector. Setting a high value
of |n| might be possible in principle, but as of today the ATLAS detector has a |n| < 4.9
(see Chapter 4.2) as the pseudorapidity states how close to the beam line the objects
recorded are. However, having a pr of a jet equal to zero while still recording the 1 and

¢ breaks the laws of physics, so this is a problem that needs to be fixed.

Another approach is to remove the features with missing values to conserve statistics,
albeit make it harder for the network to see any pattern that we might miss, but this is
also not a desirable mitigation. Instead, we have tried to limit ourselves to the use of
number of jets of defined categories that work around the need of padding. These features
are just event features, meaning that we count the number of jets that fulfill some criteria,
such as the number of b-jets with pr > 20 GeV, the number of light jets with py > 40
GeV, the number of jets recorded in the central calorimeter (|n| < 2.5), and the number

of jets with pr > 50 GeV recorded in the forward calorimeter (|n| > 2.5). The pr cuts are
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optimized to allow a good agreement between data and simulations, the distributions can
be seen in the GitHub repo. The padding variables included in the training are shown in

Table 7.2.

Table 7.2: Table showcasing features that will not need padding.

Kinematic variable Feature name
Number of b-jets with pr > 20 GeV n_bjetPt20
Number of light-jets with py > 40 GeV n_ljetPt40
Number of jets recorded in Central calorimeter n_jetsetaCentral

Number of jets recorded in Forward calorimeter with pr > 50 GeV | n_ jetsetaForward50

When training our NN with these new variables instead of dropping features with miss-
ing variables we hope that the NN learns more physics by hopefully recognizing patterns
between all high level features. Having addressed the challenge of jagged arrays, we will
continue to address the second step to prepare the dataset for the NN, the normalization

procedure.

7.2.2 Normalization of data

Since neural networks send a lot of data into multiple neurons and multiple layers using
activation functions and carrying weights and biases that change for every back propa-
gation iteration, it is important to make sure that a neuron output does not vanish when
moving around the network. Meaning that a neuron output becomes negligible compared
to others when navigating the loss-phase space. A fast way for a neuron output’s to van-
ish is to not normalize the data and send it through the network as it is available. The
reason it might vanish, is because we send in numbers which vary significantly from each
other, i.e. the pr might be as high as thousands GeV, while EZ¥**/o might be as low
as 0.1. What might happen when sending such different numbers is that the network
might think "obviously the high number is more important than the low number" thus
making the activation function worse for the feature, even though this feature is of high
importance when looking at MET final states. A way to fix this problem is to normalize
all features. There are many ways to do this, one could do min max scaling which nor-

malizes every feature from [0, 1], completely solving the problem above. Mathematically
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speaking this is done by

X — X,
Xnorm =" 7.2
Xma:): - Xmin ( )

Where X is the array containing all events for a given feature, while X,,;, and X,,,. are
the lowest and highest values in the said array. Another way to normalize the data is
to make the mean of every feature such that the mean of all the features is distributed
according to a standard normal distribution (mean 0 and std. 1), this is called Z-score

normalization ~
X-X

3
Ox

Xnorm = (7.3)

where X is the mean of said array and 0% is the variance. One could also use pre-built
functions in TensorFlow that provide a normalization, such as Batch_normalization
of the data entering the network per batch. This is usually used in Convolutional NN’s
as it improves computational speed. Another one, Normalize, provides the same as
Eq. (7.3) for the whole training set going in. This is however computationally heavy
to use. The Layer_normalization, which normalizes the activations of the previous
layer in a batch independently, rather than across a batch like Batch_Normalization.
Both Batch_Normalization and Layer_Normalization use an optimized version of the
Z-score when normalizing the data, meaning that all the features take are normalized

following a standard normal distribution.

There is a big difference when normalizing data ourselves or using TensorFlow. TensorFlow
remembers how the data was normalized when training such that the test data will be
normalized the same way, making testing easier. While if we use Eq. (7.2) or Eq. (7.3)
ourselves, we have to make sure that we use the same values for X,,az. Ximin, X OF o3

when normalizing the test data.

7.2.3 Balancing of signal and background

The biggest challenge to overcome in this thesis is what we should use as sample weights
(see Section 5.3.2). If we were to not use any form of sample weights to mitigate the
imbalance in our data set it could potentially lead to majority class classification where

the networks could get "lazy" and guess that everything is background.



110 CHAPTER 7. MACHINE LEARNING PREPARATION

To combat the majority class classification, we will as mentioned make use of the sample

weights. We will study three cases
1. Unweighted training, meaning that we will be setting the sample weight to one

2. Weighted training, meaning that we will be setting the sample weight to the weights

used to re-weight MC events to the expected events as explained in Chapter 7.1.1

3. Balanced training, we will weigh the background and signal samples in an attempt

to balance the number of events available in each of the two categories,

where the latter would in terms of weights mimic a 50-50 distribution of signal and

background.

7.2.4 Re-weighting MC to expected events

Even if the weighting method previously described might help the NN give us better
results, we also want to include the weights used to re-weight MC events to expected
events. This is desirable in the sense that we want to show our ML networks the true
kinematical distributions of each feature. As the re-weighting weights are generated with
simulation corrections as well as luminosity and cross-section in mind, it is heavily desir-
able to also apply these corrections when training our networks, such that it can correctly
make predictions in the test dataset regardless of their weight. This is particularly crucial

when using real data on our predictions, as these have no weights.

Ideally one would take into account both the data imbalance between the signal and
background as well as the re-weighting weights when training a network. To do this
using TensorFlow we could make use of two parameters when training the network:
class_weight and sample_weight. The class_weight works as a dictionary that weighs
events differently, based on a dictionary key, for our purposes this key would be whether
the event is a signal or background event. The sample_weight takes in individual weights
for every single event that goes into the network, meaning that it is crucial that we know
that the desired weight matches the desired event. Ideally we would use both weighting
methods, class_weight to balance the signal to background ratio and sample_weight

with the re-weighting weights that include the cross-section. However, there is a bug
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in TensorFlow (up to version GPU 2.7.1) that prevents the program to run when using
both parameters. This is not a big problem though, as when looking at the source code
[58] one can see that what TensorFlow does with both weights is multiply them together.
This means that to mitigate this problem we will use element-wise multiplication between
the re-weighting weights array and the balancing weights array to create a new array that

will be used as sample_weights.

For this thesis we tried testing four different methods to make the sample weights. For
the re-weighting array, all background events will be re-weighted to expected events us-
ing the weights from Section 7.1.1 while the signal events will have a value of one. The

balancing array was made by expanding the balancing ratio from Section 7.2.3 to be

1. % where we weigh down all background events wrt. the ratio of total simulated
9,

signal events over the total simulated background events

2. ]]\\;”’“g—ﬁg where we weigh up all signal events wrt. the ratio of total simulated back-
sig,

ground events over the total simulated signal events

3. % where we weigh down all background events wrt. the ratio of total simulated
g,exp

signal events over the total expected background events at 139 fb~1

4. ]]\\;”L;”g where we weigh up all signal events wrt. the ratio of expected background
519,

events at 139 fb~! over the total simulated signal events,

and one if we do not weight the event. Note that we are not re-weighting the signal
events to expected signal events when training because this would in principle remove all
expected events (due small cross-sections) from the NN as there are so few events (see
Table 7.1). Taken all of these factors into account what remains is to choose a network

architecture and which hyperparameters to use to best fit our task.
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7.2.5 Architecture and hyperparameter tuning

The architecture of the NN utilized in this project is of the form shown in Figure 5.1, where
a NN with an arbitrary number of layers is shown, each of the hidden layers use the ReLu
(Eq. (5.5)) activation function, and where the output is in the form of a single neuron
using the sigmoid activation function (Eq. (5.4)). An algorithm showing one possible way
to create this NN can be seen in Appendix A.3. To get the best performance on our NN,
we need to find which hyperparameters help the network reach the highest significance.
To do this, we need to do a grid search. For our neural network we will mainly focus on

four hyperparameters explained in section 5.1:

The learning rate 7

The L2-regressor variable A

The number of neurons on each hidden layer n_neuron

e The number of layers n_layers, excluding the output. Meaning that n_layers =

1 means no hidden layer

The metrics that will be used to estimate the best hyperparameters are Area Under the
curve (AUC), binary accuracy and most importantly the expected significance*. The
expected significance for this section has been calculated using the low statistics formula
Eq. (4.19) without uncertainties. The expected significance will be calculated by making
a lower cut of 0.85 on the network prediction score, as explained in Chapter 5.3.5. For
some models where the expected events are too low, the expected significance will be 0
or NaN. If this happens we will use the AUC on the testing set as a metric to find the
best hyperparameters. This procedure will be performed for every single network we will
explore. The results of the best method used to optimize NNs is showcased in Section
7.4, and a more in depth showcase of the methods can be seen in Appendix A. In the

next section we will discuss the optimization of BDTs.

4See Chapter 5.3 for explanation of metrics.
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7.3 Boosted Decision Tree Training

When working with BDTs there are not as many challenges to overcome as with NNs. For
example the padding and normalization of data can be completely avoided, making the
whole procedure a lot easier when one uses challenging dataset as we do in high energy
physics. The weights are still an obstacle that we need to overcome when using BDTs.

This will be discussed in Section 7.3.1.

For this project we will, as mentioned utilize, the eXtreme Gradient Boosting, or XGBoost
for short, package [41] made for the Higgs ML Challenge [410] whenever we mention BDTs.
This project utilized version 1.5.0 without GPU adaptability. XGBoost also helps to
avoid padding as it is integrated with a missing_variable variable where we can simply
write the number of the variable that is missing. For the dataset in this project this

implies setting the missing_variable value to -999,

7.3.1 Sample weights

For XGBoost there is a different problem when it comes to weights. XGBoost has a vari-
able called scale_pos_weight where we can help the network deal with imbalanced data,
such as the one we have. Meaning that the whole problem of combining the re-weighting
weights with the balancing weights from Chapter 7.2.4 completely disappears. Albeit
there is a caveat, XGBoost does not have the possibility to include negative weights,
which the datasets explored in this work have. The reason XGBoost does not include
negative weights, is because when calculating the number of events in a leaf node, which
is made by taking the sum of sample weights, we cannot have a negative value [59, 60].
As for the MC generators, Sherpa [46] takes into account higher order diagrams and
needs to add negative weights to "counter" the over counting of diagrams [61], which are

important to correctly scale the simulated events to real data.

A method to mitigate this problem is to use the absolute value of the weights when
training. This is however not generally accepted as a solution, and some even say it
should be avoided. There are other options however, one of these options is to not in-

clude events with negative weights in the training set. This is an okay thing to do, as we
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can imagine that if we were to only include events with positive weights in the training,
it might be the same as putting the negative weights in the "testing dataset" (Chap-
ter 7.1.3). However, both methods are equally problematic if the positive and negative

weights distributions are not equal for all the features.

Another method that has been used in a published ATLAS article [62] is to normal-
ize the weights when using the absolute value with respect to the sum of weights over the
sum of absolute weights. The reason behind this is that the sum of weights is obviously
not the same when we take the absolute value. Mathematically speaking, if we have an

array of weights W, we can update this like
W — yW\L (7.4)
such that the weights are at least on the same scale.

7.3.2 Architecture and hyperparameter tuning

Making a BDT for our purposes is fairly easy as well using XGBoost. One way to do
it is using the algorithm shown in Algorithm A.4. To get the best performance on our
BDT we have to do a grid search here as well. The trainable hyperparameters here are

different from NN’s, with XGBoost we will focus on the following hyperparameters
e Tree depth: how many times we split the data
e Number of estimators: how many trees we use to do the gradient boosting
e The learning rate n
e [2-regressor A, to stop overtraining

The same procedure for hyperparameter optimizations as described for NNs in Section
7.2.5 will be used for BDTs as well. The results of the best method used to optimize
BDTs is showcased in the next section, a more in depth showcase of the methods can be

seen in Appendix A.
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7.4 Results of optimization methods

We tested the normalization, balancing of signal and background, re-weighting of events
using NNs, as well as the use of sample weights with BDTs. In this section of the the-
sis we show the main result of the network optimization procedure, the full results are
detailed in Appendix A. We observed that for the NNs using Batch_normalization as
the normalization method yielded better results, we also saw that the NN was better at
sorting signal from background using ADAM as the optimizer rather than using SGD.
Concerning the sample weights, the method that yielded the best results was the one that
re-weighted every simulated background event into the expected events with a luminosity
of 139 fb~!, and balanced the dataset by weighing up all signal events by the ratio of
expected number of background events over simulated signal events, % We also
observed that the new padding method, which counted the number of (light)b-jets with
pr > (40)20 GeV, the number of jets in the central calorimeter, and the number of jets
with pr > 40 GeV in the forwards calorimeter, performed better than the other method

of removing jet features with missing variables.

For the BDT we observed that while conducting a grid search for the optimal hyperpa-
rameters, we never hit a plateau where the scores seemed to flatten out when increasing
the tree depth. However, we decided to take the conservative approach of having a tree
depth of maximum 6. The sample weights we decided to use further with BDTs were the
ones that only looked at the positive weights of the dataset, instead of using the scaled
up absolute value of the weights. To balance the signal and background events in the
dataset we weighed down the background events with the ratio of total simulated signal

events over the total expected background events at 139 fb—1.

The best results from the BDT and NN trained using the model dependent approach
on the Dark Higgs Heavy Dark Sector model are compared in Figure 7.2.
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Figure 7.2: Comparison of BDT and NN. Both networks were tested on the DH HDM dataset
using the model dependent approach. The output on the x-axis on all plots above reflects the
score of the ML output ranging from 0-1, where 1 means that the ML network classifies an event
as signal and 0 means background. In plot (a) and (b) we can see the distribution of events
given the output. In plot (c) and (d) we see the expected significance as a function of the low
cut on the output.

Figure 7.2 showcases the ML distribution score from 0-1° for every event using both
algorithms (upper plots), and the expected significance from the distribution plots as
a function of the lower cut on the output. From the results we can see that the BDTs
perform better than NNs as the expected significance on the last bin is higher by ~ 0.130.
As using BDTs is easier than NNs, as well as BDTs having greater interpretability, we
will for the remainder of the thesis opt to only use BDTs as our main ML algorithm. We
have now explored the methods that will be used for this search, and all the challenges
that need to be mitigated. The next part of this thesis will present the results of both

the model dependent and independent approach for every model.

SWhere 0 means background and 1 means signal
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Chapter 8

Results

The time has come to test how our networks fare on learning the eight models with DM
candidates we are studying: The three mono-Z" models, Dark Higgs (DH), Light Vector
(LV) and light Effective Field Theory (EFT) in the Heavy Dark Sector (HDS) and Light
Dark Sector (LDS)!, the supersymmetric direct slepton production, and the Two Higgs
Doublet Model with an additional pseudoscalar a (2HDM + a). As BDTs are much more
intuitive and interpretable than NNs, and given that the performance is slightly better
using BDTs (see Section 7.4), only the BDT will be followed up.

This chapter showcases the results of both methods we used to train a BDT to clas-
sify signal (DM events) and background (SM events). The first method, which we called
the model dependent approach, which trains one BDT for each model we have, including

all the mass points and simulated samples as seen in Section 6.2.

In the second method, which we called the model independent approach, we split the
dataset in three orthogonal Signal Regions (SR) for all models considered simultaneously.

The SRs we studied are
e SR1: my > 110 GeV and EFs* € [50,100] GeV
e SR2: my > 110 GeV and EI** € [100, 150] GeV

e SR3: my > 110 GeV and EF** > 150 GeV

IWhere HDS and LDS denotes the assumed DM masses as shown in Table 6.1
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To test how well the networks have learned the models we will create a mass exclusion
limit for every model. We decided to make a cut of my > 110 GeV for the mono-Z’

models when using the model dependent approach to reduce computational time.

To compare the model-independent approach to the model-dependent approach we will
statistically combine the mass exclusion results for each SR for the ee and pp channel. To
navigate through the process we show the Dark Higgs Heavy Dark Sector model results,
using the model dependent method, whereas the model independent method does the
same with three SRs. Afterwards we will present the combined exclusion limits for all

eight models.

8.1 Model dependent approach

We conducted a grid search to optimize the BDT and trained the network using 80% of
the SM background samples and 80% of every different Z’ mass sample of the DH HDS
model. When training the BDT on the DH HDS model we used the feature importance to
see which kinematical variables were most important for the BDT in categorizing signal

(DM events) from background (SM events), this is illustrated in Figure 8.1.

Feature importance
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Figure 8.1: Feature importance for network trained on Z’ DH HD model using the model de-
pendent approach using the weight metric, which shows how many times a feature appears in a
tree. The features in this plot use the labeling presented in Table 6.3, such that rt stands for
Er}mss J/Hrp. To see the feature importance plots with the cover metric, which show the number
of samples affected by the split using the feature, and gain metric, which measures the relative
contribution of a feature to the network’s performance, see the GitHub repo.
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From Figure 8.1 we can see that the most important kinematical variable for the BDT in
classifying DM signal from the DH HDS model from SM background was the invariant
mass my;, as expected, as the DH HDS model is based on a mono-Z" model including a
new Z' boson decaying to two leptons, leading to a resonance at the mass of the 7' as
explained by the Breit-Wigner resonance in Eq (4.13). Furthermore, we see that the three
following features are all MET related, which is how we predict to measure the presence
of DM. These are the MET-significane, Ej****" the stransverse mass mq,, and the ratio
between MET and hadronic activity E#*$/Hrp. Something to note of the features in
Figure 8.2 is that we use both E%* and EJ""***9 which are correlated, the reason for
using both is because the BDT might find that one is better at distinguishing DM signal

and SM background when training on other models.

To showcase how the network distinguishes signal and background the validation plots
shown in Figure 8.2 for ee and uu are made on 20% of the signal samples. In the control
region with an output score < 0.6 the SM predictions and the data are in good agreement.
The data in the plots are not shown for an output score of 0.6 or greater as this is the
signal region, and we need to go through an unblinding procedure to show data in this

region.
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Figure 8.2: Validation plots for network trained on Z’ DH HDS model using the model dependent
approach. The validation plots show the distribution of the BDT score for every event from 0-1,
where 1 is signal. On the left the results are for the ee channel, and on the right the result
are for the pp channel. Both results were trained by the same network consisting of a general
dilepton final state.
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While the validation plots might indicate that the network is not doing an impressive
job at sorting signal from background, we can actually see how well the network learns
the different mass points on the DH HDS model by looking at the Receiver Operating
Characteristic (ROC) curves for each mass point, which are shown in Figure 8.3 for the
ee channel (left) and the pp channel (right). Here we see that the network struggles a
tiny bit to learn the DH HDS models with the lowest mz/, but the Area Under the Curve
(AUC) score is still 0.96, meaning that it is doing a good job in sorting the DM signal
from SM background.
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Figure 8.3: ROC plots for every Z’ mass point on network trained on Z’ DH HDS model using
the model dependent approach. On the left we have the results for the ee channel, and on
the right we have the result for the pp channel. Both results were trained by the same network
consisting of a general dilepton final state. The dashed blue line showcases the score of a random
guess (AUC = 0.5)

To define the region we will use to set any expected exclusion limits, we can choose the
validation plot bin that gives us the highest expected significance. In Figure 8.4 we show
the expected significance as a function of the lower cut on the BDT output score for a
few mass points. The best expected significance is approximately 0.7¢ (without uncer-
tainties), even though the network got an AUC score of 0.96 for the mass point on the
muon channel. From this we conclude that even with an AUC of 0.96 we do not manage

to exclude the model.

As the last bin of the BDT output on the validation plots scores the greatest expected
significance for every my:, we can effectively make a cut based on the BDT score > 0.98.

Counting the number of events in this last bin, as well as their uncertainties we can
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Figure 8.4: Expected significance plots for Z’ mass points as a function on the lower cut on the
BDT output on BDT trained on the Z’ DH HDS model using the model dependent approach

calculate a mass exclusion for both the ee and pp channels. Utilizing Bayesian statistics
with the signal+background hypothesis, we can use the values of egg, Ny, Nsig and o B
from Table 8.1 for each mass point to make a 95% CL expected exclusion limit, together

with 1o and 20 bands for each leptonic channel.

The mass exclusion limits are plotted in Figure 8.5 for the ee (left) and uu (right) chan-
nel, respectively, for Z’ Dark Higgs Heavy Dark Sector model using the model dependent
approach. The y-axis of both plots represents the cross-section times branching ratio of
the process we are studying. The x-axis is the mass of the Z’ boson. We did not inter-
polate between the available masses we had simulated, and have rather just connected
the values calculated for each mass point by a straight line. Included in the plots we
show how the exclusions look when varying the value of the lepton coupling g; between
the leptons and the Z’ boson. The simulated events in this thesis utilized the value g, =
0.01, we increase this coupling to 0.05 and 0.1 to see how the exclusions change. The

cross-section is assumed to scale with (g;)?.

We see that we cannot exclude any mass point of the DH HDS model (as the dashed
red lines do not cross the dashed black line) when the lepton coupling is set to g, = 0.01,
we can however exclude some mass points as we increase the lepton coupling. The highest
mass exclusion in both the ee and pu channels is roughly at myz = 300 GeV (meaning we
exclude masses myz < 300 GeV where the dashed line is above the expected limit) when

setting g; = 0.1
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Table 8.1: Inputs for the Z'hp — llxx HDS 0B calculations. The first three columns are the Z'
mass, the theoretical cross-section times branching ratio o B, and what Z' decay channel we are
looking at. The next two are e,j,, which is the signal selection efficiency, and Ngj,, which is the
predicted number of signal events after the cuts. The last column is the number of background
events, Npig. The uncertainties of g, Ngjg and Ny, are statistical with an assumed 20% flat
systematic uncertainty. The MET threshold is Ei}ﬁﬁfm = 50GeV and the invariant mass threshold
min

is mj*" = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg

130 11 ee 0.25 £ 0.05 7.80 £+ 1.58 108.4 £ 23.0
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Figure 8.5: Mass exclusion limits of ee (left) and pp (right) channel for Z' Dark Higgs Heavy
Dark Sector model using the model dependent approach. The y-axis of both plots represents
the cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point in Table 8.1 by connecting the
points. The dashed black line is the expected 95% CL limit calculated using the values of from
Table 8.1 with a 1o and 20 variance. The different red dashed lines represent the theoretical
cross-section times branching ratio of the process when varying the value of the lepton coupling
g1 between the leptons and the Z' boson. The simulated events in this thesis utilized the value
g1 = 0.01, we include the cross-section times branching ratio when increasing this coupling to
0.05 and 0.1 to see how the exclusions change.

When changing the lepton coupling g; we have assumed that the efficiency of the cuts stays
the same, as well as the number of background events in the last bin. This assumption is
noteworthy due to the fact that if we increased the lepton coupling value of our model,
this would increase the branching ratio of the leptonic decays. With a higher cross-
section for higher g; values we would have gotten more events. As one of the greatest
challenges in this thesis was the imbalanced dataset, this fact would have helped mitigate
the problem. In addition, a general rule of thumb in ML is that the more statistics one
has when training a network, the better the network will learn. This means that if we
instead simulated new events with a greater lepton coupling, the network could have
achieved better results. However, due to time constraints, we did not have the chance to

explore the possibility of simulating more events, with varying lepton couplings.
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We can furthermore statistically combine both of the ee and pp results from Figure 8.5
to get the global exclusion limit on a dilepton final state. Following this method for all
other seven models? we can get the results in Figure 8.6 for the direct slepton production

and 2HDM + a (only showing tan § = 30) and in Figure 8.7 for the mono-Z" models.

T Eﬁ §f , 20% systematic uncertainty tanB = 30

VAV AP AP A A PA VA VA P AP VA AP AP |
400 600 800 1000 1200 1400 1600 1800 2000
m; [GeV] m.. [GeV]

Figure 8.6: Mass exclusion limits of combined ee and up channel for direct slepton production
(left) and 2HDM + a for tan 8 = 30 (right) using the model dependent approach. The plots
here have the two varying masses as the axes, the z-axis is the expected significance calculated
using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using Frequentist
statistics using the significance Z = 1.645. For the direct slepton production model we have the
slepton mass, mj, on the x-axis, and the neutralino mass on mgo the y-axis. For the 2HDM +
a model we have the charged Higgs mass, myg-, on the x-axis, and the pseudoscalar a mass my
on the y-axis. To see the exclusions for the other values of tan § on the 2HDM + a model see
Appendix D.

2For more plots look at the GitHub repo: in https://github.com/rubenguevara/Master-Thesis
tree/master/Plots/ XGBoost/DH  HDS changing "DH HDS" for the model of interest


https://github.com/rubenguevara/Master-Thesis/tree/master/Plots/XGBoost/DH_HDS
https://github.com/rubenguevara/Master-Thesis/tree/master/Plots/XGBoost/DH_HDS
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Figure 8.7: Mass exclusion limits of combined ee and pp channel for all mono-Z’ models in
both the Heavy Dark Sector (HDS) and Light Dark Sector (LDS) using the model dependent
approach. In the top row we have the mass exclusion of the Dark Higgs HDS (left) and Dark
Higgs LDS (right) models. In the middle row we have the mass exclusions of the Light Vector
HDS (Ieft) and Light Vector LDS (right) models. In the bottom row we have the mass exclusion
of the inelastic EFT HDS (left) and inelastic EF'T LDS (right) models. The y-axis on all plots
represents the cross-section times branching ratio of the process we are studying. The x-axis is
the mass of the Z' boson. We did not interpolate between the available masses we had simulated,
and have rather just connected the values calculated for each mass point by connecting the points.
The dashed black line is the expected 95% CL limit calculated using Bayesian statistics with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g, = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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8.2 Model independent approach

The second method we utilized in this analysis was to train three BDTs in different
orthogonal Signal Regions (SR) of kinematical phase space using a dataset that included
all the available DM models with a dilepton and Missing Transverse Energy (MET) final
state. The DM models we studied were a supersymmetric direct slepton production
model, a Two Higgs Doublet Model with an additional pseudoscalar a (2HDM + a), and
three mono-Z’" models, Dark Higgs (DH), Light Vector (LV) and inelastic EFT. The three
mono-Z' models were furthermore divided into a Heavy Dark Sector (HDS) and a Light
Dark Sector (LDS). As this method uses models that share similar experimental features,
like the final state, but are based of different theoretical principles, we called this method
for the model independent approach. The three SR we chose to divide the dataset in

were
e SR1: my > 110 GeV and EFs* € [50,100] GeV
e SR2: my > 110 GeV and EF*** € [100, 150] GeV
e SR3: my > 110 GeV and EF"** > 150 GeV,

where the invariant mass cut my; > 110 GeV was chosen to remove the Z-boson peak.

Following the same procedure to arrive to the expected mass exclusion limits, which
was discussed in detail in Section 8.1, we will present the expected mass exclusion limits
applied on the DH HDS model. As the SRs we chose are orthogonal in MET we assume
that they are not correlated, meaning that we can statistically combine the results from
the three SRs to get a combined mass exclusion limit in a combined SR. This is shown
in Figure 8.8 where we can see how the mass exclusion looks for the electron channel in

every SR, including the combined SR limit.

From Figure 8.8 we cannot exclude anything in the lower MET SR1 (top left plot), we also
see that as we move to SR2 (top right plot) the exclusion gets better, and we can exclude
Z' masses below my ~ 250 GeV when the Z’ coupling to leptons is set to g; = 0.1%. This

exclusion limits increases in the SR3 (bottom left plot), where we can exclude Z’ masses

3See Section 8.1 for discussion on lepton coupling variations with the mono-Z’ models.
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Figure 8.8: Expected mass exclusion limits results for Dark Higgs Heavy Dark Sector model
on the ee channel in all SRs, including the combined SR channel. All SRs used in this thesis
had my > 110 GeV. In the top left we have the expected mass exclusion in SR1 where E%”iss €
[50,100] GeV. In the top right we have the expected mass exclusion in SR2 where EF% €
[100, 150] GeV. In the bottom left we have the expected mass exclusion limit in SR3 where
E?”S > 150 GeV. In the bottom right we have the expected mass limit for the model when
statistically combining the result of SR1, SR2 and SR3. The y-axis on all plots represents the
cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a 1o and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.

up to my ~ 425 GeV when setting g, = 0.1. However, when statistically combining the
results for every SR (bottom right plot) we now get that we can exclude the model up
to myz =~ 450 GeV with g; = 0.1, which is better than the results shown in the previous
section (mz < 300 GeV). This means that this method of dividing into several SRs yields

higher expected exclusions limits.
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This can be generalized for every model studied, the exclusion limits for the combined
SRs in the dilepton channel for the direct slepton production and 2HDM + a model can
be seen in Figure 8.9, and in Figure 8.10 for the mono-Z’ models. To see all the plots
used to arrive at these limits for every model we refer to the GitHub repo?, see also the

tables in Appendix F for further details.

T %2%[1)’ Combined SRs tanp = 30, Combined SRs

4OO 600 800 1000 1200 1400 1600 1800 2000
m [GeV]

Figure 8.9: Mass exclusion limits of combined ee and pp channel for direct slepton production
(left) and 2HDM + a for tan 8 = 30 (right) using the model independent approach. The plots
here have the two varying masses as the axes, the z-axis is the expected significance calculated
using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using Frequentist
statistics using the significance Z = 1.645. For the direct slepton production model we have the
slepton mass, mj, on the x-axis, and the neutralino mass on mgo the y-axis. For the 2HDM —+
a model we have the charged Higgs mass, mg-, on the x-axis, and the pseudoscalar a mass m,
on the y-axis. To see the exclusions for the other values of tan § on the 2HDM + a model see
Appendix D. Something to note about the direct slepton production plot (left), is the lack of
exclusions in the bottom right corner where m; > 350 GeV and my 0 <90 GeV, the reason for
this is because we did not have any simulated event at that mass range to see the samples we
had available see Figure 6.7.

4 Available here: https://github.com /rubenguevara/Master-Thesis /tree/master/Plots
XGBoost/Model independent


https://github.com/rubenguevara/Master-Thesis/tree/master/Plots/XGBoost/Model_independent
https://github.com/rubenguevara/Master-Thesis/tree/master/Plots/XGBoost/Model_independent
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Figure 8.10: Mass exclusion limits of combined ee and pp channel for all mono-Z’ models in
both the Heavy Dark Sector (HDS) and Light Dark Sector (LDS) using the model independent
approach. In the top row we have the mass exclusion of the Dark Higgs HDS (left) and Dark
Higgs LDS (right) models. In the middle row we have the mass exclusions of the Light Vector
HDS (Ieft) and Light Vector LDS (right) models. In the bottom row we have the mass exclusion
of the inelastic EF'T HDS (left) and inelastic EF'T LDS (right) models. The y-axis on all plots
represents the cross-section times branching ratio of the process we are studying. The x-axis is
the mass of the Z' boson. We did not interpolate between the available masses we had simulated,
and have rather just connected the values calculated for each mass point by connecting the points.
The dashed black line is the expected 95% CL limit calculated using Bayesian statistics with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g, = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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8.3 Comparison of results

To more easily compare the model dependent approach, where we train one network
for every DM model using all the available simulated events, to the model independent
approach, where we train three networks in kinematically orthogonal signal regions con-
taining every simulated event for all DM models, we present a side by side comparison
of the expected mass exclusion plots. To remind how these plots work, the goal is to
exclude as many of the mass points as possible. For the one-dimensional mono-Z’ exclu-
sions, we want as much of the theoretical cross-section times branching ratio to be over
the expected 95% CL limit. While for the two-dimensional exclusions (SUSY and 2HDM
+ a), we want as many of the mass points to be inside the 95% CL limit as these would

be excluded.

Figure 8.11 compares the direct slepton production model (upper row) and the Two
Higgs Doublet Model with an additional pseudoscalar a model (lower row). The compar-
isons of the mono-Z’ models, the Dark Higgs, Light Vector and inelastic EFT follow in
Figure 8.12 for the Heavy Dark Sector, and Figure 8.13 for the Light Dark Sector. For
every single model we see that the model independent approach yields better results as

it excludes more mass points.
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Figure 8.11: Comparison of mass exclusion limit using the model dependent (left) and model
independent (right) approach for direct slepton production (upper plots) and 2HDM + a (lower
plots). The plots here have the two varying masses as the axes, the z-axis is the expected
significance calculated using Eq. (4.20) with uncertainties. The expected 95% CL limit was
chosen using Frequentist statistics using the significance Z = 1.645. For the direct slepton
production model we have the slepton mass, mj, on the x-axis, and the neutralino mass on mgo
the y-axis. For the 2HDM + a model we have the charged Higgs mass, my—-, on the x-axis, and
the pseudoscalar a mass m, on the y-axis. To see the exclusions for the other values of tan 8 on
the 2HDM + a model see Appendix D. Something to note about the direct slepton production
plot (top right), is the lack of exclusions in the bottom right corner where m; > 350 GeV and
mgo < 50 GeV, the reason for this is because we did not have any simulated event at that mass
range, to see the samples we had available see Figure 6.7.
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Figure 8.12: Comparison of the mass exclusion limits of combined ee and up channel for all
mono-Z’ models using the model dependent approach (left) and model independent approach
(right) in the Heavy Dark Sector (HDS). In the top row we have the mass exclusion of the
Dark Higgs model. In the middle row we have the mass exclusions of the Light Vector model.
In the bottom row we have the mass exclusion of the inelastic EFT model. The y-axis on all
plots represents the cross-section times branching ratio of the process we are studying. The
x-axis is the mass of the Z' boson. We did not interpolate between the available masses we
had simulated, and have rather just connected the values calculated for each mass point by
connecting the points. The dashed black line is the expected 95% CL limit calculated using
Bayesian statistics with a lo and 20 variance. The different red dashed lines represent the
theoretical cross-section times branching ratio of the process when varying the value of the
lepton coupling g; between the leptons and the Z' boson. The simulated events in this thesis
utilized the value g; = 0.01, we include the cross-section times branching ratio when increasing
this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure 8.13: Comparison of the mass exclusion limits of combined ee and pp channel for all mono-

" models using the model dependent approach (left) and model independent approach (right)
in the Light Dark Sector (LDS). In the top row we have the mass exclusion of the Dark Higgs
model. In the middle row we have the mass exclusions of the Light Vector model. In the bottom
row we have the mass exclusion of the inelastic EF'T model. The y-axis on all plots represents
the cross-section times branching ratio of the process we are studying. The x-axis is the mass
of the Z' boson. We did not interpolate between the available masses we had simulated, and
have rather just connected the values calculated for each mass point by connecting the points.
The dashed black line is the expected 95% CL limit calculated using Bayesian statistics with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g; = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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Chapter 9

Conclusion and outlook

9.1 Conclusion

After exploring the intricacies of preparing both a NN and a BDT ML algorithm to learn
a binary classification task of DM signal and SM background, we concluded, due to time,
that a BDT ML approach was better suited for this search. The searches we conducted
were based on models from three different theoretical principles. The first one containing
a new U(1)" vector boson, Z’, that can decay to dileptons and couple to a DM WIMP
candidate in three ways: (i) The Dark Higgs (DH) model where the Z’ couples to a
new scalar boson hp; (ii) The Light Vector (LV) model where an off-shell Z" decays into
two dark states x; and ys, where the heavier y, decays again into a Z’ and y;, which
is the DM candidate; (iii) The EFT model is an inelastic Effective Field Theory model,
which is similar to the LV model, with the exception that there are no assumptions about
the quark coupling to the Z’. The three models were furthermore split into two groups,
according to the mass of the DM candidate: the Heavy- and Light Dark Sector (HDS
and LDS) for heavy and light DM. respectively. The second theory we studied was a
simplified Supersymmetry model, in particular a direct slepton production model, where
the scalar superpartner of the lepton, the slepton, 57, decays into a lepton and a first
generation neutralino x9, which is a DM candidate. The last model we studied was a
Two Higgs Doublet Model with an additional pseudoscalar, a, which mediates the inter-

actions between the visible and dark sectors, we called this model for 2HDM + a for short.
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As the ultimate goal for the thesis was to test model-independent approaches for new
physics searches using ML, we first performed a model dependent approach. This ap-
proach consisted of using a dataset with all the simulated SM background events con-
taining a dilepton and MET final state, and one of the DM models. To improve the
performance and minimize the computational time, we only looked at events with MET
> 50 GeV, and for the mono-Z’ models we required the dilepton invariant mass to be
my > 110 GeV in order to avoid the high Drell Yan background region. We trained one
BDT for each model separately. To test the results of this approach we computed mass

exclusion limits using Bayesian and Frequentist statistics for every model.

The second approach, the model independent approach, consisted of a dataset containing
all the DM models and all the SM background. The difference however was that we
trained three BDTs simultaneously in three orthogonal Signal Regions (SRs). All the
networks only looked at events with m; > 110 GeV to reduce the Z-boson peak. The

three SR we chose to divide the dataset in were

e SR1: my > 110 GeV and EFs* € [50, 100] GeV
e SR2: my > 110 GeV and EZ** € [100, 150] GeV
e SR3: my > 110 GeV and EZ** > 150 GeV

After training the three networks on each MET SR we tested each model by computing
the expected mass exclusion limit in every respective SR. To compare the model indepen-
dent approach with the model dependent approach, we statistically combined the mass
exclusion limit of all SRs into one combined (also combining di-electron and di-muon final

states) SR for all eight models.

Doing this we observed that we were able to compute higher mass exclusion limits for
every model we studied using the model independent approach, the side by side compar-

isons were presented in Section 8.3.

To perform these analyses, proton-proton collision data collected with the ATLAS de-
tector at the Large Hadron Collider during the Run IT data taking period (2015-2018),

corresponding to an integrated luminosity of 139 fb™!, was used. The utilization of the
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ATLAS data provided a crucial foundation for training and evaluating the ML algorithms,

ensuring their relevance and applicability to real-world physics phenomena.

9.2 Outlook

For the future, there are intriguing possibilities to further enhance the model indepen-
dent approach and achieve even better results with fewer ML networks, building on the
promising findings in this thesis. It would be fascinating to explore the potential of Deep

Neural Networks (DNNs) with an expanded range of Dark Matter (DM) models, as DNNs

thrive when provided with larger datasets.

Another avenue worth investigating is the Parametrized Neural Network (PNN) approach
proposed by Baldi et al. [30]. In this approach, an additional feature is included on the
NN input layer to specify the mass of the particle being studied as a signal. Exploring the
combination of a DNN and PNN; forming a Deep-Parametrized Neural Network (DPNN),
could yield a powerful tool for the model independent approach. By dividing a dataset
consisting of multiple models, all sharing the same experimental signatures, into different
regions of kinematical phase space, such a general ML network could rapidly test new

models and swiftly provide mass exclusion limits.

By developing more efficient and versatile ML algorithms, we move closer to investi-
gate physics beyond the standard model. Additionally, these advancements in ML tech-
niques may have broader applications in various scientific domains, further amplifying
their impact. This progress, in turn, holds the potential to advance our comprehension

of spacetime.
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Appendix A

Network optimization

A.1 Neural Network Training

For most of the NN optimization methods we trained a NN with the following hyperpa-

rameters:
e One hidden layer
e 100 neurons in the hidden layer
e (.1 learning rate n
e 107° L2-regularization parameter \
e The ADAM optimizer

We will mention whenever these parameters were not used. The results for the different
network optimization methods explained in Chapter 7.2 follow from here. Starting with

the normalization of data.
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A.1.1 Normalization of data

We trained a network using 80% of the whole SM background events as well as 80% of all
the Z” DH HDS samples. As sample weights we only balanced the signal and background
using the total number of simulated events, we did this by using method 3. on Chapter
7.2.3, meaning that we weighed down the background with the ratio J]\\;b_;j, We tested on
the remaining 20% of the SM background events, as well as 20% of Z” DH HDS events
where myz = 130 GeV. The different normalization methods explained in Chapter 7.2.2

have been tested and can be seen in the Figure A.1.

To clarify the functioning of the validation plots, they illustrate the event distribution
based on the ML algorithm score, ranging from 0 to 1, where a score of 1 signifies the
ML algorithm’s identification of the event as a Dark Matter (DM) signal event. However,
as we are conducting a supervised ML search we know whether an event is actually a
DM signal event or an SM background event, using this we can plot the distributions of
both cases to see how well the ML algorithm classifies signal from background. In the
ideal case we would accumulate all signal events on the right side of the plot, and all

background events on the left.

With the reminder of how the validation plots work, we can now discuss the results.
From Figure A.1 (a-c) we observe that the NN does a poor job at classifying signal from
background. In fact, we get the best results in plot (d) and (e), with the Z-score method
and Batch normalization. To study further which of these yield the best result for our
search we can include real data points as well as uncertainties, as well as their calculate
expected significance as explained in Chapter 5.3.5, yields the plots shown in Figure A.2.

For more Figures showing NN training results see the GitHub repo®.

L Available here: https://github.com /rubenguevara/Master-Thesis/tree/master
Plots/NeuralNetwork /Normalization method
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Figure A.1: NN prediction when using different normalization methods

. This is testing a dataset
with 20% of the Z’ DH HDS myz = 130 GeV events.
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Figure A.2: Comparison of the best normalization methods. Figure (a) and (b) show the
validation data of both cases, (c¢) and (d) show the expected significance of the validation plots
when making a cut on the output.

In Figure A.2 we can see the Batch_normalization method gives us an overall higher
value of expected significance, meaning that it is better at classifying signal from back-
ground. Because of this, and because it is easier to implement this normalization method,

we will use this further in the NN optimization studies.



A.1. NEURAL NETWORK TRAINING 145
A.1.2 Balancing of signal and background

To try the different sample weight methods explained in Chapter 7.2.3 we used a dataset
consisting of only SM events where the goal was to treat the W channel as signal and
try to isolate it from other SM processes, as the number of events for this background
challenge resembles the data unbalance we have with some of our DM models. To train
we used Batch_normalization and 80% of the SM background events. To test we used
the remaining 20% of SM events. We also tested the difference in performance when us-
ing the SGD and ADAM optimizers. The difference in distributions when using different
optimizers can be seen in Figure A.3, here the balancing method (3. on Chapter 7.2.3)

is used.

TensorFlow output, W dataset, validation data with 20 % syst. unc. TensorFlow output, W dataset, validation data with 20 % syst. unc.
V5 =13TeV, 139 fb~!, >50 GeV Ef'ss V5=13TeV, 139 fb~?, >50 GeV Ef''ss

(a) Using ADAM (b) Using SGD

Figure A.3: Validation plots using SGD and ADAM. This was done using a dataset where the
goal was to isolate the W background process from other SM background processes

As ADAM is far better at sorting signal from background, since as we can see the ML
algorithm using SGD gives a score of 0.5 or higher to every event, we will only use this

optimizer further.
The results for the different weighting methods can be seen in Figure A.4, which shows
the validation plots and in Figure A.5 which shows the ROC score. For more Figures

showing NN training results see the GitHub repo?.

As we can see from Figure A.4, the only method where the NN is able to give a full

2 Available here: https://github.com /rubenguevara/Master-Thesis/tree /master
Plots/NeuralNetwork /W
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distribution of output scores is the balancing method. If we do not balance the W signal
from the rest of the SM background we see that the NN guesses all events to be back-
ground events (as the plots in (a) and (b) do not give a score higher than 0.5). The
AUC-score of the balancing method is the highest, as seen Figure A.5, this supports that

the balancing method is better with unbalanced datasets.

TensorFlow output, W dataset, validation data with 20 % syst. unc. TensorFlow output, W dataset, validation data with 20 % syst. unc.
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Figure A.4: Validation plots of different balancing methods. This was done using a dataset
where the goal was to isolate the W background process from other SM background processes
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ROC for TensorFlow on W dataset
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A.1.3 Sample weights to get expected events

Balancing is not enough however, because we need to include the re-weighting weights
for every event to correctly show the NN distributions based on real physics. To in-
clude these weights we proposed different methods as explained in Chapter 7.2.4. To
briefly recapitulate the method, we will make a sample weight which goes into the NN by
element-wise multiplying two arrays, these arrays we called the re-weighting array and
the balancing array. The re-weighting array is the array containing the weights used to
re-weight simulated MC events to expected events at 139 fb~!, in this thesis we decided
to only re-weight SM background events. The balancing array is what we are going to

test in this section, where it could be an array that balances using

1 Nsig,MC

Ay where we weigh down all background events wrt. the ratio of total simulated
9,

signal events over the total simulated background events

2. ]]\\f,b’“g—]ﬁ where we weigh up all signal events wrt. the ratio of total simulated back-
sig,

ground events over the total simulated signal events

3. % where we weigh down all background events wrt. the ratio of total simulated
g,exrp

signal events over the total expected background events at 139 fb~1

4. ]]\\;”L:fg where we weigh up all signal events wrt. the ratio of expected background
s1g,

events at 139 fb~! over the total simulated signal events

To test the different methods we used a dataset consisting of only SM events where the
goal was to treat the I channel as signal and try to isolate it from other SM processes.
To train we used Batch_normalization and 80% of the SM background events. To test
we used the remaining 20% of SM events. For all the figures showing NN training results

see the GitHub repo?.

3 Available here: https://github.com /rubenguevara/Master-Thesis/tree /master
Plots/NeuralNetwork /W
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We can observe the validation plots in
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Figure A.6. Here we see that the best performing

methods are the methods depicted in plot (c) and (d). This is reassuring as both of these

methods include the total of events in

the same way we defined the re-weight array. To

see if the difference in the AUC we can look at Figure A.7. Here we see that balancing

method of weighing up the signal events (plot (d)) yields slightly a higher AUC-score.
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Figure A.7: ROC plots of different balancing methods when re-weighting background events to
expected events. This was done using a dataset where the goal was to isolate the W background
process from other SM background processes

As we are interested in having as high expected significance, we check whether the method

of weighing down the background events, or the method of weighing up the signal events

yields a higher expected significance. This is shown in Figure A.8. Here we see that

the expected significance is overall slightly higher when weighing up the signal events.

Because of this we will continue our optimization search with this method

As a last note for the testing of these methods, the networks do not have the best

distribution on the validation plots. The reason for this might be because we did not

optimize the networks we tested, but rather used the same network for test. For the next

test, which is of the padding of the variables we will conduct a grid search to find the

best hyperparameters.
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A.1.4 Padding of data

To address the challenge of missing jet variables resulting in jagged arrays, as explained
in Chapter 7.2.1, we tested new variables that retain some information about the jet
kinematics while avoiding complete feature removal. These variables are presented in
Table 7.2. We compared this approach to a method that removes features associated
with jagged arrays, such as the pr,n, ¢ of the three most energetic jets, as well as the

invariant mass of the two most energetic ones, m;;.

For training, we used 80% of the entire background events from the SM, as well as
80% of all the Z’ DH HDS samples. We assigned sample weights based on the best
method determined in the previous section. This involved re-weighting each simulated
background event to match the expected number of background events at 139 fb=! and
balancing the dataset by adjusting the weight of all signal events relative to the ratio
of the total expected number of background events at 139 fb™! to the total number of
simulated signal events Nikg.ezp \We utilized the Batch_normalization method with the

’ Nsig,MC

ADAM optimizer instead of SGD.

Since changing features impacts the entire dataset, we conducted a grid search following
the steps outlined in Chapter 7.2.5 for both networks to achieve optimal results. The

hyperparameters yielding the highest significance are shown in Figure A.9.
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Figure A.9: Grid search result for pad testing on NN. This is training a dataset with 80% of all
Z’ DH HDS events.
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This means that the best hyperparameters for both networks coincidentally is the same,
meaning: n_neuron = 10, eta = 0.01, lamda = le-5. To further see how the NNs
performance was under training we can look at the loss, AUC and binary accuracy over
epochs, this ca be seen in Figure A.10 for the NN using the new variables as features and
Figure A.11 for the NN that removed the features with missing variables. From these
figures we can see that the results for both methods are similar, and that both yield good

results, as the training and testing set both seem to converge at the same place.
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Figure A.10: NN parameters after 50 epochs with new features. This is training a dataset with
80% of all Z’ DH HDS events.
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Figure A.11: NN parameters after 50 epochs when dropping features. This is training a dataset
with 80% of all Z' DH HDS events.
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We tested on the remaining 20% of the SM background events, as well as 20% of Z’ DH
HDS events where myz = 130 GeV. The ROC scores for each network can be seen in
Figure A.12, where we see that the results are equally good. The validation plots can be

seen in Figure A.13 where it seems that both method yield the same results again.
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Figure A.12: ROC plots for both padding methods. This is testing a dataset with 20% of the

7’ DH HDS mz = 130 GeV events.
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Figure A.13: Validation plots for both padding methods. This is testing a dataset with 20% of
the Z” DH HDS myz = 130 GeV events.

As the performance seems to be equally good for both methods, to check if the sensitivity
increases more with the new padding method or not we can calculate the expected signif-
icance of each model. This can be seen in Figure A.14, which shows a slight improvement
on the sensitivity of the network when using the new features. Meaning that the new

method might be viable to use in further studies.
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Figure A.14: Significance plots for both padding methods. This is testing a dataset with 20%

of the Z’ DH HDS mz = 130 GeV events.
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A.2 Boosted Decision Tree Training

As the evaluation of BDTs primarily involved testing different weighting methods, we
focused on examining two specific techniques. The first method involved considering
only positive weights, while the second method scaled the weights based on the sum
of weights relative to the sum of absolute values of weights. In addition, we included
the unweighted method, which balanced the data without applying any specific weight
adjustments. These weighting techniques were compared to assess their impact on the
BDTs’ performance. The hyperparameters used to train the different networks in this

chapter were
o 12\ —107°
e Number of trees = 200
e Depth of trees = 6
e Learning rate n = 0.1

The validation plots of each method can be seen in Figure A.15. To more clearly see
how well the methods classify signal from background we have also included the expected

significance of each method, this is shown in Figure A.16.

The results demonstrate that the unweighted method yields the best performance, al-
though it exhibits a poorer agreement between the data and simulation. However, con-
sidering that machine learning techniques are intended for real data analysis, this ap-
proach is not suitable. Additionally, the method involving the scaled absolute value of
weights shows a higher expected significance. Nevertheless, following the recommenda-
tion of experts and considering wider acceptance, we chose to adopt the more conservative

approach of using positive weights only when using BDTs further.
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Figure A.15: Difference when using different weighting methods. All networks were trained
using the balancing method explained in Section 7.3.1
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Figure A.16: Difference when using different weighting methods. All networks were trained
using the balancing method explained in Section 7.3.1
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A.3 NN algorithm

Algorithm A.1: Neural network definition using TensorFlow

import tensorflow as tf

from tensorflow.keras import layers
def Neural_Network (inputsize, n_layers, n_neuron, eta, lamda) :
model=tf.keras.Sequential ()

for i in range(n_layers):
if (i==0):
model .add(layers.Dense(n_neuron, activation=’relu’,
kernel _regularizer=
tf.keras.regularizers.l2(lamda), input_dim=inputsize))
else:
model .add(layers.Dense(n_neuron, activation=’relu’,
kernel_regularizer=

tf.keras.regularizers.1l2(lamda)))
model.add (layers.Dense(1l,activation=’sigmoid?’))
opt=tf.optimizers.SGD(learning _rate=eta) # or Adam!
model.compile(loss=tf.losses.BinaryCrossentropy (),
optimizer=opt,

metrics = [tf.keras.metrics.BinaryAccuracy()])

return model
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A.4 BDT algorithm

Algorithm A.2: Boosted Decision Tree definition using XGBoost

import xgboost as xgb

Boosted_Decision_Tree = xgb.XGBClassifier (
max_depth,
use_label_encoder=False,
n_estimators,
learning_rate,

reg_lambda,

predictor = ’cpu_predictor’,
tree_method = ’hist’,
scale_pos_weight = sow_bkg/sow_sig,
objective = ’binary:logistic’,
eval_metric = ’auc’,

min_child_weight = 1,
missing = -999,
random_state = 42,

verbosity = 1)
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Kinematical variables’ distribution in

control region
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Figure B.1: A¢(l., EF%), Ag(ly, EF%), A¢(l1,l2) and m;; distribution in the control region.
For the 2HDM + a we only include the distribution for tan 8 = 1.
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Figure B.3: Leading jets pr, ¢ and 7 distribution in the control region. For the 2HDM + a we
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for tan § = 1.
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Appendix C

Data and MC agreement of jets in

preselection region

For the distributions here we had a typo when making the plots. On every plot here we
are showing the region with E7** > 50 GeV, not the other way. This was not fixed due

to time constraints.
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Figure C.1: Data and MC agreement on number of b- jets with different pr cuts in CR.
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Appendix D

Expected mass exclusion limits for all

models

In this Appendix we showcase the mass exclusion limits in the ee and pu channels (and
in every signal region for the model independent approach) for the models not included

in the main text.

D.1 Dark Higgs Heavy Dark Sector
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Figure D.1: Mass exclusion limits of ee (left) and pp (right) channel for Z’ Dark Higgs Heavy
Dark Sector model using the model independent approach. To remind what the SRs are: SR1
has EFss € [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has EJss > 150 GeV.
The y-axis of both plots represents the cross-section times branching ratio of the process we are
studying. The x-axis is the mass of the Z' boson. We did not interpolate between the available
masses we had simulated, and have rather just connected the values calculated for each mass
point by connecting the points. The dashed black line is the expected 95% CL limit with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g; = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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D.2 Dark Higgs Light Dark Sector
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Figure D.2: Mass exclusion limits of ee (left) and upu (right) channel for Z’ Dark Higgs Light
Dark Sector model using the model dependent approach. The y-axis of both plots represents
the cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a 1o and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.3: Mass exclusion limits of ee (left) and up (right) channel for Z’ Dark Higgs Light
Dark Sector model using the model independent approach. The y-axis of both plots represents
the cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a lo and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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D.3 Light Vector Heavy Dark Sector
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Figure D.4: Mass exclusion limits of ee (left) and puu (right) channel for Z’ Light Vector Heavy
Dark Sector model using the model dependent approach. The y-axis of both plots represents
the cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a 1o and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.5: Mass exclusion limits of ee (left) and uu (right) channel for Z’ Light Vector Heavy
Dark Sector model using the model independent approach. To remind what the SRs are: SR1
has EFss € [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has EJss > 150 GeV.
The y-axis of both plots represents the cross-section times branching ratio of the process we are
studying. The x-axis is the mass of the Z' boson. We did not interpolate between the available
masses we had simulated, and have rather just connected the values calculated for each mass
point by connecting the points. The dashed black line is the expected 95% CL limit with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g; = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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D.4 Light Vector Light Dark Sector
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Figure D.6: Mass exclusion limits of ee (left) and pu (right) channel for Z’ Light Vector Light
Dark Sector model using the model dependent approach. The y-axis of both plots represents
the cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a 1o and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.7: Mass exclusion limits of ee (left) and pu (right) channel for Z’ Light Vector Light
Dark Sector model using the model independent approach. To remind what the SRs are: SR1
has EFss € [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has EJss > 150 GeV.
The y-axis of both plots represents the cross-section times branching ratio of the process we are
studying. The x-axis is the mass of the Z' boson. We did not interpolate between the available
masses we had simulated, and have rather just connected the values calculated for each mass
point by connecting the points. The dashed black line is the expected 95% CL limit with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g; = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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D.5 Effective Field Theory Heavy Dark Sector
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Figure D.8: Mass exclusion limits of ee (left) and pu (right) channel for Z' EF'T Heavy Dark
Sector model using the model dependent approach. The y-axis of both plots represents the
cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a 1o and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.9: Mass exclusion limits of ee (left) and pp (right) channel for Z’ EFT Heavy Dark
Sector model using the model independent approach. To remind what the SRs are: SR1 has
Emiss ¢ [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has E"** > 150 GeV. The
y-axis of both plots represents the cross-section times branching ratio of the process we are
studying. The x-axis is the mass of the Z' boson. We did not interpolate between the available
masses we had simulated, and have rather just connected the values calculated for each mass
point by connecting the points. The dashed black line is the expected 95% CL limit with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g; = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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Figure D.10: Mass exclusion limits of ee (left) and pu (right) channel for Z' EFT Light Dark
Sector model using the model dependent approach. The y-axis of both plots represents the
cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a 1o and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.11: Mass exclusion limits of ee (left) and pp (right) channel for Z' EFT Light Dark
Sector model using the model independent approach. To remind what the SRs are: SR1 has
Emiss ¢ [50,100] GeV, SR2 has ER* € [100,150] GeV, and SR3 has E"** > 150 GeV. The
y-axis of both plots represents the cross-section times branching ratio of the process we are
studying. The x-axis is the mass of the Z' boson. We did not interpolate between the available
masses we had simulated, and have rather just connected the values calculated for each mass
point by connecting the points. The dashed black line is the expected 95% CL limit with a
lo and 20 variance. The different red dashed lines represent the theoretical cross-section times
branching ratio of the process when varying the value of the lepton coupling g; between the
leptons and the Z' boson. The simulated events in this thesis utilized the value g; = 0.01, we
include the cross-section times branching ratio when increasing this coupling to 0.05 and 0.1 to
see how the exclusions change.
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D.7 Direct slepton production
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Figure D.12: Mass exclusion limits of ee (left) and uu (right) channel for direct slepton produc-
tion model using the model dependent approach. The plots here have the two varying masses as
the axes, the z-axis is the expected significance calculated using Eq. (4.20) with uncertainties.
The expected 95% CL limit was chosen using Frequentist statistics using the significance Z =
1.645. We have the slepton mass, mj, on the x-axis, and the neutralino mass on mgo the y-axis.
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Figure D.13: Mass exclusion limits of ee (left) and pp (right) channel for direct slepton pro-
duction model using the model independent approach. To remind what the SRs are: SR1 has
Emiss ¢ [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has E"** > 150 GeV. The
plots here have the two varying masses as the axes, the z-axis is the expected significance cal-
culated using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using
Frequentist statistics using the significance Z = 1.645. We have the slepton mass, mj, on the
x-axis, and the neutralino mass on mgo the y-axis.
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D.8 2HDM + a
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Figure D.14: Mass exclusion limits of ee (left) and pu (right) channel for 2HDM + a model with
tan 8 = 1 using the model dependent approach. The plots here have the two varying masses as
the axes, the z-axis is the expected significance calculated using Eq. (4.20) with uncertainties.
The expected 95% CL limit was chosen using Frequentist statistics using the significance Z =
1.645. We have the charged Higgs mass, my-, on the x-axis, and the pseudoscalar a mass mg
on the y-axis.
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Figure D.15: Mass exclusion limits of ee (left) and pp (right) channel for 2HDM + a model
with tan 8 = 1 using the model independent approach. To remind what the SRs are: SRI
has ETss € [50,100] GeV, SR2 has EMs € [100,150] GeV, and SR3 has EF* > 150 GeV.
The plots here have the two varying masses as the axes, the z-axis is the expected significance
calculated using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using
Frequentist statistics using the significance Z = 1.645. We have the charged Higgs mass, m -

on the x-axis, and the pseudoscalar a mass m, on the y-axis.
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D.8.2 Setting tanf =5
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Figure D.16: Mass exclusion limits of ee (left) and uu (right) channel for 2HDM + a model
with tan 8 = 5 using the model dependent approach. The y-axis of both plots represents the
cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a lo and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.17: Mass exclusion limits of ee (left) and pp (right) channel for 2HDM + a model
with tan 8 = 5 using the model independent approach. To remind what the SRs are: SRI
has EFss € [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has EJss > 150 GeV.
The plots here have the two varying masses as the axes, the z-axis is the expected significance
calculated using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using
Frequentist statistics using the significance Z = 1.645. We have the charged Higgs mass, mg-,
on the x-axis, and the pseudoscalar a mass m, on the y-axis.
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D.8.3 Setting tan g = 10
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Figure D.18: Mass exclusion limits of ee (left) and uu (right) channel for 2HDM + a model
with tan § = 10 using the model dependent approach. The y-axis of both plots represents the
cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a lo and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.19: Mass exclusion limits of ee (left) and pp (right) channel for 2HDM + a model
with tan 8 = 10 using the model independent approach. To remind what the SRs are: SRI
has EFss € [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has EJss > 150 GeV.
The plots here have the two varying masses as the axes, the z-axis is the expected significance
calculated using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using
Frequentist statistics using the significance Z = 1.645. We have the charged Higgs mass, mg-,
on the x-axis, and the pseudoscalar a mass m, on the y-axis.
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D.8.4 Setting tan g = 20
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Figure D.20: Mass exclusion limits of ee (left) and uu (right) channel for 2HDM + a model
with tan § = 20 using the model dependent approach. The y-axis of both plots represents the
cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a lo and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.



194 APPENDIX D. EXPECTED MASS EXCLUSION LIMITS FOR ALL MODELS

tanf3 = 20 in SR1 tanf3 = 20 in SR1
1 1
i i
i i
i i
i i
1 B
i i
I i
i i
i i
1 B
i i
i i
i |
1 B
i i
i i
i v i
i i
1 . I 1
i i
I i
i i
[ i
B B
[ [l
[ i
[ i
[ i
1 B
[ i
i i
i i
1 B
i i
- i i
A i Ea\ i
(e = H H
400 600 800 1000 1200 1400 1600 1800 2000 400 600 800 1000 1200 1400 1600 1800 2000
My [GeV] my [GeV]
tanf3 = 20 in SR2 tanf3 = 20 in SR2

0 1000 1200 1400 1600 1800 2000

my [GeV] m [GeV]
tanf3 = 20 in SR3 tanf3 = 20 in SR3
500 500
] 0.4 ¥
i i
i i
A50 | - = 0.4 A50 i - =
1 1
H i
400 =03 400 i
B B
) 5 H
350 HE 350 |
— B — B
3 o ‘ o2 3 2 |
©,300 ‘ H ©,300 |
© ¥ B © B
= 0.2 E [
250 = 250 =
HI0.1 H
g i 200 i
2008 H i
| = |
| i 150 i
150
0.0 ez I
i = 4 i
i — i
10054 s s e e 10054 s e |
400 600 800 1000 1200 1400 1600 1800 2000 400 600 800 1000 1200 1400 1600 1800 2000
my [GeV] m [GeV]

Figure D.21: Mass exclusion limits of ee (left) and uu (right) channel for 2HDM + a model
with tan 8 = 20 using the model independent approach. To remind what the SRs are: SRI
has EFss € [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has EJss > 150 GeV.
The plots here have the two varying masses as the axes, the z-axis is the expected significance
calculated using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using
Frequentist statistics using the significance Z = 1.645. We have the charged Higgs mass, mg-,
on the x-axis, and the pseudoscalar a mass m, on the y-axis.
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D.8.5 Setting tan g = 30
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Figure D.22: Mass exclusion limits of ee (left) and uu (right) channel for 2HDM + a model
with tan § = 30 using the model dependent approach. The y-axis of both plots represents the
cross-section times branching ratio of the process we are studying. The x-axis is the mass of
the Z' boson. We did not interpolate between the available masses we had simulated, and have
rather just connected the values calculated for each mass point by connecting the points. The
dashed black line is the expected 95% CL limit with a lo and 20 variance. The different red
dashed lines represent the theoretical cross-section times branching ratio of the process when
varying the value of the lepton coupling g; between the leptons and the Z' boson. The simulated
events in this thesis utilized the value g = 0.01, we include the cross-section times branching
ratio when increasing this coupling to 0.05 and 0.1 to see how the exclusions change.
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Figure D.23: Mass exclusion limits of ee (left) and pp (right) channel for 2HDM + a model
with tan 8 = 30 using the model independent approach. To remind what the SRs are: SRI
has EFss € [50,100] GeV, SR2 has EF* € [100,150] GeV, and SR3 has EJss > 150 GeV.
The plots here have the two varying masses as the axes, the z-axis is the expected significance
calculated using Eq. (4.20) with uncertainties. The expected 95% CL limit was chosen using
Frequentist statistics using the significance Z = 1.645. We have the charged Higgs mass, mg-,
on the x-axis, and the pseudoscalar a mass m, on the y-axis.



Appendix E

Dataset IDs for MC samples

Table E.1: Drell Yan background MC samples

Dataset ID | Process

700320 Zee _maxHTpTV2 BFilter

700321 Zee _maxHTpTV2 CFilterBVeto

700322 Zee _maxHTpTV2 CVetoBVeto

700323 Zmumu_maxHTpTV2 BFilter

700324 Zmumu maxHTpTV2 CFilterBVeto
700325 Zmumu_maxHTpTV2 CVetoBVeto
700326 Ztautau LL maxHTpTV2 BFilter
700327 Ztautau LL maxHTpTV2 CFilterBVeto
700328 Ztautau LL maxHTpTV2 CVetoBVeto
700452 Zee mZ7 120 ECMS BFilter

700453 Zee mZ7Z 120 ECMS CFilterBVeto
700454 Zee _mZ7 120 ECMS _ CVetoBVeto
700455 Zmumu_ mZ 120 ECMS BFilter
700456 Zmumu_ m7 120 ECMS CFilterBVeto
700457 Zmumu_ m7 120 ECMS CVetoBVeto
700458 Ztautau m7Z 120 ECMS BFilter
700459 Ztautau m7Z 120 ECMS CFilterBVeto
700460 Ztautau _mZ 120 ECMS CVetoBVeto

197
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APPENDIX E. DATASET IDS FOR MC SAMPLES

Table E.2: Single top and TTbar background MC samples

Dataset ID ‘ Process

410472
410644
410645
410648
410649
410658
410659

tt dilepton filtered

Single top s-channel (top)

Single top s-channel (anti-top)

W + t associated production dilepton filtered (top)

W + t associated production dilepton filtered (anti-top)
Single top t-channel (top)

Single top t-channel (anti-top)

Table E.3: Diboson background MC samples

Dataset ID ‘ Process

363356 Z —qq+ Z — 1
363358 W —=qq+ 2 —1
363359 W+ —qgqg+W~ — v
363360 W —=lv+W~™ = qq
363489 W —=lv+7Z— qq
364250 il

364253 v

364254 llvy

364255 lvvy




Table E.4: W background MC samples

Dataset ID ‘ Process

364156
364157
364158
364159
364160
364161
364162
364163
364164
364165
364166
364167
364168
364169
364170
364171
364172
364173
364174
364175
364176
364177
364178
364179
364180
364181
364182
364183
364184
364185
364186
364187
364188
364189
364190
364191
364192
364193
364194
364195
364196
364197

W — pr maxHTpTVO 70 CVetoBVeto

W — pv maxHTpTVO 70 CFilterBVeto
W — pr maxHTpTVO 70 BFilter

W — pr maxHTpTV70 140 CVetoBVeto
W — pr maxHTpTV70 140 CFilterBVeto
W — pv maxHTpTV70 140 BFilter

W — pv maxHTpTV140 280 CVetoBVeto
W — pr maxHTpTV140 280 CFilterBVeto
W — pr maxHTpTV140 280 BFilter

W — pr maxHTpTV280 500 CVetoBVeto
W — pr maxHTpTV280 500 CFilterBVeto
W — pv maxHTpTV280 500 BFilter

W — pv maxHTpTV500 1000

W — pr maxHTpTV1000 E CMS

W — erv maxHTpTVO 70 CVetoBVeto

W — ev maxHTpTVO 70 CFilterBVeto

W — ev maxHTpTVO 70 BFilter

W — ev maxHTpTV70 140 CVetoBVeto
W — ev maxHTpTV70 140 CFilterBVeto
W — ev maxHTpTV70 140 BFilter

W — erv maxHTpTV140 280 CVetoBVeto
W — ev maxHTpTV140 280 CFilterBVeto
W — ev maxHTpTV140 280 BFilter

W — er maxHTpTV280 500 CVetoBVeto
W — er maxHTpTV280 500 CFilterBVeto
W — erv maxHTpTV280 500 BFilter

W — ev maxHTpTV500_ 1000

W — ev maxHTpTV1000 E CMS

W — v maxHTpTVO 70 CVetoBVeto

W — 7v maxHTpTVO0 70 CFilterBVeto

W — 7v maxHTpTVO0 70 BFilter

W — v maxHTpTV70 140 CVetoBVeto
W — 7v maxHTpTV70 140 CFilterBVeto
W — v maxHTpTV70 140 BFilter

W — 7v maxHTpTV140 280 CVetoBVeto
W — 7v maxHTpTV140 280 CFilterBVeto
W — 7v maxHTpTV140 280 BFilter

W — 7v maxHTpTV280 500 CVetoBVeto
W — 7v maxHTpTV280 500 CFilterBVeto
W — v maxHTpTV280 500 BFilter

W — 7v maxHTpTV500 1000

W — v maxHTpTV1000 E CMS

199
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Appendix F

Limit calculation tables

To calculate the signal efficiency e4,,, we used the following formula

£ = Nsig
o oB x lumiRunH

where Ng;, are the number of signal events after the cut, and where we calculated

oB x lumiRunII = E UBpem'od X 1urnipem'od

period
extracting the cross-section of the DM sample from the DSID on each MC period and
converting it to fb units, and using

/

36.4 fb~*, for period = 2015-2016

lumiperion = § 44.3 fb~!, for period = 2017

58.5 fb~!, for period = 2018
\
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Table F.1: Inputs for the Z'hp — llxx LDS 0B calculations. The first three columns are the Z'
mass, the theoretical cross-section times branching ratio o B, and what Z' decay channel we are
looking at. The next two are e,j,, which is the signal selection efficiency, and Ngj,, which is the
predicted number of signal events after the cuts. The last column is the number of background
events, Npig. The uncertainties of g, Ngjg and Ny, are statistical with an assumed 20% flat
systematic uncertainty. The MET threshold is EXSS. = 50GeV and the invariant mass threshold

T, min

is mﬁ”" = 110GeV and is the same for all inputs.
my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg
130 194 ee 0.25 £ 0.05 8.70 £ 1.75 272.0 + 56.0
' o 0.21 £0.04 7.33 £1.48 299.4 +60.7
900 1.05 ee 0.29 £+ 0.06 8.34 £ 1.68 294.9 +60.3
' i 0.23 £0.05 6.68 £ 1.34 304.4 £61.7
ee 0.38 £0.08 6.35 £ 1.28 264.9 +55.0

400 6.08 x 1071

i 0.25 + 0.05 4.30 £ 8.66 x 107! 288.9 + 58.7

. ce 0.70 £0.14 5.64+1.13 275.2 4 56.6

600 2.88 x 10 i 0.50 £ 0.10 3.98 £ 7.98 x 107! 298.3 & 60.4
. ce 1.01 +0.20 4.05+8.11 x 107! 295.9 + 60.5

800 L4d> 10 i 0.70 £ 0.14 2.81 £ 5.63 x 107! 307.5 & 62.4
. ee 1.14 +0.23 3.30 £ 6.61 x 107! 271.3 4+ 55.8

900 104510 i 0.80 £ 0.16 2.30 & 4.60 x 10~ 293.2 & 59.4
_2 ce 1.30 4 0.26 2.03 +4.07 x 107! 270.8 + 55.7

1100 5.61 <10 i 0.90 £ 0.18 1.40 +2.81 x 1071 290.0 & 58.8
L ee 1.35 +0.27 1.58 +£3.16 x 10~ 273.9 & 56.2

1200 4.19>10 i 0.95 £ 0.19 1.10 £2.21 x 1071 289.4 4 58.8
ce 1.41 +0.28 1.24 +£2.48 x 1071 292.8 & 60.0

-2
1300 3.16 x 10 ppo | 0.97+£0.19 849 x 1071 +£1.70 x 1071 288.6 +58.5

ee 1434+0.29 951 x 1071 £1.91 x 107!  298.8 & 61.2
it 0.97+0.19 6.47x107'+1.30 x 1071  311.7+63.2

ee 1.4440.29 736 x 1071 +1.47 x 1071 287.9 +59.1
! 0.96+0.19 4.90x 1071 +£9.82x 1072 298.7 + 60.6

1400 2.40 x 1072

1500 1.84 x 1072




203

Table F.2: Inputs for the Z'xo — llx1x1 HDS oB calculations. The first three columns are
the Z' mass, the theoretical cross-section times branching ratio o B, and what Z' decay channel
we are looking at. The next two are €4y, which is the signal selection efficiency, and Ngg,
which is the predicted number of signal events after the cuts. The last column is the number of
background events, Npyg. The uncertainties of £ig, Nsig and Ny, are statistical with an assumed
20% flat systematic uncertainty. The MET threshold is Eﬁ?ﬁfm = 50GeV and the invariant mass
threshold is mZLm = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg
1 ee 0.30 £ 0.06 5.72+1.16 93.6 + 20.6
130 0-93 % 10 s 0.24 + 0.05 4.66 +£9.44 x 107! 104.4 £21.9
1 ee 0.69 +0.14 2.71 +5.45 x 107! 102.5 £ 22.7
200 141>10 up | 0.5140.10 2.02 4 4.08 x 10~ 102.4 +21.4

ee 1.30+£026 248 x 1071 +£4.99 x 1072 107.2 £ 22.7
o 0.91+£0.18 1.75x 1071 £3.52x 1072 110.2+£23.1

ee 1.56 £0.31 3.83x10724+7.67x 1073 98.2+21.1
o 1.06 £0.21 260x 10724521 x1073 91.4+19.7

ee 1.664+0.33 7.65 x 10734+ 1.53 x 1073 101.6 +21.6
s 1.16 £0.23 533 x10734+1.07 x 1073 100.5 +21.2

ee 1.714+0.34 3.67x1073+7.36 x 107* 106.0 £ 22.5
[h 1194024 256 x 1073 +5.14x107% 89.24+19.0

ee 1.734+0.35 9.03x 1074 +£1.81 x 1074 84.2+18.8
i 1194+024 6.22x 1074 +£1.25 x 1074 106.1 & 22.3

ce 1.76 £0.35 4.65x 1074 4+9.33 x107° 100.2+21.4
I 1.224+0.24 3.22x107%+6.46 x 10~° 105.1 &+ 22.0

ee 1.73+£0.35 238 x107*+4.76 x107° 77.0+17.7
L 1204024 1.64x10744+3.30 x 107° 104.5+22.0

ee 1.79+£0.36 1.29 x 107 4+£2.60 x 107>  98.5+21.3
Lf 1214024 873x1075+1.75 x 107>  97.8 +20.6

ee 1.79+0.36 6.86 x 107+ 1.38 x 1075 111.1+£23.5
o 1.20+£0.24 461 x107°4+926x 1075 96.3 +£20.2

400 6.90 x 1073

600 8.81 x 10~*

800 1.66 x 1074

900 7.74 x 1075

1100 1.87 x 1075

1200 9.53 x 10~

1300 4.93 x 10~

1400 2.59 x 1076

1500 1.38 x 106
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Table F.3: Inputs for the Z'ys — llx1x1 LDS 0B calculations. The first three columns are the Z'
mass, the theoretical cross-section times branching ratio o B, and what Z' decay channel we are
looking at. The next two are ey, which is the signal selection efficiency, and Nyj,, which is the
predicted number of signal events after the cuts. The last column is the number of background
events, Npig. The uncertainties of g, Ngjg and Ny, are statistical with an assumed 20% flat
systematic uncertainty. The MET threshold is Ei}ﬁﬁfm = 50GeV and the invariant mass threshold
min

is mj*" = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg

130 6.80 ee 0.07 +0.01 13.8 +£2.83 182.6 4 38.0
' L 0.05 4 0.01 10.0 & 2.07 260.9 + 52.9
900 537 ee 0.18 +0.04 12.04+2.43 191.4 4+ 39.8
‘ L 0.13 4+ 0.03 8.88 +£1.81 258.9 + 52.4
1 ee 0.68 £0.14 5.45 + 1.10 186.6 & 38.7
400 2.89 > 10 L 0.41 +0.08 3.28+6.61 x 107! 256.9 + 52.0
9 ee 1.01 4 0.20 2.06 +£4.13 x 107! 194.8 4 40.2
600 73410 L 0.65 +0.13 1.3242.65 x 1071 268.6 + 54.4
9 ee 1214024 871 x107'+1.75 x 1071 182.7+38.4
su0 2:59 > 10 [uht 0.80£0.16 5.74x 1071 £1.15x 1071  256.9 & 52.0
9 ee 1.294+0.26 590 x 1071 +£1.18 x 107! 176.1 £ 36.5
900 1.65> 10 s 0.86£0.17 3.92x 1071 +£7.88x 1072 243.3+£49.3
_3 ee 1.35+0.27 276 x 1071 +£5.52 x 1072 190.8 4 39.4
1100 734> 10 LfL 0.92+0.18 1.87x 1071 +£3.75 x 1072 240.9 £48.8
_3 ee 1414028 2.00 x 1071 +4.00 x 1072 179.8 +£37.2
1200 508> 10 [Lh 0.96+0.19 1.36 x 1071 £2.73 x 1072 250.8 £ 50.8
1.434£0.29 1.42x1071'4+284x 1072 190.7+39.5

1 58x1073
300 3:58 x 10 L 0.98+020 9.72x1072+£1.95x 1072 245.3 £49.6
_3 ee 1.464+0.29 1.04 x 1071 +2.08 x 1072 185.9+38.9
1400 2.56 < 10 Lf 0.994+0.20 7.09 x 1072 +£1.42 x 1072 260.4 + 52.9
_3 ee 1.4840.30 7.68x 10724+ 1.54 x 1072 185.1 + 38.2
1500 1.86 > 10 o 0.984+0.20 5.10 x 1072 +£1.02 x 1072 245.44+49.7
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Table F.4: Inputs for the EFT — Z'xx HDS 0B calculations. The first three columns are the Z'
mass, the theoretical cross-section times branching ratio o B, and what Z' decay channel we are
looking at. The next two are e,j,, which is the signal selection efficiency, and Nyj,, which is the
predicted number of signal events after the cuts. The last column is the number of background
events, Npig. The uncertainties of g, Ngjg and Npyg are statistical with an assumed 20% flat
systematic uncertainty. The MET threshold is E%ﬁn = 50GeV and the invariant mass threshold

min

ism = 110GeV and is the same for all inputs.
i
my [GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nikg

130 781 x 10-6 ee 028+0.06 6.08x107°+1.23x107° 121.2426.6
' L 0.23+£0.05 4.96x107°+£1.01 x 107> 105.8 +22.4

900 6.81 x 10-7 ee 0.654+0.13 1.22x 10754246 x 1076  139.34+29.1
' L 0.49+0.10 9.19x107%+1.85x107% 103.0+21.6

200 6.01 % 10-8 ee 1.01£020 1.69x107543.39x 10" 113.8425.0
' I 0.76+0.15  1.28 x 1076 +£2.57 x 1077  113.3 £23.8

9 ee 1.304+0.26  3.06 x 1077 +£6.13 x 1078 118.0 £ 25.7

400 842> 10 o 0.92+0.18 216 x 1077 +£4.33 x 10~®  107.94+22.6
9 ee 1.464+029 7.32x 10784147 x107% 108.6 +24.9

500 1.80 10 L 1.03+0.21 516x10784+1.04 x 1078  97.94+20.7
~10 ee 1.55+031  2.09x1078+£418x 107 117.8+25.0

600 4.83 > 10 L 1.09+0.22 146 x 10784292 x 1079 115.5+24.2
~10 ee 1.64+033 6.82x1079+1.37x 107 122.2426.1

700 149> 10 LU 1.1540.23  4.76 x 1072 +£9.56 x 10719 113.34+23.9
500 512 5 10-11 ee 1.684+0.34 239 x 1072 +£4.80 x 10719 118.54+25.0
' LU 1174023  1.66 x 1072 +£3.34 x 10719 105.34+22.1

900 190 x 10-11 ee 1.714£0.34  9.05 x 107104+ 1.81 x 10719 12224258
' L 1.154+0.23  6.09 x 10719 4+1.22 x 1071 116.5 £24.4

12 ee 1.70£0.34 3.53 x 10710+ 7.07 x 10711 123.0 + 26.0

1000 AT < 10 L 1.1740.23 244 x 10719 £4.89 x 10~ 117.0 £24.6
12 ee 1.74+0.35 1.48 x 107104297 x 107'*  108.7 +23.3

1100 3:07> 10 L 1.17+0.23 1.00 x 107194+ 2.01 x 10~ 100.9 +21.3
19 ee 1.754£0.35 6.41 x 107 +£1.28 x 10711 122.8 £ 26.0

1200 1.31>10 m 1.23+0.25 449 x 107" 4+9.01 x 1072 109.7 £23.1
13 ee 1.754£0.35 2.82x 107 +5.65 x 10712 120.9 £ 26.6

1300 5-80 > 10 L 1.23+£0.25 1.99x 107" +3.99 x 10712 1154 +24.4
13 ee 1.7440.35 1.27 x 1071 £2.55 x 10712 123.9 £ 26.1

1400 2.63 10 LU 1.184+0.24 864 x107124+1.73 x 10712 107.3+22.6
13 ee 1.78 £0.36  6.02x 10712 4+1.21 x 10712 115.3 £24.6

1500 1.22>10 Lt 1224024 4.15x 107124832 x 10713 108.34+22.8
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Table F.5: Inputs for the EF'T — Z'xx LDS o B calculations. The first three columns are the Z'
mass, the theoretical cross-section times branching ratio o B, and what Z' decay channel we are
looking at. The next two are e,j,, which is the signal selection efficiency, and Nyj,, which is the
predicted number of signal events after the cuts. The last column is the number of background
events, Npig. The uncertainties of g, Ngjg and Npyg are statistical with an assumed 20% flat
systematic uncertainty. The MET threshold is E%ﬁn = 50GeV and the invariant mass threshold

min

is my*" = 110GeV and is the same for all inputs.
my [GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nikg

130 3.35 x 10-5 ee 0.06+0.01 520x107°£1.07x 107> 2484 +51.7
' L 0.04+£0.01 398x107°+£828x 1076 292.54+59.2
_6 ee 0.174+0.03 1.23x107°+£2.50 x 107  245.04+50.3
200 2.67>10 L 0.124£0.02 911 x107%+1.86x 1076 291.6 +59.0
300 5.06 x 10~ ee 0.36+£0.07 2.06 x 1076 +£4.15 x 1077 248.1 £51.0
' L 0.24+0.05 1.36x1076+£2.75x 1077  284.7 £ 57.7
0.61+0.12 452 x1077+£9.09 x 1078  250.6 = 51.7

4 2.65 x 108 ce
00 05> 10 o 0.404+0.08 293 x 1077 +£5.91 x 1078  281.9+£57.0
9 ee 0.824+0.16 1.24x 10774248 x 107%  243.1 £50.3
p00 546 > 10 [f 0.514+0.10 7.69 x 1078 £1.55 x 107%  293.3 £59.4
600 L AT % 10-9 ee 1.034+0.21  4.21 x 1078 £8.44 x 1072 244.9 £ 50.8
' L 0.624+0.12 253 x1078+£5.08 x 1077 294.24+59.5
_10 ee 1.13+0.23 148 x1078+2.97x107? 256.1+52.4
700 472> 10 LU 0.73+£0.15 956 x 1072 +£1.92 x 1072  298.1 +60.3
800 173 % 10-10 ee 1224024 589 x 10724+ 1.18 x 1072 245.5 + 51.2
' LU 0.824+0.16 3.93x 1072 +£7.89 x 10719 301.5+61.1
1 ee 1254025 245 x 1072 4+4.91 x 10719 257.9452.7
900 702> 10 L 0.88+£0.18 1.71 x 1072 £3.43 x 10710  281.0+57.0
1 ee 1.354+027 1.16 x 10724232 x 10719  251.14+51.5
1000 309 10 I 0.89+0.18 7.66 x 10710 £ 1.54 x 10719 290.3 £ 58.8
11 ee 1.40 £0.28 5.63 x 107104+ 1.13 x 10719 238.6 +49.0
1100 145> 10 L 0.954+0.19 3.85x 1070 +7.72 x 10711 291.4459.0
1o ee 1.394£0.28 2.78 x 10710+ 557 x 10711 249.4 £ 51.0
1200 719> 10 L 0.954+0.19 1.89 x 10710 +£3.80 x 10~ 300.7 +60.8
1o ee 1.454+0.29 1.51 x 107104+ 3.02 x 10711 242.4 £ 50.0
1300 3.74 > 10 L 0.974+0.19 1.01 x 1070 +£2.03 x 10~ 307.54+62.2
1o ee 1.48+0.30 831 x 1071 £1.67 x 10711 244.0 4+ 50.7
1400 2.02>10 L 1.004+0.20 5.65x 10711 +£1.13 x 107" 315.4 4+ 63.9
1500 113 % 10-12 ee 1.494+0.30 4.69 x 10711 +9.40 x 10712 230.8 +-47.4
' Lt 0.98+0.20 3.07x 107" +6.16 x 10712 301.5+61.1
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Table F.6: Inputs for the Z'hp — llxx HDS 0B calculations in SR1. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjg, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the

invariant mass threshold is mﬁ“” = 110GeV and is the same for all inputs.
my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg
130 111 ee 0.04 £0.01 1.21+0.26 283.9 + 58.7
' L 0.03 £0.01 1.06 + 0.23 282.7 +57.2

ee 0.09+0.02 584x10"1'+1.22x10"! 273.9+55.9
L 0.054+0.01 3.45x 1071 +£7.37 x 1072 275.4+59.3

ee 0.094+0.02 3.90x1072+£8.12x 1072 281.94+57.4
o 0.05+0.01 2.09x 1072 +£4.49 x 1073 294.8 £ 59.7

ee 0.07+£0.01 459 x 1072 +£9.69 x 10™* 267.8 £ 54.5
o 0.034+0.01 2.07 x 1073 £4.60 x 10~* 302.5 £ 61.2

ee 0.05+0.01 7.29x107*+£1.58 x 107* 296.4 + 60.4
L 0.03+0.01 4.96x107*+1.11 x 107* 317.0 £64.1

ee 0.04+0.01 3.40 x 1074 £7.42 x 1075  270.4 + 55.1
i 0.02+£0.00 1.78 x 1074 £4.11 x 1075 297.2 £ 60.1

ee 0.03+0.01 7.13x10°+1.62x107° 276.8+57.1
o 0.02+0.00 4.47 x107°+1.06 x 107®> 284.8 +57.7

ee 0.024+0.00 2.85x107°+6.70 x 1076 276.0 +57.2
LfL 0.024+0.00 2.57x107° +£6.13 x 107 293.6 + 59.4

ee 0.034+0.01 2.23x107°+5.08x 107% 286.0 + 58.2
LfL 0.02+0.00 1.32x107°+3.19x107% 265.9+57.6

ee 0.0240.00 1.10 x 107° £2.54 x 1076 279.5 £ 57.0
i 0.0240.00 7.78 x 1076 £1.89 x 107¢ 308.7 + 62.4

ee 0.02+0.00 5.83x10%4+1.36 x 1075 268.5+55.5
! 0.01+0.00 3.13x10°%+826x10"7 303.1+61.3

200 2.46 x 1071

400 1.49 x 1072

600 2.35 x 1073

800 5.43 x 1074

900 2.82 x 1074

1100 8.40 x 107°

1200 4.75 x 107°

1300 2.73 x 1075

1400 1.60 x 10~5

1500 9.42 x 106
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Table F.7: Inputs for the Z'hp — llxx HDS 0B calculations in SR2. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjs, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npi,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my [GeV] oB |fb] Channel ‘ Esig [X1071] Nsig Nikg

130 1 ee 0.10 + 0.02 3.17 +0.65 59.6 4 15.2

Lf 0.08 £ 0.02 2.41 £ 0.50 80.8 £16.9
200 2.46x 107 zz 8:12 i 8:82 7.89 x 110'9??1):2; x 101 Sg:g i 12:3
0010 s el sasire
0 2100 a1 o 7o es
0 sdaxa0 e e 02500l taesten
020 okl som s Tt
TR TN e o
047500 L0t a 108 do som T
B0 27500 0t st do e
0010 s a0k do st v
0 aazx a0t e el aTa e
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Table F.8: Inputs for the Z'hp — llxx HDS 0B calculations in SR3. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjg, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
min

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [x1071] Nsig Nbkg
130 L1 ee 0.08 +0.02 2.62 4 0.54 17.9+4.7
L 0.05 £ 0.01 1.54 4 0.33 23.6 £5.8

200 2.46 x 1071 ;Z 8:?3 i 8:82 13; i 8:32 ;Z; i g:g
a0l 4Tk 100 arotss
I B e o S Ry
0 a0 Tl L0 403100 201500
T By vy DTS yiiotr @ i
o0t A0S h00 101 27 ess
Lo a0 0 ek 101 209550
R Byt ¥ ey oS
VA T il e ot b o e
B 010t 0 A0k 105 104t
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Table F.9: Inputs for the Z'hp — llxx LDS oB calculations in SR1. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjs, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npi,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg

130 194 ee 0.04 +0.01 1.3240.27 289.1 + 59.0
' LfL 0.03 £0.01 1.08 4+ 0.23 272.3 £ 58.7

500 L05 ee 0.07 £0.01 2.16 + 0.44 276.7 + 56.6
' I 0.05 £ 0.01 1.3240.27 297.5 + 60.1

1 ee 0.12 +0.02 1.98 4 0.40 268.2 + 55.2

400 0.08 > 10 L 0.06 + 0.01 1.10 4+ 0.23 292.4 + 59.1
1 ee 0.17 +£0.03 1.3740.28 276.6 + 56.5

600 2.88 > 10 L 0.10+£0.02 7.91x 107" +1.61x10"" 300.0+60.7
1 ee 0.24+0.05 9.67 x 1071 £1.95 x 1071 273.4 £+ 56.2

800 144> 10 s 0.144+0.03 5.77x 107! £1.17x 10! 268.9+58.1
1 ee 0.26 £0.05 7.39 x 1071 £1.49 x 1071  289.5 +59.5

900 1.04>10 LfL 0.14+0.03 4.06x 107" +£821 x 1072 304.2£61.5
9 ee 0.254+0.05 3.93x 1071 +£7.91 x 1072 283.6 £ 57.7

1100 56110 LfL 0.14+0.03 213 x107'+£4.32x 1072 293.3+£59.3
9 ee 0.254+0.05 2.93 x 107! £5.89 x 1072 287.9+58.7

1200 4.19>10 LfL 0.14+0.03 1.60x 1071 +£3.24 x 1072 297.7 £ 60.2
_o ee 0.2440.05 2.14x 1071 +£4.31 x 1072 296.1 +60.7

1300 3:16 > 10 L 0.134+0.03 1.17x 1071 +£2.38 x 1072 284.8 +61.1
9 ee 0.24+0.05 1.57x 10714317 x 1072 274.4+56.2

1400 24010 L 0.134+0.03 8.35x1072+1.69 x 1072 303.4+61.4
9 ee 0.234+0.05 1.20 x 1071 £2.42 x 1072 277.0 + 56.6

1500 1.84>10 L 0.12+0.02 599x1072+1.22x 1072 308.6 +62.4
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Table F.10: Inputs for the Z'hp — llxx LDS 0B calculations in SR2. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjg, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
min

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my |GeV] oB |fb] Channel ‘ Esig [X1071] Nsig Nbkg

130 L 94 ee 0.09 £ 0.02 3.07+0.63 52.8 +15.1
' I 0.08 4 0.02 2.65 4 0.54 81.0+17.0

500 105 ee 0.10 % 0.02 2.84 4 0.58 62.5 + 15.7
‘ [ 0.07 +0.01 2.17 4 0.44 72.94+15.3

1 ee 0.13 +0.03 2.16 4 0.44 67.0 + 16.6

400 6.08 % 10 I 0.09 4 0.02 1.53 £0.31 82.6 +17.4
1 ee 0.21 4+ 0.04 1.67 £ 0.34 59.4 4+ 13.2

600 2.88 x 10 [f 0.15 4 0.03 1.18 +0.24 83.8+17.5
_1 ee 0.27 4+ 0.05 1.07 £0.22 57.14+13.9

800 L4410 U 0.184£0.04 7.07x107'+143x107! 7454156
1 ee 0.284+0.06 8.02x 1071 +£1.62x 107t 65.9+14.6

900 104> 10 L 0.1840.04 520x 1071 £1.05 x 107" 68.1 £14.5
9 ee 0.29+£0.06 4.47x 1071 +£9.00 x 1072  62.9+14.3

1100 56110 I 0.194+0.04 298 x 1071 £6.02x 1072 81.5+17.2
9 ee 0.31 £0.06 3.58x107'+£721x1072 56.2414.6

1200 41910 I 0.1840.04 2.06 x 1071 £4.16 x 1072 86.7 £18.2
9 ee 0.29+£0.06 2.52x 107" +£5.07x 1072 56.7413.1

1300 3:16 10 I 0.1840.04 1.54x 1071 £3.11x 1072 84.9+17.7
9 ee 0.28£0.06 1.86x 1071 4+3.75 x 1072  60.0 & 15.0

1400 2.40> 10 L 0.174£0.03 1.17x 107" £2.36 x 1072 83.24+17.5
2 ee 0.2840.06 1.41x1071+£283x1072 504+11.6

1500 184> 10 L 0.17+£0.03 882x1072+1.78 x 1072 83.4+17.6
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Table F.11: Inputs for the Z'hp — llxx LDS 0B calculations in SR3. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjg, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
min

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my [GeV] oB [fb] Channel ‘ Esig [x1071] Nsig Nbkg

130 194 ee 0.07 £0.01 2.55 + 0.52 15.14+6.6
' Lt 0.05 £ 0.01 1.58 4 0.33 20.5 + 5.0

500 L05 ee 0.12 £ 0.02 3.51+0.71 22.5+5.7
' Lt 0.08 £ 0.02 2.27 + 0.46 18.8 +4.7

1 ee 0.14 £0.03 2.44 +0.49 20.1+5.2

400 0.08 > 10 L 0.10 £ 0.02 1.66 4 0.34 20.1 +4.8
1 ee 0.20 £ 0.04 1.6140.33 18.44+5.2

600 2.88 > 10 L 0.15 £ 0.03 1.1940.24 14.04+4.0
1 ee 0.36 £ 0.07 1.45 4 0.29 22.1+6.0

800 144> 10 L 0.27 £0.05 1.09 4 0.22 14.14+3.9
1 ee 0.47 £0.09 1.374+0.27 15.4 4+ 6.4

900 1.04>10 | 0.35+0.07 1.01 4 0.20 15.0 + 3.8
5 ee 0.65 +0.13 1.01 4 0.20 21.6 +£5.4

1100 5-61>10 Lt 0.48+£0.10 7.47x107'+£1.50x 107" 17.0+4.4
_9 ee 0.744+0.15 859 x107'+1.72x 107! 189+54

1200 4.19>10 LU 0.53+£0.11 6.20x 107 £1.24 x 107" 16.94+4.3
5 ee 0.804+0.16 7.04 x 107" +1.41 x 107" 20.1+5.5

1300 3-16 10 m 0.574+0.11 5.03x 107" +1.01 x 10~" 16.6 £4.5
9 ee 0.84+£0.17 5.64x 107" £1.13 x 107" 12.246.5

1400 240> 10 g | 0614012 4.07x 1071 +816x 1072 19.9 +4.9
9 ee 0.890 £0.18 4.53 x 1071 £9.09 x 1072 24.0+5.8

1500 1.84>10 o 0.634+0.13 3.20x 1071 £6.42 x 1072 19.0 £4.7
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Table F.12: Inputs for the Z'xs — llx1x1 HDS 0B calculations in SR1. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjs, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npi,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg

130 6.03 x 10-1 ee 0.05+0.01 885 x 10714190 x 10~ 290.3 £ 59.0
' o 0.044+0.01 7.31x1071+£1.58 x 1071 296.4 +59.9

900 141 % 10-1 ee 0.09+£0.02 3.64x 1071 £7.58 x 1072 285.5+58.4
' L 0.06 +0.01 2.24 x 107! +£4.77 x 1072 287.7+61.7

_3 ee 0.07£0.01 1.25x1072£2.66 x 1073  275.8 £ 56.5

400 0-90 > 10 o 0.044+0.01 7.67x1072+1.68x 1073 304.0+61.4
600 8.81 x 104 ee 0.04£0.01 9.99 x 1074 £2.20 x 10~* 278.9+£57.5
' I 0.024+0.00 4.92x 1074 +£1.16 x 107* 296.3 £+ 59.9

200 166 x 10~ ee 0.024+0.00 1.12x 1074 £2.58 x 107° 275.4 + 56.6
‘ I 0.014+0.00 6.37 x 107> £1.61 x 107® 290.0 4 58.7

_5 ee 0.0240.00 4.86x 107° £1.14 x 107° 285.9 4+ 58.7

900 77410 I 0.014+0.00 243 x107°+£6.25 x 1076 297.8 +60.3
_5 ee 0.014+0.00 7.79x107%+1.94 x 107 302.9+61.8

1100 187> 10 LfL 0.01 £0.00 5.56 x 1076 +£1.48 x 1076 277.3 £59.7
_6 ee 0.0240.00 4.03x 1075+£1.03 x 1076 296.8 + 60.5

1200 9:53 x 10 I 0.014+0.00 1.83x1075+£531x 1077 294.5+59.6
6 ee 0.014+0.00 1.42x1075+£3.93x 1077 276.6+57.0

1300 4.93 > 10 L 0.01 £0.00 1.08x107%+3.10 x 10=7 302.1+61.1
6 ee 0.01£0.00 5.90 x 1077 £1.77 x 1077 274.3 £ 56.0

1400 2.9 x 10 I 0.014+0.00 3.97x 1077 £1.23 x 1077 296.7 + 60.0
6 ee 0.01£0.00 2.90 x 1077 £8.66 x 1078 274.9 4 56.4

1500 1.38 < 10 I 0.004+0.00 1.82x1077+6.31 x 1078 282.0+57.1
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Table F.13: Inputs for the Z'ys — llx1x1 HDS 0B calculations in SR2. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjg, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npi,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my [GeV] oB |fb] Channel ‘ Esig [X1071] Nsig Nikg
130 6.93 x 10~ 2; 8:3 i 8:8; ;:gé i 8:32 %2 i 1451?
00 a0 S Ll st 1ro
T By T R R
R Ry e RS Rty
S0 L a0ttt 105 s e
I T RS T Rt
0100 0o Sk A0 Taaa 1ne
VN I ety T iy ROl
0 asaa 100 e e S res t0 a1 x 19
A i v R T Ry
0 TR 10 st 110
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Table F.14: Inputs for the Z'xs — llx1x1 HDS 0B calculations in SR3. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjs, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npi,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [x1071] Nsig Nbkg
B0 6o 10”0 om0t £202x 107 206458
00 410 T 000 8051014161 x 107 218555
00 ww 0 0t a0 10 210k o
0SB0t T a0k X100 180 % b
0 1exa0 | X0k Lm0 204t b
w0 x0T B i 0 S0 10 1075 4
o asTxa0 | O 0tk a0t 220503
o os ot | T e it 6010 M005 s
o asx a0t 0t s 10 17 s
o 2s0xa0t | 0k LX) 21 sos
oo dasx10 | 0T st so k100 180 1
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Table F.15: Inputs for the Z'xs — llx1x1 LDS 0B calculations in SR1. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjg, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nbkg
130 6.80 ee 0.03 4+ 0.01 4.92 +1.05 269.8 & 55.1
' o 0.02 & 0.00 3.53+0.77 285.8 + 57.8
900 537 ee 0.08 4 0.02 5.414+1.11 279.9 +57.3
' [h 0.05 4 0.01 3.33 £0.70 300.5 + 60.8
_1 ee 0.23 4 0.05 1.83 +0.37 271.4 + 55.3
400 2.89 x 10 I 0.1240.02 9.94 x 1071 £2.04 x 107F  294.1 £ 59.5
2 ee 0.27+£0.05 551 x107'+1.12x 107! 277.0 £ 56.6
600 734> 10 o 0.154+0.03 2.99 x 1071 £6.10 x 1072  274.44+59.1
200 550 % 10-2 ee 0.294+0.06 2.09 x 1071 £4.23 x 1072 266.7 + 54.9
' I 0.154+0.03 1.07 x 1071 £2.19 x 1072 300.8 + 60.8
900 165 % 10-2 ee 0.274+0.05 1.25x 1071 £2.52 x 1072  275.8 +56.9
' I 0.1440.03 6.33x1072+£1.30 x 1072 292.14+59.1
_3 ee 0.26 +£0.05 5.20 x 1072 £1.06 x 1072 272.1 +55.5
1100 73410 I 0.134+0.03 2.60 x 1072 £5.35 x 1073 294.8 £ 59.6
_3 ee 0.254+0.05 3.53x1072+£7.16 x 1073 28224 57.7
1200 508> 10 I 0.134+0.03 1.85x1072+£3.80 x 1073 290.0 4+ 58.7
3 ee 0.24+0.05 2.37 x 1072 £4.81 x 1073 268.5 & 55.0
1300 3:58 x 10 [h 0.134+0.03 1.26 x 1072 £2.60 x 1073 294.2 £ 59.5
_3 ee 0.254+0.05 1.79 x 1072 £3.63 x 1073  293.2 4+ 59.7
1400 2.56 < 10 Lf 0.1240.02 854 x 1073 £1.76 x 1073 274.7+59.1
_3 ee 0.254+0.05 1.29 x 1072 +£2.61 x 1072 309.1 +63.1
1500 1.86 > 10 I 0.114+0.02 571 x1073+£1.18 x 1073 271.1+£58.6
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Table F.16: Inputs for the Z'xs — llx1x1 LDS 0B calculations in SR2. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjs, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my |GeV] oB |fb] Channel ‘ Esig [X1071] Nsig Nbkg

130 6.0 ee 0.03 4+ 0.01 6.16 + 1.30 72.5 +15.6
' L 0.03 £0.01 5.65 + 1.20 75.8 £15.9
200 5 37 ee 0.08 4 0.02 4.99 +1.03 50.6 + 11.8
‘ L 0.06 & 0.01 3.72+£0.77 82.6 £ 17.2
1 ee 0.21 +0.04 1.66 4+ 0.34 63.5 + 14.4
400 2.89 > 10 L 0.114+0.02 896 x 107! +£1.84 x 107! 79.6 +£16.7
2 ee 0.25+0.05 5.09x 107 +1.03x 107! 69.4+15.0
600 73410 o 0.16 £0.03 3.26 x 1071 +6.64 x 1072 77.8 +16.6
9 ee 0.274+0.05 1.95x 1071 £3.95x 1072 63.4+13.9
800 2.59 > 10 s 0.184+0.04 1.32x1071+£2.69x 1072 83.5+17.6
9 ee 0.28+0.06 1.27x107'+£258x 1072 64.6+14.4
900 165> 10 o 0.18 £0.04 8.03x10724+1.64x 1072 71.7415.1
_3 ee 0.274+0.05 5.54x1072+£1.12x 1072 60.0 £ 15.2
1100 734> 10 g | 0164003 328x10°2+6.70 x 1073 78.3+16.5
_3 ee 0.264+0.05 3.72x1072+£7.54 x 1072 59.2+13.3
1200 508 10 [ 0.154+0.03 2.17x 1072 +4.43 x 1073 82.54+17.3
0.274+0.05 2.65 x 1072 +£5.36 x 1072 60.0 £ 13.4

1 . -3
300 3:58 X 10 L 0.17+£0.03 1.67x1072+£341x1072 83.7+17.4
_3 ee 0.254+0.05 1.79x 1072 +£3.63 x 1072 48.2+14.2
1400 2.56 > 10 L 0.154+0.03 1.04x1072+£2.12x 102 749+158
_3 ee 0.26 £0.05 1.33x1072+£2.69 x 1072 58.2414.8
1500 1.86 10 L 0.144+0.03 7.25x1073+£1.49 x 1072 78.6£16.5
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Table F.17: Inputs for the Z'xs — llx1x1 LDS 0B calculations in SR3. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjg, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of egjg, Ngig and Ny, are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%’Isnsm = 50GeV and the
mn

invariant mass threshold is mj;*" = 110GeV and is the same for all inputs.

my [GeV] oB [fb] Channel ‘ Esig [x1071] Nsig Nbkg

130 6.80 ee 0.02 % 0.00 3.96 + 0.86 1754+ 5.1
' Lf 0.01 £ 0.00 1.8840.44 19.04+4.5

500 5 37 ee 0.08 £ 0.02 5.14 + 1.06 18.14+6.7
' U 0.05 £ 0.01 2.99 + 0.63 18.54+4.5

1 ee 0.24 £0.05 1.97 4 0.40 20.0+5.1

400 2.89 > 10 | 0.17+0.03 1.38 + 0.28 93.8+ 5.6
2 ee 0.44+0.09 8.95x107'+1.80x10"" 22.0+5.3

600 734> 10 i 0.324+0.06 6.49 x 107 +1.31 x 10~" 19.0+4.9
2 ee 0.61+0.12 440 x 1071 £8.85x 1072 22.1+7.2

800 2.59 > 10 i 0.444+0.09 3.14x107'+6.33 x 1072 20.5+5.3
9 ee 0.714+0.14 327 x 1071 +6.56 x 1072 18.8 +5.0

900 165> 10 m 0.48+£0.10 2.21 x107'+£445x1072 20.44+5.3
3 ee 0.834+0.17 1.69x 1071 4+3.39 x 1072 22.2+7.2

1100 734> 10 Lt 0.56 £0.11 1.14 x 1071 £2.30 x 1072 20.34+4.8
_3 ee 0.874+0.17 123 x107'+248 x 1072 224+5.9

1200 5-08 10 Lt 0.614+0.12 865 x1072+1.74 x 1072 20.0+4.9
_3 ee 0.944+0.19 935x1072+1.88x 1072 16.0+6.6

1300 3.58 > 10 m 0.654+0.13 6.49x1072+1.31 x1072 16.3+44
_3 ee 0.96+0.19 6.86 x 10724+ 1.38 x 1072 21.1+5.9

1400 2.56 % 10 m 0.674+0.13 4.76 x 1072 £9.57 x 1073 20.1 £5.1
_3 ee 1.0240.20 5.26 x 10724+ 1.06 x 1072 17.1£6.8

1500 1.86 10 o 0.674+0.13 3.47x1072+6.97 x 1073 18.7+4.5
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Table F.18: Inputs for the EFT — Z'xx HDS oB calculations in SR1. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjs, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of €4y, Ngjg and Nyjg are statistical with

an assumed 20% flat systematic uncertainty. The MET threshold is EMR

invariant mass threshold is m

min

u -

T,min

110GeV and is the same for all inputs.

= 50GeV and the

my [GeV] oB |[fb] Channel ‘ Esig [ X107 Nsig Nikg

130 781 x 10-6 ee 0.064+0.01 1.29x107°+2.73 x 1075 298.4460.7
' [h 0.054+0.01 9.82x1076+2.10x107%  290.6 £+ 58.8
500 6.81 x 107 ee 0.084+0.02 1.54x1076+324 %1077 273.0+55.9
' I 0.06+0.01 1.12x 10764237 x 1077 289.1 £58.5
200 6.01 % 10-8 ee 0.04+001 7.16x1078+£1.56 x 1078  273.5456.0
' L 0.024+0.00 3.68x 1078 +£857x107° 304.34+61.5
0.07+0.01 1.55x 1078 +£3.28 x 1072 296.3 +60.4

4 42 x 107° ce
00 842 10 [h 0.0440.01 875x1072+1.93 x107° 295.7 +£59.9
500 180 % 109 ee 0.04+£0.01 2.00x1072+4.39x 10710 281.84+58.2
‘ L 0.024+0.00 9.02x 10710 +£2.17 x 10710 286.8 +58.0
600 .83 % 10-10 ee 0.04£0.01 558x10710+£1.22x 10719 273.84+56.0
’ L 0.024+0.00 2.61 x 10710 +£6.14 x 10~ 293.0 +59.4
200 149 % 10-10 ee 0.03+£0.01 1.08x 10710 +£248 x 10711 279.3+57.2
’ L 0.02+0.00 7.49x 107" +£1.80x 1071 278.54+59.9
800 519 % 10-11 ee 0.03+£0.01 4.35x 107" +£9.86 x 10712 294.4 +59.9
' L 0.02+£0.00 2.20 x 107" £5.46 x 10712 288.6 +58.5
900 190 x 10-11 ee 0.024+0.00 8.79 x 1072 +£2.16 x 10712 285.2458.2
' L 0.01 £0.00 5.86 x 1072 +£1.54 x 10712 266.9 + 57.7
12 ee 0.01+£0.00 2.65x 10712 +£6.95 x 10713 293.1 £60.0
1000 747> 10 L 0.014+0.00 2.70 x 1072 +£6.86 x 10713 299.3 4+ 60.6
_12 ee 0.024+0.00 129 x 10712 +£3.22 x 10713 302.94+61.8
1100 3:07> 10 L 0.014+0.00 8.56x 10713 +231 x10713 277.34+59.7
19 ee 0.01£0.00 5.00x 10713 £1.27 x 10713 28444 57.8
1200 1.31>10 L 0.01 £0.00 2.68x 1073 +£7.76 x 10714 280.5 + 56.8
13 ee 0.01£0.00 1.63 x 10713 £4.49 x 10~ 279.0 4+ 57.2
1300 5-80 > 10 L 0.01 £0.00 8.75x 107" +£2.78 x 10714 2959 +59.9
13 ee 0.01£0.00 852x1071*+£2.24x 107 263.4454.6
1400 2.63 10 LU 0.01 £0.00 4.49 x 107" +£1.42 x 10714 290.9 +58.9
13 ee 0.014£0.00 1.95x 1071 £6.16 x 10715 267.1 4 54.5
1500 1.22>10 Lt 0.01 £0.00 2.27x 107" £7.01 x 10715 310.0 +62.7
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Table F.19: Inputs for the EFT — Z'xx HDS 0B calculations in SR2. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are egjy, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of €4y, Ngjg and Nyyg are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%ﬁfm = 50GeV and the

invariant mass threshold is m;’l”” = 110GeV and is the same for all inputs.

my [GGV] ocB [fb] Channel ‘ Esig [X 1071] Nsig kag

6 ee 0.134+£0.03 276 x 107> £5.68 x 107 61.2 4+ 14.7

130 781> 10 I 0.1140.02 228x107°+£4.71 x107% 79.94+16.8
_7 ee 0.1940.04 352x1006+£720x 1077 64.2414.6

200 6.81>10 Lt 0.14+0.03 268x107°+550x10"7 81.6+17.3
_s ee 0.1240.02 2.06 x 1077 £4.26 x 1078  68.0 4+ 14.6

300 6.01 > 10 Lt 0.084+0.02 1.26 x 1077 £2.66 x 10~®  83.6+17.5
9 ee 0.13+£0.03 3.12x1078+£6.43 x107° 59.44+13.3

400 8.42>10 L 0.074+0.01 1.75x 1078 +£3.68 x 107° 7424157
500 1.80 % 109 ee 0.08+0.02 4.08x 107 £8.56 x 10710 66.6 + 14.7
‘ o 0.054+0.01 271 x1072+£5.80 x 10710 77.04+16.2

10 ee 0.08+0.02 1.02x107%+£2.15x 10710  64.6 +14.2

600 4.83 > 10 JLpL 0.054+0.01 6.78 x 10710 +1.46 x 10719 80.14+16.9
200 149 % 10-10 ee 0.05+0.01 2.05x10719+4.44 x 107 72.9+16.0
’ o 0.044+0.01 1.54x107°+£339x 10" 74.54+15.7

800 519 % 10-11 ee 0.054+0.01 7.33x 1071 +£1.58x 107 62.24+13.7
' Lt 0.03£0.01 4.02x 107" +£9.06 x 10712 78.7 £ 16.6

900 190 x 10-11 ee 0.0440.01 2.00 x 10711 £4.42 x 10712 64.34+14.2
' Lt 0.03£0.01 1.53x 107" +£347x 10712 74.3+15.7

19 ee 0.0440.01 7.97x 10712 +£1.76 x 1072 56.84+14.5

1000 AT < 10 L 0.02+£0.00 4.10x 1072 +£9.77 x 10713 82.6 +£17.4
12 ee 0.0340.01 251 x 10712 £5.70 x 10713 56.0 +-14.7

1100 3:07> 10 L 0.024+0.00 1.73x 1072 +4.09 x 10713 79.3+16.6
12 ee 0.024+0.00 8.04x 10713 £1.91x 1071 67.0+14.6

1200 1.31>10 L 0.024+0.00 6.02x 1073 +£148 x 10713 77.74+16.3
13 ee 0.024+0.00 3.16 x 10713 £7.56 x 107 56.8 £13.0

1300 5-80 10 JLpL 0.01 £0.00 1.53x 1072 +£4.17x 107 80.6 £17.0
13 ee 0.024+0.00 1.29 x 10713 £3.21 x 107 63.0 £ 14.0

1400 2.63 > 10 LU 0.01£0.00 6.20x 107 +£1.77 x 1074 81.6+17.1
13 ee 0.014£0.00 4.76 x 10714 +£1.22x 107 49.9+13.8

1500 1.22>10 LU 0.01£0.00 2.68x 107 +£797x10715 822+17.1
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Table F.20: Inputs for the EFT — Z'xx HDS oB calculations in SR3. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are egjy, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of €4y, Ngjg and Nyyg are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%ﬁfm = 50GeV and the

invariant mass threshold is m;’l”” = 110GeV and is the same for all inputs.

mz |GeV| oB |fb] Channel ‘ Esig [x1071] Nsig Nbkg
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Table F.21: Inputs for the EFT — Z'xx LDS oB calculations in SR1. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are esjs, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of €4y, Ngjg and Nyjg are statistical with

an assumed 20% flat systematic uncertainty. The MET threshold is EMR

invariant mass threshold is m

min

u -

T,min

110GeV and is the same for all inputs.

= 50GeV and the

my [GeV] oB |[fb] Channel ‘ Esig [X 1071 Nsig Nikg

130 3.35 x 10-5 ee 0.02+£0.00 222x107°+£478x107% 303.7+62.1
' [h 0.024+0.00 1.70x107°+£3.72x10°% 271.4458.6

900 9 67 x 10-6 ee 0.084£0.02 624x107%+£1.28x107% 268.5+54.9
' I 0.054+0.01 3.45x1076+£7.23x1077 289.9+58.6

200 5.06 x 10~ ee 0.08+0.02 4.55x1077+£9.42x 1078  269.1 4 55.0
' L 0.04+£0.01 2.02x1077+£433x10"® 304.0+61.5

200 5 65 x 10-5 ee 0.254+0.05 1.84x1077+£3.73x 1078  286.9 £ 58.7
' i 0.124+0.02 856 x 108 +1.75x 1078  284.0457.5

9 ee 0204004 299x1078+£6.09x 1072  274.1455.8

ou0 546> 10 LhL 0.09+0.02 1.38x108+286x 1072 303.3+61.3
o ee 0.284+0.06 1.13x 1078 +228 x 107  270.9+55.7

600 147> 10 L 0.14+£0.03 582x1072+£1.19x 107 299.1 4 60.5
10 ee 027 +£0.05 3.54x 1072 £7.17x 10710 278.1 £56.7

700 472> 10 I 0.1440.03 1.80 x 1072 +£3.68 x 10710 291.6 £58.9
800 173 % 10-10 ee 0.274+0.05 1.30 x 1079 £2.63 x 10710 288.3 +- 58.7
' Lt 0.14+0.03 6.80 x 10710 +1.39 x 10719 297.4 +60.2

900 702 x 10-11 ee 0.2740.05 5.35x 10710 +£1.08 x 10719 279.1 £56.9
' I 0.154+0.03 2.84 x 10710 +£5.81 x 1071 296.5 +60.0

1 ee 0.26 £0.05 2.24 x 10719 £4.54 x 1071 288.4 4 59.0

1000 3:09 % 10 L 0.13+£0.03 1.12x 10704230 x 1071 296.4 + 60.0
11 ee 0.254+0.05 1.01 x 10719 +£2.05 x 10~ 290.0 4 59.5

1100 145510 L 0.14+£0.03 5.63x 107" +£1.15x 10711 278.34+56.3
19 ee 0.25+0.05 5.01x 1071 £1.02x 10711 287.9+59.1

1200 71910 L 0.13+£0.03 257 x 107" £527 x 10712 299.4 + 60.6
1o ee 0.26 £0.05 2.67 x 10711 £5.41 x 1072 278.1 £56.7

1300 374 < 10 L 0.124£0.02 128 x 107" £2.63 x 10712 293.24+59.4
1o ee 0.234+0.05 1.30 x 10711 £2.65 x 10712 283.74+57.9

1400 2.02 10 L 0.134+0.03 7.09 x 10712 +£1.46 x 1072 290.4 & 58.7
1o ee 0.234+0.05 7.19x 10712 +£1.46 x 10712 268.5 4- 54.8

1500 113> 10 [f 0.1140.02 3.56 x 10712 +£7.35 x 10713 292.2 +59.1
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Table F.22: Inputs for the EFT — Z'xx LDS oB calculations in SR2. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are egjy, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of €4y, Ngjg and Nyyg are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%ﬁfm = 50GeV and the

invariant mass threshold is m;’l”” = 110GeV and is the same for all inputs.

my |GeV] oB |[fb] Channel ‘ Esig X107 Nsig Npkg
W agxaot | CETI0 BRe0t sad X100 raosisd
00 20ma0t S| SN Be0n a0 A0 0t 16
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00 st Tt s k0 sl s1ee
00 Tt Bon 100 S a0 0 516s
I Err Y e o e
00 1Tx100 | Six 00 s 17 1010 765 161
00 rorxat | DR B0 05690101 s £107
oo sooxa0t | X0 k50X 100 7404157
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00 7a0x 102 a0 et 100
o szt | el sz 10 Mp s 18
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Table F.23: Inputs for the EFT — Z'xx LDS oB calculations in SR3. The first three columns
are the Z' mass, the theoretical cross-section times branching ratio cB, and what Z' decay
channel we are looking at. The next two are egjy, which is the signal selection efficiency, and
Nsig, which is the predicted number of signal events after the cuts. The last column is the
number of background events, Npy,. The uncertainties of €4y, Ngjg and Nyyg are statistical with
an assumed 20% flat systematic uncertainty. The MET threshold is E%ﬁfm = 50GeV and the

invariant mass threshold is m;’l”” = 110GeV and is the same for all inputs.

mz |GeV| oB |fb] Channel ‘ Esig [x1071] Nsig Nbkg
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