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Abstract

In this thesis, a neural network-based multivariate analysis is presented for the cross
section measurement of the associated Higgs production channel

pp→ W→ WH→ WWW∗ → 3` 3ν

with the Higgs boson decaying into two W bosons and a fully leptonic final state. The
analysis focuses on themost sensitive signal region of a leptonic final state without lepton
pairs of the same lepton flavour and different electric charge. The data set that is used
comprises 139 fb−1 of proton-proton collisions collected at the ATLAS detector at a center
of mass energy of √s = 13 TeV. In the analysis a multiclass deep neural network is
employed to suppress the most dominant backgrounds from top and WZ decays. The
expected significance is measured to be Z0 = 2.93.
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1 | Introduction and Motivation

Modern particle physics is an essential pillar of our understanding of the fundamental
laws of nature. It deals with the building blocks of matter and radiation, so called elemen-
tary particles, and the interactions between them, also referred to as forces and further
aims to understand, to explain and to predict nature on a fundamental level. Over the
last decades the field developed a theory called the Standard Model of particle physics.
This model provides our current understanding of the interaction of aforementioned el-
ementary particles through mediators which are themselves particles. As a theory, the
Standard Model is remarkably successful being compatible with a huge range of experi-
mental observations.

The latest milestone and last remaining puzzle in the completion of this theory is the
Higgs Boson which has been discovered by the ATLAS [1] and CMS [2] experiments at the
Large Hadron Collider in 2012. Its mass has been measured to be 125.10 ± 0.14 GeV1

and the spin has been determined to be 0. [3] This was the result of a long and exhaustive
experimental search that had its motivational origins in the 1960s. Along the develop-
ment of a theoretical backbone of particle physics based on the Quantum Field Theory
(QFT), in 1964 Higgs [4], Brout and Englert [5] theorized the existence of a massive scalar
elementary particle. The so called Higgs boson was expected to arise from a mechanism
by which all Standard Model particles acquire their masses.

Despite the huge predictive power of the Standard Model, it is not capable of explain-
ing e.g. the nature of dark matter whose existence has been implied by gravitational
effects observed in space. If deviations between Standard Model predictions and experi-
mental results would be observed in e.g. analyses including the Higgs boson, this would
open the door to physics beyond the Standard Model. Thus, a precise and systematic
measurement of the coupling to other Standard Model particles seems a promising path
towards a broader understanding of Standard Model particle physics and beyond. The
masses of particles such as the weak gauge bosonsW± and Z(0) are given by the coupling
to the Higgs field. Hence, measuring the coupling of e.g. Higgs and W± is expected to
gain further insight into the mechanism’s nature. A suitable physical decay channel is
the associated Higgs production with a W boson radiating a Higgs boson and a subse-
quent decay of the Higgs boson into a W+W− pair since the Higgs boson couples only to
W bosons in this case.

Chapter 2 and 3 summarize the theoretical foundations and the ATLAS experiment at
the LHC followed by brief introduction to neural networks and related concepts in chap-
ter 4. Chapter 5 presents the analysis in theWH→WWW∗ →3` 3ν channel and chapter
6 gives a summary with the main results as well as an outlook.

1This thesis follows the convention of natural units meaning that ~ = c = 1.
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2 | Theoretical Foundations

In the following, a brief introduction into the relevant theoretical foundation is given
mainly following Thomson et al. [6], Povh et al. [7] and Meschede et al. [8].

2.1 The Standard Model of Particle Physics

Standard
Model

Quantum
Field Theory

Gauge
Principle

Higgs
mechanism

Figure 2.1: Theoretical fundamental ingre-
dients of the Standard Model. The list of in-
gredients would be completed under consider-
ation of the equally important experimental
data and tests which are omitted for the sake
of a theory chapter.

The Standard Model of Particle Physics
(SM) is the current most accurate theory for
the description of experimental data from
the field of High Energy Physics (HEP). The
theoretical foundation as indicated in Fig-
ure 2.1 can be based on three theoretical pil-
lars:
First, Quantum Field Theory (QFT) pro-
vides a mathematical representation of
particles as well as their interactions.1
Their dynamics can be expressed in QFT-
compatible equations of motion like the
Dirac, Klein-Gordon or Proca equation.
Second, the local gauge principle which uses
a group symmetry approach to obtain the ex-
act form of the particles’ interaction term in
this theory.
Third, the Higgs mechanism that ex-
plains the generation mechanism of particle
masses.
The particles and their interactions, namely
electromagnetic, weak and strong, as well as
the Higgs mechanism are described in more
detail in chapters 2.1.1 and 2.1.2 respectively.

While the gravitational force is technically the fourth fundamental form of interactions,
it is still a current topic of research to connect it to the Standard Model theory. Addi-
tionally, it can be omitted in a high energy physics study like this due to its low relative
strength compared to the three aforementioned forces as illustrated in Table 2.1.

1From hereon the term "interaction" and the term "force" are used interchangeably as commonly done in
particle physics
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Interaction Relative Strength Couples to Range [m]

strong 1 color ∼ 10−15

electromagnetic 10−2 electric charge ∞

weak 10−15 weak charge < 10−15

gravitational 10−41 mass ∞

Table 2.1: Fundamental Forces ordered by relative strength normalized to the strong force. [8]

2.1.1 The Standard Model Particles

The particles of the SM can be grouped into fermions which are particles of half odd
integer spin and bosons whose spin is of integer nature. While the fermionic quarks
and leptons are the building blocks of matter, bosons act as mediators in interactions
between elementary particles. During the successive discovery of these particles a certain
order has been established: three generations of fermions have been defined. The first
generation consists of the lightest and stable fermions (u, d, e, νe), while generation two
(c, s, µ, νµ) and three (t, b, τ , ντ ) include the heavier, unstable fermions in ascending
mass order. Additionally, every particle has its antiparticle that has the same mass but
opposite quantum numbers, like charge and spin.
The upcoming section will deal with fermions and leptons in more detail. A compact
representation of the particles is given in Figure 2.2.

Leptons and Quarks

On one hand, leptons can be distinguished between the charged species e−, µ−, τ− and
their electrically neutral partners νe, νµ, ντ . The antiparticles postulated by the Dirac
equation have opposite quantum numbers and are denoted by their charge or by a bar in
case of neutrinos (e− → e+, νe → ν̄e). The Standard Model assumes neutrinos to be
massless. However, experiments have observed neutrino flavor oscillations which imply
that neutrinos are massive particles while the exact physical mass values are still a cur-
rent subject of research.
Quarks on the other hand can be distinguished between up-type quarks (u, c and t) of
electrical charge +2

3
e and down-type quarks (d, s, b) of charge -1

3
e. Their corresponding

antiparticles are denoted by a bar (u→ ū) with the distinction that anti-up-type quarks
have charge -2

3
e and anti-down-type quarks have charge +1

3
e.

All 12mentioned fermions are subject to theweak interaction. Furthermore, all 9 charged
fermions participate in the electromagnetic interaction. Additionally, quarks carry a
color charge. Hence, only quarks are subject to the strong interaction. These parti-
cles have never been observed as free particles but only in colorless bound states called
hadrons. [6]
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Bosons

The here discussed bosons act as the mediators of the different interactions. Each of
these so called force carriers has spin 1. For the weak interaction there exist three mas-
sive mediators, the charged W± bosons and the neutral Z0 boson. The short interaction
range given in Table 2.1 can be explained by the high mass of Wand Z (compare Figure
2.2). The photon γ is the mass- and chargeless equivalent for the electromagnetic in-
teraction. It has an infinite interaction range. Eight massless and electrically neutral
gluons g form the group of mediators of the strong interaction. Because they carry a color
charge similar to quarks, they can interact with each other. While they should have an
infinite interaction range just like the photon, it is this very self interaction exchanging
colors that restricts the gluons to the low interaction range reported in Table 2.1.

The remaining boson from the SM given in Figure 2.2 is the Higgs boson H. The mech-
anism that generates the mass of every SM particle is going to be explained in more
detail in the upcoming sections. In contrast to the other bosons, H has spin 0. Therefore
one refers to it as a scalar boson while W, Z, γ and g are referred to as vector bosons of
non-zero spin.
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0

125.1 GeV
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H

graviton

strong
nuclearforce

(color)

electrom
agneticforce
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w
eak

nuclearforce
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gravitationalforce
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6
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6
leptons

(+6
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12 fermions
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Figure 2.2: Summary diagram of the particles of the SM. [3,9]
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2.1.2 The Standard Model Interactions

Electromagnetic Interaction

γ

e− e−

e

Figure 2.3: Fundamental interaction vertex of
QuantumElectro Dynamics that all charged par-
ticles can undergo. Here, an interaction between
the gauge boson γ and an incoming and outgoing
electron is illustrated. Based on Ref. [6].

The electromagnetic interaction is the ex-
change of photons γ by charged particles.
The interaction’s theoretical foundation is
incorporated into the SM by applying a
Quantum Field Theory called Quantum
Electro Dynamics (QED). A visual repre-
sentation of a Quantum Field Theory can
be obtained by using so called Feynman di-
agrams. Figure 2.3 illustrates such a dia-
gram: a three point vertex of γ the gauge
boson of QED and an incoming and out-
going electron. At the vertex (illustrated
with a dot), it is common to indicate the coupling strength between particle and mediator.
For QED the coupling strength is proportional to the electric charge. Feynman diagrams
shown in this thesis have their positive time axis propagating from left to right following
the usual convention. [7] In electromagnetism one essential requirement on the physi-
cal electric field ~E and the physical magnetic field ~B is their invariance under a gauge
transformation [10]. This assures the fields to be independent from any initial choices on
their reference frame. The interpretation of this requirement is, broadly speaking, that
the laws of physics should not change through the frame of an observer. The QED/QFT
equivalent to this, is the demand for a local U(1) gauge symmetry.

In order to satisfy this condition, a new fieldAµ has to be introduced. This new field can
be identified as the mediator particle γ while the fermion’s charge q (q = −e in case of
an electron) serves as coupling constant in QED. The terms in the resulting Lagrangian,
that is a function of the fields, their derivatives, and their space time coordinates, de-
scribe the free fermion field, the coupling between the fermion field and the gauge field
and the free gauge field itself.

Weak Interaction

As illustrated in Figure 2.4 the weak interaction can be split into two different types of
interactions. While interactions including a W boson are referred to as charged current
wherein there is always a change in flavor from ingoing to outgoing fermion, interactions
including a Z boson are referred to as neutral current which never changes the flavor of
participating fermions. These reactions are proportional to the respective coupling con-
stants gW and gZ.

6



W−

e− νe
gW

Z0

νe νe
gZ

Figure 2.4: Fundamental interaction vertices of the weak interaction that all twelve fermions
can undergo. In the left figure a weak flavor-changing charged current is illustrated and in the
right figure a weak flavor-conserving neutral current is illustrated. Based on Ref. [6].

Since the W bosons carry a charge of ±1 e and the electric charge has to be conserved
in any particle exchange, only pairs of fermions that differ in charge corresponding to
the charge of W± are coupled in the (weak) charged current interaction. In the case of
leptons, the charged representative always couples with its uncharged neutrino partner.
The interacting lepton pairs can be represented in dublets as follows:Å

νe
e−

ã
,

Å
νµ
µ−

ã
,

Å
ντ
τ−

ã
.

The possible interaction dublets where the quarks’ charge differs by ±1 e areÅ
u
d′

ã
,

Å
u
s′

ã
,

Å
u
b′

ã
,

Å
c
d′

ã
,

Å
c
s′

ã
,

Å
c
b′

ã
,

Å
t
d′

ã
,

Å
t
s′

ã
,

Å
t
b′

ã
.

Here q′ represents the weak eigenstate |q′〉 corresponding to a linear combination of the
physical mass eigenstates. The transformation between weak and mass eigentstates is
given by the Cabibbo-Kobayashi-Maskawa-Matrix (CKM-Matrix). In the following part
additional characteristics of the weak interaction are going to be discussed intending to
further indicate the special nature of this interaction and to lead to the QFT representa-
tion.

In 1956 the Wu-experiment [11] provided a clear demonstration of the weak interaction’s
parity violation in the exchange of a W± boson. The experiment found that parity is not
conserved in the weak force, in contrast to the electromagnetic and strong interaction.
The conclusion from this observation is that only left-handed fermions and right-handed
antifermions participate in the weak interaction. Left- and right-handed corresponds
here to the particles’ helicity2

h =
~s · ~p
|~p|

(2.1)

with the particle’s spin ~s and momentum ~p. In case spin and momentum are parallel,
helicity is positive and one speaks of an right-handed particle. If however spin and mo-
mentum are anti-parallel, one speaks of an left-handed particle. Thus, all dublets given
above should be considered left-handed in case they participate in the weak interaction
in exchange with a W boson.
2Strictly speaking, the theory behind it describes how a particle transforms in a left- or right-handed repre-
sentation of the Poincaré group. This property is called chirality χ. However, in the ultra-relativistic case
where E � m the helicity’s quantum mechanical expectation value 〈h〉 is equal to the χ.
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As it was discussed for QED, it is also possible to require a symmetry for the charged cur-
rent weak interaction. The latter is the result of requiring an invariance under SU(2)L
local phase transformation for the entire Lagrangian. The letter L accounts for the left-
handed nature. Themain consequences from this requirement is the introduction of three
gauge fields Wk

µ from which the W boson can be identified from a linear combination of
two out of three gauge fields. Furthermore two additional degrees of freedom, the weak
isospin ~T with third component T3, are introduced with which weak isospin dublets are
formed, only containing left-handed/right-handed fermion/anti-fermion pairs from the
dublets given above. Finally, the SU(2)L group does not commute which gives rise to the
experimentally evident self-interaction of W and Z.

To identify the remaining W(k)
µ and to include the Z boson into this theory, Glashow,

Salam and Weinberg (GSW) [12,13] introduced a unification of the electromagnetic and
weak interaction. In this electroweak model, the QED gauge symmetry U(1) is replaced
by an alternative U(1)Y gauge symmetry which in turn needs one further gauge field
Bµ. The subscript Y stands for the hypercharge which is an additional degree of freedom
that can be directly connected to the electromagnetic charge. The mediators γ and Z can
be expressed as quantum mechanical superposition of Bµ and the remaining W(k)

µ .

Comparing the electromagnetic coupling constant with the weak coupling constant yields

e2

g2
W
∼ 0.23 [14] (2.2)

and might give reason to believe that the strength of QED interactions is less than the
strength of the weak interaction. This is not true in reality and can be explained by the
Feynman propagators. For QED interactions the propagator describing the exchange of
a photon is

−igµν
q2

(2.3)

where q is the momentum transfer defined as the difference in momentum before and
after an interaction and gµν is themetric tensor. For the weak interaction, the propagator
in lowest order, which is sufficient for this discussion, can be defined as

−igµν
q2 −m2

(2.4)

with an additional squared mass term of Wor Z boson in the denominator which is of
the order ∼ (80 GeV)2 for Wand ∼ (91 GeV)2 for Z. As the interaction probability is
proportional to the square of the propagator term, it gets highly suppressed with the
additional mass terms and it becomes clear why the weak interaction is termed "weak"
and why it is much weaker than QED as shown in Table 2.1.
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Strong Interaction

The QFT describing the interaction of quarks with gluons is termed Quantum Chromo
Dynamics (QCD). The corresponding symmetry for QCD is an invariance under SU(3)C
local phase transformation, whereC accounts for a color. In similarity to the weak inter-
action, the requirement of a local gauge symmetry introduces eight new fieldsGaµ. Their
non-commuting properties can be interpreted as possible gauge boson self-interactions
which are illustrated in Figure 2.5 (middle and right vertex). In fact the fields can be
identified as the experimentally observed gluons. Further, a threefold of degrees of free-
dom has been introduced and its values have been named the colors red, green and blue.
The formalism of QCD has certain similarities to QED in terms of their structures: The
interaction is mediated by one massless gauge boson in case of QED and eight mass-
less gauge bosons in case of QCD. Instead of a single electric charge, QCD has three color
charges r, g and bwhich have to be conserved as well as q in QED.While charged antipar-
ticles in QED carry an opposite electric charge, QCD follows this pattern with antiquarks
carrying an opposite color charge r̄, ḡ and b̄.

g

q q
gs

g

g

g

gs

g

g

g

g

g2
s

Figure 2.5: Fundamental interaction vertex and gluon self-interaction vertices of the strong
interaction. The left vertex illustrates and incoming and outgoing quark interacting with a gluon.
Middle and right vertices depict the triple and quartic gluon vertices that describe the gluon self-
interaction. Based on Ref. [6].

As quarks carry color which has to be conserved at every particle vertex, it becomes clear
from looking at a quark scatter process that gluons as mediators have to carry a color and
different anticolor at the same time. From nine possible color combinations, group theory
defines eight of them to have a physical interpretation. This set can be represented in
the following octet

rḡ, rb̄, gb̄, gr̄, br̄, bḡ,
1
√

2
(rr̄ − gḡ) and

1
√

6

(
rr̄ + gḡ − 2bb̄

)
.

The remaining unphysical singlet
1
√

3

(
rr̄ + bb̄+ gḡ

)
is technically color-neutral. With the latter is not possible to interchange colors, it does
therefore not participate in the strong interaction. In the following, effects originating
from the color aspect are discussed. As this is still subject of current research like lattice
QCD the explanations are going to be only qualitative. The intention here is to give a
short overview of the phenomenology.
While many experiments have collected evidence for the existence of quarks, no experi-
ment has ever detected a free quark. The color confinement hypothesis explains this as
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followed: a colored object like a quark or a gluon can not propagate as a free particle but
is confined into a color-neutral singlet state. The foundation of this hypothesis builds the
gluon-gluon self-interaction argument. During an interaction of two quarks, it is possible
for gluons to interact in between. This is believed to form color tubes of gluons. Eventu-
ally, quarks arrange in colorless bound states, so called hadrons. The two most primitive
colorless bound states need to either comprise r, g and b or pairs like rr̄, gḡ or bb̄. The
type of states with three quarks of color r, g and b are called baryons and the type of
state with quark of color and corresponding anticolor are called mesons. The only quark
that does not participate in the formation of hadrons is the top quark. Due to its lifetime
being less than the time scale of the strong interaction, it may decay beforehand.
The color confinement has another very prominent impact on high energy physics collider
experiments: For a produced qq̄ pair progressively separating from each other back-to-
back in the center of mass frame, the color confinment forces the enlarging color tube two
separate into two qq̄ pairs as this is energetically more favorable. This process goes on
until it is not anymore favorable to create more qq̄ pairs energy-wise. The newly formed
quarks then arrange into hadrons which leads to two large sprays of hadrons called jets
that propagate along the original paths of the qq̄ pair produced in the initially so-called
hard scatter.

Higgs mechanism

Besides of the Standard Model’s inability to explain experimentally observed neutrino
oscillations, the incorporated requirement for a SU(3)C × SU(2)L × U(1)Y symmetry
prohibits the introduction of non-zero particle masses. In fact, explicit mass terms violate
the required local gauge symmetry. While this is acceptable for the mediators of QED
and QCD with their massless photon and gluon, it is in contradiction to the observed
masses of W and Z as mediators of the weak interaction. Furthermore, this problem is
not restricted to the gauge bosons as it can be shown that the requirement for fermion
masses violates the mandatory gauge invariance, too.
This problem can be solved by introducing the Higgs mechanism into the theory of the
Standard Model. As the Higgs boson is an integral component and subject of research
of this thesis, the mechanism is explained in more detail. If not indicated differently,
a summary of the works by Brout, Englert and Higgs as well as Glashow, Salam and
Weinberg published by Thomson et al. [6] serves as a reference for the derivation of the
mechanism.

Spontaneous Symmetry Breaking

The Lagrangian of a real scalar field φ is given by

L =
1

2
(∂µφ) (∂µφ)− V (φ) (2.5)

=
1

2
(∂µφ) (∂µφ)−

1

2
µ2φ2 −

1

4
λφ4. (2.6)

Here 1
2

(∂µφ) (∂µφ) can be interpreted as the kinetic energy of φ, 1
2
µ2φ2 can be associ-

ated with a mass of the scalar particle and the final 1
4
λφ4 term can be associated with
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possible self-interactions. This potential V (φ) has been initially chosen as it is the sim-
plest potential possible for the discussion. The general procedure is to find the state of
minimum energy of φ also referred to as the vacuum expectation value υ. In case of
the Lagrangian given above there are two possibilities. In any way λ is required to be
non-negative to find a finite and therefore physical minimum. The first case where µ2 is
assumed to be positive, the potential V (φ) has its minimum at zero as depicted in the left
graph of Figure 2.6. Thus having identified the vacuum state corresponding to φ = 0,
the Lagrangian describes a massive scalar particle field with real mass µ.
As there is no limitation on the choice of µ2, it can also be chosen to be negative. In this
case the minima are at

φ = ±υ = ±

∣∣∣∣∣∣
 
−µ2

λ

∣∣∣∣∣∣ (2.7)

as illustrated in the right graph of Figure 2.6. This has two important consequences:
First, theminimum energy is not anymore at zero and is therefore termed to be a non-zero
vacuum expectation value υ. Furthermore, the graph in Figure 2.6 shows two minima
between which the field φ can choose. Since the non-vanishing vacuum state breaks the
Lagrangian’s symmetry this behavior is referred to as spontaneous symmetry breaking.
The second consequence is the fact that the choice of µ2 makes it impossible to interpret
the associated Lagrangian term as mass.
A physical mass of the field can be obtained from the Lagrangian by using a pertubative
approach that varies the scalar field φ around zero by the amount η(x) as φ(x) = υ +
η(x). Inserting this into the original Lagrangian at the beginning of the chapter yields

L(η) =
1

2
(∂ηφ) (∂ηφ)−

1

2
m2
ηη

2 − V (η) (2.8)

with mη =
√
−2µ2 and V (η) = λυη3 + 1

4
λη4 + const. In that way it is possible

to receive a term that can be interpreted as the mass of the scalar field induced by a
process referred to as spontaneous symmetry breaking. Additionally, the terms in V (η)
proportional η3 and η4 can be interpreted as self-interaction terms as discussed in to
previous paragraphs.

φ

V (φ)

φ

V (φ)

Figure 2.6: Visualization of the scalar field’s potential V (φ) = 1
2
µ2φ2− 1

4
λφ4. While λ has to

be positive to get finite minimum, µ2 can be either positive (left plot) or negative (right plot). In
case µ2 > 0, the minimum is at φ = 0, whereas for µ2 < 0, the minima can be calculated to be at
φ = ±

∣∣∣»−µ2

λ

∣∣∣.
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Generating Mass Terms for Gauge Bosons

As it can be shown that the spontaneous symmetry breaking generalizes to complex scalar
fields

φ =
1
√

2
(φ1 + iφ2) , (2.9)

such a complex field is used in the upcoming discussion.
Applying the previously explained concept of requiring aU(1) local gauge symmetry that
provides in its consequence a new gauge field Bµ, a combined Lagrangian for the com-
plex field φ and the gauge field B can be formed. Up to this point, the gauge field B is
supposed to be massless since a mass term would violate gauge invariance as discussed.
When following the procedure from the spontaneous symmetry breaking by expanding
the complex scalar field around the vacuum state, a massive scalar field η and a mass-
less Goldstone boson ξ are produced. The latter emerges from the additional degree of
freedom of the complex scalar field. Furthermore, the originally massless gauge field
B acquires mass. With an appropriate gauge transformation, which is termed unitary
gauge, the degree of freedom corresponding to the Goldstone boson ξ can be replaced by
the mass-induced longitudinal polarisation of the previously massless B. Now following
the expansion around the vacuum state after breaking symmetry the Lagrangian can be
expressed in parts describing the massive scaler field termed h, the massive gauge boson
field B, the interaction between h and B and the self-interaction of h.

To stress that the previously named field η, that emerges from the pertubative approach,
can in fact be identified as the physical Higgs field, it has been renamed to h in this
scenario. Thus, the explained technique yields aU(1) gauge-symmetric Lagrangian that
is able to describe a massive scalar boson associated with the Higgs field h together with
a massive gauge bosonB. Furthermore, a mass of the gauge boson can be identified to be
mB = gυ which shows a direct relation to the gauge coupling strength g and the vacuum
expectation value of h. Finally, the Higgs boson mass can be found to be mH =

√
2λυ.

While the vacuum expectation value can be theoretically calculated to υ = 246 GeV, λ is
a free parameter of the theory and thereforemH is a priori unknown.

The Higgs Boson in the Standard Model

As a third step, it needs to be explained how the Higgs boson is eventually incorporated
into the SM by discussing the relevant steps in order to embed the above explained Higgs
mechanism into U(1)Y × SU(2)L local gauge symmetry from the electroweak interac-
tion.
The complex scalar field arranged in a weak isospin doublet is

φ =

Å
φ+

φ0

ã
=

1
√

2

Å
φ1 + iφ2

φ3 + iφ4

ã
. (2.10)

To account for the charges of the StandardModel particles, the first component of the field
has charge. As explained for the weak interaction, the two components differ by unit of
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charge (+1 e for φ+ and -1 e for its complex conjugated associate). The corresponding
Lagrangian is

L = (∂µφ)†(∂µφ)− V (φ) (2.11)
= (∂µφ)†(∂µφ)− µ2φ†φ− λ(φ†φ)2. (2.12)

Carrying out the symmetry breaking formalism, the field can be expanded as followed

φ(x) =
1
√

2

Å
0

υ + h(x)

ã
. (2.13)

This representation is chosen fromall degenerated states emerging from symmetry break-
ing to set the minimum of the potential to a non-vanishing expectation value at the neu-
tral scalar fieldφ0. This translates into themassless photon one observes in experiments.
Replacing the derivatives in theHiggs-Lagrangian with covariant derivatives that satisfy
the required SU(2)L × U(1)Y symmetry of the form

∂µ → Dµ = ∂µ + igW ~T · ~Wµ + ig′
Y

2
Bµ (2.14)

brings back the hyper charge and weak isospin from the electroweak unification and sets
everything into place to derive the masses of the mediator particles from the symmetry
breaking principle. These can be found to be

mγ = 0 (2.15)

as mass of the photon,

mW =
1

2
gWυ (2.16)

as mass of the W boson and

mZ =
gW

2 cos θW
υ (2.17)

as mass of the Z boson. Rearranging the kinetic term of the Higgs-Lagrangian results
in an expression whose terms directly relate to the coupling between Higgs and W or Z,
respectively. Expressing it in terms of the physical W± fields, one finds the expression

1

2
g2
WυW

−
µW

+µh (2.18)

that describes the coupling hW+W−, which is the coupling of interest in this thesis, with
a corresponding coupling strength of

gHWW =
1

2
g2
Wυ

(2.16)
= gWmW. (2.19)

In a similar fashion it can be argued that the symmetry breaking induces masses for the
Standard Model fermions. [15] Working through the formalism yields the coupling con-
stant gf , also referred to as Yukawa coupling, that determines the coupling strength
between Higgs and fermions to be
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gf =
√

2
mf

υ

(2.16)
=

mf

2mW
gW. (2.20)

Thus, fermions not only receive their masses from the Higgs field, the latter also couples
to fermions. The neutrino masses are not yet explained within this formalism and are
still subject of current research.

2.1.3 Properties of the Higgs

The intention of the previous discussion was to conclude that theHiggs can decay into any
massive Standard Model particle pair xx̄ withmH > 2mx. On top of that, the coupling
is proportional to the mass mx of the particle as indicated in Equations 2.16, 2.17 and
2.20. This is in agreement with recent experimental observations [16] which also show
that the decay H → bb̄ has the highest branching fraction. The observation of decays
into massless gauge bosons like H → γγ can be explained similarly as done in the
upcoming chapter. The following section aims to give a short overview of the possible
production and decay modes of the Higgs boson motivated by the corresponding parts of
the theory that have been described so far.

Production Modes at the LHC

Based on the coupling rules in the previous chapter, theoretical production cross sections
can be calculated in principle. In proton-proton collisions, these cross sections further-
more depend on the momentum fraction carried by the proton’s constituents namely two
up-quarks, a down-quark and gluons, generally termed partons. The probability to find
a parton a from a hadron A with momentum fraction xA is given by the Parton Distri-
bution Function (PDF) fa/A(xA)dxA. [17] The latter has to be determined experimentally.

Production cross sections of proton-proton collisions including the creation of a Higgs
boson are illustrated in Figure 2.7. The left subfigure shows the production cross section
for Higgs masses near the observed valuemH = 125 GeV at a center-of-mass energy of√
s = 13 TeV. The process of gluon-gluon fusion (pp→ H) in blue has by far the highest

production cross section of ∼ 50 pb. It is followed by the process of vector-boson-fusion
(pp → qqH) in red with a production cross section of ∼ 4 pb. The third most probable
mode is the associated Higgs production with a W (pp → WH) in green with ∼ 1.5 pb
followed by the associated Higgs production with a Z boson (pp→ ZH) in grey. The two
rarest production modes considered still accessible at the LHC in descending cross sec-
tion order are top-antitop-fusion (pp → tt̄tH), bottom-antibottom-fusion (pp → bbH)
and associated Higgs production with a top quark (pp→ tH).
The right subplot gives an estimate of production cross sections of the aforementioned
production channels as a function of center-of-mass energy assuming a Higgs mass of
125 GeV. All channels show a monotonically increase in cross section with increasing
center-of-mass energy.
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Figure 2.7: Left: the production cross section in pb for a narrow mass spectrum around the
measured Higgs mass of 125 GeV at √s = 13 TeV. Right: the production cross sections as a
function of center-of-mass energy assuming a Higgs mass of 125 GeV. The following physical pro-
cesses are considered: gluon-gluon Fusion (blue), vector-boson-fusion (red) associated Higgs pro-
duction with W (green) and Z (grey), top-antitop-fusion (dark purple), bottom-antibottom-fusion
(light purple) and associated Higgs production with a top quark (lilac). [18]

Decay Modes

In Figure 2.8, the three lowest-order diagrams of the Higgs decay into SM particles are
illustrated together with the couplings derived in Equations 2.16, 2.17 and 2.20. The
vertex expressions indicate that the largest branching ratios are reserved for the most
massive particles due to the dependence of the coupling to the mass of the particle which
is itself proportional to the branching ratio.

H

f̄

f

mf
gW

2mW

H

W−

W+

mWgW
H

Z

Z

mZ
gW

cos θW

Figure 2.8: Fundamental Feynman diagrams for the Higgs decay. From left to right: Higgs
decaying into two fermions ff̄ , Higgs decaying into WW and Higgs decaying into ZZ. Based on
Ref. [6]

By taking into account the masses from Figure 2.2, the relation mH > 2mx yields that
from all possible SM particle pairs it is the b-quark pair with a mass of 2×4.8 GeV
that is predicted to have the highest branching fraction from all possible Higgs decays. A
broad summary on the predicted branching ratios of the Higgs boson for a narrowwindow
around the experimentally extracted mass mH = 125 GeV is given in Figure 2.9. The
figure shows that bb̄ has the highest theoretically predicted branching ratio with roughly
57% [6], followed by the decay H → WW∗ although mH < 2mW. This is due to the fact
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Figure 2.9: Branching ratio of possible Higgs decay modes. H → WW∗ has the second highest
branching ratio and is therefore a favorable mode for a production cross section measurement. [18]

that one of theW bosons is produced off-mass-shell with q2 <m2
W also denoted asW∗. To

describe such an off-(mass-)shell W boson, one additional term (imWΓW) has to be added
in the denominator of the propagator term from Equation 2.4 which also accounts for the
finite lifetime of the W boson. The expression

1

q2 −m2
W + imWΓW

(2.21)

indicates that the presence of an off-shell W, or Z, tends to suppress the matrix element
that is proportional to the branching fraction. Nevertheless, the coupling term for H
and W,mWgW, ensures by its large value the high branching fraction compared to the
remaining decay modes depicted in Figure 2.9.
Finally, Figure 2.9 illustrates the fairly high branching ratios of the Higgs decay modes
into massless particles like g or γ. In fact, H → γγ was one of the first channels in
which the Higgs boson was observed. Such a decay mode is possible via loops of virtual
top quarks or W bosons. Due to the high top-quark mass and therefore high coupling
with the Higgs, these modes can compete with the decays into massive particles.

Properties of the leptonicH → WW∗ decay produced at the LHC

This chapter deals with the kinematic details of the decay

qq̄ → WH→ WWW∗ → 3` 3ν

originating from proton-proton collisions as performed at the LHC as illustrated in Fig-
ure 2.10. In this analyis, ` denotes charged leptons of flavor e, or µ. τ leptons are not
considered as described in the chapter on the experimental setup.

16



W±

H

W±

W+

W−
q

q̄

ν̄`

`−

`+

ν`

`±

(−)

ν `

Figure 2.10: Feynman diagram of the signal process qq̄ → WH→ WWW∗ → 3` 3ν.

The analysis requires three charged leptons in the final state which are supposed to ori-
gin from the associated Higgs production with aW boson, where theW boson decays into
one `-ν` pair and the Higgs decays into two W bosons that themselves decay into `-ν`
pairs. The spin-0 nature of the H boson has direct consequences on this decay. To con-
serve angular momentum, the spin components of the W bosons from the Higgs decay
along the decay axis,ms, have to sum up to zero. In the non-vanishing case of e.g. msW±

= ±1 andmsW∓ = ∓1, the spins of the leptons have to sum up to ± 1 as well and conse-
quently, the `-ν` pair is required to have aligned spins. Here the helicity comes into play:
as discussed, the SM requires left-handed particles and right-handed antiparticles only.
Following this rule and considering momentum conservation, the only possible configu-
ration comprises a scenario wherein the neutrino spin is anti-aligned with respect to the
anti-neutrino and thus their momenta being aligned (compare Figure 2.11). Thus, ν` and
ν̄` propagate in the same direction as well as `+ and `− in the restframe of the decaying
particles. The angle between the charged leptons therefore tends to be small.

H W+W−

`+`−

ν`ν`

~pW+~pW−

~sW− ~sW+
~s`− ~s`+

~sν`~sν`

~p`− ~p`+

~pν` ~pν`

H W+W−

`+`−

ν`ν`

~pW+~pW−

~sW− ~sW+

~s`− ~s`+

~sν`~sν`

~p`− ~p`+

~pν` ~pν`

hW± = −1hW± = +1

Figure 2.11: Schematic drawing of the decayH → WW∗ with emphasis on the spin-momentum
correlations of the decay products. While the black solid arrows illustrate the direction of the
momentum vectors, the red solid arrows visualize the particles’ spin direction. The decays of
H and W are shown in their restframes.
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3 | The ATLAS Experiment
at the LHC

The Large Hadron Collider (LHC) [19] is a particle accelerator facility of about 26.7 km
circumference located at CERN, the European Organization for Nuclear Research, on the
Swiss-French border near Geneva, Switzerland. The accelerator ring of superconducting
magnets, located in a tunnel 100 m underground, is capable of accelerating protons and
heavier nuclei and has been equipped with seven detectors installed at and around the
four beam interaction points.

The four big experiments with their detectors build around the collision points are A
Large Ion Collider Experiment (ALICE) [20], A Toroidal LHC ApparatuS (ATLAS) [21], the
Compact Muon Solenoid (CMS) [22] and the Large Hadron Collider beauty (LHCb) experi-
ment [23]. The remaining three experiments are called TOTal Elastic and diffractive cross
section Measurement (TOTEM) [24] located in the vicinity of the CMS interaction point,
Large Hadron Collider forward (LHCf) [25] installed nearby ATLAS and theMonopole and
Exotics Detector at the LHC (MoEDAL) experiment [26] close to the LHCb detector.

The main goal of the experiments at the LHC is to test the Standard Model’s predictions
and to answer questions about e.g. the origin of mass as it has been successfully done
with the observation of the Higgs boson in 2012. Since the Standard Model is incomplete,
the LHC also serves to give hints on not yet confirmed theories like supersymmetry and
particles or phenomena that might explain dark matter or dark energy, respectively. The
upcoming chapter deals with an overview of the key aspects of the LHC with emphasis
on the ATLAS experiment followed by a dedicated chapter on the ATLAS detector. [27]

3.1 The Large Hadron Collider (LHC)

With the first beam at the LHC [28] in September 2008, many following milestones have
been achieved. In December 2009 the so far highest center-of-mass energy of √s = 2.36
TeV [29] of a particle physics collision experiment was achieved followed by a successive
increase up to center-of-mass energies of √s = 7-8 TeV for a two year data taking in
2011-2012 (Run 1) and a final center-of-mass energy of √s = 13 TeV for a three-years
data taking period from 2015 to the end of 2018 (Run 2). To reach such high energies a
step-wise acceleration procedure is carried out:
Before the beam is injected into the LHC it is accelerated in four pre-accelerators with
successively increasing energy. In case of protons, the first step is the LINAC 2 (LINear
ACcelerator 2) , an accelerator providing protons of 50 MeV. These protons are fed for-
ward into the Proton Synchrotron Booster (PSB) that accelerates the protons up to 1.4
GeV followed by the Proton Synchrotron (PS) where energies of 26 GeV are reached. In
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the ultimate stage before the LHC, the Super Proton Synchrotron (SPS), the protons are
further accelerated up to 450 GeV before being injected into main ring namely the LHC.
A schematic drawing of the mentioned facilities’ location at CERN is given in Figure 3.1.
Lead ions are accelerated in LINAC 3, followed by the Low Energy Ion Ring (LEIR), PS
and SPS before entering LHC. [30]

Figure 3.1: Schematic drawing of the LHC and the location of its corresponding pre-accelarators
as well as the four main experiments ALICE, ATLAS, CMS and LHCb. [19]

The LHC consists of two neighbouring beam lines into which the hadrons are injected
clock-wise and counter clock-wise in order to collide them. The particles are accelerated
by 1232 superconducting dipole magnets operating at 1.9 K (-271.3◦C). During Run 2
protons are accelerated to nominal energies of up to 6.5 TeV (equivalent to 99.999997%
speed of light) corresponding to a center-of-mass energy of√s = 13 TeV whereas ions are
accelerated to nominal energies of 2.56 TeV per nucleon. 2808 bunches with a spacing
of 7.5 m per proton beam including 1.2×1011 protons each, take 11245 turns per second
resulting in ∼ 1 billion collisions per second at ATLAS.

Besides the aforementioned center-of-mass energy√s, the time-integrated luminosity L
is another central key quantity in particle collisions. In general it describes the number of
particle interactions per area. It is defined as the integral over time of the instantaneous
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luminosity L0:

L =

∫
L0 dt =

∫
Ṅ

σ
dt =

N

σ
. (3.1)

Here Ṅ describes the interaction rate,N is the number of interactions per time interval
dt and σ is the interaction cross section over all possible interactions. The latter depends
on√s and is expressed in units of [σ] = 1 b(arn) = 10−28m2.

While the design instantaneous luminosity for protons at the LHC has been predicted to
be ∼1×1034 cm−2s−1, the LHC exceeded this target in 2017 with 2.06×1034 cm−2s−1

at twice the nominal expected value. [31] Until the end of the second round of data taking
Run 2 the time-integrated luminosity at ATLAS accumulated to 139 fb−1 of events that
satisfy all quality requirements to use them for physics analyses as shown in the left plot
of Figure 3.2.
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Figure 3.2: Left: Time-integrated luminosity for Run 2 from beginning of 2015 until the end
of 2018, split into three categories. Good for physics analyses (139 fb−1 in light blue), by ATLAS
recorded (147 fb−1 in yellow) and total by the LHC delivered (156 fb−1 in green). Right: Mean
number of interactions per bunch crossing for the Run 2 period from 2015 to 2018. The online lu-
minosity from the right figure corresponds to the time-integrated luminosity recorded by ATLAS
in the left plot in yellow. [32,33]

As mentioned in the previous paragraph, each proton bunch includes roughly 1.2×1011

protons at the start. Thus multiple proton interactions can take place per bunch cross-
ing. Typical numbers of this phenomenon termed <µ>, the mean number of interactions
per crossing, are given in the right plot of Figure 3.2. As this quantity is related to the
luminosity, it is plotted against the latter for the full Run 2 data taking period and each
year separately. A total mean number of interactions per bunch crossing of <µRun2> =
33.7 has been observed for full Run 2 with a maximum of <µ2017> = 37.8 in 2017.

When operating at high luminosities resulting in equivalently high numbers of <µ>, rare
interesting physics processes might not be detected in favor of less interesting and less
rare background processes. This effect is called pile-up and it is one of the main chal-
lenges the electronics and algorithms of the detector have to overcome.
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3.2 The ATLAS Experiment

The technical core of the ATLAS experiment is its detector. The in 100m below ground
located cylindrical construction weighs 7000 t, is 44 m long and has a transverse diame-
ter of 25 m. The detector is a multi-layer instrument and consists of several subsystems
which are wrapped concentrically around the beam with the interaction point in the de-
tector’s middle. It is furthermore equipped with a strong magnet system employed to
bend the trajectories of charged particles originating from the collisions in order to mea-
sure their momentum.

The four major subsystems inside the detector are the Inner Detector (ID) measuring the
direction, momentum and charge of electrically charged particles emerging from proton-
proton collisions, the calorimetermeasuring the energy loss of a particle crossing the sys-
tem, the Muon Spectrometer (MS) identifying and measuring the momentum of muons
and the aforementioned magnet system.
A cylindrical detector like the ATLAS detector is often distinguished into two main re-
gions as points of reference: the cylindrical part around the beam line is termed barrel
while the regions at the two detector’s ends perpendicular to the beam line are referred
to as end-caps. A more detailed overview of the detector’s components is depicted in Fig-
ure 3.3 which serves as a visual guide through the upcoming chapter dealing with the
geometry and the components. [34]

Figure 3.3: Schematic drawing of the ATLAS detector and its components. [35]
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3.2.1 The ATLAS Event Kinematics

In this chapter the geometry of the ATLAS detector is explained. Additionally, physical
quantities are introduced that are used in the analysis.
The established ATLAS coordinate system is a three-dimensional right-handed coordi-
nate system. The z-axis is aligned with the beam axis such that the positive x-axis points
away from the detector towards the center of the LHC and the positive y-axis points up-
wards. To exploit the shape of the detector, the position vector is usually expressed in
cylindrical or spherical coordinates r, ϕ and θ.

Here ϕ is the azimuth angle defined as the angle between the positive x-axis and the
position vector ~rxy projected onto the x-y-plane. The polar angle θ is defined as the angle
between the positive z-axis and position vector ~r. An illustration of these two definitions
is shown in Figure 3.4.

z

x

y

ϕθ

~r

beam axis

Figure 3.4: Schematic drawing of the right-handed coordinate system used in ATLAS. The z-
axis is aligned with the beam, the positive x-axis points towards the center of the LHC and the
y-axis points upwards completing the right-handed triad.

In pp-collisions as carried out at the LHC, the momentum fractions of the partons is a
priori unknown as the center-of-mass energy can only be expressed in terms of the full
protons. Thus it is reasonable to measure the momentum in the transverse plane to the
beam axis as the vectorial sum of these momenta is negligible in the initial state. This
quantity

|~pT | =
»
p2
x + p2

y ≡ pT (3.2)

is termed transverse momentum. In case of "invisible" particles that can not be detected
by the detector as discussed in the upcoming chapter, the energy of the event might not
sum up to the initial energy available.
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This missing energy can be expressed in the transverse plane as∑
observable

~pT + ~EmissT = 0 (3.3)

⇔ ~EmissT = −
∑

observable
~pT . (3.4)

With

~EmissT =

Ç
Emissx

Emissy

å
(3.5)

it is further possible to get an expression of the azimuth direction of the missing trans-
verse energy as follows:

ϕE
miss
T = tan−1

Ä
Emissy /Emissx

ä
. (3.6)

Here, anEmissT dependent observable termed transverse mass for the sum of four vectors1
of two particles `0 and `1 is defined as

m`0,`1
T =

…Ä
E`0,`1T − EmissT

ä2
−
∣∣∣~p`0,`1T − ~pmissT

∣∣∣2. (3.7)

Another typical mass-related quantity can be constructed by using the four vector nota-
tion: the invariant mass of n particles is given by

minv =

Ã(
n∑
k=1

pµk

)2

=

Ã(
n∑
k=1

Ek

)2

−
(

n∑
k=1

~pk

)2

. (3.8)

Furthermore, the parton systemmay be boosted in one direction along the beam line since
the momentum fraction of the colliding partons may not be equal in general. Therefore,
high-energy physics takes advantage of quantities invariant under boosts. A quantity
like this, that is also used at ATLAS, is the so called rapidity

y =
1

2
ln

Å
E + |pz|
E − |pz|

ã
. (3.9)

However, it is not the rapidity itself but the differences in rapidity that are invariant
under boosts and therefore the same in two different frames, ∆y′ = ∆y. In the ultra-
relativistic case E ≈ |~p|, the rapidity y can be approximated by the so called pseudora-
pidity

η =
1

2
ln

Å
E + |pz|
E − |pz|

ã
E≈|~p|

= − ln

ï
tan

Å
θ

2

ãò
. (3.10)

Hence, in the ultra-relativistic regime of high-energy physics experiments like ATLAS,
the polar angle θ can be expressed in terms of η with differences in η being approximately
invariant under boosts. η = 0 corresponds to the entire plane obtained by rotating the

1The four vector notation pµ = (E, ~p)T is used.
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y-axis around the z-axis. Comparing two particles with indices 1 and 2 with respect to
their spherical coordinates, one useful quantity is

∆R =
»

(∆η)2 + (∆ϕ)2 (3.11)

where

∆η = |η1 − η2| (3.12)

is their separation in η and

∆ϕ =

®
|ϕ1 − ϕ2|, if |ϕ1 − ϕ2| ≤ π
2π − |ϕ1 − ϕ2|, if |ϕ1 − ϕ2| > π

(3.13)

is the separation in ϕ as illustrated in Figure 3.5:
The left subfigure shows the spatial locations of two particles denoted by indices 1 and 2
at ~r1 and ~r2 in a coordinate system as it is used in the ATLAS experiment. The spatial
information is further split up into η1,2 and ϕ1,2. The right subfigure illustrates the
corresponding angular separation calculated by ∆R.
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Figure 3.5: Left: Two spatial vectors ~r1 and ~r2 with corresponding ϕ and η information in
a right-handed coordinate system like it is used for the ATLAS experiment, Right: The corre-
sponding difference in η and ϕ of the vectors ~r1 and ~r2 from which the angular separation ∆R
can be derived.

Another spatial quantity of interest is the impact parameter which describes the mini-
mal distance between a particle’s reconstructed trajectory and its corresponding recon-
structed primary vertex. This is, broadly speaking, the closest approach to the interaction
point from which the particle is believed to originate.
The quantity can be split up into a transversal component d0 in the x-y-plane and a
longitudinal component z0 along the z-axis as illustrated in Figure 3.6.
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Figure 3.6: Illustration of the transverse impact parameter d0 and the longitudinal impact
parameter z0 inspired by Ref. [36].

3.2.2 The Detector Components

The Magnet System

The ATLAS magnet system is employed to bend the charged particles’ trajectories and
consists of three main systems: The innermost part is called central solenoid magnet and
is installed around the ID. With a total of 9 km of superconducting wires it induces a
magnetic field of 2 T at a nominal current of 7.773 kA. It is furthermore surrounded by
a toroidal magnetic system that is installed farther outwards in the barrel region (barrel
toroid) as well as in the end-caps (end-cap toroid). This system consists of 8 separate coils
each, inducing a 4 T magnetic field based on 100 km superconducting wires working at
a nominal current of 20.5 kA. [37]

The Inner Detector

The ID illustrated in the left part of Figure 3.7 constitutes the first detector layers around
the beam including beam pipe and interaction point. It is thus the first detector compo-
nent, particles emerging from the collisions can interact with. It comprises three subde-
tector systems, namely the pixel detector [38], the SemiConductor Tracker (SCT) [39] both
covering |η| < 2.5 and the Transition Radiation Tracker (TRT) [40] covering |η| < 2.0 as
shown inmore detail in the right part of Figure 3.7. With help of the surrounding solenoid
magnet inducing the magnetic field which forces the charged particle onto bent trajecto-
ries, the three subsystems are employed to measure and identify the momentum and
charge, respectively. Additionally, the tracked trajectory can be used to estimate the ori-
gin of the charged particle.
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The pixel detector consists of 80 million pixels arranged in modules of which roughly
80% are used in three barrel layers and the remaining modules are used in 3 pixel disks
in each end-cap. The whole system covers a full area of 1.7 m2 installed around the inter-
action point. Furthermore, each pixel has an effective resolution of 14×115 µm2. One
additional layer has been installed as innermost part with only 3.3 cm distance to the
beam line and has been used as of beginning of Run 2. This layer called Insertable B-
Layer (IBL) [41] is supposed to maintain the tracking performance in the harsh radiation
environment in immediate vicinity to the beam by adding a further active layer compris-
ing another 13 million readout channels of size 50 × 250 µm2.
The SCT that is wrapped around the pixel detector is a silicon microstrip tracker of more
than six million incorporated readout strips. It is made up of four cylindrical double lay-
ers and nine planar end-cap discs at each of the two detector ends. Having a readout
strip every 80 µm on the silicon allows for a position resolution of charged particles of 17
µm and 580 µm per layer transverse and longitudinal to the strips, respectively.
The outermost subsystem of the ID is the TRT which is a gaseous detector. It consists of
small drift tubes with a diameter of 4 mm that are made from a mixture of Kapton and
carbon fibres. Inside each tube there is a gold-plated tungsten wire with a diameter of 31
µm. By applying a voltage of ∼ 1.5 kV on the outer wall and grounding the wire, each
tube, filled with a gas mixture of 70 % Xe, 27 % CO2 and 3 % O2, serves as a proportional
counter. The TRT’s barrel region contains 52544 tubes, aligned with the beam axis over
a length of 1.5 m and the end-caps contain 122880 tubes each. In between the tubes poly-
mer fibres/foils are employed in the barrel/end-caps to induce transition radiation that
may be emitted by charged particles propagating through the material. As this effect
depends on the particle’s E/m, it is strongest for electrons allowing to differentiate the
latter from charged hadrons as part of the particle identification chain. While the spatial
resolution of 120 µm is worse compared to the ability of the inner tracking detectors, this
is kept in balance by the large number of hits per track of ∼ 30. Together with a high
sampling frequency of the provided wire signals a time information on the nanosecond
level can be achieved.

Figure 3.7: Left: Schematic drawing of the full Inner Detector comprising the pixel detector,
the SRT and the TRT in the barrel and end-cap regions. Right: A close-up on the aforementioned
subsystems in the barrel region. [42,43]
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The Calorimeter

The calorimeter illustrated in Figure 3.8 is placed around the ID and the solenoid magnet
system and is employed to measure a particle’s full energy except for muons and neutri-
nos which hardly interact with the calorimeter material and detector, respectively. As
the other detector components, the calorimeter consists of subsystems. [44]
The Electromagnetic Calorimeter (ECal) inside the ATLAS detector has two parts. One
is covering |η| < 2.5 in the barrel and one is covering 2.5 < |η| < 3.2 in the end-cap region.
Inside an ECal the two effects bremsstrahlung and pair production compete. Qualita-
tively, a primary photon γ may enter the calorimeter material and converts into an e+e−

pair in case of sufficient energy. The e+e− pair may interact with the material inducing
bremsstrahlung which in turn produces photons again. With sufficient initial energy, this
may lead to a cascade of γ and e+e−-pairs, also referred to as electromagnetic shower.
The length of the cascade can be expressed in units ofX0 termed radiation length which
is a typical, material-dependent measure of this propagation. The interplay of the men-
tioned effects can produce up to 2n particles after n radiation lengthsX0.
The ATLAS detector uses a calorimeter that comprises lead as high-density absorber ma-
terial to ensure the particles deposit all their energy and liquid argon as active material
in alternating layers. The charged particles crossing the active material may interact
with it and produce light emissions that are proportional to the deposited energy. The
calorimeter is segmented into small cells that are read out individually. This makes it
further possible to associate the deposited energy with space points.

Figure 3.8: Schematic drawing of the electromagnetic and hadronic calorimeter components
installed in the ATLAS detector. [45]

TheHadronic Calorimeter (HCal) at the ATLAS detector is wrapped around the ECal and
is supposed to measure the energy of hadrons which deposit only parts of their energy
in the ECal. Inelastic interactions between hadrons and the nuclei from the calorimeter
material produce secondary hadrons and thereby a shower as discussed for the ECal.
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The typical length scale for these interactions is given by the absorption length λ which
is∼ 30 times larger thanX0 in case of lead. Thus the HCal is supposed to be larger than
the ECal in order to avoid showers leaking out of the detector range.
The ATLAS HCal surrounding the ECal consists of steel as passive material and crystal
scintillators as active component for the tile barrel region and for the tile extended barrel
region. The HCal installed in the end-caps and the forward region (FCAL) comprises
liquid argon as activematerial and copper and tungstem as passivematerial, respectively.

Muon Spectrometer

In contrast to electrons, muons are minimum ionizing particles [46] and deposit very lit-
tle of their initial energy in the detector material due to their high mass. Therefore, a
dedicated muon spectrometer is installed as outermost layer of the ATLAS detector as
muons are the only interacting species that leave the calorimeter.

Figure 3.9: Schematic drawing of the muon spectrometer with its subcomponents, the RPC, the
CSC, the TGC and the MDT. [47]

The in Figure 3.9 illustratedMS consists of multiple subcomponents: There areThin Gap
Chambers (TGC) that are employed for triggering interesting physics processes and for a
second coordinate measurement at the ends of the detector. Furthermore, the Resistive
Plate Chambers (RPC) equipped with an electric field of 5 kVmm−1 which are supposed
to trigger events and to perform a second coordinate measurement in the central barrel
region. Finally, three layers of Monitored Drift Tubes (MDT) measure the curves of the
tracks with a resolution of 80 µm and the Cathode Strip Chambers (CSC) measure again
the track’s coordinates at the ends of the detector with a resolution of 60 µm.
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Combining the Detector’s Information

After having discussed the technical details of the detector and its submodules this sec-
tion gives a brief overview on the importance of the linkage of these information in order
to understand which kind of a particle has been observed as scatched in Figure 3.10.
Most of the particles that are being produced in a particle collision are unstable i.e., have
a finite lifetime. As the latter is often too short to reach the detector components, the col-
lision products decay beforehand producing particles that eventually reach the detector
and interact with it.
Hence, for most particles only the decay products are visible in ATLAS. A particle like
the neutral pion π0 for instance decays into two photons which would be detected in the
ECal as discussed in the previous chapters while a particle decaying into an e+e− pair
could be traced back to its position of decay with help of the information from the bent
track seen by the Inner Detector and the deposited energy in the ECal.
Further, a proton emerging from the particle collision might have a bent trajectory, would
interact with the ID and eventually be stopped in the HCal by depositing its energy. A
muon can be tracked with the ID and the MS, whereas a neutrino can not be detected at
all.
Thus combining the information from the multiple subdetectors is crucial to correctly
identify and/or reconstruct a particle. Furher, combining all visible information makes
it possible to infer about invisible parts of events such as non-interacting neutrinos that
carry away energy.

Figure 3.10: Schematic drawing of the cross section of the ATLAS detector summarizing the
submodules and possible particle interactions with the material. [48]
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The Trigger System

The high luminosity of the LHC as discussed in chapter 3.1, yields ∼ 1 billion collisions
per second. To the current day, there is no technology that is able to simultaneously pro-
cess or to store the amount of data equivalent to recording every collision at such high
rates. Thus, a system needs to be introduced that already picks only interesting events
from a physics point of view in order to reduce the high event rates. The trigger system
of ATLAS serves as such a decision maker.

It consists of a hardware-based first level trigger (Level-1) and a software based High
Level Trigger (HLT). The Level-1 trigger reduces the event rate initially equivalent to the
bunch crossing rate of ∼ 30 MHz down to 100 kHz. The events accepted by the Level-1
trigger are read out and send to the HLT that further reduces the event rate from 100
kHz down to 1 kHz. The accepted events are written to disk to eventually use them in
physics analyses. [49]

3.2.3 Event Reconstruction

If an event passes the above mentioned trigger system it is forwarded to reconstruction
algorithms employed to reconstruct all possible physical details of the event including an
identification of the participating particles. As discussed earlier it is reasonable to com-
bine information from multiple subdetector systems, thus the algorithms usually rely on
several inputs to reconstruct the particles as discussed in detail in the upcoming sections.

Reconstruction of Tracks and the Primary Vertex

The ID track reconstruction exploits local and global pattern recognition algorithms to
connect measurements originating from the same charged particle. Thesemeasurements
are fed into a track fitting tool to estimate the track’s parameters. For charged particles
the so called perigee parameters consisting of the transverse impact parameter d0, the
longitudinal impact parameter z0, azimuth angle ϕ, polar angle θ and the ratio of charge
andmomentum q/p are extracted. From the information of the reconstructed tracks, their
origin at beam line level can be determined. For a track to be considered in the determi-
nation of the primary vertex, certain requirements have to be fulfilled. Each candidate
track needs to have pT > 400 MeV and |η| < 2.5. Furthermore a sufficient number of
pixel detector and SCT hits is required. The primary vertex search is carried out in the
following steps:
A set of good tracks as defined above is chosen together with a seed position for the
primary vertex. Vertex and tracks are used to determine a best fit, iteratively down-
weighting less compatible tracks. If the fit converges and at least two tracks are compat-
ible with the found vertex, all tracks that are not compatible with the vertex are dropped
to use them in the next vertex search. [50]
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Electrons and Muons

In the analysis only leptons of flavor ` = e, µ are considered. In contrast to e and µ, τ
leptons can decay inside the beam pipe due to their short lifetime translating into a short
mean free path of 87 µm and therefore introduce a deviating decay signature with a large
variety of possible final states. [3]

Using the reconstructed track information from the ID and the shower profile from the
ECal, electrons are identified in the central barrel region within |η| < 2.47 omitting
1.37 < |η| < 1.52 corresponding to the transition region between the barrel and the end-
caps. To take into account changes in the track curvature due to energy loss via brems-
strahlung, a Gaussian Sum Filter (GSF) [51] approach is used by ATLAS to improve the
electron track parameter estimation. To ensure the electrons originate from the primary
vertex it is required that every electron satisfies |d0/σ (d0) | < 5.0 and |z0 sin θ| < 0.5
mm. Here σ (d0) is the uncertainty on the transverse impact parameter d0 derived from
the covariance matrix of the perigee parameters.

Muons are reconstructed based on information from the ID and the MS within |η| < 2.5.
As for electrons, requirements on the impact parameters are set. For muons they are
defined to be |d0/σ (d0) | < 3.0 and |z0 sin θ| < 0.5 mm.

Lepton Isolation

The analysis described in chapter 5 deals with a purely leptonic final state with muons
and electrons, where the leptons in the signal signature WH → WWW∗ → 3` 3ν origi-
nate from threeW bosons. These leptons tend to be well separated from other particles in
terms of their angular distance ∆R. However, background leptons from e.g. in-flight de-
cays of (heavy) hadrons that tend to have many close-by objects can also be reconstructed
as lepton candidates for the analysis.
Hence, discriminants are constructed using additional tracks from the ID and energy
deposits from the ECal in a certain cone ∆R around the lepton candidate. While lep-
tons originating from W bosons are expected to have a rather clean environment and
are therefore well isolated, leptons from heavy-flavour decays are expected to have more
tracks or energy in their vicinity due to hadronization, i.e. are less isolated. So called
isolation working points are defined to create measures on the purity requirement in the
cones around the leptons. There are two types of isolation. First, the track isolation that
is based on the sum of the transverse momenta of all tracks within a cone of radius ∆R
around the lepton track, excluding the latter. The track isolation pT , varcone, ∆R is defined
with a variable cone size of

∆R = min
Å

10 GeV

pT
, Rmax

ã
(3.14)

with pT of the main track and Rmax is the maximum cone size of typically 0.2, 0.3 or
0.4. [52]
Second, the calorimeter isolation that follows an equivalent idea to the track-based isola-
tion by summing over all energies that are deposited in clusters within a cone of radius
∆R around the cluster of the lepton candidate, excluding the latter. The energy-based
isolation variable is referred to as Etopo

T , cone,∆R.
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Jets

The jet reconstruction is based on an algorithm that combines calorimeter clusters. To
this end the anti-kT algorithm [53] is used with a radius parameter of R = 0.4 to recon-
struct jets from this region. The latter algorithm is further based on the distance mea-
sures dij describing the distance between particle denoted with index i and j and the
distance diB that is the distance between particle with index i and the beam B:

dij = min(k−2
ti , k

−2
tj )

R2
ij

R2
, (3.15)

diB = k−2
ti . (3.16)

Here,R2
ij = (yi−yj)2 + (ϕi−ϕj)2, whileR, kti, yi andϕi are the fixed radius parameter,

the transverse momentum, the rapidity and the azimuth angle of the particle indexed by
i. Jets are required to satisfy pT > 30 GeV within |η| < 2.5.

For jets originating from a b-quark there is a dedicatedmultivariate analysis (MVA) based
identification technique. The MVA approach called DL1r [54] uses input variables related
to the distinct mean life time of the b-quark that makes it possible for the latter to travel
a significant amount of time away from the interaction point which would introduce a
secondary vertex for the reconstructed particles from the heavy-flavor jet. B-jets are ac-
cepted beyond pT > 20 GeV and within |η| < 2.5.

Missing Transverse Energy

Due to the fact that neutrinos can not be detected by the detector they can carry away
significant amounts of energy that is not deposited in the detector. The transverse compo-
nent ~EmissT can be calculated on event-by-event basis after Equation 3.4. For the actual
calculation, all fully reconstructed particles, all high pT hadronic jets as well as all en-
ergies from non-associated clusters or tracks with pT > 500 MeV which satisfy a set of
quality requirements contribute. [55]

3.3 Monte-Carlo and Detector Simulation

In high-energy physics experiments simulations are often consulted as a tool to guide
the analysis through decisions on e.g. how to enhance signal-to-background ratios in the
real data or to give estimates on the rate and nature of events that can be expected to be
obtained from the data.

From the theoretical knowledge of the SM predictions, cross sections as measures for the
probability of certain physics reaction and event kinematics can be derived. Implement-
ing these predictions into software is often done in the scope of Monte-Carlo-simulations
(MC-simulations). The basic idea is to stochastically generated pseudo-random experi-
ments that, if done often enough, eventually converge towards distributions that can be
expected from theoretical predictions. Besides cross sections and initial and final state
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event kinematics, the generators also serve to model gluons radiating other gluons which
eventually creates particle cascades termed parton shower and the process of hadroniza-
tion described in the theory chapter.

The purely kinematic distributions (MC truth) are applied to the detector response by
folding them with the machine’s sensitivities and resolutions. This is based on software
that specializes in the interaction between particles and anorganicmaterials like the ones
mentioned in the detector chapter. A typical software that simulates the interaction of
particles with matter is e.g. GEANT4. [56] MC truth events that are folded with the de-
tector response are referred to as detector level MC events. These are then reconstructed
using the same algorithms that are used for data obtained from the detector.
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4 | Deep Neural Networks
in Physics Analyses

4.1 Neural Networks

This chapter is dedicated to discuss the machine learning approach used in the analy-
sis together with certain applied techniques. First, the theoretical backbone of neural
networks termed backpropagation is explained followed by the discussion of a common
issue in machine learning called overtraining and a common practice of monitoring this
phenomenon referred to as cross-validation. Finally, an overview of used techniques in
the scope of the framework Keras [57] is given.

4.1.1 Theoretical Introduction into Artificial Neural Networks

The structure of an artificial neural network (ANN)1 is conceptually based on themakeup
of a biological brain. It consists of a set of so called artificial neurons which are organized
in layers. The artificial neurons model the propagation of a signal through the network.
Except for the neurons in the first layer, generally each neuron is connected to all neurons
in the previous layer via an activation function. The activation of a neuron is the sum over
all activations of neurons in the previous layer, each multiplied by a respective weight.
Additionally, a bias is added to the sum and the sum is encapsulated in a differentiable
activation function σa that typically maps the input values onto an interval (0,1) in order
to numerically smooth the training of the neural network. The activations for the neurons
in the first layer are given by the inputs to the neural network, hence the first layer is
called input layer. The final layer is called output layer and the layers in between are
called hidden layers as illustrated in Figure 4.1. The activation can be calculated as

a
(l)
i = σa

Ä
z

(l)
i

ä
= σa

Ñ∑
j

w
(l)
ij a

(l−1)
j + b

(l)
i

é
, (4.1)

where a(l)
i denotes the activation of the ith neuron in the layer with the index (l) and

b
(l)
i labels the corresponding bias. w(l)

ij is the weight connecting the jth neuron in layer
(l− 1) to the ith neuron in layer (l).

1The terms artificial neural network and deep neural network (DNN) are used interchangebly in this thesis.
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Figure 4.1: Exemplary sketch of the input and output layer of an ANN architecture with the
indexing as described in the section on the theory of backpropagation. [58]

To evaluate the performance of an ANN the cost function is introduced. The cost or loss
functionmeasures the deviation of the desired output to the actual output of the network.
In the first part of this work the binary cross entropy loss function is used:

C = −
∑
j

î
Ej ln

Ä
a

(n)
j

ä
+ (1− Ej) ln

Ä
1− a(n)

j

äó
(4.2)

where Ej denotes the desired result of the jth neuron in the output layer (n).

Before the network is of any use it has to be trained. Training the network means tweak-
ing its weights and biases so that its output matches the desired output on a given input.
To achieve this the cost function has to be (locally) minimized. This is the case when
the gradient of the cost function with respect to the weights and biases approaches zero.
Therefore in every step of the training, the weights and biases are adjusted in opposite
direction of the gradient of the cost function. This derivative is further multiplied by the
learning rate η0 to ensure the stability of this numerical minimization. Following the
derivation in appendix A.1 the correction of the weights and biases per training step is:

∆w
(l)
ij = −η0

∂C

∂w
(l)
ij

= −η0 · δ
(l)
i · a

(l−1)
j (4.3)

∆b
(l)
i = −η0

∂C

∂b
(l)
i

= −η0 · δ
(l)
i (4.4)

where δ(l)
i is termed output error that comprises a deviation of the desired result Ej and

the activation value in the output node. It should be noted that the structure of the
result would not change in case of a different loss function. The only adaption has to be
done within the output error δ(l)

i . Furthermore, the calculation is valid for any activation
function that is applied or tested in this work as it has not been specified in the derivation
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in the appendix. Finally, the derivation is based on a gradient descent approach. As
this method is computationally heavy, modern machine learning frameworks usually use
optimization algorithms based on stochastic gradient descent methods [59] with optional
adaptive estimations of first-order and second-order moments.

4.1.2 Overfitting and Underfitting

Figure 4.2: Example of
overfitting represented by
the green line. The model
has adapted the variance
of the data and might fail
on a different validation
sample. [60]

Overfitting or overtraining describes the sensitivity of e.g.
a neural network with respect to the statistical variance
in the data set. If it is not taken care of the effect,
an ANN can tend to see statistical fluctuation as part of
the underlying structure in the data and therefore mod-
els the training data too well. This leads to the adap-
tion of arbitrary structures which in turn can cause fail-
ures when applying the thereby evaluated model on new
test data. An illustration of the described behavior re-
ferred to as overfitting is given in Figure 4.2 (green
line).

Underfitting or undertraining can be understood as, roughly
speaking, the opposite of overfitting: in the case of underfit-
ting, the ANN is not capable to accurately reproduce details
in the distribution of the data. In contrast to overfitting, the
ANN can neither find a good model while training nor gen-
eralize to new data which might lead to a low performance
in the prediction. As an example one can think of trying to fit data following a non-linear
trend with a linear model. An illustration of the latter example is given in Figure 4.2
(yellow line).

Overfitting can occur in the process of hyperparameter optimization which is the pro-
cess of evaluating different settings for a neural network. The parameters can be set to
optimally perform on one training data set available. However, this does not guarantee
a good performance on unknown data sets in general as it might lead to implicitly intro-
ducing information about the training data in the model. One possible method to monitor
this problem is a technique called cross-validation.

4.1.3 K-Fold Cross-Validation

Using k-fold cross-validation, the full data set is split into a training data set and a vali-
dation data set. The latter is never going to be used for training purposes. The training
data set is further split into k folds as illustrated in Figure 4.3. Next, the neural network
is trained on k − 1 folds that make up the internal training set (all indicated in blue)
and is evaluated with some performance measure on the remaining internal test set (in-
dicated in green) for each of the k folds. As the internal test set changes each split (Split
1, 2 and 3 in the exemplary Figure 4.3 given) an average performance measure can be
calculated over all splits.
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Figure 4.3: Schematic representation of k-fold cross-validation. The full data set is split up into
training data and test data. The training data is then split up into three folds, two are used for
training and the remaining one is used for an internal test.

4.2 Machine Learning Concepts and Keras

Keras [57] is a Python deep learning library. As an application programming interface
(API) of the machine learning framework TensorFlow [61], it is used to implement neural
networks. In the following all structures and functions of Keras used in this work are
briefly explained. The specific settings chosen for each of the function is finally discussed
in the analysis section. The core concepts of every machine learning approaches using
neural networks can be split up into three parts:

Creating a Model

An ANNmodel consists of an input layer, hidden layers and an output layer which define
the model’s architecture. The size of the input layer is defined by the number of input
variables fed into the network.
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While the hidden part of the network can consist of an arbitrary number of layers with
an arbitrary number of neurons per layer, the output layer’s dimension is defined by the
problem to solve (e.g. binary, multiclass or multilabel problems, etc.). As discussed in the
previous section, every neuron has an activation function, the latter is defined layerwise
in Keras. The API provides a wide range of commonly used activation functions by the
domain, further details are given in the analysis chapter.

Additionaly, Keras provides so called regularization layers that are employed to prevent
the network from overtraining. Besides layers that fold their inputs with e.g. a normal
distribution, another prominent method is dropout: since the network adjusts all weights
per training circle in order to minimize the loss/cost function, weights of neurons have
to adapt for features in the training data. This adaption can influence neighboring neu-
rons in their learning process such that they rely on the neuron capable of learning the
mentioned feature of the data set. This behavior is called complex co-adaption and can
lead to overfitting. To prevent from this, dropout is employed to set a choosable fraction
of randomly chosen neurons and their corresponding weights to 0 (compare Figure 4.4)
during the back propagation process in each training step. Doing this, the remaining
neurons have to react on the missing neurons which decreases the complex co-adaption
and thereby prevents from overfitting. It should be noted that dropout is only active at
training time.

Hidden
layer 1

Hidden
layer 2

Input
layer

Output
layer

Hidden
layer 1

Hidden
layer 2

Input
layer

Output
layer

Figure 4.4: Left: Ordinary ANN with four input neurons, two hidden layers and an output
neuron. Right: ANN with dropout applied. The neurons in gray are dropped and therefore not
considered during training.

Preprocessing

Fully connected neural networks usually have a more stable training process and there-
fore perform better when the components of the input data are mapped onto the same
range or order of magnitude, preferably O(1). This can be achieved by removing the
components mean and scale. If the component suffers from outliers, more robust trans-
formation algorithms can be applied as shown in the analysis chapter.
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Training the Neural Network

During the training procedure of a neural network the weights and biases are tweaked
in each training step. A training step can be defined in terms of the so-called batch size.
The latter is a hyperparameter defining the number of samples propagating through the
network before the weights and biases are updated accordingly. A common approach is
to set the batch size to 1 < batch size < size of training set.
A second hyperparameter is a so-called epoch. It is defined as one full iteration through
the whole training set. Thus, one epoch usually consists of multiple batches. After each
epoch the network is evaluated on the held out test data by predicting on the samples and
comparing with the truth information. The average deviation can be calculated based on
a provided loss function. The corresponding loss can further be monitored to check for
overtraining. If the loss of the test set exceeds the loss of the training set in any epoch,
the network might have been adapting too much on the training data and lost the ability
of generalization. Hence, the comparison of training and test loss over all epochs can
be a good first indication of a network’s capability of prediction on unknown data sets.
The monitoring process is not restricted on the loss function. In principle an arbitrary
number of performance measures can be calculated after each epoch.
Furthermore, it is possible to prune the training time by requiring an improvement of
a certain performance measure with e.g. every epoch. As soon as this does not improve
anymore, the training would be stopped. This technique is called early stopping. If the
true result is known and can be compared with the network’s output, as it is the case in
this work, the procedure is referred to as supervised training.

4.3 Performance Measures

In physics analyses neural networks are usually employed to classify an event as signal
or background. The overall performance can e.g. be measured as the fraction of correctly
classified events. In a two-class problem e.g. signal (positive class) against the most
prominent background (negative class) there are four possible results for every event. If
the signal is classified as positive class, the result is termed true positive while a mis-
classified signal event is termed false negative. On the other hand, correctly classified
background events are referred to as true negative and misclassified background events
are called false positive. These four quantities can be combined in numerous ways to con-
struct figures of merit. A figure of merit that is used in this analysis is the area under
the Receiver Operating Characteristics Curve (ROC) curve.

Receiver Operating Characteristics Curve (ROC Curve)

The ROC curve relies on the the background efficiency which is the fraction of correctly
classified background events as a function of the signal efficiency which is the fraction of
correctly classified signal events. In the ideal case of a perfect classifier the ROC’s area
under the curve (AUC) is supposed to be 1. This area gives a first qualitative measure
of the performance and is especially helpful to compare different classifiers on the same
data sample.
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Significances

The experiment which the analysis is based on, is a counting experiment. With a gen-
erally high number of events and a low probability of the signal to occur, the Poisson
approximation can be applied to describe e.g. the estimator of the significance [62]

Zp =

√
2

Ç
n ln

ñ
n(b+ σ2

b)

b2 + nσ2
b

ô
−
b2

σ2
b

ln

ñ
1 +

σ2
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b(b+ σ2

b)

ôå
(4.5)

with n = s+bwhere s is the number of signal events and b is the number of background
events. σb is the MC uncertainty on the background. In case of a vanishing uncertainty,
the expression simplifies to
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s

b

]
− s

)
(4.6)
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5 | Analysis in the Channel
WH→WWW∗→ `ν`ν`ν

The following analysis that aims to extract a significance with respect to theWH process
based on MC data at√s = 13 TeV with an integrated luminosity of 139 fb−1 is divided
into several steps. After the definition of the preselection criteria with associated signal
and control regions, two neural networks are developed to suppress the most dominant
background processes tt̄ andWZ in the region of interest. The information that is gained
from the two individual studies is combined in a subsequent section that deals with the
further development of a multiclass neural network (multiclassifier) that is employed to
suppress the most dominant background process simultaneously. Based on the multi-
classifier output, a dedicated signal region is defined. The events that pass this step are
considered in the statistical interpretation of calculating the significance.

The obtained results are compared to the previous WH analysis [63] based on data col-
lected during 2015 and 2016 at√s = 13 TeV with an integrated luminosity of 36.1 fb−1.
The analysis employed Boosted Decision Trees (BDTs) as multivariate analysis tech-
nique. BDTs consist of decision trees that split input data accordingly to the single values
of the input variables at so called nodes to maximize the information gain. A tree ter-
minates in so called leaves whose output can be interpreted as class probability. A more
detailed introduction on BDTs and the procedure of boosting can be found in e.g. Ref. [64]
or Ref. [65]. A detailed discussion on the hyperparameter optimization for the previous
analysis can be found in Ref. [66]. To put it in a nutshell, two individual Boosted Decision
Trees were used to suppress the most dominant backgrounds tt̄ and WZ.

5.1 Background Processes

The analysis aims to extract the signature WH → WWW∗ → 3` 3ν. Besides Higgs-
including decay channels like ggF, VBF and tt̄H, there are multiple diboson, triboson,
and top-quark as well as Z+jets decay processes that can form a trilepton final state.
An overview of the considered processes can be found in Table 5.1. From the diboson
processes, WZ/Wγ∗ is the most dominant background processes due to exactly three lep-
tons in the final state. In the category of triboson processes (V V V ), WWW has the most
similar signature due to three leptonically decayingW bosons, therefore significantly con-
tributing to the irreducible background. Regarding processes including top-quarks, the
tt̄ process is the most dominant one. Here, so called non-prompt or fake leptons that
originate from jets can be reconstructed as third lepton. Same applies for processes like
Z+jets, where two leptons originate from the Z decay and a third lepton is faked by a
jet. Diboson processes including more than and triboson processes including at least one
Z boson such as ZZ∗ or WWZ etc. can get accepted in the analysis in case one lepton is
not detected if it e.g. propagates very close to the beam line.
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Process MC Generator

Higgs

V H (H → WW∗) POWHEG-BOX [67,68,69]+Pythia8 [70]

V H (H→ ττ ) POWHEG-BOX+Pythia8

gg → H (H → WW∗) POWHEG-BOX+Pythia8

VBF (H → WW∗) POWHEG-BOX+Pythia8

tt̄H (H → WW∗) MadGraph5 [71]+Pythia8

Diboson

WZ/Wγ∗, ZZ/Zγ∗, WW∗ Sherpa 2.2.2 [72]

Triboson (VVV)

WWW, WWZ, WZZ, ZZZ Sherpa 2.2.2

Top

tt̄ POWHEG-BOX+Pythia8

tt̄V MadGraph5+Pythia8

Single Top:

Wt POWHEG-BOX+Pythia8

tZ MadGraph5+Pythia8

V+jets

Z+jets MadGraph5+Pythia8

Table 5.1: MC simulated processes that are taken into account in the analysis. The left column
names the process while the right column states theMC generator. The V H (H → WW∗) process
where V = W is treated as signal. Any other appearing process is treated as background.
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5.2 Preselection and Signal Region Criteria

The preselection scheme includes a set of criteria to identify event candidates that enter
the final analysis. Every event needs to fulfill the following requirements:

• Number of leptons: nLep = 3,
since the WH final state of interest consists of three reconstructed leptons.

• Sum of lepton charges:
2∑
i=0

q`i = ±1 e,

to account for the charge of the associated W± boson.

• Transverse lepton momentum: p`iT > 15 GeV
Threshold on the lepton transverse momentum to reduce low momentum back-
ground contamination by fake leptons.

• Isolation Working Point: FCTight [73]
Eventswith three reconstructed leptons that satisfy the following optimized calorime-
ter and track isolation criteria are accepted:

E
topo,`
T , cone, 20
p`T

p`
T , varcone, 30
p`T

Electrons < 0.06 < 0.06

Muons < 0.15 < 0.04

The isolation cut is applied to suppress fake leptons from jets that have more par-
ticles in their vicinity compared to leptons from W bosons. Electrons (< 0.06) are
required to be more isolated in the calorimeter than muons (0.15) due to their high
energy loss. The track isolation requirement is similar for muons (< 0.04) and elec-
trons (< 0.06).

A preselection-based signal region (SR) in principle can be defined by requiring a final
state including three charged leptons of flavor e or µ and a total charge of±1 e to account
for the charge of the W boson. The so defined signal region can be divided into three
distinct regions of 0, 1 and 2 same flavor opposite sign (SFOS) lepton pairs as summarized
in Table 5.2. The flavor corresponds to the lepton type while the sign is the sign of the
lepton’s charge.

SR1 (2 SFOS) SR2 (1 SFOS) SR3 (0 SFOS)

e+ e− e− e+ e− µ− e+ e+ µ−

e− e+ e+ e− e+ µ+ e− e− µ+

µ+ µ− µ− µ+ µ− e+ µ+ µ+ e−

µ− µ+ µ+ µ+ µ− e− µ− µ− e+

Table 5.2: Possible flavor-charge-combinations for the three signal regions. Any cyclic permu-
tation is allowed as well.
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This analysis deals with region SR3 including 0 SFOS that is also referred to asZ-depleted
signal region. It is expected to have the highest signal to background ratio (S/B) due to
the additional suppression of lepton pairs originating from Z decays as included in SR1
and SR2 which are also referred to as Z-dominated signal regions.

To avoid any naming ambiguity of the three reconstructed final state leptons the following
enumeration is applied:
The lepton of unique charge that originates from one of theW bosons from theHiggs decay
is termed `0. As explained in chapter 2.1.3, 2 out of 3 spin correlations states force the
second lepton that originates from the Higgs decay to propagate into the same direction
as `0. Thus, the reconstructed lepton of opposite charge that has a minimum angular
distance ∆R to `0 is termed `1 while the remaining reconstructed lepton that fulfills the
total charge and isolation requirements is termed `2. The enumeration is illustrated in
Figure 5.1.

q

q̄

W±
W±

H

W±

W∓

`±2

(−)
ν ` `±1

`∓0

(−)
ν `

(−)
ν `

Figure 5.1: Feynman diagram including the enumeration scheme used in the analysis of the
leptons from the WH process.

Figure 5.2 summarizes the MC truth origin information of the three lepton candidates
in the WH MC in SR3. In more than 99% of the weighted events, `0 stems from the
Higgs decay, while `1 originates almost 86% from the Higgs and in more than 13% of the
weighted events from the associated W boson. For `3 it is the opposite case.
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Figure 5.2: Origin information of three lepton candidates in the WH MC in SR3 distinguished
between Higgs, W boson and other. The latter category results if the origin of the reconstructed
particle that matches with the truth particle is determined to be neither Higgs nor W boson.
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Subsequently applying the preselection and SR3 cut scheme to the MC events listed in
Table 5.1 yields the number of MC events summarized in the upper Table 5.3 (referred to
as cutflow table). With a time-integrated luminosity of 139 fb−1, the simulations predict
roughly 17 WH events against 529 background events in the Z-depleted signal region.
The column "Other Higgs" includes any process that involves a Higgs boson namely ZH,
VBF, ggF, tt̄H and H→ τ+τ− which sum up to almost 25 MC events. With a total of
about 379 MC events, top quark related decay channels dominate the background com-
position with close to 72%. From all top backgrounds it is the tt̄ process with 279 MC
events that induces the majority of events. The Diboson process WZ/Wγ∗ contributes
with roughly 70 events and the triboson processesV V V amount to roughly 24MC events.
All top backgrounds together with WZ/Wγ∗ and V V V make up approximately 90% of
the background.
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5.3 Control Regions

Control Regions (CR) are phase space regions in which one of the background processes
usually dominates any other process with a huge excess of events. They can be employed
to perform data-MC shape comparisons in order to monitor possible MC-mismodelling
and to extract normalization factors to account for discrepancies between data and MC
yields.

For this analysis one control region for WZ and one control region for tt̄ is implemented.
To gain higher event yields, the regions are defined by requiring 1 or 2 SFOS lepton
pairs. The scheme starts at the preselection level for both WZ and tt̄. To receive an as
pure as possible WZ background with three prompt leptons one requires at most 1 jet
and no b-jets both within a narrow window of 25 GeV around the difference between
the Z boson mass mZ and the invariant mass of same-sign candidate leptons mSFOS

inv to
include the majority of Z decays from the WZ process. The tt̄ region is defined outside
of this invariant mass window to ensure orthogonality to the WZ region. At least one jet
is required to account for initial and final state radiation and exactly 1 b-jet is required
to account for the expected jets from heavy-flavor decays. For events from both regions it
is further required to pass a low invariant mass andmissing transverse energy threshold.

The MC event yields for the two control regions are given in bottom Table 5.3. In the tt̄
control region the latter process dominates the event yields with roughly 168 MC events
corresponding to almost 50% of the 338 remaining MC events. The second most dom-
inant background is the very similar process tt̄V with 63 MC events. Furthermore, a
non-negligible amount of 58 WZ MC events enter the tt̄ control region. The data to MC
ratio of 1.08± 0.06 indicates a good agreement between data and MC yield with a slight
tendency towards a higher amount of data.
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Figure 5.3: Left: Distribution of the transverse momentum of `0 in the WZ CR. Right: Distri-
bution of the transverse momentum of `0 in the tt̄ CR
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In contrast, theWZ control region shows a very good enhancement ofWZMC events with
a purity of more than 90% corresponding to 6461 MC events. Furthermore, the data to
MC ratio of 0.98 ± 0.01 indicates a very good agreement between data and MC yield
slightly overestimating the number of MC events.
Figure 5.3 exemplary illustrates the transverse momentum of lepton `0 in theWZ control
region (left) and the tt̄ control region (right). A good data to MC shape agreement can be
observed in the case of the WZ control region. Even though not at comparably high rates
asWZ, it becomes further visible that processes such as ZZ∗ and Z+jets are likely to enter
the WZ CR. This can be explained by the requirements of 1 or 2 SFOS pairs and the cut
on the narrow window around the Z peak with an additional fake lepton from a jet or a
missing lepton that is not detected in case ofZZ∗. The transversemomentum distribution
of `0 in the tt̄ control region shows fluctuations yet an overall good agreement between
the distribution of data and MC. A full cut scheme is depicted in Figure 5.4. Additionally
the the Z-depleted signal region SR3 is shown for completeness.

Preselection

nSFOS ≥ 1 nSFOS = 0

nJet ≤ 1 nJet > 0

∣∣∣mSFOS
inv −m

Z
inv

∣∣∣ < 25 GeV

nb-Jet = 0 nb-Jet = 1

m``
inv > 12 GeV

EmissT > 50 GeV

WZ CR tt CR SR 3

∣∣∣mSFOS
inv −m

Z
inv

∣∣∣ ≥ 25 GeV

Figure 5.4: Cutflow scheme starting at the preselection level and summarizing the three dis-
tinct regions: the nominal signal region SR3, the WZ control region and the tt̄ control region.
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The upcoming sections 5.4 and 5.5 deal with the training and optimization of binary
neural networks. Since tt̄ and WZ are two most prominent backgrounds, a network is
trained to separate WH from tt̄ followed by the section on the network training to sepa-
rate WH from WZ. For both background processes Boosted Decision Trees serve as clas-
sifier baseline using the configurations from the previous WH analysis. In section 5.6
the knowledge on the backgrounds gained in the former sections 5.4 and 5.5 is combined
to construct, train and optimize a multiclass neural network capable of simultaneously
separating WH from the mentioned backgrounds.

5.4 ANNtt̄: WH against tt̄

In the Z-depleted signal region the most dominant background to the WH decay with
three charged leptons at the LHC is the gluon induced top quark pair decay into a W-b
pair where the W± bosons further decay leptonically and the b/b̄-quark form a parti-
cle jet from which one charged lepton can be reconstructed as third candidate lepton as
schematically depicted in Figure 5.5. Following the WH lepton enumeration, Figure 5.6
illustrates the truth origin distribution of the tt̄ MC sample. More than 99% of `0 origi-
nate from a top quark decay into aW boson (t→ W→ `ν) while in one third of all events
`1 or `2 are fake leptons from a heavy flavor hadron. In order to properly distinguish the
signal from this background it is essential to identify the fake lepton.

g

g

g

t

t
W−

W+

`+

`−

ν

ν

b

b

Jet
detected
fake
lepton

with b/b

Figure 5.5: Feynman diagram of the dominant tt̄ background process. The b-quarks can form
jets from which a lepton can be detected as lepton completing the trilepton criterion.

A study on the MC reconstructed kinematic variables is carried out using the MC truth
origin information. Comparing the transverse momentum distribution of prompt leptons
from the t → W → `ν decay chain with the equivalent distribution from leptons orig-
inating from a b-quark associated decay shows that the latter tends towards small pT
values of less than 30 GeV including almost 60% of all fake leptons. Thus the kinematic
variables of the leptons with minimal pT is one reasonable approach for the choice of
potential variables for the neural network.
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Since fake leptons are products of the b-jet decay and propagate within its particle envi-
ronment emerging from hadronization they tend to be less isolated. This translates into
broader energy cone and momentum cone distributions compared to equivalent distribu-
tions of prompt leptons. Therefore, isolation variables are expected to be a crucial part
of the set of variables fed to the neural network. Before using the isolation variables for
the training, a correction has to be applied that accounts for the overlap of cones of close
prompt leptons in the calculation of isolation variables. The effect that occurs especially
for high cone radii of e.g. ∆R = 0.4 can be seen in Figures 5.7 (a) and 5.7 (c). Here, the
calorimeter isolation variableEtopo

T, cone, 40 and the track isolation variable pT, varcone,40 of the
lepton with minimum transverse momentum `minpT is depicted. Following a steep nega-
tive slope, the number ofWH MCevents rises again above values of pT, varcone,40 > 15 GeV

and Etopo
T, cone, 40 > 25 GeV while the number of tt̄MC events steadily decreases. Since the

prompt leptons from the WH decay are well isolated, this behavior is not expected and
therefore needs to be removed.
The correction algorithm from the previous analysis is reused with a change in the case of
muons. While for electrons the reconstructed energy is subtracted to correct the energies
E

topo
T, cone, for muons a constant subtraction of 3 GeV is applied approximately following

Ref. [74]. Regarding the pT, varcone variables the transverse momentum that is measured
in the ID is subtracted from the nominal value.
The correction is applied to all three lepton candidates, results are shown in Figures 5.7
(b) and 5.7 (d) for `minpT . The previous rise of WH events towards higher energy and
momentum values is removed while the correction barely changes the tt̄ distributions.
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Figure 5.7: Left Column: Uncorrected isolation variables on the example of the large radius
cones. Right Column: Corrected isolation variables.

5.4.1 Training and Validation MC Data Sets

For the training and validation step different MC data sets are used. For training and
hyper parameter optimization WH and tt̄ events from SR12 are used to guarantee or-
thogonality between the events used in the training and the events worked with in the
following nominal analysis. The choice of SR12 is possible without any restrictions since
neither of the two process depends on the SFOS criteria as no Z boson is involved. A loose
isolation working point1 is chosen to enhance the size of the training sample. With these
criteria 1.001.300WH raw events and 110.987 tt̄ raw events passed the preselection into
SR12. During the training the events are reweighted to have an equal class balance in
order not to bias the network in favor of one class. After training and hyper parameter
optimization the network is validated on the nominalWH and tt̄ SR3 MC which are used
for the analysis.

1This isolation working point is called FCLoose and is defined Ref. [73].
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5.4.2 Variable Selection

To find themost powerful set of variables different combinations are systematically tested.
The optimal set is decided on the highest area under the ROC curve that gives a first es-
timate on the separation power of the network.
Additionally, the sets of variables are tested with the WH enumeration scheme as well
as with the lepton of minimum pT approach. While the right plot in Figure 5.6 shows a
good separation between signal and background it turns out that the missing informa-
tion from the two remaining leptons is essential for the network to perform optimally.
Thus the identified set of most powerful variables uses information from all three lep-
tons resulting in 44 input variables. This set can be represented in different kinematic
categories explaining their corresponding impacts.

Fake Lepton Identification Variables

The momentum based isolation variables pT, varcone,20, pT, varcone, TightTTVA_pt500,30,
pT, varcone, TightTTVA_pt1000,30 and pT, varcone,40 as well as the calorimeter energy based vari-
ables Etopo

T, cone, 20 and Etopo
T, cone, 40 are used for all three lepton candidates `0 (subplots in

Figure 5.8), `1 (subplots in Figure 5.9) and `2 (subplots in Figure 5.10). With increas-
ing cone size and lepton number the deviation of the distributions of WH and tt̄ become
more visible. This can be explained on one hand by the fact that the increase in cone
size in principle allows for more particles to participate in the cone variable calculation.
Therefore the distributions of tt̄ will be broader due to the possible jet environment. On
the other hand the deviation with respect to the lepton number can also be explained
with the left plot of Figure 5.6. In contrast to `0, the probability of `1 or `2 to be the less
isolated fake lepton is non-negligible.

Furthermore, the significance of the transverse impact parameter d0/σ (d0) and the lon-
gitudinal impact parameter z0 × sin θ are chosen. Their distributions are expected to
tend towards greater values in absolute for tt̄ due to the distinctive long life time of the
b-quark as depicted in the subplots of Figure 5.11 for the significance of the transverse
impact parameter and the longitudinal parameter.

While the `0 distributions do not show a significant deviation between WH and tt̄, the
training shows that these variables contribute to the improvement of the network’s per-
formance. Thus the network benefits from the different shapes with respect to the three
leptons or even from correlations. Additionally, the lepton pT distributions as illustrated
in Figure 5.12 are provided to the network to exploit the tendency of low pT values in the
case of fake leptons.
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Figure 5.8: Normalized isolation variables of `0.
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Figure 5.9: Normalized isolation variables of `1.

56



0.000 0.002 0.004 0.006 0.008 0.010
p 2

T, varcone 20 [GeV]

0.0

0.2

0.4

0.6

0.8
E

ve
nt

s/
0.

00
1 

G
eV

tt MC 2
WH MC 2

(a) p`2T, varcone, 20

0.000 0.002 0.004 0.006 0.008 0.010
p 2

T, varcone 30, TightTTVA_pt1000 [GeV]

0.0

0.2

0.4

0.6

0.8

E
ve

nt
s/

0.
00

1 
G

eV

tt MC 2
WH MC 2

(b) p`2T, varcone, TightTTVA_pt1000, 30

0.000 0.002 0.004 0.006 0.008 0.010
p 2

T, varcone 30, TightTTVA_pt500 [GeV]

0.0

0.2

0.4

0.6

0.8

E
ve

nt
s/

0.
00

1 
G

eV

tt MC 2
WH MC 2

(c) p`2T, varcone, TightTTVA_pt500, 30

0.000 0.002 0.004 0.006 0.008 0.010
p 2

T, varcone 40 [GeV]

0.0

0.2

0.4

0.6

0.8

E
ve

nt
s/

0.
00

1 
G

eV

tt MC 2
WH MC 2

(d) p`2T, varcone, 40

0.000 0.005 0.010 0.015
Etopo, 2

T, cone 20 [GeV]

0.0

0.1

0.2

0.3

0.4

E
ve

nt
s/

0.
00

1 
G

eV

tt MC 2
WH MC 2

(e) Etopo,`2
T, cone, 20

0.01 0.00 0.01 0.02
Etopo, 2

T, cone 40 [GeV]

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

E
ve

nt
s/

0.
00

2 
G

eV

tt MC 2
WH MC 2

(f) Etopo,`2
T, cone, 40

Figure 5.10: Normalized isolation variables of `2.
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Figure 5.11: Normalized transverse impact parameter significance distributions and normal-
ized longitudinal impact parameter distributions of all three lepton candidates.
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Figure 5.12: Normalized pT distributions of all three lepton candidates as well as the normal-
ized sum of pT distribution.
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Jet Related Variables

An important difference between WH and tt̄ is the presence of two b-jets due to the top
decays. Correspondingly sensitive variables are the number of (b-) jets and the trans-
verse momentum of the leading jet (pmaxT (jet)) which is the jet with maximum pT . In
the absence of jets this value is set to zero and explains the peak in the corresponding
WH distribution of Figure 5.13 (a) that also illustrates the jet pT threshold. The Figures
5.13 (b) and 5.13 (c) furthermore show the expected higher jet activity in the tt̄ process.
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Figure 5.13: Normalized pmaxT (jet), njet and nb−jet distributions from left to right.
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Spin Correlation and Lepton Systems Variables

The possible spin correlation between the leptons from the Higgs decay can be exploited
with help of variables like the angular distance ∆R, or the invariant mass. While the
leptons from tt̄ are not necessarily correlated, their angular distance and invariant mass
are expected to tend towards higher values for the `0-`1-system as depicted in Figure 5.14
(a) and Figure 5.15 (a). The transverse mass m`0,`1

T distributions as depicted in Figure
5.15 (d) show a separation as theWH distributions is supposed to peak close to the Higgs
mass.
Information on the `1-`2-system is provided by using the absolute difference of ∆η`1,`2

and the invariant/transverse mass of this lepton combination. For WH one lepton is
expected to originate from the H→ WW∗ decay and the other is expected from the asso-
ciated Wdecay while in the case of tt̄ the leptons are expected to originate from different
top quarks to conserve the total charge. Further systematic studies show that the net-
work can benefit from the complementary invariant/transverse mass information of the
`0-`2-system variables with expected contribution of a Higgs decay lepton.
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Figure 5.14: Normalized distribution of the angular separation in ∆R of `0 and `1.
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Figure 5.15: Normalized invariant mass distributions and normalized transverse mass distri-
butions for all three dilepton combinations.
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Additional Event Variables

Another difference betweenWH and tt̄ is the number of neutrinos of 3 and 2 respectively.
The neutrino energy and the angles between them introduce a topological difference that
can be observed in quantities like the missing transverse energy EmissT . Additionally,
its corresponding ϕEmissT direction in the transverse plane and the difference in ϕ with
respect to the three candidate leptons ∆ϕ`i,E

miss
T is used as input variables and is shown

in the subplots of Figure 5.16 and Figure 5.17. A summary of all input variables for
ANNtt̄ is given in Table 5.4.
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Figure 5.16: Normalized distributions of the difference in ϕ of EmissT and all three lepton can-
didates.
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Figure 5.17: Normalized distribution of the missing transverse energy and corresponding ϕ
direction.

ANNtt̄ input variables

d0/σ (d0)`0 d0/σ (d0)`1 d0/σ (d0)`2 EmissT

z0 × sin (θ)`0 z0 × sin (θ)`1 z0 × sin (θ)`2 ϕE
miss
T

p`0T p`1T p`2T

∣∣∣∑i p
`i
T

∣∣∣
pmaxT (jet) njet nb−jet ∆ϕ`0,E

miss
T

m`0,`1
inv m`0,`2

inv m`1,`2
inv ∆ϕ`1,E

miss
T

m`0,`1
T m`0,`2

T m`1,`2
T ∆ϕ`2,E

miss
T

p`0T, varcone, 20 p`0T, varcone, TightTTVA_pt1000, 30 p`0T, varcone, TightTTVA_pt500, 30 p`0T, varcone, 40

p`1T, varcone, 20 p`1T, varcone, TightTTVA_pt1000, 30 p`1T, varcone, TightTTVA_pt500, 30 p`1T, varcone, 40

p`2T, varcone, 20 p`2T, varcone, TightTTVA_pt1000, 30 p`2T, varcone, TightTTVA_pt500, 30 p`2T, varcone, 40

E
topo,`0
T, cone, 20 E

topo,`0
T, cone, 40 E

topo,`1
T, cone, 40 E

topo,`1
T, cone, 40

E
topo,`2
T, cone, 20 E

topo,`2
T, cone, 40 ∆R`0,`1 ∆η`1,`2

Table 5.4: Summary of input variables for ANNtt̄
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5.4.3 Hyperparameter Optimization

The considered hyperparameters that are optimized to find the best performing neural
network based on the highest area under the ROC curve are summarized in Table 5.5.
Simultaneously, a grid search is carried out to find the optimal network architecture.
In the final setup the ANN is trained on a batch size of 4096 samples over 80 epochs
with an early stopping after 10 epochs in case the area under the ROC curve has not
increased. The training is carried out in a 5-fold cross-validation with a training size of
80% of the full data set and a test size of 20% respectively. Adam [75] is used as stochastic
optimizationmethod. The learning rate is set to 0.001while the loss function is the binary
crossentropy from Equation 4.2. The swish activation function

swish(x) =
x

1 + e−x

performs best together with the dropout method applied for regularization purposes.

Hyperparameter Tested [within] Final Value

Batch Size [1024, 12.288] 4096

Epochs [30, 100] 80

k folds 5, 10 5

Training Sample Size 80% 80%

Testing Sample Size 20% 20%

Optimizer Adam Adam

Learning Rate [0.01, 0.0001] 0.001

Loss Binary Crossentropy Binary Crossentropy

Scaler Robust/MinMax/Standard RobustScaler

Activation ReLu/SeLu/Swish Swish

Regularisation AlphaDropout/Dropout Dropout

Table 5.5: Summary of hyperparameters that are tested and the set of final hyperparameters
used in the ANNtt̄ network configuration.

The data that is fed into the neural network is scaled using Scikit Learn’s [76] "RobustSca-
ler" in order to ensure a stable learning procedure. This scaler can be applied to remove
a distribution’s median and to scale it accordingly to the range between first quartile
and the third quartile which makes the procedure robust against outliers. The effect is
studied and is visualized in a boxplot format for a selected set of representative input
variables in Figure 5.18. The top subplot shows the unscaled input variables ranging
over multiple orders of magnitude from O(100) to O(103). The bottom plot shows the
scaled input variable ranges now being much more narrow within the absolute ofO(100)
to O(101).
The final ANN architecture consists of 44 input variables, three hidden layers of 64, 64
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and 32 neurons with corresponding dropout rates of 0.35, 0.35 and 0.3 respectively and
a single output neuron with a sigmoid activation function

sigmoid(x) =
1

1 + e−x

applied to it.
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Figure 5.18: Visualization of the effect of the scaler "RobustScaler" on the range of selected
input variables ∆R`0,`1 ,

∣∣∣∑i p
`i
T

∣∣∣,m`0,`1
inv ,m`0,`1

T , ETmiss. Top: Unscaled input variables ranging
over multiple orders of magnitude from O(100) to O(103). Bottom: Scaler applied, the median
is removed and the variable range is within the absolute of O(100) to O(101).
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A retrained BDT with the hyperparameter configuration from the previous WH analysis
is used as classifier baseline. Due to the lack of variables from a dedicated heavy-flavor
BDTHFL, the input variables of the latter are used in addition to the input variables of
the tt̄ discriminating classifier BDTtt̄. A summary of the hyperparameters and the input
variables is given in Table 5.6.

BDTtt̄ Configuration

NTrees 500

MinNodeSize 1%

maxDepth 5

BoostType AdaBoost

BDTtt̄ Input Variables

(pT , η, d0/σ(d0))`minpT

m`0`1
inv (OC)

m`1`2
inv (SC)

∆R`0`1

∆η`1`2

pmaxT (jet)

p
`minpT
T,varcone,20,30,40

E
topo,`minpT
T, cone, 20,40

Table 5.6: Left: Hyperparameter configuration of the BDTtt̄ used to define the classifier base-
line. Right: Corresponding input variables to the BDTtt̄ used in this analysis.
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5.4.4 Training Results

This chapter gives a summary of the training results from the best performing set of hy-
perparameters. The first figures of merit are the development of the loss, the area under
the ROC curve and the Poisson significance. The latter is calculated considering the most
significant bin of the ANN prediction on the test data ofWH and tt̄MC used in the train-
ing as a function of epoch as depicted in Figure 5.19. The mean and standard deviation
over all 5 folds is displayed. The loss curves in the first panel of Figure 5.19 indicate a sta-
ble training process. The network seems to have found a distinct local minimum between
epoch 20 and 30 indicated by a sudden loss drop. The mean loss curve corresponding to
the prediction on the test data set (green line) stays well below the mean loss curve of the
respective predictions on the train data set (blue line) which indicate a good generaliza-
tion behavior of the network. While the mean loss is decreasing, the mean area under the
mean ROC curve and the mean Poisson significance both show a steady increase which
can be interpreted as an increasing separation power as a function of epoch.
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Figure 5.19: Evolution of the loss for train (blue) and test (green) data fold in the first panel, the
area under the ROC curve in the middle panel and the Poisson significance in the bottom panel
for the test data.
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A second measure of the training’s goodness is the shape comparison between the ANN’s
prediction on the train data set (histograms) and the prediction on the test data set (dots)
over 2 exemplary folds for better readability as illustrated in the top plot in Figure 5.20,
where the signal in blue is supposed to peak at values close to 0 and the background in
red is supposed to peak at values towards 1. While the prediction ratio in the bottom
plot slightly fluctuates around a value of 1, there is no critical deviation within the MC
uncertainties. Especially the ratio of the most significant bin is in good agreement for
both WH and tt̄ over the folds and allows for the conclusion that the network gained the
ability to generalize. The same behavior is observed for folds 2, 4 and 5 as illustrated in
appendix B.1.

10 2

10 1

W
ei

gh
te

d 
E

ve
nt

s

Fold 1

WH Training + stat

tt Training + stat

WH Test + stat
tt Test + stat

10 2

10 1

Fold 3

WH Training + stat

tt Training + stat

WH Test + stat
tt Test + stat

0.0 0.2 0.4 0.6 0.8 1.0
ANN output: WH vs tt

0.75
1.00
1.25

Te
st

 / 
Tr

ai
n

0.0 0.2 0.4 0.6 0.8 1.0
ANN output: WH vs tt

1.0
1.5

Figure 5.20: The ANNtt̄’s prediction on train (dots) and test (histograms) data folds over 2
exemplary folds in the upper plots with the corresponding ratios in the bottom plots.

The third figure ofmerit in this evaluation on the network’s performance is the area under
the ROC curve. Figures 5.21, 5.22 and 5.23 illustrate the ROC curves for the predictions
on the train data set of 80% of the WH and tt̄ SR12 MC ("Training"), the predictions on
the test data set of the respective remaining 20% of the WH and tt̄ SR12 MC ("Testing")
and the ROC curves of the prediction on the nominal WH and tt̄ SR3 MC ("Validation")
respectively. The subplots are divided as followed:
The upper left plot shows the ANN ROC curve with background rejection measure 1/εb
against the signal efficiency for all 5 folds individually where εb is the background effi-
ciency. The upper right plot shows the mean ANN ROC curve with the same background
rejection measure and standard deviation in blue and the mean BDT ROC curve with
standard deviation in green. The bottom left plot shows the ANN ROC curve with back-
ground rejection measure 1 − εb against the signal efficiency again for all 5 folds in-
dividually while the bottom right plot shows the mean ANN ROC curve with the same
background rejection measure and standard deviation in blue and the mean BDT ROC
curve with standard deviation in green.
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For the prediction on the train data set the following conclusions can be drawn from
the four plots: The neural network beats the retrained BDT in terms of their signal-
to-background separation power with a mean area under the ROC curve of 0.99 to 0.96.
Furthermore, the ANN has an over all much stronger background rejection than the BDT
as suggested by the upper row plots. Finally, for both ANN and BDT the performance
between the 5 folds is in very good agreement.

Equivalent conclusions can be drawn for the test data set and the validation data set.
Additionally, the ANN also shows comparable performance throughout train, test and
validation step as summarized with the highest areas under the ROC for both classifiers
in Table 5.7.

Training Testing Validation

BDTtt̄ 0.96 0.96 0.96

ANNtt̄ 0.99 0.99 0.99

Table 5.7: Areas of the best ROC curves in separating WH from tt̄ of BDTtt̄ and ANNtt̄.
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Figure 5.21: Plots based on the prediction on the train data folds for Top Row: ANN’s ROC
curve with background rejection 1/εb for the individual folds (left) and the mean ROC curve of
ANN (blue) and BDT (green) with background rejection 1/εb and standard deviation. Bottom
Row: ANN’s ROC curve with background rejection 1 − εb for the individual folds (left) and the
mean ROC curve of ANN (blue) and BDT (green) with background rejection 1− εb and standard
deviation.
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Figure 5.22: Plots based on the prediction on the test data folds for Top Row: ANN’s ROC
curve with background rejection 1/εb for the individual folds (left) and the mean ROC curve of
ANN (blue) and BDT (green) with background rejection 1/εb and standard deviation. Bottom
Row: ANN’s ROC curve with background rejection 1 − εb for the individual folds (left) and the
mean ROC curve of ANN (blue) and BDT (green) with background rejection 1− εb and standard
deviation.
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Figure 5.23: Plots based on the prediction on the validation data for Top Row: ANN’s ROC
curve with background rejection 1/εb for the individual folds (left) and the mean ROC curve of
ANN (blue) and BDT (green) with background rejection 1/εb and standard deviation. Bottom
Row: ANN’s ROC curve with background rejection 1 − εb for the individual folds (left) and the
mean ROC curve of ANN (blue) and BDT (green) with background rejection 1− εb and standard
deviation.
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A simple signal region can be defined from the ANNtt̄ output by scanning along the out-
put node to find the most significant bin with respect to the Poisson significance. This
technique only serves for preliminary purposes to receive a first estimate of the network’s
power in separating WH from the dominant tt̄ background. The most sensitive region is
found for events with output node values below 0.006.
Hereby a Poisson significance of 5.14 is gained only considering tt̄ as background and a
Poisson significance of 0.94 is gained under consideration of all backgrounds with a total
of 9.62± 0.04 remainingWH MC events and 1.14± 0.21 remaining tt̄MC events. Thus,
only taking into account a classifier for the tt̄ background, the overall significance can
be increased by almost 30% from 0.68 to 0.94 as summarized in Table 5.8. Additionally,
the impact of requiring 0 b-jets is tested after the cut on the neural network output. The
effect turns out to be not significant with respect to the number of tt̄MC events and even
worsens the Poisson significance within it’s statistical uncertainty due to a decrease in
WH MC events. The absent improvement can be explained by the fact the number of
b-jets is an input variable to the network. Thus, it learns the b-veto during the training.
Finally, a systematic study of (input) variables has been carried out in order to search
for any tt̄ event excess not being caught by the network in order to further enhance the
significance. This approach did not yield in a significant improvement.

√
s = 13 TeV
L = 139 fb−1

(Full Run 2) WH tt̄ Total Bkg. Sig. (tt̄) Sig. (Total Bkg.)

SR3: 0 SFOS 17.01± 0.06 279.17± 3.30 529.05± 9.88 0.99± 0.01 0.68± 0.01

ANNtt̄ < 0.006 9.62± 0.04 1.14± 0.21 29.37± 7.75 5.14± 0.15 0.94± 0.02

b-Veto 9.58± 0.04 1.13± 0.21 29.23± 7.75 5.14± 0.17 0.93± 0.02

Table 5.8: Event yields with statistical uncertainty of the given processes at cut stage SR3: 0
SFOS, a cut on the ANNtt̄ applied and successive b-veto.
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5.4.5 ANNtt̄ in the Control Regions

The tt̄ control region is consulted to compare the shape of the input variables in MC to
data. In case of severe mis-modelling, the input variables can introduce high systematic
uncertainties and the consideration of entirely removing this variable from the training
can often be seen as trade-off decision between gain in performance to decrease in uncer-
tainty. Figure 5.24 depicts the transverse impact parameter significance d0/σ(d0) of `2
in theWZ and tt̄ control region as one of the important variables in the fake lepton identi-
fication together with the isolation variables. Data andMC show a reasonable agreement
within their statistical uncertainty especially in the signal enriched bins. However, there
is a certain fluctuation in the data to MC ratio of the tt̄ control region that is also visible
in the tt̄ control region plots of Figures 5.25 and 5.26 showing Etopo

T, cone, 20, 40 of `1 and `0
respectively. In case of the WZ control region data and MC are in goof agreement. The
fluctuations in the tt̄ case can be explained by the low yields in the control region as well
as the presence of Z+jets MC events which are observed to introduce large statistical
uncertainties in both cases WZ and tt̄ respectively.

An alternative data-driven event yield estimation for fake lepton production channels
like Z+jets is developed during the time of writing of this thesis which could also replace
the purely MC based tt̄ control region in case of higher event yields and less statistical
uncertainty. More detailed information on this method can be found e.g. in Ref. [77]. All
remaining input variables in theWZ and tt̄ control regions show a similar modelling and
are illustrated in appendix B.3 and B.4.
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Figure 5.24: Transverse impact parameter significance of `2 considering the full background
contribution in the WZ control region (left) and the tt̄ control region (right) for data and MC with
statistical uncertainties.
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Figure 5.25: Etopo
T, cone, 20 of `1 considering the full background contribution in the WZ control

region (left) and the tt̄ control region (right) for data and MC with statistical uncertainty.

2−10

1−10

1

10

210

310

410

510

610

710

810

E
ve

nt
s 

/ 0
.0

01
3

 Data  SM (stat)

 ZH  other Higgs

 WW *γ WZ/W

 ZZ  VVV

-fakee Z+ -fake MCµ Z+

*γ Z γ W

tt  Single Top

Vtt  WH

-1 Ldt = 139 fb∫ = 13 TeV, s

ν 3l 3→) 
*

 W(WW→WH 

0.004− 0.002− 0 0.002 0.004 0.006 0.008

0
topo,l

T,cone,40E

0.50.60.70.80.91
1.11.21.31.41.5

D
at

a 
/ S

M
 

2−10

1−10

1

10

210

310

410

510

610

E
ve

nt
s 

/ 0
.0

01
3

 Data  SM (stat)

 ZH  other Higgs

 WW *γ WZ/W

 ZZ  VVV

-fakee Z+ -fake MCµ Z+

*γ Z γ W

tt  Single Top

Vtt  WH

-1 Ldt = 139 fb∫ = 13 TeV, s

ν 3l 3→) 
*

 W(WW→WH 

0.004− 0.002− 0 0.002 0.004 0.006 0.008

0
topo,l

T,cone,40E

0.50.60.70.80.91
1.11.21.31.41.5

D
at

a 
/ S

M
 

Figure 5.26: Etopo
T, cone, 40 of `0 considering the full background contribution in the WZ control

region (left) and the tt̄ control region (right) for data and MC with statistical uncertainty.
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Figure 5.27 shows the ANN output distribution in the two control regions. While for the
tt̄ control region a certain excess of MC events is visible in the most significant output
bin, it is still within statistical uncertainty of MC and data. A possible explanation could
again be the presence of Z+µ-fake events in the region of interest. TheWZ control region
seems to confirm the argument of statistical limitation in the tt̄ case. The data to MC
ratio tends to fluctuate much less. While the most significant bin also shows a slight
excess of MC events, the ratio is much closer to the expected value of 1 and therefore in
good agreement with the expectations.
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Figure 5.27: ANNtt̄ output considering the full background contribution in the tt̄ control region
(left) and the WZ control region (right) for data and MC with statistical uncertainty.
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5.5 ANNWZ: WH against WZ

The WZ decay into three charged leptons constitutes the second most dominant back-
ground after tt̄ in the Z-depleted signal region. As depicted in Figure 5.28, it either
contributes via a leptonic decay of the W with a decay of the Z into τ+τ− which further
decay into leptons of different flavor or via a leptonic decay of the W together with the
Z decaying into an e+e− pair. While the latter process should not enter SR3 due to the
requirement of 0 SFOS lepton pairs, it can in fact pass the cut in case one of the electrons
is assigned the wrong charge due to a mismeasurement of the track in the magnetic field.
Furthermore, one of these high energetic electrons can radiate a hard bremsstrahlung
photon that can convert into an e+e− pair. If the electron of opposite charge is recon-
structed as a candidate lepton due to the induced track ambiguity because of additional
hits in the detector, this can lead to a charge misidentification which is referred to as
charge flip. A charge flip can in principle happen to electrons from Z → ττ as well, but
since they split their energy with four neutrinos, the Z → ee process contributes the
dominant part of charge flip in the relevant energy range. More details regarding this
effect can be found in e.g. Ref. [78].

q/q

q/q

W±

Z

`±

(−)
ν ` `+

ν`

ν`

`−

τ+

τ−

W+

W−

ντ

ντ

q/q

q/q

W±

Z

`±

(−)
ν `

e+

e−
+ charge flip

Figure 5.28: Feynman diagrams of WZ production in pp collisions. Left: Decay of the Z boson
into a pair of τ leptons decaying into W boson that themselves decay into leptons. Right: Decay
of the Z boson into an electron-positron pair. The latter decay passes the 0 SFOS requirement
and enters SR3 when one electron or positron undergoes a charge flip.

The left plot in Figure 5.29 depicts the invariant mass distribution of same sign electrons
me±e±
inv in SR3. As discussed, Z→ e+e− events where an electron undergoes a charge flip

can pass the requirements. Hence the distribution shows a maximum at the rest mass
of the Z boson. Additionally, events with e.g. W+ → e+ν and Z→ τ+τ− → e+µ− 4ν2

(or charge conjugated) may contribute to the invariant mass distribution of same-sign
electrons.

2Neglecting a detailed neutrino description for better readability.
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The right plot in Figure 5.29 indicates the number of MC events where the product of the
sum of reconstructed charges and the sum of truth charges is positive, referred to as q ID
(in green), and the number of MC events where the product of the sum of reconstructed
charges and the sum of truth charges is negative, referred to as q MID (in red).

q ID ≡
(

2∑
i=0

q`ireco

)
×
(

2∑
i=0

q`itruth

)
> 0, (5.1)

q MID ≡
(

2∑
i=0

q`ireco

)
×
(

2∑
i=0

q`itruth

)
< 0. (5.2)

For events where the product is positive the charge identification is considered to be suc-
cessful, neglecting double charge flip events, while events with a negative product are
assumed to include a lepton with misidentified charge. The ratio of q ID to q MID in SR3
is 38.14 : 29.05 = 1.32 and can, together withme±e±

inv , be used as a good figure of merit in
the conclusion of what the network has learned.
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Figure 5.29: Left: Invariant mass distribution of same sign same sign electron pairs me±e±

inv

around the rest mass of Z in the WZ SR3 MC. Right: Number of events where product of the
sum of reconstructed charges and the sum of truth charges is positive, referred to as q ID (green)
and the number of events where the product of the sum of reconstructed charges and the sum of
truth charges is negative, referred to as q MID

5.5.1 Training and Validation MC Data Sets

Like in the previous chapter the WH SR12 sample is used for training and hyperparam-
eter optimization. Since lepton flavor related variables in the WZ process are sensitive
to the zero and non-zero SFOS signal regions, a dedicated training sample is produced
in order to have sufficient number of events for a WZ SR3 training sample. Even though
only well isolated leptons are expected in both processes, the same loose isolation criteria
as in chapter 5.4.1 are applied in order to enhance the size of the training samples as
much as possible. This yields again in 1.001.300 WH SR12 raw events and furthermore
78.330 WZ SR3 raw events. Again, the events are reweighted to have an equal class bal-
ance in order not to bias the network in favor of one class. As in the case of tt̄ the network
is finally validated on the nominal WH and WZ SR3 MC which are used for the analysis.

Additionally, a dedicated study with fast simulation WH and WZ SR3 MC samples both
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including more than a million raw events is carried out. The samples include variables
based on smeared particle four-vectors instead of variables derived from the full ATLAS
detector reconstruction. Despite much larger training samples, the approach is restricted
to the kinematic variables and therefore the network’s performance is observed to be
worse than by using the variables described in subsection 5.5.2.

5.5.2 Variable Selection

W(Z→ τ+τ−) Identification Variables

In the WZ process with the Z decaying into a τ lepton pair the final state includes 4
neutrinos from two τ decays and one neutrino from W → `ν. The number of degrees of
freedom due to the non-detectable neutrinos can be reduced from 5× 4 = 20 down to 7 by
neglecting the neutrino rest mass due to Eν ≈ |~pν | and assuming collinearity between
the decay products of τ leptons originating from the Z decay. When further combining
the momentum vectors of the neutrinos from the same τ decay, the number of degrees of
freedom reduces down to 5. With only four constraints however (mW,mZ and momentum
conservation in the transverse plane), the system is underdetermined.

Therefore a previous analysis [79] developed a numerical routine that fixes one of the five
unknowns by scanning along the range of possible values of the latter, trying to calcu-
late the remaining four unknowns with this choice. If all unknowns are calculated and
the values are physically reasonable, the result is considered a successful reconstruction.
Since in the procedure not all results have a physical solution for kinematic reasons, the
fraction of successful reconstructions of the Z→ ττ decay, termed Fα1 , is calculated and
used as input instead of trying to find an approximation for the direct reconstruction of
the Z boson rest mass. Due to the absence of a Z boson in the WH process, the distribu-
tion of the latter tends towards lower values as illustrated in the according normalized
distributions forWH in blue andWZ in red in the left plot of Figure 5.30. WhileWH even
peaks at a value of Fα1 = 0.5, both distributions drop beyond this value. It corresponds
to a corner case where only one out of two possible solutions is calculable as input for
subsequent calculations within the routine.

In addition, the distribution of the transverse impact parameter significance is expected
to differ in WZ from the corresponding distribution in WH. It can be explained by the
fact that leptons from the Z→ ττ decay tend to show a greater distance to the primary
vertex due to the distinct lifetime of the τ lepton which translates into larger parameter
values. The right plot in Figure 5.30 and the plots in Figure 5.31 depict the normalized
d0/σ(d0) distributions of all three lepton candidates and reflect this behavior.
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Figure 5.30: Left: Normalized distribution of Fα1 . Right: Normalized distribution of the
transverse impact parameter significance of `0
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Figure 5.31: Left: Normalized distribution of the transverse impact parameter significance of
`1. Right: Normalized distribution of the transverse impact parameter significance of `2

W(Z→ e+e− + Charge Flip) Identification Variables

The process W(Z→ e+e−) can enter SR3 in case of a misidentified electron that origi-
nates from a bremstrahlung-induced photon conversion. This way a high pT electron from
the Z decay can be misidentified as a result of the ambiguity of multiple electron tracks in
the reconstruction step caused by the cascade e−hard → e−soft +γhard → e−soft +e−soft +e+

hard.
Bremsstrahlung can affect the track reconstruction leading to a mismeasured pT as well
as it can have an impact on the calorimeter-based measurement due to leakage of en-
ergy outside of the reconstructed calorimeter cluster. A way of identifying electrons that
were produced in photon conversion is by considering the ratio of the calorimeter energy
over the track momentum E/p. Ideally, the ratio would be 1 since the energy momen-
tum relation for high relativistic particles simplifies to E ≈ p. However, energy losses
of the electron translate into a higher track curvature from which a lower momentum is
calculated in the reconstruction. Thus, charge flip electrons tend to have E/p > 1.
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Figure 5.32: Normalized distribution of the greatest deviation ofE`i/p`i compared between all
three candidate leptons.

A variable is constructed that measures the greatest deviation of all three E`i/p`i from
1, max

(
abs

(
1− E`i/p`i

))
, per event. Here E`i is the reconstructed calorimeter-based

energy and p`i is the track-basedmomentum of lepton candidate `i. Sincemuons aremin-
imum ionizing particles and the ANN is supposed to focus on electrons originating from
photon conversion, the muons’ E/p can be set to 1 as a good approximation. In Figure
5.32 the resulting normalized distributions are shown. It should be noted that the algo-
rithm picks the greatest deviation in absolute, but the sign is kept in the input variable
which is why negative values are visible. As expected the WZ distribution in red shows
more deviation from 1 than the correspondingWH distribution does. Additionally, differ-
ent combinations such as min

(
1− E`i/p`i

)
and max

(
1− E`i/p`i

)
are tested as input

variables. These do not improve the performance as much as max
(
abs

(
1− E`i/p`i

))
and are therefore not considered as input variables.
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Spin Correlation and Lepton Systems Variables

As explained in the chapter on tt̄, the spin correlation in the Higgs decay forces the invari-
ant mass distributions of m`0,`1

inv towards smaller values compared to the corresponding
background distributions as illustrated in Figure 5.33 (a). Further the normalized in-
variant mass distribution of the same sign lepton candidates m`1,`2

inv in Figure 5.33 (c)
shows a distinct resonance around the Z rest mass in the background distribution and
can therefore be also considered an important variable in the charge flip detection. Sys-
tematic studies show that the invariant mass distributionsm`0,`2

inv andm`0,`1,`2
inv (Figures

5.33 (b,d)) improve the performance by adding complementary information on the `0-`2
system.

0 50 100 150 200
m 0, 1

inv  [GeV]

0.00

0.01

0.02

0.03

0.04

E
ve

nt
s/

2.
00

0 
G

eV

WZ MC
WH MC

(a) m`0,`1
inv

0 100 200 300 400
m 0, 2

inv  [GeV]

0.00

0.01

0.02

0.03

0.04

0.05

E
ve

nt
s/

4.
00

0 
G

eV

WZ MC
WH MC

(b) m`0,`2
inv

0 100 200 300 400
m 1, 2

inv  [GeV]

0.00

0.01

0.02

0.03

0.04

0.05

E
ve

nt
s/

4.
00

0 
G

eV

WZ MC
WH MC

(c) m`1,`2
inv

0 100 200 300 400 500 600
m 0, 1, 2

inv  [GeV]

0.00

0.02

0.04

0.06

0.08

E
ve

nt
s/

12
.0

00
 G

eV

WZ MC
WH MC

(d) m`0,`1,`2
inv

Figure 5.33: Normalized invariant mass distributions of all possible lepton candidate combi-
nations.
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The impact on the performance of the transverse mass distributions is studied with the
result thatm`0,`1

T is most powerful in terms of increasing the area under the ROC curve
and the Poisson significance respectively. Figure 5.34 illustrates that the transversemass
of the `0-`1 system shows a tendency to peak around the Z rest mass for the background
distribution and to peak towards the Higgs rest mass for the signal distribution.
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Figure 5.34: Normalized transverse mass distributions of the `0-`1 system.

Angular distributions are tested with the conclusion that the network can again benefit
from the spin correlations between `0 and `1 as well as from the difference in the same
sign lepton system due to the fact `1 likely stems from the Higgs decay while `2 is more
probable originating from the associated W decay. Therefore ∆R`0,`1 and ∆η`0,`1 tend
towards smaller values in the case of WH compared to WZ as can be observed in the
normalized distributions in Figures 5.35 (a) and 5.35 (d). In Figures 5.35 (c) and 5.35 (f),
depicting the `1-`2 system, the normalized distributions differ due to the fact that these
leptons are likely to originate from a massive spin 0 (H) and a massive spin 1 particle
(W) for WH in contrast to WZ where the leptons are decay products of to massive spin
1 particles. In a similar way but for oppositely charged leptons however, the network
gains performance when taking into account ∆R`0,`2 and ∆η`0,`2 that are illustrated in
Figures 5.35 (b) and 5.35 (e).
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Figure 5.35: Normalized distributions of the angular distance ∆R for all lepton candidate com-
binations and normalized distributions of the difference in η for all lepton candidate combinations
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Additional Variables

Additional input variables that are used in the training are the lepton candidate’s pT as
well as their sum where the difference in the distributions due to the additional neutri-
nos from the Z → ττ decay becomes most visible (compare Figure 5.36). The excess of
neutrinos in theW(Z→ ττ ) process further affectsEmissT related variables. The missing
transverse energy EmissT , its ϕEmissT -direction in the transverse plane and the difference
between the latter and ϕ`i of the reconstructed candidate leptons are shown in Figure
5.37. With the total number of jets, njet, another event topological variable is used. A
summary of all input variables to ANNWZ is given in Table 5.9.
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Figure 5.36: Normalized pT distributions of all three lepton candidates as well as the normal-
ized sum of pT distribution.
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Figure 5.37: Normalized distributions of EmissT and corresponding direction in the transverse
plane ϕEmiss

T . Normalized distributions of the difference in ϕ of EmissT and all lepton candidates
and njet.
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ANNWZ input variables

Fα1 d0/σ(d0)`0 d0/σ(d0)`1 d0/σ(d0)`2

max
(∣∣1− E`i/p`i∣∣) m`0,`1

T EmissT ϕE
miss
T

m`0,`1
inv m`0,`2

inv m`1,`2
inv m`0,`1,`2

inv

∆R`0,`1 ∆R`0,`2 ∆R`1,`2 njet

p`0T p`1T p`2T

∣∣∣∑i p
`i
T

∣∣∣
∆η`0,`1 ∆η`0,`2 ∆η`1,`2

∆ϕ`0,E
miss
T ∆ϕ`1,E

miss
T ∆ϕ`2,E

miss
T

Table 5.9: Summary of input variables for ANNWZ

5.5.3 Hyperparameter Optimization

Analogously to subsection 5.4.3 a hyperparameter optimization procedure is carried out
simultaneously with a network architecture grid search. In the final setup the ANN is
trained on a batch size of 4096 samples over 40 epochs with an early stopping after 10
epochs in case the area under the ROC curve has not increased. Training is done in a
5-fold cross-validation with 80% training data size and 20% test data size respectively.
Again, Adam is used as optimization algorithm with a learning rate of 0.001 and bi-
nary crossentropy loss and swish activation function with dropout applied. Furthermore
the network again performed best with the input variables scaled by the "RobustScaler".
The most crucial part is the network architecture. Here, a slightly larger configuration
compared to the tt̄ case of three layers with 80, 64 and 16 neurons with corresponding
dropout rates of 0.33, 0.30 and 0.26 is found to perform best. All hyperparameters are
summarized in Table 5.10.
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Hyperparameter Tested [within] Final Value

Batch Size [1024, 12.288] 4096

Epochs [30, 100] 40

k-Folds 5, 10 5

Training Sample Size 80% 80%

Testing Sample Size 20% 20%

Optimizer Adam Adam

Learning Rate [0.01, 0.0001] 0.001

Loss Binary Crossentropy Binary Crossentropy

Scaler Robust/MinMax/Standard RobustScaler

Activation ReLu/SeLu/Swish Swish

Regularisation AlphaDropout/Dropout Dropout

Table 5.10: Summary of hyperparameters that are tested and the set of final hyperparameters
used in the ANNWZ network configuration.

The hyperparameters and input variables of the retrained BDTWZ are summarized in
Table 5.11 where d0/σ(d0)`midpT and d0/σ(d0)`minpT are the transverse impact param-
eters of the candidate lepton with lowest pT and the candidate lepton of opposite charge
to the latter with medium pT .

BDTWZ Configuration

NTrees 500

MinNodeSize 4%

maxDepth 3

BoostType AdaBoost

Shrinkage 0.5

nCuts 20

BDTWZ Input Variables

p`0T ,p`1T ,p`2T
EmissT

m`0`1
inv

me±e±
inv

m`0`1
T

d0/σ(d0)`midpT

d0/σ(d0)`minpT

Table 5.11: Left: Hyperparameter configuration of the BDTWZ used to define the classifier
baseline. Right: Corresponding input variables to the BDTWZ used in this analysis.
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5.5.4 Training Results

Similar to the training results in the section on tt̄, in this section a summary is given of
the training results with help of the introduced figures of merit from chapter 5.4.4. In
Figure 5.38 the mean loss is drawn together with the mean area under the ROC curve
and the mean Poisson significance determined by a scan on the output distributions for
a cut to maximize it, each as a function of epoch taking all 5 folds into account. The loss
curve corresponding to the predictions on the test data (first panel green line) stay well
below the respective curve corresponding the the loss of the predictions on the train data
(blue line) which allows for the conclusion that no complex co-adaption is visible from the
loss development while smoothly approaching a local minimum. Mean area and the ROC
curve and Poisson significance of the prediction on the test data are well increasing with
increasing epoch with no peculiarities in their development.
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Figure 5.38: Evolution of the loss for train (blue) and test (green) data fold in the first panel,
the area under the ROC curve in the middle panel and the Poisson significance in the bottom
panel for the test data.
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Second, the shape comparison between the predictions on the train data set (histograms)
and the test data set (dots) for signal (blue) peaking towards 0 and background (red)
peaking towards 1 in Figure 5.39 does not show any severe discrepancies throughout the
visible folds 1 and 3. The same behavior can be observed for the remaining folds 2, 4 and
5 in appendix B.2

Due to the low number of samples in theWZ training data set, the ratio slightly fluctuates
but especially in the most significant bin not more than ±1σ around the nominal value
which is in good agreement with the hypothesis that the network learned to generalize
in this scope.
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Figure 5.39: The ANNWZ’s prediction on train (dots) and test (lines) data folds over the exem-
plary folds 1 and 3 in the upper plots with the corresponding ratios in the bottom plots.

Finally, the area under the ROC curve is compared for train data (Figure 5.40), test data
(Figure 5.41) and validation data (Figure 5.42). In all three steps a very good agree-
ment in performance is observed over the 5 folds. Further, the neural network beats the
retrained BDTWZ on average with 0.91/0.91/0.91 to 0.88/0.87/0.88 in case of predictions
on train/test/validation data which also indicates a stable ANN performance throughout
known and unknown used samples. The highest area under the ROC curve are summa-
rized and compared to the retrained BDTWZ in Table 5.12.

Training Testing Validation

BDTWZ 0.88 0.87 0.88

ANNWZ 0.91 0.91 0.91

Table 5.12: Best ROC curves in separating WH from WZ of BDTWZ and ANNWZ.
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Figure 5.40: Plots based on the prediction on the train data folds for Top Row: ANN’s ROC
curve with background rejection 1/εb for the individual folds (left) and the mean ROC curve of
ANN (blue) and BDT (green) with background rejection 1/εb and standard deviation. Bottom
Row: ANN’s ROC curve with background rejection 1 − εb for the individual folds (left) and the
mean ROC curve of ANN (blue) and BDT (green) with background rejection 1− εb and standard
deviation.
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Figure 5.41: Plots based on the prediction on the test data folds for Top Row: ANN’s ROC
curve with background rejection 1/εb for the individual folds (left) and the mean ROC curve of
ANN (blue) and BDT (green) with background rejection 1/εb and standard deviation. Bottom
Row: ANN’s ROC curve with background rejection 1 − εb for the individual folds (left) and the
mean ROC curve of ANN (blue) and BDT (green) with background rejection 1− εb and standard
deviation.
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Figure 5.42: Plots based on the prediction on the validation data for Top Row: ANN’s ROC
curve with background rejection 1/εb for the individual folds (left) and the mean ROC curve of
ANN (blue) and BDT (green) with background rejection 1/εb and standard deviation. Bottom
Row: ANN’s ROC curve with background rejection 1 − εb for the individual folds (left) and the
mean ROC curve of ANN (blue) and BDT (green) with background rejection 1− εb and standard
deviation.
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Scanning along the ANNWZ output node to find the most significant bin yields a cut at
ANNWZ < 0.145. The corresponding yields are summarized in Table 5.13. With 8.65
± 0.04 remaining WH MC events and 1.95 ± 0.28 WZ MC events in SR3 this equals
to a significance of 4.15 only considering these two processes. In the scope of the full
background contribution that totals 37.59± 1.15 the cut on the network output improves
the Poisson significance from 0.68 to 1.34 which is almost a factor of 2. Additionally
requiring a b-veto to suppress tt̄ induced backgrounds the total background efficiently
reduces to 13.24 ± 0.71 which corresponds to a significance of 2.05 for full Run 2 MC in
the most significant bin which is an improvement by more than factor 3 with respect to
the 0 SFOS cut level.

√
s = 13 TeV
L = 139 fb−1

(Full Run 2) WH WZ Total Bkg. Sig. (WZ) Sig. (Total Bkg.)

SR3: 0 SFOS 17.01± 0.06 69.70± 1.76 529.05± 9.88 1.92± 0.02 0.68± 0.01

ANNWZ < 0.145 8.65± 0.04 1.95± 0.28 37.59± 1.15 4.15± 0.14 1.34± 0.02

b-Veto 8.33± 0.04 1.90± 0.28 13.24± 0.71 4.05± 0.14 2.05± 0.04

Table 5.13: Event yields with statistical uncertainty of the given processes at cut stage SR3: 0
SFOS, a cut on the ANNWZ applied and subsequent b-veto. Last column summarizes the Poisson
significance at each cut level.

5.5.5 ANNWZ in the Control Regions

Similar to the previous chapter, distributions of the input variables in both control re-
gions are investigated. As one of the most important variables, Figure 5.43 depicts the
invariant mass distribution of the `0-`1 system m`0,`1

inv in the tt̄ control region (left) and
WZ control region (right). The distributions show good agreement in both regions espe-
cially in bins with high fractions of signal contribution. Again, the statistical limitations
in the tt̄ control region become visible leading to higher statistical uncertainties and
slight fluctuations. Going towards higher values of them`0,`1

inv , the distribution decreases
in the number of events and statistical precision.
Figure 5.44 shows the important E/p related variable that is employed to gain informa-
tion on WZ events with charge flip. A similar conclusion on the shapes can be drawn
here, the Z+jets contribution further introduces higher MC uncertainties. The data to
MC ratio in the most significant bins is in good agreement with 1. All remaining input
variables in the WZ and tt̄ control regions show a similar modelling and are illustrated
in appendix B.3 and B.4.
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Figure 5.43: Invariant mass distributionm`0,`1
inv in the tt̄ control region (left) and the WZ con-

trol region (right) under consideration of the full background contribution for data and MC with
statistical uncertainties.
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Figure 5.44: Greatest deviation ofE`i/p`i from 1 in the tt̄ control region (left) and theWZ con-
trol region (right) under consideration of the full background contribution for data and MC with
statistical uncertainties.
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Regarding the ANNWZ output distributions for the two control regions given in Figure
5.45 the data to MC ratio tends to fluctuate again for the tt̄ CR within the statistical
uncertainties. For the WZ CR a slight excess of MC events is visible in the most sig-
nificant signal region bin while a slight excess of data is visible at the other end of the
distribution. Both might again be explained by the Z+jets MC modelling which is under
investigation at the time of writing in order to be replaced by a data-driven approach that
could account for this.
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Figure 5.45: ANNWZ output considering the full background contribution in the tt̄ control re-
gion (left) and the WZ control region (right) for data and MC with statistical uncertainties.

5.6 Towards a Multiclassifier

The previous sections demonstrated that the trained and optimized neural networks can
outperform the retrained BDTs in terms of the area under the ROC curve. This section
deals with the development of a multiclassifier employed to suppress the most dominant
backgrounds tt̄ and WZ simultaneously. Its performance is compared with the results
obtained from the combination of BDTtt̄ and BDTWZ that have been used in the pre-
vious iteration of the analysis. As additional baseline serve the developed binary neu-
ral networks ANNtt̄ and ANNWZ which are combined to a multiclassifier as well (from
hereon denoted as unified binary ANN). As illustrated in appendix B.3, the unification
is achieved by replacing the output layer of the binary ANNs with a single concatenation
layer that is followed by an output layer with three outputs to account for the multiclass
case. The weights are loaded from ANNWZ and ANNtt̄ and only the new last layer is set
to be trainable. The same loss function and activation function for the output are used
as in the case of the multiclassifier which is discussed next (compare section 5.6.3).
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5.6.1 Training and Validation MC Data Sets

The multiclassifier is trained on MC data sets of all three processes WH, WZ and tt̄ at
once. The same training samples are used as in the previous chapters including 1.001.300
WH SR12MC events, 78.330WZ SR3MC events and 110.987 tt̄ SR12MC events. During
training the weights of the three classes are scaled to achieve an equal class balance.

5.6.2 Variable Selection

The simplest approach is to use the set of all variables that are used as inputs for the
binary networks ANNWZ and ANNtt̄. Systematically dropping variables from the train-
ing routine during the hyperparameter optimization further shows that the longitudinal
impact parameter z0 × sin θ does not improve the performance anymore and is there-
fore removed from the training. The observation that the multiclassifier needs less in-
puts than both binary classifiers in total can be explained by the fact that a multiclass
representation can exploit inter-correlations from the different classes within the same
network. All input variables for the multiclassifier are summarized in Table 5.14.

Multiclassifier input variables

d0/σ (d0)`0 d0/σ (d0)`1 d0/σ (d0)`2 EmissT

∆R`0,`1 ∆R`0,`2 ∆R`1,`2 ϕ
(
EmissT

)
∆η`0,`1 ∆η`0,`2 ∆η`1,`2 m`0,`1,`2

inv

p`0T p`1T p`2T

∣∣∣∑i p
`i
T

∣∣∣
pmaxT (jet) njet nb−jet ∆ϕ`0,E

miss
T

m`0,`1
inv m`0,`2

inv m`1,`2
inv ∆ϕ`1,E

miss
T

m`0,`1
T m`0,`2

T m`1,`2
T ∆ϕ`2,E

miss
T

p`0T, varcone, 20 p`0T, varcone, TightTTVA_pt1000, 30 p`0T, varcone, TightTTVA_pt500, 30 p`0T, varcone, 40

p`1T, varcone, 20 p`1T, varcone, TightTTVA_pt1000, 30 p`1T, varcone, TightTTVA_pt500, 30 p`1T, varcone, 40

p`2T, varcone, 20 p`2T, varcone, TightTTVA_pt1000, 30 p`2T, varcone, TightTTVA_pt500, 30 p`2T, varcone, 40

E
topo,`0
T, cone, 20 E

topo,`0
T, cone, 40 E

topo,`1
T, cone, 40 E

topo,`1
T, cone, 40

E
topo,`2
T, cone, 20 E

topo,`2
T, cone, 40 Fα1 max

(∣∣1− E`i/p`i∣∣)
Table 5.14: Summary of input variables for the multiclassifier

5.6.3 Hyperparameter Optimization

The hyperparameter space is scanned in order to find the best performing setup. The
crucial parameter is again the network architecture. Its final configuration includes an
input layer with 48 input variables that is followed by three layers of 80, 32 and 16 neurons
with swish activation function and corresponding dropout rates of 0.37, 0.3 and 0.26,
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respectively. To account for a multiclass problem, the loss function is changed to the
categorical crossentropy

C = −
2∑
j=0

Ej · log
Ä
anj

ä
(5.3)

that runs over all considered classes. Ej is the desired result and anj the activation as
introduced in chapter 4.1.1 where j is the index of the component in the output vector
whose dimension equals the number of classes in the output layer (n). The activation
function of the output layer is changed to the softmax function

softmax(x)j =
exj

2∑
k=0

exk

(5.4)

that constrains the sum over the activation of all output nodes to be equal to 1. The
final set of parameters further includes a batch size of 4096 samples, trained over up to
100 epochs with early stopping applied, 5-fold cross-validation with 80% of the training
sample used as train data and 20% of the training sample used as test data. Adam is
employed as stochastic optimization method along with a learning rate of 0.001. The
input data is preprocessed using the "RobustScaler". All hyperparameter settings are
summarized in Table 5.15.

Hyperparameter Tested [within] Final Value

Batch Size [1024, 12.288] 4096

Epochs [30, 100] 100

k-Folds 5, 10 5

Training Sample Size 80% 80%

Testing Sample Size 20% 20%

Optimizer Adam Adam

Learning Rate [0.01, 0.0001] 0.001

Loss Categorical Crossentropy Categorical Crossentropy

Scaler Robust/MinMax/Standard RobustScaler

Activation ReLu/SeLu/Swish Swish

Regularisation AlphaDropout/Dropout Dropout

Table 5.15: Summary of hyperparameters that are tested and the set of final hyperparameters
used in the multiclassifier network configuration.
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5.6.4 Training Results

Figure 5.46 depicts the mean categorical crossentropy loss and the mean area under the
ROC curve with respective standard deviation against the number of training epochs over
all 5 folds. The mean test loss in green stays well below the training loss in blue under
consideration of the standard deviation per epoch. The most important figure of merit
for the multiclassifier is the performance of the separation of WH against all other back-
ground as illustrated in the bottom panel of Figure 5.46. The area under the ROC curve
with respect to WH against WZ and tt̄ is increasing with decreasing loss and reaches a
plateau towards epoch > ∼ 70 from whereon the early stopping applies.
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Figure 5.46: Evolution of the mean categorical crossentropy loss with standard deviation for
training (blue) and test (green) data fold in the first panel, followed by the mean area under the
ROC curve with standard deviation for WH vs WZ/tt̄ (second/third panel) and for WH vs both
classes in the bottom panel for the test data.
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Furthermore, the train to test ratios of the prediction onWH in blue,WZ in red and tt̄ in
yellow show a good agreement with 1, especially in the most significant signal bin close
to 0. Figure 5.47 illustrates this on the example of only fold 1 and 3 for better readability.
The remaining folds behave similarly and are given in the appendix B.4.
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Figure 5.47: The multiclassifier’s prediction on train (dots) and test (lines) data folds in the
upper plots with the corresponding ratios in the bottom plots on the example of fold 1 and 3.

The area under the ROC curve is studied and the performance is observed to be in good
agreement over all five folds. The corresponding plots can be found in appendix B.6. In
the following the performance of the multiclassifier is further studied in terms of the
significance as the quantity of interest in the final statistical interpretation. The three
dimensional output is reparameterized by taking the difference of the WZ node and the
tt̄ node

∆ node ≡ WZ node− tt̄ node

without any loss of generality for a simplified visualization and optimization of the anal-
ysis. The two dimensional mapping of the multiclassifier prediction on the 139 fb−1

nominal MC samples from SR3 that are used in the statistical analysis is visualized in
Figure 5.48 consideringWH (red) with the most dominant backgroundsWZ (purple) and
tt̄ (dark gold) as well as the third most dominant background V V V (grey) and the addi-
tional top-quark related background contributions from tt̄W and tt̄Z referred to as tt̄V
(yellow) and Wt and tZ referred to as single top (sand).
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Figure 5.48: Predictions of the multiclassifier on WH and the most dominant background pro-
cesses. Upper left: WH node with signal peaking towards values of 1. Bottom right: ∆ node
withWZ peaking towards values of +1 and tt̄ peaking at values towards -1. Bottom left: S/B dis-
tribution where only bins with non-zero signal contribution are filled. Bins of dark color indicate
high values of S/B.

The upper left plot shows the network output in the WH node. The WH MC peaks to-
wards values of 1 in the WH node while WZ and tt̄ are highly suppressed in this region.
Despite the fact that the multiclassifier has not been trained on V V V , tt̄V or single top,
these processes show a clear tendency towards background-like values of 0, too.

The bottom right plot shows the predictions in the ∆ node output with the same processes
as above. Here, WZ peaks at +1, while tt̄ peaks at -1. As expected from the construction
of the ∆ node, the signal distribution is located at values around 0 and reflects the very
good separation from tt̄ with a sharp decrease towards negative values. Slightly more
signal events are categorized to be WZ-like. Furthermore, the majority of V V V MC
events is located at values greater than 0 reflecting the similarity to WZ in the form of
well isolated leptons from the boson decays. The corresponding effect is seen for the top-
quark related backgrounds which are pushed by the multiclassifier into the tt̄ region due
to the presence of b-jets and the therefore less isolated leptons. Additionally, the plot in-
dicates that a much cleaner tt̄ control region could be constructed with a similar amount
of top events but an almost negligible number WZ events compared to the ∼ 50 events
in the current cut-based tt̄ control region. A multiclassifier-based tt̄ control region could
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e.g. be defined within WH node < 0.5 & ∆ node < -0.1. This could give complementary
Z-depleted control region information in the modelling of the observables which could
be compared with the current cut-based Z-enriched tt̄ control region and they could be
combined in the final step of the statistical interpretation. A further modelling check
of W(Z→ ττ ) seems possible with help of an additional WZ control region within e.g.
WH node < 0.5 & ∆ node > 0.1.

The bottom left plot illustrates the signal to background ratio (S/B) in the two dimen-
sional plane of the output nodes. It shares its x-axis with the WH node plot and its
y-axis with the ∆ node plot. The triangular shape is a residual effect of the constraint
introduced by the softmax activation function normalizing the sum over all output nodes
to be equal to 1. Bins of darker color indicate higher values of S/B than bins of light color.

The most significant bin with respect to the Poisson significance is extracted in this pa-
rameterization for the unified binary classifiers ANNWZ and ANNtt̄ and the multiclassi-
fier for 139 fb−1 MC data as summarized in Table 5.16. The multiclassifier outperforms
the unified ANN with a Poisson significance of 2.64 to 2.56 due to a better background
rejection of 5.29± 0.41 to 6.35± 0.44 MC events at 7.14± 0.03 to 7.47± 0.03 signal MC
events which translates into S/B values of 1.35 and 1.18, respectively.

√
s = 13 TeV
L = 139 fb−1

(Full Run 2) Unified Binary ANNs Multiclassifier

Significance 2.56 2.64

S/B 1.18 1.35

S 7.47± 0.03 7.14± 0.03

B 6.35± 0.44 5.29± 0.41

Cut on x-axis WH node ≥ 0.884 WH node ≥ 0.870

Cut on y-axis −0.001 ≤ ∆ node < 0.200 −0.012 ≤ ∆ node < 0.130

Table 5.16: Results of the unfied binary ANNs and themulticlassifier in themost significant bin.
The significance corresponds to the Poisson signifiance. The x-axis corresponds to the WH node
while the y-axis corresponds to the ∆ node.

A comparison with the BDT combination from the previous analysis can be done in the
following ways: The multiclassifier-based most significant signal bin is calculated on MC
normalized to 36.1 fb−1 or by scaling up the original BDT yields for signal and back-
ground by a factor of 139/36.1 as a rough estimate.

In the case of the normalization to 36.1 fb−1, the multiclassifier improves the signifi-
cance compared to the BDT from 1.15 to 1.28. A ∼ 10% enhancement of the signal yield
from 2.17 ± 0.02 to 2.40 ± 0.02 and a reduction of WZ MC events by 34% from 1.06 ±
0.19 to 0.70 ± 0.19 can be seen in Table 5.17.
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With 0.61± 0.16 remaining weighted events in the case of the multiclassifier, it achieves
a comparable tt̄ suppression under consideration of the statistical MC uncertainties with
respect to the BDT that recorded 0.54 ± 0.24. It is remarkable that this performance is
achieved despite the lack of powerful heavy-flavor variables that have been used in the
previous analysis which demonstrates the ability of the network to correctly identify fake
leptons with help of more fundamental information like the isolation variables. Further-
more, an improvement in the reduction of tt̄V by more than 40% from 0.25 ± 0.03 down
to 0.14 ± 0.03 is observed. In the case of single top, the very low statistical precision
does not allow for a meaningful conclusion. While the BDT cut is set to include no events
from the latter process, the multiclassifier bin includes 4 raw events (0.26 ± 0.18 in the
weighted case) translating into a relative MC statistical uncertainty of 70%. Finally, a
better ZZ∗ suppression is achieved with 0.05 ± 0.02 MC events accepted by the multi-
classifier to 0.21 ± 0.10 MC events accepted by the BDTs.

When scaling the BDT event yields of the previous analysis up to 139 fb−1 and applying
the multiclassifier to the full Run 2 MC data set, the picture is very similar. The back-
ground contribution to the most significant multiclassifier bin with a total of 6.09± 0.41
MC events is significantly smaller with respect to 11.17± 0.66MC events in the BDT case
yielding in a higher Poisson significance of 2.45 for the multiclassifier and 2.26 for the
BDT, respectively. To get a first idea of the effect of systematic uncertainties on the sig-
nificance, corresponding theory uncertainties from the previous analysis [66] summarized
in Table 5.17 are applied as an approximation increasing the performance differences
between the multiclassifier and the BDT combination with significances of 2.33 and 2.06,
respectively. A further improvement of the significance is expected when taking into ac-
count the shape of the network’s output distribution for signal and background.
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5.6.5 The Multiclassifier in the Control Regions

The distributions of the multiclassifer output nodes displayed in Figures 5.49, 5.50 and
5.51 show a similar behavior to the output nodes of the binary classifiers in the control
regions as defined in Figure 5.4. Due to the low yields in the majority of bins of the output
nodes in the tt̄ control region the data to MC ratio fluctuates around 1 like in the previous
chapters 5.4.5 and 5.5.5. Yet the ratio is in good agreement especially in regions with a
higher signal contribution. The output nodes in the WZ control region show a better
agreement except for the last bin in the WZ node in Figure 5.50 where a 20% excess of
data is visible. Again the Z+jets MC contributes to this bin and might be the reason for
the underestimation of MC. A data-driven estimate may improve this.
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Figure 5.49: Multiclassifier output of the WH node considering all relevant background con-
tributions in the tt̄ control region (left) and the WZ control region (right) for data and MC with
statistical uncertainties.
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Figure 5.50: Multiclassifier output of the WZ node considering all relevant background con-
tributions in the tt̄ control region (left) and the WZ control region (right) for data and MC with
statistical uncertainties.
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Figure 5.51: Multiclassifier output of the tt̄ node considering all relevant background contri-
butions in the tt̄ control region (left) and the WZ control region (right) for data and MC with
statistical uncertainties.
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5.7 Z-depleted Signal Region

The final Z-depleted signal region is defined under consideration of the shape from signal
and background in the multiclassifier output using multiple bins. The bin edges of each
axis in the two dimensional output plane are chosen such that each bin includes the
same amount of signal events. In that way, a flat signal distribution is obtained on the
individual axis which grants access to a set of bins with high S/B as illustrated in Figure
5.52. The applied signal flattening yields bins with small background contribution in
regions of high signal density which are studied in detail in the upcoming section.

101

102

W
ei

gh
te

d 
E

ve
nt

s/
0.

14
3

tt + stat @ SR3, 139 ifb
ttV + stat @ SR3, 139 ifb
single top + stat @ SR3, 139 ifb
WZ + stat @ SR3, 139 ifb
VVV + stat @ SR3, 139 ifb
WH + stat @ SR3, 139 ifb

0.0 0.2 0.4 0.6 0.8 1.0
ANN Ouput
WH Node 

1.0

0.5

0.0

0.5

1.0

AN
N

 O
up

ut
W

Z 
N

od
e 

- t
t N

od
e

S/B

101 102

Weighted Events/0.286

Figure 5.52: Multiclassifier output in the two dimensional plane spanned by the WH node and
the ∆ node under consideration of the most dominant background processes. The WH distribu-
tion is flattened.

An optimization is performed using themost dominant background processes top,WZ and
V V V to find the optimal number of bins per axis along with the following requirements:
the optimal number of bins in the WH node and the ∆ node, which is not necessarily the
same, is found when the sum in quadrature of the Poisson significance from the consid-
ered bins is maximized with the requirement that every bin includes tt̄ and WZ events
with a relative MC uncertainty of less then 100% in order to ensure a stable fitting rou-
tine in the statistical interpretation step. Any combination of numbers between 2 and 10
bins per axis is tested.
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The best number of bins is found to be 6 for both axis. Figure 5.53 shows the final bin
selection with Poisson significance and signal to background ratio per bin while the cor-
responding event yields forWH, top andWZ+V V V are shown in Figure 5.54. Every bin
taken into account for the signal region is marked with a red rectangle. Adjacent bins of
similar S/B are merged in order to reduce fluctuations and relative statistical MC uncer-
tainties. In this way, 6 bins are considered to define the multiclassifier-based Z-depleted
signal region. The bins are summarized in Table 5.18 and the yields are summarized in
Table 5.19 at the end of the chapter.
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Figure 5.53: Poisson significance (left) and signal to background ratio (right) per bin using the
optimized binning. The bins marked with a red rectangle form the Z-depleted signal region.
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Figure 5.54: Event yields of WH (left), top (middle) and WZ + V V V (right) per bin using the
optimized binning. The bins marked with a red rectangle form the Z-depleted signal region.
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A systematic study of variables is carried out in order to find phase space regions that
still suffer from background excess. In this way, the distribution of the invariant mass of
two same-sign electronsme±e±

inv is identified to be a lucrative candidate since WZ is still
observed to peak around the rest mass of the Z. As depicted in Figure 5.55, a cut-and-
count scan is employed to find the edges of a Z veto window that improves the Poisson
significance the most. This window is found to beme±e±

inv 6= [85;95] GeV.
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Figure 5.55: Invariant mass distribution of same-sign electron pairs in the Z-depleted signal
region of WH (red) and WZ (purple). A cut is applied around to veto events originating from the
remaining Z peak.

The final signal region with cut onme±e±
inv is shown in Figure 5.56 together with all rele-

vant background estimations from MC in descending S/B order from left to right. Since
the analysis is still blinded, no data is shown. The most significant bin shows a signal to
background ratio of ∼ 3.5. The suppression of tt̄ and WZ is clearly visible. Additionally,
the network is able to suppress the background processes tt̄V and single top although it
is not explicitly trained on. Furthermore, the contribution of the second V H process, ZH,
is well suppressed in the first four bins and shows only small yields in the least significant
bins 5 and 6.
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Figure 5.56: The Z-depleted signal region after the cut onme±e±

inv with the full MC background
contribution. Top: Event yields in the six signal region bins. The analysis is still blinded, hence
no data is shown. Bottom: Signal to background ratio per signal region bin.

The largest contribution to the three most significant bins is given by V V V . With over
90% of all V V V it is theWWW process with 2.87 ± 0.12 events integrated over all 6
signal region bins that has the largest impact from the four considered V V V processes
since it is the only one without a Z boson and therefore an irreducible background. A
systematic variable study does not show any further improvement by applying additional
cuts, since sensitive variables like quantities exploiting the H → WW∗ → `ν`ν spin
correlation or the total transverse energy are part or constructed from variables that are
part of the training. A training sample with roughly 20.000 WWW MC raw events is
derived from SR12 to include the process in the training procedure with an additional
node for V V V . However, due to the low number of training events the signal efficiency
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suffers significantly yielding in a smaller Poisson significance. In a second more subtle
approach, theWWW training sample is merged with theWZ training sample such that
the network already sees the process during training. Again, the attempt yields a smaller
Poisson significance compared to the one reported in Table 5.17 since the trade-off in a
decreasedWZ rejection to the increase in the rejection of V V V is observed to be not large
enough.

Finally, the performance of the multiclassifier in the identification of q (M)ID events as
defined in Equation 5.2 in the crucial WZ process is studied. As shown in the upper
panel of Figure 5.57 the q ID (green) to q MID (red) ratio of WZ events in the full SR3 is
38.14 : 29.05 = 1.31.
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Figure 5.57: Top: Event yields before and after entering the multiclassifier-based Z-depleted
signal region for q ID (green), q MID (red), q ID with additional cut onme±e±

inv (turquoise) and q
MID with additional cut onme±e±

inv (orange). Bottom: Rejection fraction of WZ events from full
SR3 (dark colors) compared to the Z-depleted signal region (light colors).

When applying the cut onme±e±
inv , the q ID (turquoise) to q MID (orange) ratio increases

to 36.91 : 7.42 = 4.97 by effectively removing q MID events from the Z peak. This proce-
dure allows for four different categories that can be compared:
The performance of the network on q ID events, on q MID events, on q ID events with
additional cut onme±e±

inv and finally on q MID with cut onme±e±
inv by comparing the num-

bers from full SR 3 (dark colors) to the Z-depleted signal region (light colors). To do so, a
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possible figure of merit is the rejection fraction as the percentage of correctly identified
WZ events per category by the neural network when keeping only the 6 most sensitive
bins as illustrated in the bottom panel of Figure 5.57. In the Z-depleted signal region this
fraction of q ID WZ events amounts to (91.1 ± 0.5)% while the network performs even
better in classifying q MIDWZ events with a rejection fraction of (93.9± 0.5)%. Further
applying the cut on me±e±

inv in the Z-depleted signal region yields a fraction of (91.4 ±
0.5)% and of (93.7 ± 0.7)% correctly classified q ID and q MID WZ events, respectively.

It can be concluded, that the network learns to effectively suppresses q MID WZ events
associated to e.g. charge flip of electrons by almost 94% slightly stronger than q ID
WZ events associated to e.g. the Z→ ττ decay that are suppressed by more than 90%
independent fromme±e±

inv . These figures of merit could also potentially be used for future
analyses on the topic for quantitative benchmark comparisons.
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5.8 Statistical Interpretation

The statistical interpretation is carried out in the scope of hypothesis testing. In this way
the compatibility of a hypothesisH1 including the Higgs Boson in the WH→ WWW∗ →
3` 3ν channel is tested against an alternative hypothesisH0 including SM background
only. The section briefly summarizes the maximum likelihood method, while details can
be found in e.g. Ref. [80].
For each hypothesis a likelihood function

L(µ, θ) =
n∏
i=1

f(xi|µ, θ) (5.5)

can be constructed where f is a probability density function corresponding to a fixed data
point xi with free parameters µ and θ in the case ofH1, whileH0 corresponds to µ = 0.
The free parameters µ and θ are the parameter of interest to be calculated and a set of
nuisance parameters, respectively. In this analysis the nuisance parameters so far only
take into account statistical uncertainties from MC backgrounds and scale the expected
yields mainly constrained from the control region bins. The parameter of interest in this
case is defined as the ratio of the observed cross section to the predicted cross section
from theory.

The goal of the maximum likelihoodmethod is to estimate the free parameters so that un-
der the assumed hypothesis the actual data is most probable. Thus, the best estimates of
the paramater values are those maximizing the likelihood function. In practice one often
minimizes the negative log-likelihood for computational reasons. This hypothesis test is
carried out using a likelihood ratio test as a test statistic

tµ = −2 ln
L
(
µ, ˆ̂θ(µ)

)
L(µ̂, θ̂)

. (5.6)

Here, µ is the parameter of interest, ˆ̂
θ(µ) corresponds to the value of θ at µ while µ̂ and

θ̂ maximize the likelihood.
Furthermore, the p-value

pµ =

∫ ∞
tµ,obs

f̃(tµ|µ)dtµ (5.7)

can be introduced which corresponds to the probability to find a value of tµ corresponding
to a worse agreement with data under the assumption that H0 is true. Here, tµ,obs
is the value of the test statistic tµ observed from the data and f̃(tµ|µ) corresponds to
probability density of the test statistic under the assumption of µ. Eventually, the p-
value can be converted into a Gaussian variable’s significanceZ0 using the corresponding
quantile

Z0 = Φ−1(1− pµ). (5.8)
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Since the real data is still blinded at the time of writing, pseudo-data based on MC is
used that corresponds to the expectation for µ = 1. In this way the expected significance
can still be measured which serves as the figure of merit and gives a first estimate on the
result to expect from real data.

The inputs to the estimation are the 6 multiclassifer-based signal region bins with sub-
sequent cut on theme±e±

inv to veto the remaining Z peak and one bin per control region of
WZ and tt̄. The fit yields an expected significance of 2.93 as shown in Table 5.20 which is
close to the commonly used threshold of 3σ that corresponds to an evidence. For the full
picture, the systematic uncertainties need to be evaluated and implemented into the fit
routine which is beyond the scope of this thesis. However, due to the small background
contributions, especially in the most significant bins as stated in Table 5.19, the bin de-
pended systematic uncertainties are expected to be small as well. In this way it is likely
that the analysis is still statistically limited and thus a significance that is derived on
statistical uncertainties only yields already a good first estimation of the final results. A
summary of the fit results is given in Table 5.20.

Parameter Expected

Z0 2.930

p0 0.002

µ 1.000+0.495
−0.417

Table 5.20: Fit Results obtained from the Z-depleted signal region using 6 signal region bins
and one bin per control region.
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6 | Summary and Outlook

This thesis deals with the analysis of the Higgs boson production in association with a
W boson and the decay of the Higgs boson into two W bosons with a fully leptonic final
state in the Z-depleted signal region as most sensitive region to the W(H→ WW∗) pro-
cess. The data set used in the analysis corresponds to events from proton-proton collision
at a center of mass energy of 13 TeV over a time-integrated luminosity of 139 fb−1 col-
lected at the ATLAS experiment.

For the first time in this decay channel at ATLAS a neural network is employed to sup-
press the background processes. In a first step two binary neural networks are developed,
trained and optimized to separate WH events from WZ and tt̄ events individually. The
knowledge gained from these extensive studies is used to build a multiclass neural net-
work capable of predicting on the three classes simultaneously. A most powerful set of
variables is identified partially including variables from the previous analysis as well as
new variables such as an E/p related quantity giving information on charge flip events.
The multiclassifier outperforms the unified binary neural networks as well as a BDT
combination developed in a previous analysis with respect to the Poisson significance.

With a comparable rejection performance on tt̄ despite the lack of powerful variables
from the previous analysis, an improvement in tt̄V rejection by more than 40% and an
improvement in the reduction of the crucial background WZ by 34% with respect to the
BDTs, the analysis clearly demonstrates the power and advantage of a multiclass neural
network.

Another advantage is the possible construction of complementary control regions with
help of the multiclassifier output. These regions could be consulted for additional mod-
elling checks for variables of interest in regions that are orthogonal to the cut-based con-
trol regions.

A dedicated multiclassifier-based Z-depleted signal region is developed from which an
expected significance on the full Run 2 MC data set of

Z0 = 2.93

is determined which is close to the evidence threshold of 3σ.
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With an additional dedicated training sample and training on V V V as a remaining back-
ground in the most significant signal region bins, this goal would be in reach. As the
multiclassifier outperforms the BDT combination from the previous iteration, the new
classifier will serve as foundation of the next ATLAS publication on the measurement of
the V H production in the WH trilepton decay channel. Before unblinding the real data,
next steps are to determine systematic uncertainties and to establish a data-driven fake
estimate. In the upcoming years the high luminosity LHC is going to be built. [81] With a
predicted time-integrated luminosity of 3000 fb−1 the significance is expected to be even
higher and a statistical limitation of the results is expected to become less relevant.

A further prospect is to carry out a simplified template cross section (STXS) measure-
ment [82] that aims to introduce a granularity within a single productionmode by splitting
up into kinematic regions. Matching the STXS granularity with experimentally observed
sensitive regions in a staged approach could grant access to dedicated beyond Standard
Model bins sensitive to new physics. A multiclassifer as developed in this thesis could
help to purify these STXS bins.

Using machine learning algorithms like (deep) neural networks comes with the difficulty
of understanding the reason behind their predictions. Therefore it seems promising to
study the network output as a function of its input to check to plausibility of a network’s
decision or to get insights that help to improve the performance. Possible approaches are
e.g. to develop local models around the decision threshold that is set to define regions
of interest in order to better understand the decision of a network or to cluster events
in order to find out a network’s reason behind the specific prediction. [83] At the time of
writing, studies based on the classifiers developed in thesis are carried out to investigate
on this promising topic.
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A | Deep Neural Networks

A.1 Backpropagation in a Nuthsell

Derivation of ∂C
∂wlij

and ∂C
∂bli

for ∆w
(l)
ij and ∆b

(l)
i , respectively.

We can apply the chain rule:

∂C

∂w
(l)
ij

=
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∂a
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i
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i
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We further define the output error:

δ
(l)
i =

∂C

∂a
(l)
i

∂a
(l)
i

∂z
(l)
i

(A.3)

For the weights and biases in the output layer inserting the definitions in equations 4.1
and 4.2 yields:

δ
(n)
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[
1− Ei
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· σ′a
Ä
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ä
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= δ
(n)
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To find the derivative of the cost function with respect to a weight or bias in a layer that
is not the output layer it is necessary to find the expression:

δ
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ä
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(A.7)

Consequently δ(l−1)
i can be calculated from the δ(l)

j in the preceding layer starting from
the last layer (l = n). This process is called back propagation.
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B | Backup Plots

B.1 ANNtt̄
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Figure B.1: The ANNtt̄’s prediction on train (dots) and test (lines) data folds in the upper plots
with the corresponding ratios in the bottom plots on the example of fold 2, 4 and 5.
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Figure B.2: The ANNWZ’s prediction on train (dots) and test (lines) data folds in the upper plots
with the corresponding ratios in the bottom plots on the example of fold 2 , 4 and 5.
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B.3 WZ Control Region: Input Variables
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B.4 tt̄ Control Region: Input Variables
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B.5 Unified Binary ANN

Figure B.3: Schematic drawing of the network architecture of the unified binary ANN.
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B.6 Multiclassifier
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Figure B.4: The multiclassifier’s prediction on train (dots) and test (lines) data folds in the
upper plots with the corresponding ratios in the bottom plots on the example of fold 2, 4 and 5.
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Figure B.5: Mean ROC of multiclassifier for training, test and validation.
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Figure B.6: Mean ROC of multiclassifier for training, test and validation.
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