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1 Introduction

The Standard Model of Particle Physics (SM) describes our current understanding of the con-
stituents of matter and the forces that act between them. In 1964, a mechanism explaining the
origin of masses of force-carrying particles was proposed by Robert Brout, Francois Englert, and
Peter W. Higgs [1-3] as well as by Thomas W. B. Kibble, Carl R. Hagen, and Gerald Guralnik
[4]. The mechanism postulates the existence of a new elementary particle and, by extension,
also explains the masses of matter particles via Yukawa interaction. 48 years later, in 2012, the
so-called Higgs boson was discovered in proton-proton collisions recorded by the ATLAS and
CMS experiments at the Large Hadron Collider (LHC) [5, 6]. For their theoretical foundation,
Frangois Englert and Peter W. Higgs were jointly awarded the Nobel Prize in Physics in 2013.

The top quark is the heaviest elementary particle known to date with a mass comparable to
that of a tungsten atom. Consequently, it involves a high coupling to the Higgs boson with
a Yukawa coupling constant close to unity, which emphasizes its special role in the context of
electroweak symmetry breaking. The accurate measurement of Higgs-top coupling is essential
for probing predictions of the SM and to constrain various theories that reach beyond it. The
most promising process to study is the production of a Higgs boson in association with a top
quark pair (ffH). Assuming a Higgs boson mass of my = 125GeV and a top quark mass of
m; = 172.5GeV, its cross section of ogp; = 5071“;(5) fb at a center-of-mass energy of /s = 13 TeV
implies that a reasonable number of events was recorded in the proton-proton collisions during
the past runs of the LHC [7].

In 2018, the CMS and ATLAS collaborations announced the observation of tfH production in
agreement with the SM [8, 9]. Both collaborations combined analyses of various decay modes
of the Higgs boson as well as multiple final states of the top quark pair system to measure an
excess over expected background with a significance of more than five standard deviations. The
CMS experiment measured the signal strength modifier 4 = o /osy, i.e., the cross section di-
vided by its SM expectation, as 1.26f8§% using data at center-of-mass energies of /s = 7,8,
and 13 TeV, corresponding to integrated luminosities of 5.1, 19.7, and 35.9 b1, respectively [8].
The ATLAS experiment measured a cross section of 670f%§8 fb using data taken at /s = 13 TeV,
corresponding to an integrated luminosity of up to 79.8fb~! [9]. This corresponds to a signal
strength modifier of 1.3270-%5, which is in agreement with the measurement of the CMS experi-
ment. Shortly afterwards, both collaborations also reported on the observation of Higgs boson
decays into bottom quark pairs [10, 11]. After the observation of the couplings to vector bosons
and tau leptons [12, 13], these results accomplished primary objectives of the Higgs physics

program at the LHC as they provided the first decisive proofs of Higgs-quark coupling.

This thesis presents a search for tfH production in proton-proton collisions corresponding to
an integrated luminosity of 35.9 fb~! at a center-of-mass energy of 13 TeV recorded with the CMS
detector in 2016. It focuses on Higgs boson decays into a pair of bottom quarks and leptonic top
quark pair decays, i.e., one of the W bosons originating from the top quark decays into leptons
while the other W boson decays either into a quark-antiquark pair (single-lepton) or into lep-
tons (dilepton). Decays of W bosons that involve tau leptons are excluded. The analysis in the
single-lepton channel, which dominates the overall sensitivity, contributed to the first observa-
tions of both tfH production [8] and Higgs boson decays into bottom quarks [10], performed
with the CMS experiment. In combination with an alternative strategy in the dilepton channel,
this analysis was published in Ref. [14].

The dominating background from top quark pair production, tf, has a cross section of 8322 pb,
which is ~1600 times larger than the tfH cross section [15-27]. Especially events with additional
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heavy-flavor jets, such as tf+bb and tf+c¢, represent an important source of irreducible back-
ground. In addition, currently neither higher-order theoretical calculations nor experimental
methods can constrain the expected rate of these contributions with an accuracy better than
35 % [28-31].

A common approach for the separation of signal and background events is binary classifica-
tion with multivariate analysis techniques (MVA). However, the existence of multiple different
background processes indicates that a multi-class classification is favorable. This thesis intro-
duces an event categorization scheme that is based on deep neural networks (DNN). Following
this approach, events are either classified as signal or as one of the most significant background
processes. Finally, the tfH cross section is extracted in a combined profile likelihood fit of the
neural network output distributions to the recorded data.

The thesis is structured as follows. Section 2 briefly introduces the Standard Model of Particle
Physics and characteristics of the tfH process such as the production at hadron colliders, decay,
and experimental signature. Subsequently, Section 3 describes the experimental prerequisites of
the analysis which includes the Large Hadron Collider, the CMS detector, algorithms applied
to reconstruct physics objects, and software and libraries to perform the analysis. The analysis
strategy, consisting of a summary of the physical conditions, the measurement methodology,
and technical considerations, is presented in Section 4. Section 5 describes the technological key
concepts that are employed to carry out the analysis at hand. The simulation of events as well
as applied corrections are described in Section 6. It includes the selection of the analysis phase
space and concludes with the evaluation of the overall background modeling. Subsequently,
Section 7 explains the event classification approach that is based on deep learning techniques
to separate signal from background contributions. The description of relevant systematic un-
certainties and a study of their impact on the cross section measurement is given in Section 8,
which is followed by final conclusions in Section 9.

Unit convention

In the following sections, the convention of natural units is implicitly used, i.e., the physical
constants

* ¢, the speed of light in vacuum,

e 11, the reduced Planck constant, and

* ¢, electric permittivity

are normalized to unity. Consequently, basic SI units are modified according to
e [m] = GeV (mass),

e [t] =1/GeV (time), and

e [s] =1/GeV (length).



2 The tftH Process in the Standard Model of
Particle Physics

The endeavor of particle physics lies in the observation, formulation, and validation of rules
that describe the properties of matter particles and the forces that act between them. The status
of our current understanding is summarized in the Standard Model of Particle Physics (SM),
which is discussed in the beginning of this section. It introduces the elementary matter particles
consisting of quarks, leptons, and their antiparticles as well as the three interactions that act on
subatomic scales. Gravity, as the fourth known fundamental force, is not described by the SM as
its influence on fundamental particle processes is considered to be irrelevant at accessible ener-
gies. The “Higgs mechanism”, which explains the origin of particle masses, is described subse-
quently. The second part of this section introduces the tfH event in the context of its production
and decay characteristics at hadron colliders. The section continues with the specification of
Higgs boson and top quark pair decay channels as studied in this thesis, and closes with a brief
presentation of previous measurement results.

2.1 The Standard Model of Particle Physics

The SM is a consistent, finite theory based on quantum mechanics and special relativity. It
succeeds in explaining most of the particle physics phenomena we observe with high accuracy.
The nomenclature in its formalism, such as the concepts of “charge” and “current”, is inspired
by Quantum Electrodynamics (QED) for historical reasons. The SM describes electromagnetic,
weak, and strong interactions between particles in terms of quantized fields following its nature
of a quantum field theory. Mathematically, it is expressed by a Lagrangian density £, which
is required to be invariant under transformations of a governing symmetry group to preserve
renormalizability [32]. Besides, it demands invariance under transformations of the Poincaré
group, i.e., translational, rotational, and Lorentz-invariance in the Minkowski space, implying
conservation of energy, momentum, and angular momentum according to Noether’s theorem.

The formalism can be demonstrated using the QED Lagrangian with the U(1) group,

EQED = l[_J(Z"‘)/VDH — m)l[) — FHVFIW/ZL (2.1)
——
Ly (interaction term) Lo (field term)
with D, =9, —ieA, (2.2)
and Fy = 0,A) —dvAy, (2.3)

where A, is the covariant field variable, m is the electron mass, e is the electric charge, 7" are
the Dirac matrices, and ¢ (f = ¢'7?) is the spin 1/2 field of the electron. Compared to the
Lagrangian of a free (Dirac) particle, the covariant derivative (Equation 2.2) is applied in the
interaction term to achieve invariance under the local U (1) gauge transformation

P — g =y, given that A, — A;, = Ay +9ua(x), (2.4)

which introduces the gauge field A, of the photon. A mass term in the structure m,, A, A¥ would
break the gauge symmetry and hence, the photon is massless. The quantity "¢ in the first
summand of Equation 2.1 is identified as the current j*. This leads to the definition of the “in-
teraction” e j* A,, where e is taking the role of a coupling constant, usually transformed to the
“coupling strength” a = e /47t
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The field term L, is quadratic in its field variables (A;) and can be solved exactly to obtain
linear equations of motion. In combination with the interaction term L;,;, however, perturba-
tion theory is required to obtain probability amplitudes for the involved physics processes. In
doing so, the interaction term is considered a small perturbation of the free field. The effects
of these perturbations can be approximated with expansions in leading (LO) or higher orders
(NLO, NNLO, etc.), which can be employed to formulate transition probabilities using Fermi’s
golden rule. This calculation requires a description of an invariant scattering amplitude, which
is often referred to as the “matrix element” and illustrated via Feynman diagrams.

2.1.1 Matter

Matter consists of elementary, point-like fermions with spin 1/2. They are divided into quarks
(u,d,c,s,t,b),leptons (v, e, vy, 4, V¢, T), and their corresponding antiparticles with opposite quan-
tum numbers. An overview is presented in Table 2.1. Quarks with a positive electrical charge
Q = +2/3¢ are referred to as up-type quarks, (u, c, t), while the others with Q = —1/3¢ are called
down-type quarks (d, s, b). They are also subject to a color charge and participate in the strong,
weak, and electromagnetic interactions. Charged leptons have an integer charge of Q = —1e
and interact weakly and electromagnetically. In contrast, neutrinos are electrically neutral and
thus, they are only subject to the weak interaction. The two groups can be further divided into
so-called “generations”, which are motivated by relations between their electrical charge, weak
isospin component T3, and mass hierarchy.

Charge Weak Isospin

Type Name Symbol Gen. Mass
yp Yy Qle T,
up u I +2/3 +1/2 22702 MeV
down d -1/3 -1/2 4.7:’8:2 MeV
quark charm c q 28 +1/2 1.275;5;853 GeV
strange 5 —-1/3 —-1/2 9573 MeV
top t I +2/3 +1/2 173.0 £ 0.4 GeV
bottom b -1/3 ~1/2 4181002 GeV
electron neutrino Vp I 0 +1/2 < 2eV
electron e -1 -1/2 0.511 MeV
muon neutrino vy 0 +1/2 < 0.19MeV
lepton I
muon U -1 -1/2 105.658 MeV
tau neutrino Ve 1 0 +1/2 < 18.2MeV
tau T -1 -1/2 1776.86 &= 0.12 MeV

Table 2.1: Elementary fermionic matter particles in the SM [33]. Each fermion has spin 1/2 and
can be associated to an antiparticle with opposite quantum numbers and, theoretically, identical
mass. Quarks also exhibit one of three different color charges as described by QCD. The electron
and muon masses are known to a relative accuracy of 10-8. The electrical charge Q is given in
units of the elementary charge e. The weak hypercharge can be obtained via Yiy = 2- (Q — T3).

The masses of the elementary fermions range from a few eV for the electron neutrino up to
the top quark mass of m; = 173.0 GeV, which is approximately as heavy as a tungsten atom. The
structure of the mass hierarchy is not explained by the SM and entails the consequence that the
matter we observe in nature mostly contains particles of the first generation due to the decay of

4



2.1 The Standard Model of Particle Physics

heavier particles in higher generations. Neutrinos are not explicitly attributed a mass in the SM,
but due to the observation of neutrino oscillations among different lepton flavors, they cannot
be massless.

Quarks form color-neutral hadrons with two (mesons) or three (baryons) valence constituents,
but bound states with four (tetraquarks) and five (pentaquarks) valence quarks were observed
by the LHCb experiment at the LHC [34, 35]. With a lifetimeof 7; = 5 - 10725, the top quark is
the only quark that decays before hadronization occurs. Hence, it does not form any bound state
and particle physicists are given the opportunity to study the decay of a bare quark. The electron
is the only stable charged lepton. Muons decay after 7, ~ 2.2 - 10~% s, which, however, can be
considered as stable when produced in particle detectors at high energies. Tau lepton decays
occur after T, ~ 2.9 - 10713 s and also involve hadrons since their mass of m,; = 1776.86 MeV is
above the mass of the lightest charged meson, the pion 7+, with m .+ = 139.570 MeV [33].

2.1.2 Interactions

The SM describes the effect of fundamental interactions as a quantum field theory with an ex-
change of force-mediating particles. The condition of local gauge invariance requires the intro-
duction of gauge fields into the Lagrangian whose excitation modes are referred to as gauge
bosons with an integer spin of 1. A summary of the twelve gauge bosons of the SM as well as
the interactions they mediate and participate in is given in Table 2.2.

Ch M
Name Symbol Spin arge ass Interaction Subject to
Qle !/ GeV
Photon 0% 1 0 0 EM EM

W boson (x2) W+ 1 +1 80.3794+0.012 weak weak, EM

Z boson Z 1 0 91.1876 +0.0021 weak weak

Gluon (x8) g 1 0 0 strong strong
Higgs boson H 0 0 125.18+0.16 - self, weak

Table 2.2: Force carrying gauge bosons and the Higgs boson in the SM [33].

The Higgs boson, shown in the last row of Table 2.2, is not a mediator of any interaction. It
is a scalar boson with spin 0 and emerges from the mechanism that explains how the W* and
Z bosons acquire their masses within electroweak theory, while the photon remains massless.
By extension, the mechanism also gives rise to the masses of quarks and charged leptons via
additional Yukawa interactions, which predict the coupling strengths to be proportional to the
fermion masses (cf. Section 2.1.3).

Gravitation is described by the general theory of relativity and applies on macroscopic scales.
Due to its relative strength of 1073 with respect to the strong interaction, its influence on fun-
damental particle processes is irrelevant and it is not considered in the SM.

As motivated in the introduction of this chapter, the SM is formulated as a Lagrangian density
Lsm, governed by the symmetry product group

£SMISU(3>C X SU(2>L X U(l)y (25)
Q\C/D_ EW

Here, the SU(3)¢ group describes the strong interaction, whereas SU(2); x U(1)y is associated
to the electromagnetic and weak interactions. Their unification into the electroweak theory (EW)

5



2 The ttH Process in the Standard Model of Particle Physics

constitutes one of the most profound scientific achievements of the last century. The additional
inclusion of QCD would lead to the so-called Grand Unified Theory (GUT). It implies that the
relative strengths of the three interactions equalize at an energy scale of ~ 10%° eV, which is
experimentally unaccessible. The scale is inferred from searches for the predicted free proton
decay, though it has not been observed so far. Thus, the formulation of a unified theory remains
a major challenge in current physics research. In the subsequent paragraphs, brief explana-
tions of the theoretical construction and interpretation of the SM are given, which loosely follow
Refs. [33, 36-38] where it is described in greater detail.

Quantum Chromodynamics

The strong interaction is, as the name already implies, the strongest known interaction and
causes quarks to form hadronic states and binds positively charged protons, despite their elec-
tromagnetic repulsion, to form the nuclei of atoms. The charge of the strong interaction is re-
ferred to as color charge. It exists in three different realizations, labeled “red”, “green”, and
“blue”, and is solely attributed to gluons and quarks, whereas antiquarks carry one of the corre-
sponding anticolors.

The formulation of the strong interaction within quantum field theory is known as Quan-
tum Chromodynamics (QCD), whose Lagrangian is constructed from the non-abelian, special
unitary group color SU(3)c, consisting of 3 x 3 matrices with determinant one. The eight gen-
erators, T, with c = 1...8, are expressed by the Gell-Mann matrices A; as T, = A./2 and do not
commute,

8
[To, Tl =i Y 5T (2.6)
c=1

Here, f¢, are the complete antisymmetric SU(3)¢ structure constants. For a particular quark
type with a color ¢, the Lagrangian reads

Lacp = Pe(iv Dy — m)pe — Gy, GE' /4 (2.7)
propagators, gqq vertex ¢ self-coupling

with D, =9, —igT.G}, (2.8)

and G5, =0,G{ —9,G;, — & f5,GiGL, (2.9)

where g; denotes the strong coupling constant and the covariant derivative D, introduces the
eight massless gluon fields G;,. It is invariant under the infinitesimal gauge transformations

e — ) = O~ (14 ine (x)Te) e (2.10)

when the gluon fields transform as

1
Gy — G/ =G, — gazt“c(x) — fopta(x) G, @2.11)
S

By combining Equations 2.7 to 2.9, summarizing over all quark types and color states, and
averaging over all possible final states, the structure of QCD interactions emerges. It entails a
quark propagator, a gluon propagator, a gq7 vertex with coupling constant gs, as well as gluon
self-couplings due to the non-vanishing commutators in Equation 2.6, realized as triple and
quadruple vertices with couplings of ¢; and g2, respectively. Inspired by QED, the coupling
strength is interpreted as a5 = g2/47t.

Due to the non-abelian nature of the SU(3)c and the resulting gluon self-couplings, pertur-
bation theory must be employed to derive physics predictions. Calculations of interactions

6



2.1 The Standard Model of Particle Physics

with high momentum transfer Q? at short distances require regularization and renormalization,
which methodically introduce an arbitrary mass scale yg. As inferred physics quantities must
not depend on arbitrary chosen values, the scale dependence is compensated by introducing a
“running coupling strength”. A convenient parametrization of this behavior adds a scale pa-
rameter Aqcp (typically ~ 200 MeV) that defines the momentum transfer at which the coupling

is considered strong,
1

InQ?/ AéCD '
At energy scales equivalent to the mass of a Z boson the world average was measured as

as(mz) = 0.1181 £ 0.0011 [33, 39, 40]. In particular, this dependence reveals that a; decreases
with increasing, high energy scales Q?, a circumstance which is called “asymptotic freedom”.

ws(Q%) o (2.12)

At low energy scales perturbation theory is not applicable and the distance behavior of the
QCD potential becomes ~ r with typical interaction lengths of O(10~°m). Therefore, free
quarks cannot be observed in nature as they are either retained in bound, hadronic states or
form new, color-neutral hadrons given a sufficient amount of energy to create pairs of quarks.
They are subject to the so-called “color confinement”. High energetic particle collisions, such
as the proton-proton collisions generated at the LHC, induce quasi-free quarks in the range of
the primary, hard physics process. Accounting for the propagation of the produced particles in
space and the resulting decrease of the energy scale over time, the asymptotic freedom dimin-
ishes while color confinement gains relevance. This transition process is called “hadronization”
and can be described by event generators only using phenomenological approaches.

Electroweak Theory

The electromagnetic interaction is the unification of electric and magnetic forces as described
by Maxwell’s equations. It is responsible for binding electrons and nuclei within atoms and
molecules. The formulation as a relativistic field theory is known as Quantum Electrodynamics
(QED), which is mediated by photons between particles carrying electric charge, i.e., quarks,
charged leptons, and W bosons. Since the photon is massless, the range of electromagnetic
interactions is infinite with a relative strength of ~10~2 with respect to the strong interaction.

The weak interaction explains flavor-changing phenomena such as the -decay of certain ra-
dioactive nuclei. In fact, it is the only known interaction that changes quark and lepton flavors,
and that breaks particle-antiparticle symmetry (C), parity symmetry (P), and their combination
(CP). The interaction is mediated by two electrically charged W* bosons, often referred to as
the W boson, and the neutral Z boson, which were first observed by the UA1 and UA2 collab-
orations in 1983 [41, 42]. They couple to all elementary matter particles as well as to the Higgs
boson. Their high masses of my ~ 80.4GeV and mz ~ 91.2GeV lead to a limited interaction
range with typical interaction lengths of O(10~18 m). Its relative strength compared to the strong
interaction amounts to ~ 10712

The electromagnetic and weak interactions are unified in the electroweak theory (EW), which
marks a significant breakthrough in the development of the SM [43, 44]. Its Lagrangian is based
on the product of two symmetry groups SU(2); x U(1)y, which involve two different coupling
constants ¢ and g’, as well as two sets of generators. The generator of U(1)y is the weak hyper-
charge operator Y, whereas SU(2) is generated by the three traceless, hermitian weak isospin
operators T, obeying the commutator rule

3
[Ta/ Tb] =i Z eﬂbCTC/ (2-13)

c=1

where €, denotes the elements of the Levi-Civita tensor. The quantum numbers emerging for

7



2 The ttH Process in the Standard Model of Particle Physics

fermions are defined by eigenstates of these operators, which connect to the electric charge Q,

Q="T°3+ g (2.14)
Furthermore, the electroweak theory is a chiral theory, meaning that fermion fields are split into

differently treated left- and right-handed components via projection operators

- _ _1
Y= YL = %(1 - i’Yo’h’Yz’Yg)lP Y=L = 1P§(1 +75) (2.15)
5
Y= Pr= %(1 +5)¢ P — Pr= @%(1 —75). (2.16)

Components of left-handed fermions and right-handed antifermions have a chirality of —1 and
constitute weak isospin doublets with (T, Tz) eigenvalues of (1/2, +1/2). Right-handed fermions
and left-handed antifermions have a chirality of +1 and form weak isospin singlets with eigen-
value T = 0. As a result, electrically uncharged, right-handed neutrinos (left-handed antineutri-
nos) are not subject to any interaction and are thus not described in the SM.

The EW Lagrangian can be separated into three summands,
Legw = Esymm + ‘CHiggs + ‘CYukawa- (2-17)

The symmetric part describes electroweak gauge and fermion fields, and reads

; - 13 1
Lopmm =} iPL7Y" Dy + Y idky Dk —3 2 Wi Wi — ;BB (218)
j k a=1
T doublets T singlets (no neutrinos)
with Wi, = 9,,B] — 9,B] — gea Wi, By, = 9,B, — 9,B,, (2.19)
3
. Y Y
and DL =9, +ig Zl TiW; +ig' 5 By, D =0, +ig' By, (2.20)
a=

where Wy and By, denote the gauge fields of the SU(2)., and U(1)y, respectively, and D;I;’R are
the covariant derivatives for the left- and right-handed field components. Most notably, D’If
misses terms with SU(2),, gauge fields Wj; as the right-handed fermion fields are weak isospin
singlets, i.e.,, Ty = 0. The summations in Equation 2.18 are applied for all left-handed weak
isospin doublets j in the first, and for all right-handed singlets k in the second summand. Due to
the definition of the covariant derivatives in Equation 2.20, Lsymm is invariant under the gauge
transformations

YL — P = giga(X)T+ig’ﬁ(X)Y¢L (2.21)
PR — P = TP gy, (2.22)

The physical bosons (7, Z, W¥) can be identified using mixtures of the gauge fields (W¢, B,,).
When choosing the representation of the SU(2), generators as T, = 0,/2, with the Pauli matrices
04, the eigenstates of the three gauge fields W constitute the adjoint group representation in the
form of unit vectors. It follows that

W, = iWs, TsW; = —iW,, W, = 0. (2.23)

Since the W* bosons are observed to have an integer electrical charge of Q = +1e and are
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assigned a weak hypercharge of Y = 0, Equation 2.14 leads to the requirement
W, = W, (2.24)

which can be satisfied by defining

1 .
W, = E(Wﬁ +iW,). (2.25)
The 7 and Z bosons can be motivated by comparing the electromagnetic interaction term in
Lagep (Equation 2.1),
. (2.14) 1. )
ejemAy =" (2]§§ +]§‘) Ay (2.26)

with the corresponding interaction terms in Lsymm (Equation 2.18),
1,. .
58 KBy + 875 Wy (2.27)

The interactions are equivalent when A, and similarly Z, for weak neutral currents, are de-
scribed by the orthogonal, normalized mixture of B, and Wﬁ,

A 6 in(6 B
< y> _ ( co.S( w)  sin( w)) ' < ;43) ‘ (2.28)
Zy —sin(fy) cos(Ow) Wy
The mixture represents a rotation by the weak mixing angle 6y, also called “Weinberg” angle,
given by tan(fyy) = ¢’/ ¢ and measured as sin?(fyy) = 0.23122 4 0.00004 in the SM [33].

The symmetric Lagrangian in Equation 2.18 neither exhibits mass terms for fermion fields nor
for gauge fields. While the photon is massless, W and Z bosons, as well as quarks and charged
leptons are observed to be massive particles. In the SM, mass generation is described by the
incorporation of a scalar field within Lpjges (Equation 2.17) that “spontaneously” breaks the
electroweak symmetry. This mechanism is discussed in the following section.

2.1.3 Spontaneous Symmetry Breaking

In continuation of the introduction of the electroweak Lagrangian density in Equation 2.17 of
Section 2.1.2, the mechanism of electroweak symmetry breaking is discussed in the following. It
explains how mass terms for W and Z bosons are generated by introducing a symmetric poten-
tial of a scalar field with an asymmetric ground state. The second part of this section describes
the coupling of the scalar field to the previously introduced fermion fields, called Yukawa cou-
pling, which gives rise to the mass terms of fermions.

The Higgs Lagrangian Lyjggs, i.e., the second summand in Equation 2.17, is defined as

Lriiggs = (D) (D) — V(9) (2.29)
g 3 g/
. . -y
with Dy, =9, +i a; Wy, +i% By, (2.30)

following the generator representation chosen in Equation 2.23, for a single weak isospin doublet

(Y =1, T? = 1/2) of two scalar fields,
Jr
¢(x) = (‘ZO 8) . (2.31)
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The peculiarity of the potential V in Equation 2.29 is its symmetric shape that allows for asym-
metric ground states,

2 A
vig) = -t + S (0') 232)

which is illustrated in Fig. 2.1. In configurations where the constants 2 and A are positive, the

$V(¢)

Im(6)
“Re(9)

Figure 2.1: Illustration of the Higgs potential V(¢). While the potential itself is symmetric and
satisfies gauge invariance, the ground state (purple sphere) is realized for all values on a circle
with radius ¢ = /2#*/, effectively breaking the symmetry for non-vanishing fields ¢.

symmetry is spontaneously broken when the minimum of V(¢) is obtained for non-vanishing
scalar fields ¢, which is fulfilled at

_ 1 (0 ih oy = 2H
= 7 (1/) with v = S (2.33)

The vacuum expectation value (VEV) v only depends on y and A. To perform perturbative
calculations, an expansion of Equation 2.31 around the VEV with ¢° — 1/v2(v + H + ix) is
required. Without restricting generality, the unitary gauge Re(¢™) = Im(¢*) = x = 0 can be
chosen owing to the symmetry of the ground state in V(¢). The scalar fields correspond to three
so-called Goldstone bosons, cannot be observed in nature, and transmute into the longitudinal
components of the physical W* and Z bosons. This yields

_ \2 <V f H) (2.34)

and the potential (Equation 2.32), expanded in powers of the real Higgs field H, becomes

2 2 2 2 2
Mgy Bt = Mgy m—fH3 + THpY, (2.35)

_ 2172
V=pH + 472 2 2 812

where the Higgs boson mass is identified as my = /2p?. The potential also exhibits triple and
quadruple Higgs boson vertices with couplings proportional to m2, /v and m?; /12, respectively.

Finally, the mass terms for the W’jt and Z, gauge fields emerge by applying the covariant
derivatives to the first summand of the spontaneously broken Lagrangian Lp;ges (Equation 2.29),
when utilizing the mixing of (W}, B;) into (Wf, Zy, Ay) of Equations 2.25 and 2.28 that results

10
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in diagonal mass terms,

1 1
mz = EWV my =58V = cos(Ow)mz. (2.36)

Compatible with observations in nature, the photon field A, remains massless.

Fermion Masses

The Lagrangian densities discussed in the previous paragraphs do not contain mass terms for
fermions. The symmetric term Lsymm in Equation 2.17 describes interactions of left- and right-
handed fermion fields with electroweak currents, whereas the Higgs potential and the resulting
mass terms for the W* and Z bosons are embedded in the second summand, ﬁHiggs. The sub-
sequent paragraphs address the last summand, Ly,kawa, Which introduces interactions between
the scalar Higgs field and the spin-1/2 fermion fields to attribute masses to the latter.

The mass generation mechanism can be demonstrated with the left-handed weak isospin dou-

blets and right-handed singlets of top and bottom quarks, (¢!, ¢?) ! ik, and ¢4, when neglect-
ing flavor-mixing effects. Under this assumption, the Yukawa coupling terms become

['Yukawa,t/b - _/\t(lI}tLr 1;’2)@!1/]5{ - )‘b(EBtL/ 775%)47110% (2.37)
with ¢y, = iong*, (2.38)

with the Yukawa coupling strengths A, , and the modified Higgs doublet ¢, for up-type quarks.
Many extensions of the SM, such as the minimal supersymmetric SM (MSSM), do not contain
this relation and hence, require two separate doublets. Applying the Higgs doublet of the spon-
taneously broken state (Equation 2.34) yields

ﬁYukawa,t/b = —\}(Atlﬁtlﬁt + Ab¢’b¢’b)(V + H) (239)

=—-A H-—Ay H. 2.40
t\/>11b¢ \[4’4’ \fll“l’ \fIl”IJ (2.40)
mt mb mt/V mb/V

The emerging mass terms for top and bottom quarks n1; and m;, respectively, are proportional to
the Yukawa coupling constants A; . Since the top quark is measured to have by far the highest
mass among all particles in the SM, precise experimental probes of Higgs-top couplings repre-
sent a powerful tool to test the mechanism of electroweak symmetry breaking and fermion mass
generation.

The inclusion of all three quark generations requires a generalized formulation of the Yukawa
coupling terms. In the following, this generalization is discussed in the scope of quark masses.
The approach can be adapted to leptons in a similar manner. Equation 2.39 can be extended to

.
Lyukawa = —PrMyr — PprM yp — 1PLM7PRH lPR&EULH (2.41)

where M is the non-diagonal fermion mass matrix as generated by the coupling to the Higgs
field. The matrix can be diagonalized using two unitary transformations,

Meiag = Vi M Ug, (2.42)

which is equivalent to a basis change of up- and down-type quarks given by the left-handed dou-

11
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blets ¢; and right-handed singlets ¢z in the symmetric term of the Lagrangian (Equation 2.18),

Yl — g = Vi g, pi — gl = viyf (2.43)
Pk — pi = Ug ¢k, Y — pF = Uk ¢ (2.44)

This transformation neither changes the couplings to neutral gauge fields nor to the scalar
Higgs field. It does, however, induce a mixing of mass eigenstates to interactions between left-
handed fermion doublets and charged gauge fields. This mixing is represented by the Cabibbo-
Kobayashi-Maskawa (CKM) matrix [33],

Vud Vus Vub
Vam = (V) ' VE= | Vg Vs Vi |, (2.45)
Via Vis Vi

and summarizes the projection of mass eigenstates into fermion fields at flavor-changing Wqq'
vertices. By construction, Vg is unitary (VTV = 1), which constrains its free parameters to
three mixing angles and a complex phase. The observation of CP violation in weak interac-
tions implies that this phase is different from zero. Moreover, the unitarity can be exploited to
achieve an over-constrained, global fit combining all separate measurements of the CKM matrix
elements, which results in amplitudes |V;;| of [33]

0.97446 £ 0.00010 0.22452 4 0.00044  0.00365 = 0.00012
Vekm = | 0.22438 +0.00044  0.97359709001%  0.04214 + 0.00076 | . (2.46)
0.00896 000022 0.04133 £ 0.00074  0.999105 = 0.000032

2.2 The ttH Process at Hadron Colliders

After the description of the particle content of the SM and the theoretical construction of the in-
teractions between them in Section 2.1, this section introduces the tfH process, which is subject
of the analysis presented in this thesis. The section starts with a phenomenological descrip-
tion of proton-proton collision physics and explains the concepts employed to model collision
events with characteristics that are comparable to real measurement conditions. The two sub-
sequent sections discuss features of the Higgs boson and the top quark, respectively, such as
production processes at hadron colliders, signatures of their decay modes, and latest results of
experimentally measured properties. Following this, the tfH process and important background
contributions from other physics processes are presented. The production of a top quark pair
with additional heavy-flavor jets, e.g. from tf-+bb or tf+c¢ processes, is particularly important as
it constitutes the major background to this analysis. Additional jets can either emerge within or
close to the hard process initiated by quark or gluon radiations, or they arise in later stages of the
jet formation, namely parton showering and hadronization. The theoretical description of these
processes is challenging and thus, distinct and model-independent process definitions based on
measurable quantities are necessary for the study of event topologies. The section closes with
the description of the tfH decay channels that are studied in this analysis, followed by a sum-
mary of experimental results measured in previous analyses performed by the CMS and ATLAS
collaborations.

2.2.1 Hadron Collider Physics

Particle colliders are designed to accelerate two beams of particles in opposite directions up to a
certain kinetic energy and induce collisions whose products can be studied in adjoining particle

12
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detector experiments. In contrast to linear variants, circular colliders have the advantage that
particles pass accelerating sections once every revolution to gradually increase their energy. On
the downside, particles emit synchrotron radiation with an energy loss proportional to (E/m)*
when undergoing radial acceleration to maintain a circular trajectory. Since the energy loss
of electrons poses a technically limiting factor at high center-of-mass energies, v/s = 2 X Epeam,
colliders such as the LHC use protons, which results in a reduction by a factor of (,/ me)4 ~ 1013,

Protons are not elementary particles but hadrons and consist of three valence quarks, specif-
ically two up quarks and one down quark, and a sea of gluons and quark-antiquark pairs. The
term “parton” is commonly used throughout literature to describe a generic hadron constituent.
The collision of two protons must be understood as the interaction of two partons i and j that
carry only a fraction of the total proton momenta x; and x;, respectively. These fractions are
described by parton distribution functions (PDFs) and exhibit a dependence on the momentum
transfer Q% and on the particular flavor of the involved parton, i.e., u, d, ¢, s, b, or g. Exemplary
PDFs for the NNPDF3.0 set with a; = 0.118 are shown in Fig. 2.2 for a low momentum trans-
fer Q> = 10GeV? on the left-hand side, and for a high momentum transfer Q> = 10* GeV? on
the right-hand side [33, 45]. The figures show separate distributions for the valence quarks u,

4
1

1

NNPDF3.0 (NNLO)
Q2 =10 GeV? ]

g/10 ]
Q2 =104 GeV? |

x-f(x, Q2)

= 0.4
3 0.3
. 0.2

7 0.1

Ll TR RN —

102 10" 1 10

102 107 1
X X

Figure 2.2: Parton distribution functions x - f(x, Q) for the PDF set NNPDF3.0 with a; = 0.118
[33]. The momentum transfer scales Q? are chosen as 10 GeV? (left) and 10* GeV? (right). The
higher scale also involves bottom quarks. Contributions of the valence quarks u, and d, are
shown in addition to the total up and down quark functions, respectively. Gluon distributions
are scaled by a factor of 0.1.

and d,, and for partons associated to the sea. In accordance with the general perception, there
is a high probability for valence quarks to carry a large fraction of the proton momentum. Sea
quarks predominantly contribute with low momentum fractions, whereas gluons also yield a
significant amount in higher regimes of x. At high values of Q? (Fig. 2.2, right), the contribution
of sea partons gains relevance. In particular, values of the gluon PDF exceed those of sea and va-
lence quarks up to fractions x of approximately ~ 10 %, which, in further consequence, causes
processes such as ttH production to be mainly induced by gluon-gluon interactions (cf. Sec-
tion 2.2.4).

PDFs are typically inferred by measuring hadron structure functions in deep-inelastic lepton-
hadron scattering processes. Among others, measurements were conducted in electron-proton
collisions at the Hadron-Elektron-Ring-Anlage (HERA) accelerator [46, 47], or in fixed-target
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neutrino-nucleus scattering studies with the CCFR/NuTeV experiments [48]. Various groups
performed global fits of the sum of weighted PDFs to hadron structure functions measured by
different experiments [33]. This analysis uses the NNPDF3.0 set with a; = 0.118 as recom-
mended by the PDFALHC group for the second run of the LHC [49, 50].

The total cross section of a process pp — X can be formulated using the factorization theorem,

partons

olpp = X|V5) = % [0l = XV ki) filxy, i) i p)dnidxs,  (247)

which sums over all possible parton combinations i, j, and separates PDFs from cross sections
at parton-level ¢ at a reduced center-of-mass energy v/§ = |/x1x25. The situation is visualized
in Fig. 2.3. In addition, the factorization scale y? is introduced to control the description of
quark-gluon interactions. Interactions with Q? < y2 are absorbed directly into the PDF, whereas
those with high momentum transfer, Q> > ;412@, are to be considered within the parton-level
cross section. The renormalization scale y% defines the scale for the strong coupling constant a;
calculation (cf. Section 2.1.2). Typically, a consistent scale yr = pr is selected, which resembles
the momentum scale of the hard scattering process, e.g. m; for processes involving top quarks.
The fixation to a singular value is accounted for in experimental applications with systematic
uncertainties using independent variations of yr and pr by factors of 1/2 and 2.

Figure 2.3: Diagram of the factorization in a hard scattering process between two hadrons into
the parton-level cross section ¢ and the parton distribution functions f(x, u2) describing the

probability for partons to carry the hadron momentum fraction x at the factorization scale y%
[51].

After applying the factorization theorem to describe hard scattering processes, the energy
scale of emerging particles typically exceeds the QCD renormalization scale, Q> > u%, so the
strong coupling constant «; is sufficiently small for perturbative calculations to converge. For
quarks, the evolution of the scale down to a certain cutoff value is described by “parton show-
ering”. It introduces recursive splittings 4 — g¢ and subsequently ¢ — g7 in a well-defined
order of the involved partons based on their splitting probability, which can be calculated in
any order of as. Particles with energies below the cutoff scale are not considered for splittings
anymore. This approach is usually implemented in Monte Carlo (MC) event generators [52].
While the prescription of matrix elements obtained from perturbative calculations is most effec-
tive for hard and large-angle emissions, parton showering yields superior efficiency for soft and
collinear radiations. Therefore, a “matching” algorithm is employed to mediate between the two
descriptions based on kinematic variables such as emission angle and momentum [53, 54].
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Finally, when the energy scale falls below the QCD renormalization scale, Q> < u%, and
strong coupling must be considered, perturbative calculations loose relevance. To describe this
“hadronization” process, event generators must rely on phenomenological models, such as the
Lund string model [55], which are subject to tuning. Thereafter, unstable hadrons are consid-
ered to decay until only stable, final-state particles remain. The result is a jet of collimated, stable
hadrons as well as leptons from decays of unstable hadrons. The combined four-momentum of
all jet constituents is supposed to resemble the four-momentum of the initial quark. There-
fore, jet clustering algorithms represent a powerful tool to infer kinematic quantities of the hard
scattering process. Typical methods are the k;, anti-k;, and Cambridge-Aachen (CA) clustering
algorithms [56-59]. An illustration of the event modeling procedure is shown in Fig. 2.4.

Additional, residual effects need to be taken into account in the modeling of proton-proton
collisions. Apart from the partons that contribute to the hard scattering process, remnants of
the colliding protons must form color-neutral hadrons under influence of QCD color confine-
ment (cf. Section 2.1.2). As they potentially exchange color charge with particles caused by the
hard interaction, the effects of this “underlying event” are considered in simulations. Also, it
is possible that multiple parton-parton interactions with large momentum transfer occur within
the same proton-proton collision. They can overlap, interfere, and lead to indistinguishable de-
tector responses. A third influence results from the fact that protons are accelerated in bunches
of ~ 10!! particles to increase the rate of interesting physics processes that emerge during each
bunch crossing. These “pileup” collisions can be simulated by superimposing final-state parti-
cles of minimum-bias interactions that match beam parameters and luminosity conditions.

Proton + PDF
Initial state
Hard process

Hadron decay

Underlying event

Figure 2.4: Illustration of a tfH event as generated by a Monte Carlo event generator [60]. Quarks
and gluons in the initial state (blue) contribute with fractions of the energy of the colliding pro-
tons according to PDFs. The hard interaction and additional hard QCD emissions are shown in
red. An underlying event interaction is visible in purple. After parton showering and hadroniza-
tion of intermediate hadrons (light green), the decay into the final state takes place (dark green).
Additional photon radiations are added in yellow.
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2.2.2 The Higgs Boson

The Higgs boson represents the quanta of the scalar field that is introduced in the discussion
of electroweak symmetry breaking in Section 2.1.3. The mechanism explains how W and Z
bosons acquire their mass while the photon remains massless. By extension, fermion masses
are generated via Yukawa interactions between the scalar Higgs field and the spin-1/2 fermion
fields. In the SM, the Higgs boson is expected to be electrically neutral and scalar, i.e., it is free
of spin and CP-even (J¥ = 07), with a theoretical decay width of about 4 MeV [33].

Production processes

At proton-proton colliders such as the LHC, four significant production processes exist at ac-
cessible center-of-mass energies, which are described in the following. The energy-dependent
cross sections are presented in Fig. 2.5a for a Higgs boson mass of mpy = 125GeV. Predictions
are calculated in different orders of perturbation theory whereas their uncertainties stem from
variations of PDF models, renormalization scales, and factorization scales (cf. Section 2.2.1). The
corresponding Feynman diagrams and cross sections at /s = 13 TeV are depicted in Fig. 2.6.
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Figure 2.5: a) Higgs boson production processes and their cross sections as a function of the
center-of-mass energy +/s [7]. b) The branching ratios of the Higgs boson as a function of its
mass [7].

With a cross section of o = 48.58 pb at N3LO, the dominant production mechanism originates
from the fusion of two gluons and a virtual loop of heavy quarks (ggH, Fig. 2.6a) [7]. Due to
their high masses, the top quark and, to a lesser extent, the bottom quark mainly contribute to
the loop calculation.

The second most common production process, namely vector boson fusion, exhibits a cross
section that is one order of magnitude smaller with ¢ = 2.782 pb (VBE, Fig. 2.6b) [7]. The value is
calculated at approximate NNLO with electroweak accuracy corrections at NLO (NNLO QCD +
NLO EW). Here, two Z bosons or oppositely charged W bosons are radiated from quarks in the
initial state and produce a Higgs boson. The accompanying, remnant quarks tend to be spatially
separated and their topology can be exploited to identify this process.

In the third production process, a Higgs boson is radiated off a Z or W boson (VH, Fig. 2.6b)
[7]. Compared to VBEF, this so-called Higgs-Strahlung contains just one Vggj/q’ vertex, which
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(a) Gluon-gluon fusion (ggF), o = 48.58 pb.

(c) Higgs boson radiation (VH), o = 2.257 pb. (d) tf associated production (tfH), o = 507.1 fb.

Figure 2.6: Feynman diagrams and cross sections of the four most significant Higgs boson pro-
duction processes at hadron colliders at /s = 13 TeV and my = 125GeV [7].

should in general lead to a higher cross section. However, the initial state with an antiquark
from the parton sea is less probable as predicted by PDFs (cf. Section 2.2.1) and results in a
comparable cross section of o = 2.257 pb (NNLO QCD + NLO EW).

With a cross section of o = 507.1 fb (NLO QCD + NLO EW), two orders of magnitudes below
ggH, the least common of the four processes is the production of a Higgs boson in association
with a top quark pair (tfH, Fig. 2.6d) [7]. As opposed to ggH, the coupling involves non-virtual
top quarks and allows for a direct measurement of the Higgs-top Yukawa interaction in the
light of electroweak symmetry breaking. In this context, the production of a Higgs boson with a
single top quark (bottom curve in Fig. 2.5a) is potentially a second candidate, but due to negative
interference of leading-order diagrams, its cross section is drastically reduced. Therefore, the
analysis presented in this thesis focuses on tfH production.

Decay channels

The following paragraphs discuss the possible Higgs boson decay modes at a mass of
mpy = 125GeV. They can be divided into vector boson, fermion, and loop-induced decays. A
visualization of the branching ratios (BR) as a function of mp is shown in Fig. 2.5b.

The decay into a pair of bottom quarks, H — bb, yields the highest branching ratio (58.2 %).
Among the other decays into fermions, this is followed by H — t7 1~ (6.72 %). The detection
of these channels is challenging due to the vast contamination of jet backgrounds and therefore,
analyses additionally consider unique event signatures of VH or tfH production. The decay
channel H — ¢¢ (2.9 %) is even more challenging and highly depends on sophisticated algo-
rithms for reconstructing the initial quark flavor. Further decays into fermions (uil, dd, s3, uji)
have vanishingly low branching ratios and are experimentally dominated by backgrounds.

Decays into vector bosons are restricted to pairs of W (21.4 %) and Z bosons (2.6 %). Despite
their high masses, these decay channels are suppressed since the Higgs boson is too light to
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decay into two vector bosons on their mass shell, i.e., the relation E? = p2 + m? is not fulfilled,
which is often indicated by an asterisk. Further decays into purely leptonic final states, such
as H — ZZ* — 17171717, lead to very clear signatures with reasonably small background
contributions and are well suited for measuring Higgs boson properties.

Similar to the Higgs boson production via fusion of massless gluons, decays into bosons can
be induced by (triangle-)loops. Quark loops, mostly involving top quarks, effectively enable the
decay channels H — gg, Zv, 7. The latter, H — <7, is also realizable through a W boson
loop and has a rather small branching ratio (0.2 %). Owing to its experimental mass resolution
of 1-2 % [33], it still had a significant impact on the first observation of Higgs boson production
in 2012 [5, 6]. Although the decay into gluons has a sizable branching ratio (8.2 %), it is unlikely
to be detected at hadron colliders.

Measured properties

Since its first observation in 2012, various measurements of the Higgs boson’s properties were
conducted by the ATLAS and CMS collaborations. All of the aforementioned production pro-
cesses could be observed with significances of at least five standard deviations above expected
background contributions [5, 6, 8, 9, 11]. Furthermore, decays into pairs of vector bosons, WW*
[61, 62], ZZ* [63], and 7 [64, 65], as well as into fermions, 777~ [12] and bb [10, 11], were
observed. Fig. 2.7 summarizes current results of Higgs boson coupling measurements as per-
formed by the CMS collaboration. It shows central values and uncertainties on signal strength
modifiers of particular production processes subdivided into accessible decay channels. Within
their measurement uncertainties, all results are compatible with predictions of the SM. There-
fore, it could be clearly established that the observed Higgs boson is electrically neutral.

Its mass is determined with a high precision of ~ 0.1 % as [33]
my = 12518 £ 0.16 GeV = 125.18 £ 0.14 (stat) £ 0.06 (syst) GeV. (2.48)

The value is the average of a combined measurement of the ATLAS and CMS experiments at
/s =7 and 8 TeV [67], and a measurement in the H — ZZ* — [T]7["]~ channel at /s = 13 TeV
by the CMS experiment [68]. It is not expected that measurements at the LHC can directly
observe the theoretical decay width of approximately 4 MeV. An upper limit on the decay width
of the Higgs boson at 95 % confidence level could be set to 13 MeV by measurements in the WIW*
and ZZ* decay channels [68-71].

Moreover, spin and parity properties were thoroughly studied. By means of the Landau-Yang
theorem [72, 73], the observed decay into two photons disproves the hypothesis of a spin-1
particle. Further tests were conducted using hypotheses of CP-even and CP-odd Higgs bosons
with spins of up to 2 [63, 74-81]. All results favor a scalar and CP-even configuration, JP =0t.

So far, all measurements are compatible with SM predictions and searches for additional
Higgs bosons that can only be explained by models beyond the SM were conducted without
finding significant evidences. However, the accuracy of analyses in the Higgs sector is still
evolving and signs of new physics may be observed in the future.

2.2.3 The Top Quark

The existence of the top quark was suggested in 1973 based on the incompatibility between
the observed CP violation and models containing only two generations of quarks [82]. The
first experimental observation was reported by the CDF and DO collaborations at the Tevatron
proton-antiproton collider at a center-of-mass energy of /s = 1.8 TeV using data corresponding
to integrated luminosities of 67 pb~! and 50 pb~!, respectively [83, 84]. The following para-
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Figure 2.7: Measurement of signal strength modifiers y; of Higgs boson production pro-
cesses i subdivided into accessible decay channels f, performed by the CMS collaboration at
Vs = 13TeV [66]. The SM prediction of yz-f = 1 is represented by the vertical dashed line.
Black markers represent the best fit values, whereas the horizontal lines denote CL intervals
corresponding to one standard deviation. Hatched areas indicate signal strengths which are
restricted to non-negative values.
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graphs discuss its properties, production processes at proton-proton colliders, and typical decay
signatures.

The top quark carries an electrical charge of Q = 42/3¢, a half-integer spin of 1/2, and is
subject to all three fundamental forces described by the SM. With a mass of m; = 173.0GeV,
it is approximately as heavy as a tungsten atom and exhibits the largest Yukawa coupling to
the Higgs field among all elementary particles. Therefore, the accurate measurement of Higgs-
top coupling is essential for probing predictions of the SM and to constrain various models that
reach beyond it. Due to its short lifetime of 7; ~ 5 - 1025, it decays before hadronization occurs,
which gives particles physicists the unique opportunity to study the decay of a bare quark.

Production processes

At proton-proton colliders, top quarks are predominantly produced as quark-antiquark pairs in
processes involving strong interactions (tf). A leading-order Feynman diagram of this top quark
pair production is shown in Fig. 2.8a. When considering higher orders, the tf system is often
accompanied by emissions of additional jets. These processes constitute a major background to
the tfH (H — bb) analysis presented in this thesis and is discussed further in Section 2.2.4.
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(a) Top quark pair production. (b) Single top quark production (t-channel).

Figure 2.8: Feynman diagrams of two prominent top quark production processes. The diagrams
illustrate top quark pair production (a), and t-channel single top quark production in the four-
flavor scheme (4FS) (b).

The process in Fig. 2.8a is initiated by two gluons with a t-channel top quark propagator. The
interaction gg — tf is in general also possible in the u-channel, as well as in the s-channel with a
gluon propagator. In contrast, tf production initiated by quarks, g7 — tf, is only realizable in the
s-channel and also requires an antiquark from the parton sea, which is less probable according to
PDFs (cf. Section 2.2.1). Therefore, at /s = 13 TeV, gluon-initiated processes contribute approxi-
mately 90 % of the total tf production [33]. Considering a top quark mass of m; = 172.5GeV, the
cross section is determined as

0y = 831.76 1077 (scale) & 35.06 (PDF+as) T2318 (mass) pb (2.49)

at NNLO with next-to-next-to-leading-log (NNLL) resummation techniques [15-27]. The uncer-
tainties are estimated by varying the renormalization and factorization scales, ugr = pur = m,
independently by factors of 1/2 and 2 (scale), by a combined treatment of PDF and a; uncertain-
ties using different PDF sets as recommended by the “PDF4LHC” group [22] (PDF+u«;), and by
varying the mass of the top quark by +1 GeV in the calculation (mass).

In the second group of processes, a single top quark is produced via weak interactions. Three
production channels can be distinguished based on the function of the involved W boson. In
the t-channel process, a W boson is exchanged between two quarks in the initial state. One of
them is required to be a bottom quark in order to produce a top quark at the Wb vertex, which is
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2.2 The ttH Process at Hadron Colliders

subject to the CKM matrix element |V};| =~ 1 [33]. In the so-called “five-flavor scheme” (5FS), the
probability to obtain a bottom quark from the parton sea is relatively small (Fig. 2.2). By means
of the QCD factorization theorem (cf. Section 2.2.1), the hard parton interaction can be described
using a higher order wherein the bottom quark originates from a gluon in the initial state. This
approach is referred to as “four-flavor scheme” (4FS). A t-channel Feynman diagram in the 4FSis
exemplarily depicted in Fig. 2.8b. The tW-channel is not inspired by the system of Mandelstam
variables. The term tW rather states that the single top quark is produced in association with a
W boson, which is realized through a gluon and a bottom quark in the initial state, and either a
time-like bottom quark propagator or a space-like top quark propagator. In the s-channel, two
quarks in the initial state annihilate into a virtual, time-like W boson propagator, producing a top
quark and an accompanying bottom quark. Assuming a top quark mass of m; = 172.5GeV and
renormalization and factorization scales of yg = ur = m;, the net cross section of all production
processes amounts to 299.0f§:2 pb [22-26, 85-87]. Uncertainties are obtained with approaches
similar to those employed for top quark pair production as described above.

Decay channels

The top quark decays exclusively via weak interactions. In addition to a W boson, the decay
almost always involves a bottom quark due to the CKM matrix element of |V;,| ~ 1. Other
down-type quarks are theoretically allowed but highly disfavored due to corresponding, van-
ishing off-diagonal values. The implications on top quark pair processes are discussed in the
following. Latest results on branching ratio calculations are taken from Ref. [33].

The W boson decays into hadrons with a branching ratio of BRp,qr = 0.6741 £ 0.0023. The
most frequent decay channels are W /W~ — ud/iid and WT /W~ — ¢5/¢s, which hadronize
and lead to jets in the experimental signature. Depending on the momentum of the W boson
and the decay angle relative to its motion, the two jets might experimentally not be resolvable
as such. The resulting object is often called “fat jet” and studied with subjet algorithms [88].
Leptonic decays of the W boson are, within their uncertainties, evenly distributed over the three
generations due to lepton flavor universality. The branching ratios for the decays into electrons
and muons, including their corresponding neutrinos, are BR,, = 0.1071 £ 0.0016 and BR,, =
0.1063 £ 0.0015, respectively. Decays involving tau leptons are not considered in the analysis
presented in this thesis. They decay weakly into further hadrons, e.g. 7= — v.g7, or into
additional leptons, e.g. T~ — v¢p~ 7, which are potentially confused with those of the primary
W boson decay.

The decay of a pair of top quarks can be characterized by the decays of the subsequent W
bosons. Three distinct channels can be distinguished.

full-hadron (FH) Both W bosons decay into quarks, leading to six jets in the final state. Al-
though the branching ratio is sizable (45.4 %), analysis are challenging due to background
contributions from multijet processes and combinatorial ambiguities in the reconstruction
of the event.

dilepton (DL) Both W bosons decay into leptons, leading to two jets, two charged leptons, and
two neutrinos in the final state. Albeit the combined branching ratio is the smallest (10.6 %),
the signature with two oppositely charged leptons is distinct. Furthermore, the event re-
construction is challenging as the neutrinos are neither detectable nor unambiguously re-
coverable using the measurement of missing transverse energy and exploiting transverse
momentum balance.

single-lepton (SL) One W boson decays into hadrons while the other one decays into leptons,
leading to four jets, one charged lepton, and one neutrino in the final state. Compared to
the full-hadron channel, the branching ratio is similar (44.0 %) but isolation requirements on
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2 The ttH Process in the Standard Model of Particle Physics

the charged lepton can significantly suppress multijet backgrounds. Also, the momentum
vector of the single neutrino can be reconstructed with reasonable efficiency using a missing
transverse energy measurement in combination with a constraint on the W boson mass in
order to reconstruct the full event kinematic.

The branching ratios of the decays of two W bosons are summarized in Table 2.3. The thesis
at hand focuses on the single-lepton and dilepton channels with electrons or muons in the final
state. Their combined branching ratio amounts to BRy;g; ,pr. = 33.3 = 0.3 %.

W decays ‘ hadronic leptonic (e, 1)
hadronic BR}Zmdr BRhadr : (BRev + BRyV)
4554+ 0.3% 14.44+0.2%
BRpadr (BRev + BRyv) (BRev + BRW)Z

leptonic (e,
eptonic (e, ) 144 +02% 4.6+0.1%

Table 2.3: Combined branching ratios of two W bosons regarding decays into hadrons and lep-
tonic decays into electrons and muons. Decays involving tau leptons are not considered. Values
are taken from Ref. [33].

2.24 Signal and Relevant Background Processes

This section discusses characteristics and properties of the tfH signal process and relevant back-
ground processes in the context of the analysis presented in this thesis. A specific process is
considered as a background to an analysis if it cannot be distinctively separated from the signal
process by requiring specific thresholds, or “cuts”, on measurable observables. This definition
also implies that the number of signal events remains on a reasonable level when a set of cuts
is applied. The high-dimensional space defined by the domains of kinematic observables is
referred to as the “phase space”.

Experimental observables are derived from measurements of final state objects, i.e., photons,
leptons, and stable hadrons which are clustered into jets. Therefore, relevant background pro-
cesses can be determined by studying their final states in simulations while varying phase space
selection criteria and monitoring their impact on the yield of the signal process. Various ef-
fects can cause two processes to appear similar although their nominal final states are different.
Objects might be misidentified, undetectable due to fiducial limitations or detector resolution
effects, or they emerge from additional emissions. Background processes selected by this means
are presented in the second part of this section.

Signal process

The presented analysis performs a search for {fH production and, due to the high branching
ratio, focuses on Higgs bosons decaying into a pair of bottom quarks. The bottom quarks
hadronize and form b hadrons, whose lifetime of ) &~ 1.6 - 10~'2s is relatively long [33]. This is
due to the fact that bottom quarks only decay via electroweak interactions and the decay ampli-
tudes are subject to the small off-diagonal CKM matrix elements V;, and V,; (cf. Section 2.1.3)
since decays into top quarks are suppressed by the significant mass difference. As a result, b
hadrons travel a measurable flight distance before decaying at a secondary vertex, which can
be identified by reconstructing and extrapolating trajectories of the decay products. Typical dis-
tances at a momentum of p, = 100GeV are d = ctp,/m, ~ 1cm. In case a jet is identified to
originate from a b hadron decay, it is attributed a so-called “b tag” (cf. Section 3.3.6).
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Under the assumption that the Higgs boson decay occurs perpendicular to the direction of its
motion, the spatial angle between the two jets in the observer’s reference frame at typical mo-
menta of py = 100 GeV amounts to ¢ ~ 103°. Therefore, one can estimate that in the majority
of cases the two jets exhibit a sufficiently large spatial separation, allowing for their resolved
measurement and identification based on features of displaced secondary vertices.

Signal processes in which the Higgs boson decays into particles other than a pair of bottom
quarks, suchas H - WYW~ and H — 177, are taken into account in the following. Despite
their minor expected yield due to smaller branching ratios and different final-state signature,
events of those processes can potentially pass phase space selection criteria and contribute to
the total number of {fH signal events.

Moreover, the decay of the tf system is considered in the single-lepton and dilepton decay
channels (cf. Section 2.2.3). A corresponding leading-order Feynman diagram is presented in
Fig. 2.9a. It should be noted that more diagrams exist to describe t{H production. An example
is the production of a pair of top quarks (cf. Section 2.2.3) where one top quark emits a Higgs
boson. Similarly to generic tf production, gluon-initiated processes have the largest contribution
to the total tfH cross section at /s = 13 TeV [33].

() (b)

Figure 2.9: Feynman diagrams showing tfH (H — bb) (a) and tf+bb production (b) in the
single-lepton and dilepton tf decay channels. Their final state is identical and despite differ-
ent spin and color charge relations, the event topology is quite similar. It should be noted that
more possible diagrams exist for both processes.

In total, the measurable final state consists of six jets and an isolated lepton in the single-lepton,
and four jets and two isolated leptons with opposite charge in the dilepton channel, respectively.
In both cases, four jets are supposed to originate from b-hadron decays and a significant amount
of missing transverse energy is expected due to the non-detectable neutrinos. Given the high
combinatorial complexity due the number of jets and the typical detector resolution of jet ob-
servables, the full reconstruction of the event is rather challenging. The net cross section is

U4fH,bb,SL+DL — UtfH * BRHﬁbE ’ BRtE,SL+DL =984 J—rgﬁg fb, (2.50)

which corresponds to ~ 3500 produced events in the dataset recorded by the CMS detector in
2016 with an integrated luminosity of 35.9 fb~1.
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Background processes

The most dominant background contributions to the signal process discussed above arise from
top quark pair production (cf. Section 2.2.3). In comparison, its inclusive cross section, calculated
at NNLO with NNLL resummation [15-27], is larger by a factor of ~ 2800 given the same final
states of the tf system. Especially in the event of additionally emitted, heavy-flavor jets (tf+hf),
i.e., jets originating from bottom or charm quarks, the final states are very similar. Fig. 2.9b
exemplarily shows a Feynman diagram of top quark pair production with an additional bottom
quark pair induced by the splitting of a gluon. Despite differences caused by the spin and color-
charge of the gluon, the process is very similar to the tfH (H — bb) signal process in terms of
final-state content and kinematic topology.

The theoretical description of the production mechanisms of these tf+hf contributions is am-
biguous. For example, processes with additional bottom quarks can be modeled via gg — tfg
matrix element calculations in (N)LO with collinear ¢ — bb splittings in the parton shower,
gb — ttb production using 4FS and 5FS calculations, or solely via collinear gluon splittings in
the parton shower [29-31, 89]. Currently neither higher-order theoretical calculations nor exper-
imental methods can constrain expected rates with an accuracy better than 35 % [28-31].

However, a clear and robust process definition is required in the scope of this analysis for two
particular reasons. First, production processes might be subject to different theoretical uncertain-
ties, which must be properly assigned to establish a reasonable modeling of recorded collision
data with simulated events. Second, common analysis strategies are based on the separation of
signal and background contributions to define specific signal- and background-enriched phase
space regions in which the measurement is performed. In the presented analysis, the most rele-
vant background contributions are also separated from each other (cf. Sections 4 and 7). In case
of inadequate process definitions, the efficiency of this separation approach is impaired, which
in turn reduces the measurement sensitivity.

The definition of the particular tf subprocesses is described in the following. After the sim-
ulation of events using matrix element generators, parton showering, and phenomenological
hadronization processes (cf. Section 2.2.1), final state particles are clustered into jets using the
anti-kr algorithm with a distance parameter of AR = 0.4. If a jet can be associated to the hard
scattering process, i.e., if it originates from the top quark or hadronic W boson decays, or if it
exhibits a transverse momentum below 20 GeV, it is rejected in subsequent considerations. The
clustering history of the remaining jets is traversed backwards up to the hadronization stage
and contains, in particular, the decays of unstable hadrons. Based on this, five tf subprocesses
are defined by counting the numbers of additional jets and contained b and ¢ hadrons, whereby
hadron flavor information is determined using the “ghost association” method [90, 91].

e tf+bb: The event has at least two additional jets, which each contain at least one b hadron.
e tf+b/b: The event has one additional jet, which contains exactly one b hadron.
e tt+2b: The event has one additional jet, which contains at least two distinct b hadrons.

e tt+cc: None of the above criteria applies and the event has at least one additional jet, which
contains at least one ¢ hadron.

e tt+1f: None of the above criteria applies for the event.

In the following, these five processes are also referred to as tf+X, while the first four describe
events with additional heavy-flavor jets, tf+hf. Since the algorithm is based on final-state par-
ticles, i.e., particles after hadronization, the tf+X process definitions themselves can be seen as
phenomenological. In particular, they depend on the choice of the matrix element generator and
parton shower algorithm, which must be taken into account by considering appropriate system-
atic uncertainties in the statistical treatment.
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Besides the five tf+X processes discussed above, four additional groups of processes are in-

cluded in the description of the overall expected background. Although their nominal final
state signatures are relatively different, additional emissions of jets, object misidentification, and
comparably large cross sections necessitate their consideration. They are discussed in the fol-
lowing within groups that are employed throughout the thesis at hand. A summary of their
cross section is presented in Table 2.4. If not stated otherwise, cross sections are calculated at
Vs = 13TeV, assuming m; = 172.5GeV, my = 80.398 GeV, and mz = 91.1876 GeV.

Single t/t: Production of a single top (anti)quark as introduced in Section 2.2.3. The t- and
s-channel cross sections are calculated in NLQ QCD [22-26, 85, 86], whereas the tW-channel
is known up to NNLO [87].

V+jets: Processes involving the production of a single W or Z/y* vector boson and additional
jet emissions. These processes can resemble the signal process especially in the event of decays
into (charged) leptons. To ensure a more precise background composition, different phase
space regions are modeled separately using different intervals of the scalar sum of transverse
momenta Hr, and, in addition for Z/+* bosons, using the combined dilepton mass m1;;. The
cross sections stated in Table 2.4 are calculated in LO using the MADGRAPH5_aMC@NLO
program [53, 92-95].

Diboson: Production of a pair of vector bosons, i.e., WW, WZ, and ZZ. The cross section
for WW production is obtained at NNLO QCD using a fixed renormalization and factoriza-
tion scale corresponding to my [96]. WZ and ZZ processes are calculated in NLO using the
MCEFM (v6.6) program at scales of (my + mz)/2 and myz, respectively [97, 98].

tt+V: Production of a top quark pair in association with a W or Z vector boson. Although
these processes are rare, especially hadronic decays of the additional vector boson lead to a
final state that is very similar to the signal process. Cross sections are calculated with NLO
accuracy using the MADGRAPH5_aMC@NLO program [53, 92-95].
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Process ‘ Channel / phase space Cross section References
_ H — bb 295.3 +38% (scale) + 3.6% (PDF
FH — bl_) 95.3 7%40 (scale) =+ 3.6% ( ) fb 7, 33]
H - bb 211.8 73757 (scale) = 3.6% (PDF) fb
t inclusive 831.76 T1957 (scale) & 35.06 (PDF) pb [15-27]
t 136.02 2% (scale) + 3.52 (PDF
t-channel : 36.02 "o (scale) £ 352(PDR) PE 1) 16 g5 56)
t 80.95 717 (scale) &= 3.18 (PDF) pb
Single t/f \ tW-channel t/f 35.85 4 0.90 (scale) 4 1.70 (PDF) pb [87]
t 6.35 1218 (scale) 4 0.14 (PDF) pb
s-channel : L1 (scale) (PDE)PD 1) 26, 85, 86]
t 3.97 T oo (scale) £ 0.15 (PDF) pb
70 < Hr < 100 1319 pb
100 < Hr < 200 1345 pb
200 < Hy < 400 359.7 pb
4 Hyp < 48.91 pb
W Wy S0 s o0 So1p [53, 92-95]
600 < Hr < 800 12.05 pb
800 < Hy < 1200 5.501 pb
1200 < Hy < 2500 1.329 pb
Hy > 2500 32.16 fb
70 < Hr < 100 302.2 pb
2y W<t e o
5<my <50 < AT s “UP [53,92-95]
400 < Hr < 600 3.581 pb
Hr > 600 1.124 pb
. 70 < Hr < 100 175.3 pb
24 100 < Hy < 200 147.4 pb
200 < Hy < 400 40.99 pb
Z/y* =11 400 < Hr < 600 5.678 pb
v < HTS p [53, 92-95]
my; > 50 600 < Hr < 800 1.367 pb
800 < Hy < 1200 630.4 fb
1200 < Hy < 2500 1514 fb
Hy > 2500 3.565 fb
WW ‘ inclusive 118.7 *25% (scale) pb [96]
Wz ‘ inclusive 47.12 £ 1.78 (scale) £ 2.24 (PDF) pb [97, 98]
77 ‘ inclusive 31.73 £ 1.02 (scale) & 1.19 (PDF) pb [97, 98]
B} W — 1 204.3 fb
W - 53, 92-95]
W — qq 406.2 fb
B} z 252.
HZ — /v 52.9fb 53, 92-95]
Z —qq 529.7 tb

Table 2.4: Signal and background cross sections at y/s = 13 TeV that are used throughout this
analysis. The dilepton mass m;; and the sum of transverse jet momenta Hr are given in GeV. Un-
certainties denoted by “PDF” include &, variations. Cross sections involving top quarks assume
renormalization and factorization scales of yg = pr = m; = 172.5GeV.
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2.2.5 Results from Previous Searches

This section summarizes the results of previous searches for tfH production with H — bb de-
cays in the single-lepton and dilepton tf decay channels. Various analyses were performed by
the CMS and ATLAS experiments using proton-proton collisions provided by the LHC at mul-
tiple center-of-mass energies. Table 2.5 presents upper limits at 95 % confidence level, measured
ttH signal strength modifiers, and corresponding significances describing the excess over the
background expectation in units of standard deviations. It should be noted that the analysis in
the single-lepton channel, which dominates the overall tfH (H — bb) sensitivity, as presented
in this thesis is part of the stated result of the CMS experiment at /s = 13 TeV [14].

All results are compatible with expectations derived from the SM. To date, the most sensitive
search is performed by the CMS experiment at /s = 13 TeV. Given recorded collision data cor-
responding to an integrated luminosity of 35.9 fb~!, the background-only hypothesis, i.e., the
absence of tfH production, is excluded with a confidence better than 95 % (expected limit). The
signal strength modifier, u = o /ogy, of 0.72 £ 0.45 is in reasonable agreement with the SM ex-
pectation within experimental, theoretical, and statistical uncertainties. The significance over
the expected background contribution is observed to be 1.6 ¢, while a value of 2.2 ¢ is expected
from simulations.

In addition, the cross sections for /s = 8 and 13 TeV are visualized in Fig. 2.10 along with
the theoretical prediction and its uncertainty entailing variations of renormalization and fac-
torization scales, particle density functions, and «; values [7]. The cross sections are extracted
by scaling the signal strength modifiers with the SM prediction at the respective center-of-mass
energies. None of the listed searches initially constrain the signal strength modifier to posi-
tive values and therefore, transformed cross sections and their uncertainties can overlap with
unphysical negative values. With increasing measurement significance this circumstance is ex-
pected to vanish.

At /s = 13TeV, the measurement uncertainties of both experiments are dominated by con-
tributions from systematic effects. In the analysis performed by the CMS collaboration, they
account for an uncertainty of £0.24 on the total uncertainty of £0.45 on the measured signal
strength modifier [14]. The ATLAS collaboration measures a contribution of +0.57/—0.54 on a
total uncertainty of +0.64/—0.61 [99]. As discussed in Section 2.2.4, this is mainly driven by the
uncertain prediction of ¢f production in association with additional heavy-flavor jets. In order
to cope with this challenge, various analysis strategies involving sophisticated machine learning
algorithms were employed. The measurement strategy of the presented analysis is discussed in
Section 4.
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Limi onifi
Vs 571 it o/ 0osm Significance Strategy Reference
/TeV [fb (expected) (expected)
3.4 1.4
8 20.3 22) 1.5+1.1 @ NN+MEM  CERN-EP-2015-047 [100]
ATLAS : :
13 36.1 20 0.8470¢1 14 BDT+MEM  CERN-EP-2017-291 [99]
1.2) : (1.6)
5.8
7,8 50,51 52) - - BDT CERN-EP-2013-027 [101]
4.1
7,8 5.0,19.3 35) 07+19 - BDT CERN-EP-2014-189 [102]
CMS :
42
8 195 (33) 12118 - MEM  CERN-EP-2015-016 [103]
) 1. D
13 35.9 L5 0.72 4 0.45 6 NN CERN-EP-2018-065 [14]
(0.9) (2.2) BDT+MEM

Table 2.5: Previous and new results of searches for t#H (H — bb) production in the single-lepton
and dilepton tf decay channels by the ATLAS and CMS collaborations. Upper limits correspond
to 95% confidence levels. The significance describes the measured excess over the expected
background in units of standard deviations. The result of the CMS experiment at /s = 13 TeV
is based on the analysis in the single-lepton channel as presented in this thesis [14].
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Figure 2.10: Illustration of the tfH cross section as predicted by theoretical calculations [7], and
measurements performed by the CMS [14, 103] and ATLAS experiments [99, 100]. Theory un-
certainties entail renormalization and factorization scales, PDF, and & variations. The measured
cross section values emerge from the transformation of the signal strength modifier y = o /ogm,
which does not follow any prior constraint in the fitting procedure. Therefore, in case of statisti-
cal under-fluctuations in data, the measured [+1 ¢,—1 ¢] interval might have a negative compo-
nent, as visible in the CMS measurement at 8 TeV.
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This section describes the experimental environment in which this analysis is performed. It com-
prises the Large Hadron Collider (LHC), which provides proton-proton collision events at high
energies, the Compact Muon Solenoid (CMS) detector at one of its interaction points to study
induced interaction processes, as well as software and algorithms to reconstruct physics objects
based on detector measurements. These fundamental techniques are the product of decades of
research and development pursued by numerous groups deeply involved in high energy physics
experiments. Although each topic independently constitutes an extensive field of research, they
are discussed in brevity in the following paragraphs.

3.1 The Large Hadron Collider

The LHC is the largest and most powerful particle accelerator, storage ring, and collider ever
constructed, and is operated by the European Organization for Nuclear Research (CERN). It
is located in a circular tunnel, formerly built for the Large Electron-Positron Collider (LEP)
[104], with a circumference of 26.7 km at a depth between 45 m and 170 m under ground close to
Geneva at the Franco-Swiss border. After 10 years of construction, it was commissioned in 2008
and first particle collisions were induced in 2009. Its working principles, design parameters,
and implications on associated experiments are presented in the subsequent paragraphs. They
loosely follow Refs. [105-108], which discuss the introduced concepts in greater detail.

Within two parallel, evacuated beam pipes, the LHC is designed to accelerate protons to en-
ergies up to 7 TeV, and lead atoms up to 2.76 TeV per nucleon, respectively. The following de-
scription refers to protons if not stated otherwise. Before being injected into the LHC, particles
are pre-accelerated in a chain of upstream beam facilities [107]. An illustration of the acceler-
ator complex at CERN is shown in Fig. 3.1. Fueled by a hydrogen source, a duoplasmatron
creates a proton beam with an energy of 90keV [110]. Subsequently, the protons are accelerated

neutrinos
CNG/S\‘\

Gran Sasso

East Area

LINAC 2/

N LINAC 3
Tons

Figure 3.1: The CERN accelerator complex and the four largest experiments at the interactions
points of the LHC [109].
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in four stages starting with a linear accelerator (LINAC 2), followed by the Proton Synchrotron
Booster (PSB), the Proton Synchrotron (PS), and the Super Proton Synchrotron (SPS) to energies
of 50MeV, 1.4GeV, 25GeV, and 450 GeV, respectively. The beam is eventually injected into the
LHC after reaching the energy threshold of the SPS.

In the LHC, counter-rotating particles are accelerated by resonant waves of electromagnetic
fields, generated in eight radio-frequency (RF) cavities per beam. Each cavity operates in super-
conducting state at a temperature of 4.5 K to maintain an accelerating field of 2MV per cavity at a
frequency of frr = 400.789 MHz [108]. This results in a total, theoretical energy gain per revolu-
tion of 16 MeV per proton. In addition, beam particles are confined to limited longitudinal inter-
vals, so-called “buckets”, due to the constant acceleration gating defined by frr. The maximum
amount of possible buckets is expressed by the harmonic number h = frp/ frev = 35640, with
the revolution frequency frev. A bucket can either be empty or filled with a particle “bunch”. The
exact bunch configuration depends on the PS and SPS injection cycles and is altered to control
interaction rates [105, 107].

Along the beam pipes, 1232 dipole magnets are installed to bend particle motions effectively
into a circular trajectory. The NbTi magnets operate at a temperature of 1.9 K at which they reach
their superconducting state to generate magnetic fields with a strength of up to 8.3 T. Further
multipole magnets ensure that bunches remain focused despite the electromagnetic repulsion of
the charged beam particles. At the interaction points of the LHC, the beams can be confined to
a diameter in the order of ~10 ym.

The center-of-mass energy +/s of the collision of two identical beam particles is given by

\ﬁ =2 Epeam , (3.1)

whereas for hadron colliders the energy available to the hard parton scattering process is smaller
and subject to parton distribution functions (cf. Section 2.2.1). A second key characteristic is the
instantaneous luminosity L, which summarizes all quantities related to the collider configura-
tion to calculate the interaction rate of a process with cross section ¢ as

dN
with L= Ny frevyeF (3.3)
drte, '

with the number of particles per bunch Nj, the number of bunches per beam 7, the revolution
frequency frev, the relativistic gamma factor 7y, = E/m, the geometric reduction factor F due to
the inclined beams profiles, the normalized transverse beam emittance €,, and the beta function
at the interaction point 8* [108]. The design luminosity of the LHC is 103* cm~2s~!. The inte-
grated luminosity £ is a measure for the total amount of recorded data and transforms into the
expected number of events for a given process with cross section ¢ through

N:/i;jdt:a./mt:a-ﬁ. (3.4)
\—\,—/

=L

Currently, seven experiments analyze the collisions delivered by the LHC. The CMS and AT-
LAS experiments are multipurpose detectors with focus on proton-proton collisions [111, 112].
Although their architecture and particle detection concepts are relatively different, they reach
comparable performances and provide necessary, mutual cross checks for important physics
measurements through independent results. Their extensive research programs include the illu-
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mination of the Higgs sector, high precision measurements of SM physics, and searches for signs
of new physics such as supersymmetry, dark matter, or extra dimensions. Both experiments also
study lead-proton and lead-lead collisions. The Large Hadron Collider beauty (LHCb) experi-
ment is an longitudinally asymmetric detector equipped with a precise particle tracking system
to analyze decays of long-lived b and c hadrons [113]. Especially studies of rare decays and
CP violating processes enable sensitive tests of the SM. The Large Ion Collider Experiment (AL-
ICE) investigates collisions involving heavy lead ions [114]. The resulting energy densities and
temperatures are assumed to resemble the conditions shortly after the Big Bang, described by
quasi-free quarks and gluons. One of the main purposes of the ALICE experiment is the detec-
tion of this so-called quark-gluon plasma and its evolution in the context of our understanding
of strong interactions. The Total Elastic and Diffractive Cross Section Measurement (TOTEM)
experiment studies charged particles originating from collisions inside the CMS detector in for-
ward direction close to the beam line [115]. With detectors positioned on either side of the CMS
experiment in distances of 145m and 220 m, its goal is the determination of the total proton-
proton cross section and an independent measurement of the instantaneous luminosity. Neutral
forward particles are analyzed by the Large Hadron Collider forward (LHCf) experiment, which
consists of two detectors located on either side of the ATLAS experiment in a distance of 140 m
to the interaction point [116]. It studies models of hadron interactions at very high energies,
which, for example, are applicable in astroparticle physics experiments involving extensive air
showers induced by cosmic rays. The Monopole and Exotics Detector at the LHC (MoEDAL)
experiment is an extension of the LHCb experiment and searches for magnetic monopoles, i.e.,
yet unknown particles carrying magnetic charge [117].

In 2016, the LHC operated at a center-of-mass energy of /s = 13 TeV with 2040 bunches,
1.15 x 10" particles per bunch, and a bunch spacing of 25ns, which resulted in an instanta-
neous peak luminosity of L = 0.77 x 103 ecm~2s~! [118]. In total, an integrated luminosity of
40.82 fb~! was provided at the interaction point in the center of the CMS experiment, of which
37.76 fb~! was recorded [119]. The data provisioning and recording progress over time is de-
picted in Fig. 3.2.

3.2 The Compact Muon Solenoid

The CMS experiment is a large multipurpose detector for investigating proton-proton collisions
provided by the LHC at high energies and instantaneous luminosities [111]. It also studies colli-
sions involving lead atoms in a dedicated program. However, as it is not relevant for this thesis,
it is not subject of the following discussions. The detector is located close to the city of Cessy,
France, approximately 100 m under ground at the interaction point five of the LHC. Currently,
around 5200 scientists, engineers, and students from 199 institutes in 45 countries take part in
a huge collaborative effort, to push the frontiers of our understanding of nature. Except for
neutrinos which interact only very weakly, the CMS detector is designed to measure all stable
particles! produced in collisions events. In addition, the accuracy of energy and momentum
measurements as well as the spatial resolution allow for the precise reconstruction of intermedi-
ate, unstable particles and provide access to the analysis of a broad range of physics processes.

To describe positions and directions of measured objects, the CMS experiment uses a coordi-
nate system that is depicted in Fig. 3.3. Its origin is placed in the center of the detector where the
two proton beams collide. The x-axis points to the center of the LHC while the y-axis is oriented
upwards. The two axes span the transverse plane and the azimuthal angle ¢ is defined as zero in
direction of the x-axis. Consequently, the z-axis is perpendicular to the transverse plane parallel

Here, stable refers to relativistic particles that do not decay while traversing the detector.
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CMS Integrated Luminosity, pp, 2016, Vs = 13 TeV
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Figure 3.2: Integrated luminosity over time provided by the LHC (blue) and recorded by the
CMS experiment (yellow) [119].

to the beam axis with positive, counter-clockwise direction. Instead of using the polar angle 6 to
denote directions, the pseudorapidity relative to the z-axis is defined as

4 L. (p+p: pz
= —Intan () =—=In < > = artanh ==, (3.5)
1 2 2 \p—p: p

where p is the absolute momentum of a particle and p; is its signed z-component. The transverse
component is denoted by pr. Pseudorapidity differences are Lorentz-invariant and hence, they
do not depend on longitudinal boosts of particular particles, which is important for hadron
collision experiments as the interacting partons carry different momenta (cf. Section 2.2.1).

LHCb

ALICE ATLAS

Figure 3.3: The coordinate system used by the CMS experiment. The x-axis points to the center

of the LHC, the y-axis is oriented upwards, and the z-axis is defined to be parallel to the beam
line in counter-clockwise direction.
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The CMS detector has a length of 21.6 m, a diameter of 14.6 m, and a mass of about 14.000 tons

[111, 120]. Its structural design follows a cylindrical approach with multiple subdetectors aligned
layerwise around the beam axis, symmetrically to the primary interaction point. With each com-
ponent physicists, aim to measure different particle attributes to efficiently identify their type
and kinematic properties. An illustration of the architecture is shown in Fig. 3.4. It comprises
the following subdetector components starting from the center toward the outside.

The inner tracking system consists of pixel detectors and silicon strip detectors to identify
charged particles and to measure their trajectories, momenta, and charge signs. The two com-
ponents are installed as close as possible to the interaction point to achieve the best possible
spatial resolution.

The calorimetry system comprises an electromagnetic calorimeter (ECAL), a preshower de-
tector, a hadronic calorimeter (HCAL), and a very-forward calorimeter to measure energies
and directions of traversing particles. The ECAL detects particles that interact electromagnet-
ically, i.e., mostly electrons, positrons, and photons, whereas the HCAL is designed for the
detection of charged and uncharged hadrons, i.e., protons, neutrons, pions, and kaons.

A solenoid magnet is used to generate a magnetic field with a strength of up to 4 T to bend the
trajectories of electrically charged particles, which enables the measurement of particle mo-
menta in the tracker [111, 120]. With a length of 12.5m and a diameter of 6.0 m, it is the largest
solenoid magnet ever constructed. Its coil is made of superconducting NbTi and operates at
a temperature of 4.7 K to maintain a resistance-free electrical current. To compress and return
the magnetic flux outside the magnet into the detector volume, three layers of massive iron
return yoke are installed which weigh about 10,000 tons in total.

The muon system is installed between the layers of the iron return yoke. Its purpose is the
identification of muons and the precise measurement of their momenta and charge signs.

Superconducting Solenoid

Silicon Tracker

Very-forward Pixel Detector

Calorimeter

Hadronic
Calorimeter
Electromagnetic

Calorimeter Muon

Compact Muon Solenoid

Figure 3.4: Overview of the CMS experiment and its subdetectors [111].

The following sections discuss the above mentioned detector components in more detail and

loosely follow Refs. [111, 120, 121]. Additionally, the concepts of the detector’s data acquisi-
tion system are described in Section 3.2.4 and the measurement of the instantaneous and inte-
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grated luminosities is explained in Section 3.2.5. The algorithms utilized for the reconstruction
of physics objects are discussed in the subsequent Section 3.3.

3.2.1 Tracking System

The tracking system of the CMS detector is installed in close proximity to the interaction point
of the two proton beams and detects transit positions of charged particles. The detection prin-
ciple is based on silicon semiconductors provided with a bias voltage to create a depletion zone
in the active detector material. Therefore, transits of charged particles induce electron-hole
pairs, which create measurable currents that are digitized using powerful readout electronics.
These resulting “hits” can be grouped into tracks using advanced pattern recognition algorithms
(cf. Section 3.3.1) to reconstruct a trajectory per particle indicating both its origin, or “vertex”,
and its direction of travel. Challenges arise especially from the readout frequency of 4 x 10" Hz
resulting from the bunch crossing of 25ns, detector calibration and alignment, computational
complexity of track reconstruction, and radiation damage caused by the high particle flux.

The layout of the tracking system is tailored to the expected particle flux at various distances
from the interaction point. At small radii, a silicon pixel detector with high granularity is in-
stalled to resolve hits of neighboring particles. Silicon microstrip detectors are used in outer re-
gions with reduced flux. The overall used material, comprising also support structures, cables,
and inner cooling constructions, is reduced to minimize its influence on traversing particles. De-
pending on the pseudorapidity region, it is equivalent to 0.4 to 1.8 radiation lengths. In order
to optimize radiation hardness, all tracking detector components are cooled down to a temper-
ature of —10°C. In total, the CMS tracker covers a longitudinal region of || < 2.5, has a length
of 540 cm, a diameter that extends to nearly 110 cm, and an active area of about 200 m?, making
it largest silicon tracking device ever constructed [120]. A structural view of the tracking system
is shown in Fig. 3.5.
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Figure 3.5: Cross section of the tracking system layout of the CMS detector [111]. It shows the
pixel detector in the center, followed by the inner barrel (TIB) and disk (TID) detectors, as well
as the outer barrel (TOB) and endcap (TEC) subdetectors.

The inner pixel detector consists of three detector layers in the barrel region located at radii
of 4.4, 7.3, and 10.2cm, and two layers in the endcaps on each side of the detector at distances
of +34.5cm and + 46.5 cm [120]. Each of the 66 x 10° pixels has a size of 100 x 150 um?, which
amounts to a net active area of ~ 1m?2. This granularity is required to resolve large numbers
of traversing particles in high pileup conditions and to allow for a precise three-dimensional
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reconstruction of tracks and vertices. After the data taking period of 2016, the detector was
replaced with four barrel and three endcap layers on each side, leading to a significant increase
in track reconstruction efficiency and resolution [122].

The outer part of the tracking system consists of silicon microstrips which are sufficient to
provide an unambiguous hit detection given the reduced particle flux and the resulting detector
occupancy. The microstrip modules are organized in four regions with different layouts. The
Tracker Inner Barrel (TIB) has a length of 130 cm and contains four layers of which the first two
are made of “stereo” modules, consisting of successively arranged strips that are tilted against
each other by an angle of 100 mrad. This setup, denoted by close pairs of lines in Fig. 3.5, results
in a single-point resolution of 23 to 34 ym in transverse direction and of 23 ym in longitudinal
direction. The Tracker Inner Disk (TID) covers the inner endcap regions and comprises three
layers on each side of the detector with certain modules operating in stereo mode. The thickness
of the strips in the TIB and TID is 320 um with pitches between 80 ym and 140 ym. This is
surrounded by the Tracker Outer Barrel (TOB) in the central, and by the Tracker Endcaps (TEC)
in the forward regions, which contain six and nine layers, respectively. Due to the flux reduction
with larger radii, the strip thickness is increased to up to 500 um. A total of 9.3 x 10° silicon
microstrips provide an active detector area of approximately ~ 198 m?.

The efficiency of track reconstruction can be measured with muons originating from decays of
Z bosons using a tag-and-probe method [123]. In 2016, the muon track efficiency was measured
as ~99 % in conditions with 30 pileup events, and slightly degrades to ~ 96 % at 44 pileup events
[124]. An alternative approach using charged pions originating from decays of D* mesons in-
dicates a reasonable agreement between the track efficiencies measured in data and expected
from simulation [124]. The spatial resolution of primary vertices was measured to be better than
14 ym in transverse direction, and better than 19 ym in longitudinal direction [125].

3.2.2 Calorimeters

The calorimeter system of the CMS detector is installed around the tracking system and is mostly
enclosed by the solenoid. Its purpose is the precise energy measurement and full absorption of
all particles except for muons and neutrinos. High granularity of its components is required
for the accurate localization of energy deposits, which are combined with further subdetector
information for the purpose of particle identification (cf. Section 3.3). It is divided into two
subdetectors with different detection techniques and its layout is largely influenced by the di-
mensions of the solenoid it is surrounded by. The electromagnetic calorimeter (ECAL) measures
photons and charged particles, mostly electrons and positrons, whereas the hadronic calorime-
ter (HCAL) is constructed for detecting strongly interacting particles such as protons, neutrons,
pions, and kaons. In order to provide a reliable measurement of missing transverse energy, the
calorimeter system is fully hermetic within a region of || < 5 with a maximized amount of
used material to cover also the non-Gaussian tails of expected energy distributions [120]. The
geometric calorimeter layout is depicted in Fig. 3.6.

The ECAL consists of 61.200 scintillating lead tungstate crystals (PbWO,) in the cylindric bar-
rel part (EB), and 7.324 crystals in each of the two endcaps (EE) [111, 126]. The EB has an inner
radius of 129 cm and covers a region of || < 1.479, while the endcaps are placed in a distance
of £ 314 cm to the interaction point and cover 1.479 < || < 3.0. Lead tungstate has a short radi-
ation length of 0.89 cm, which allows the crystals to be rather compact with a front cross section
of 2.2 x 2.2cm? and a length of 23.0 cm in the EB, corresponding to ~ 26 radiation lengths. The
EE crystals have slightly different dimensions with 2.86 x 2.86 cm? front cross section and 22 cm
length. The material is transparent for scintillation light, which is produced when traversed by
charged particles. Its brightness provides a measure for the energy of the inducing particle. Due
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Figure 3.6: Cross section of one quadrant of the CMS calorimeter system [111]. The electro-
magnet calorimeter (ECAL) consists of the ECAL Barrel (EB), the ECAL Endcaps (EE), and
ECAL preshower (ES) components. The hadronic calorimeter (HCAL) comprises the HCAL
Barrel (HB) and the HCAL Endcaps (HE), as well as the HCAL Outer (HO) detector beyond the
solenoid and the HCAL Forward (HF) detector to measure objects close to the beamline.

to the low light yield of lead tungstate, the light is amplified by avalanche photodiodes in the
EB and vacuum phototriodes in the EE, respectively. In addition, preshower detectors (ES) are
installed in front of the endcaps to cope with their reduced crystal granularity. They consist
of two layers of silicon microstrip detectors followed by two lead absorber planes. This setup
improves the spatial resolution of energy measurements in regions outside |#| > 1.479 and es-
pecially benefits the detection of neutral pions decaying into a pair of collimated photons, which
can potentially be confused with a single photon. The energy resolution is estimated with test
beam data by summing over the energy deposits of the 3 x 3 grid around a centrally hit crystal
and can be expressed as [111]

2 2
(%3] 2 o 2.8% 12.0% o, 2
(f) = (E [Gev]> + <E [GeV]> +(0.3%)>. (3.6)

It was reconfirmed by measuring electrons from Z boson decays in proton-proton collision data
to 2% in the barrel, and to 2-5 % in the endcap regions with an absolute energy scale precision
of 0.4 % and 0.8 %, respectively [127].

The HCAL is a sampling calorimeter consisting of alternating layers of non-magnetic brass
absorber and plastic scintillators [111, 120]. Its purpose is the absorption and energy measure-
ment of strongly interacting particles that pass through the ECAL and thus, allowing for a ba-
sic division of particle types. Traversing particles create hadronic showers in the brass layers
and induce detectable light in the subsequent scintillators, which is then guided by embedded
wavelength-shifting fibers to the readout system. Owing to its limited size specified by the in-
ner radius of the enclosing solenoid, the scintillator layers have a thickness of only 3.7 mm in
order to maximize the amount of absorber material. The calorimeter is organized in four main
components installed in different regions. The HCAL Barrel (HB) has a length of 9m, an inner
diameter of 6 m, and covers a range of |r7| < 1.4. It is segmented in 2.304 towers with a size of
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Ay x A¢ = 0.087 x 0.087. The HCAL Endcaps (HE) cover a range of 1.3 < |¢| < 3.0 and com-
prise 2.304 towers with sizes depending on the 7 region, ranging from 0.087 in Ay and 5°-10° in
A¢. To identify particles from tails of energetic hadron showers that pass through the HB and the
magnet system, the HCAL Outer (HO) detector is installed outside the solenoid coil, covering a
range of |17| < 1.26 and matching the ¢ segmentation of the muon system. It contains scintilla-
tors with a thickness of 10 mm and extends the effective absorption of the HB to approximately
ten interaction lengths. Since the calorimeter is required to be as hermetic as possible, HCAL
Forward (HF) subdetectors are placed on either side of the detector beyond the muon endcap
systems. Unlike the other HCAL components, they are built from steel and quartz fibers causing
narrower and shorter hadronic showers, which is well suited for the highly occupied forward
regions. They have a distance of +11.2m to the interaction point, a length of 165 cm, and cover
a region of 3.0 < |57| < 5.0. The energy resolution of the HCAL is designed to be approximately

[128]
2
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Using proton-proton collision data recorded in 2016, the reconstructed energy response is found
to be in excellent agreement between simulated and recorded data events [130]. Additionally,
the impact of the magnetic field on the HCAL response is measured as 8 — 9 % and is accounted
for by energy calibrations [129].

3.2.3 Muon Detectors

The muon system constitutes the outermost component of the CMS detector and is interlaced
with the iron return yoke of the magnet system [111, 120, 131]. Ideally, it is only traversed by
muons and neutrinos, which, however, are not measurable. Therefore, hits detected by the muon
system are combined with information of the tracking system to identify muons and measure
their momenta and charges. The measurement principle is based on gaseous detectors, which
produce electron avalanches through gas ionization when traversed by charged particles. The
architecture of the muon system comprises three different detector approaches in two regions
and is illustrated in Fig. 3.7.

The barrel region, || < 1.2, contains four layers of a total of 250 Drift Tube (DT) chambers
complemented by five layers of Resistive Plate Chambers (RPC). The first three DT chambers
contain twelve planes of aluminum drift tubes of which eight are responsible for measuring
coordinates in the transverse r—¢ plane and the remaining four planes function in the longitu-
dinal r—z plane. The outermost chambers only measure in r—¢ direction with eight planes of
drift tubes each. The endcaps are equipped with 486 Cathode Strip Chambers (CSC) up to a
region of |77| < 2.4 as well as three RPC layers up to || < 1.6. The CSCs yield faster drift times
as well as a three-dimensional spatial resolution since their cathode strips are segmented and
positioned almost perpendicularly with respect to the anode wires. Furthermore, this design
stabilizes the operation in the forward regions, which are usually congested by a high particle
flux and subject to the strong, inhomogeneous magnetic field.

The single point resolution varies from 80 — 120 ym in the DT system, to 40 — 150 ym in the
CSC, and to 0.8 — 1.2cm in the RPC system [133, 134]. The DT and CSC systems offer a bet-
ter spatial resolution of the muon tracks while the RPC detectors exhibit a faster response and
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Figure 3.7: Cross section of one quadrant of the CMS muon system [132]. The barrel region uses
interlaced gaseous Drift Tube (DT) chambers and Resistive Plate Chambers (RPC), whereas the
endcaps rely on a combination of Cathode Strip Chambers (CSC) and RPCs.

deliver accurate timing information, which can be utilized for the purpose of triggering. There-
fore, the approaches are employed in conjunction in the respective detector regions to achieve an
optimal resolution for both time and position measurements. The hit and track segment recon-
struction efficiency for traversing muons was found to be in the range of 95 — 98 % [133, 134].
Also, the measured performance could be reproduced with simulations of the muon system,
confirming the high efficiency and its effectiveness regarding the discrimination of backgrounds
[133, 134].

3.2.4 Trigger and Data Acquisition

At the instantaneous design luminosity of L = 10** cm~2s~! with bunch crossings occurring ev-

ery 25ns, the LHC provides approximately 10° proton-proton collisions per second at the inter-
action point inside the CMS experiment [111, 120]. Considering all event information provided
by the detector and a corresponding storage size in the order of ~ 1MB per event [121], this
frequency would lead to a data output of ~ 950 TB per second. However, the data acquisition
system is only capable of processing events intended for permanent storage with a throughput
of about ~ 100 MB per second. Therefore, it is necessary to filter out the majority of events and
to keep, or “trigger”, only those who exhibit signatures of processes that are in accordance with
the CMS physics program. This crucial task is the purpose of the trigger and data acquisition
system, which consists of four components: detector electronics, the readout system, dedicated
hardware trigger processors (Level 1 / L1 trigger), and a computing cluster running software-
based High-Level Triggers (HLT) [135].

Recorded detector data can be held in internal buffers for up to 3.2 us. During this time, sig-
nals from front-end electronics transit to the L1 trigger hardware, which calculates the decision
to keep or dismiss an event in less than 1 us [120] and sends back the result. Therefore, it only
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exploits information from the calorimeter and muons systems with reduced granularity to con-
struct “trigger primitive” objects such as muons, electrons, photons, jets, and global sums of
transverse and missing transverse energy. The maximum output rate of the L1 trigger amounts
to ~ 100 kHz.

Events passing the L1 trigger are transferred to the HLT for further filtering. Its trigger de-
cision calculation is based on more sophisticated object constraints with increased precision in-
cluding information from the inner tracking system. The HLT software is efficiently structured
into so-called “paths” that aim to trigger events with various different topologies and physics
objects but share common information to increase performance. An event is stored if it is ac-
cepted by at least one trigger path and discarded as soon as possible once it is established that
no path will accept it. The output frequency of the HLT is in the order of ~ 100 Hz. Depending
on the instantaneous luminosity and pileup conditions, the rate of certain trigger paths may ex-
ceed the capabilities of the HLT hardware or the subsequent data storage system. In that case,
the path is “pre-scaled” with a certain factor, e.g. 50 %, meaning that it is only deployed for a
fraction of events while the rest is a-priori rejected.

3.2.5 Luminosity Determination

The determination of luminosity is an essential ingredient for ensuring high data quality over
a large quantity of events under constant measurements conditions. The measure of the online,
real-time collision rate is used for monitoring beam and detector performance while the inte-
grated luminosity over time, describing the absolute amount of recorded events for high-level
physics analyses, is determined offline.

In the CMS experiment, five methods are employed to assess the luminosity based on event
rates recorded with different detector components [111, 136]. The HF calorimeter, the Fast Beam
Conditions Monitor (BCM1f), and the Pixel Luminosity Telescope (PLT) use fast readout elec-
tronics running asynchronously with respect to the main CMS readout system and give access
to the real-time event rate and instantaneous luminosity. This is complemented by the silicon
pixel detector and the DT chambers in the barrel of the muon system, which feature a low occu-
pancy as well as a good stability over time, and function as part of the standard data acquisition
system. Therefore, their recorded data can be evaluated and filtered offline by quality assurance
measures, allowing for an accurate determination of the integrated luminosity.

The pixel detector is chosen as the primary offline luminometer for the 2016 data-taking pe-
riod as it yields the best precision and a good pileup linearity up to 150 interactions per bunch
crossing [136]. The measurement uses the Pixel Cluster Counting (PCC) method, which relates
the instantaneous luminosity L within an event to the number of recorded pixel clusters Njysters-
The number of pixels is large enough to argue that a single pixel is not hit by two or more tracks
of the same event, leading to a linear relation L o Ngysters that can be parametrized as [136]

L= % X NclusterSI (39)
Uvis

with the LHC revolution frequency frey and the visible PCC cross section 0'\1;(5:(:. The method uses
events recorded with an inclusive “zero-bias” trigger that only takes into account the expected
bunch crossing rather than any specific event activity. The integrated luminosity is then inferred
by summing over all zero-bias events. ¢T<C is subject to a dedicated measurement using “van

vis
der Meer” (vdM) scans [137, 138].

The vdM scans performed with the CMS detector require a separate machine setup apart from
the configuration deployed during data-taking [136]. During a scan, the relative transverse
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separation of the two beams is modified stepwise while monitoring the number of measured
clusters in the pixel detector. This dependence is well described by a double-Gaussian curve
parametrized by ¢S, which can be extracted in a fit. The calibration performed by vdM scans
might be affected by time, number of pileup interactions per bunch crossing, and the bunch fill-
ing scheme of the LHC. Therefore, scans are repeated to estimate the uncertainty on the absolute

luminosity measurement, which is quoted to be 2.5 % for data taken in 2016 [136].

3.3 Reconstruction of Physics Objects

The readouts of all channels of the subdetectors of the CMS experiment, as discussed in the pre-
vious Section 3.2, are transformed into binary hit information and calibrated energy deposits. In
association with their three-dimensional positions in the detector coordinate system, these mea-
surements are combined to form hypotheses of stable particles in terms of energy, momentum,
flight trajectory, and, to some extent, particle type. This procedure is referred to as reconstruction
of physics objects.

Processes of interest for the presented analysis contain electrons, muons, neutrinos, and mul-
tiple jets of which a subset is likely to originate from the decay of distinguishable, long-lived b
hadrons. As neutrinos interact only very weakly, they are not detectable but rather impair the
transverse energy balance. Therefore, the resulting amount and direction of missing transverse
energy (MET) provides an important handle to assess neutrino activity in the event. This sec-
tion explains how these physics objects are identified and reconstructed using an algorithm, the
so-called Particle Flow (PF) algorithm, that takes measurements of all subdetector components
into consideration.

3.3.1 The Particle Flow Algorithm

The purpose of the PF algorithm is the identification and reconstruction of individual particles
by exploiting measurements of all available subdetectors [139]. The multitude of reconstructed
particles in each proton-proton collision provides a full event description involving photons,
electrons, muons, hadronically decaying tau leptons, jets, and derived quantities such as MET
with unprecedented accuracy. In addition, the algorithm enables the reconstruction of the pri-
mary interaction vertex as well as the identification of particles from pileup events, allowing for
efficient mitigation methods.

The PF algorithm can be structured into three consecutive steps. Firstly, information of subde-
tectors is gathered and preprocessed into so-called PF objects. They comprise tracks of charged
particles within the inner tracking system, clusters of energy deposits measured in the calorime-
ters, and tracks of hits in the muon systems. Secondly, the findings in the three detector regions
are spatially correlated with a link algorithm. Lastly, particle hypotheses are inferred and de-
rived objects such as primary and secondary vertices, jets, and MET are computed. Important
aspects of the three steps are described in the following paragraphs. An extensive reference of
the PF algorithm is given in Ref. [139].

Track and cluster finding

Hits in the inner tracking system are reconstructed iteratively using a Combinatorial Track
Finder (CTF) [123]. The CTF uses a Kalman filter (KF) [140] extended by pattern recognition
and track fitting techniques [141, 142]. Starting from seeds of pairs or triplets of hits, track candi-
dates are extrapolated to the outer layers of the tracking system and compatible hits are assigned
using the quality of a fit to the expected flight path. The iterative approach commences by re-
constructing relatively prominent tracks, e.g. from charged particles with large momentum. For
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subsequent iterations, hits related to these tracks are removed to decrease combinatorial com-
plexity for less energetic or greatly displaced tracks. The computation time to reconstruct all
tracks of a standalone tf event on a commercial CPU amounts to ~ 0.7 s, and quickly increases
with the number of pileup events to, e.g., ~ 3.6 s at eight pileup events [123].

In order to exploit the full calorimeter granularity, the clustering of energy deposits is carried
out separately in the ECAL barrel and endcaps, in the HCAL barrel and endcaps, and in the two
preshower layers of the ECAL [139]. Cells exhibiting a local energy maximum over a certain
seed threshold are considered clustering starting points and neighboring cells are iteratively
added if they yield an energy deposit exceeding twice the noise level. In case of ambiguities
in the cluster-cell association, energies are shared according to a distance measure. Finally, to
distinguish particular energy deposits induced by multiple particles in these “topological clus-
ters”, the deposit profile is fit to a Gaussian-mixture model within an expectation-maximization
algorithm [139].

Tracks in the muons system are obtained in two stages [131]. First, track segments are formed
by clustering hits measured by the DT or CSC subdetectors (cf. Section 3.2.3). In the second step,
these segments serve as seeds for pattern recognition techniques exploiting readouts of the full
muon system, i.e., DT, CSC, and RPC components. The resulting object is called a “standalone-
muon” track. More details on muon reconstruction are presented below (cf. Section 3.3.2).

Link algorithm

The link algorithm connects tracks and clusters obtained in the previous step using distance
measures. Owing to the quadratic computational complexity, only nearest neighbor pairs of
elements as considered using a k-dimensional tree search [143]. As neutral particles can only
be measured in calorimeters, the linking procedure is required to be as precise as possible to
distinguish between calorimeter clusters from charged and uncharged particles.

Tracks measured in the inner tracker are linked to HCAL and ECAL barrel clusters in the
(1,¢) plane, and to ECAL endcap and preshower clusters in the (x,y) plane. When several
HCAL clusters are matched to the same track, or when several tracks are linked to the same
ECAL cluster, only the combination with the smallest distance is kept. Otherwise, all combina-
tions are retained. Links between HCAL and ECAL clusters are established in a similar manner.
Ambiguity resolution is applied when multiple HCAL clusters are connected to the same ECAL
cluster, or if several ECAL clusters are linked to the same preshower cluster. Finally, relations
between inner tracks and standalone muon tracks are established, which is part of the muon
reconstruction procedure (cf. Section 3.3.2)

Particle and primary vertex reconstruction

The conclusive reconstruction of particles relies on PF objects and the geometrical links estab-
lished between them. The procedure iteratively identifies physics objects in a well-defined order
and removes associated PF objects for further steps.

First, muons with high evidence and quality are reconstructed and the expected energy de-
posited in calorimeter clusters is subtracted. Subsequently, electrons are identified using tracks
that are matched to ECAL clusters. To account for the emission of bremsstrahlung photons, en-
ergies of ECAL clusters compatible with an extrapolated tangent of the track are added to the
four-momentum of the electron hypothesis. Charged hadrons are built from links of the remain-
ing tracks and HCAL clusters. In addition to the geometric links, ambiguities are resolved by
comparing energy and momentum information. Track momenta that significantly exceed their
connected calorimetric energy and that are also related to activity in the muon system, are iden-
tified as low quality muons. Finally, neutral hadrons and photons are inferred from calorimeter
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clusters that are associated to either no tracks, or to tracks whose momentum information is
incompatible with the respective cluster energy. A higher energy in the HCAL is interpreted to
stem from a neutral hadron, whereas an excess in the ECAL indicates a photon.

The location of primary interaction vertices can be exploited for the association to tracks and
particles. After the identification of the “signal” vertex denoting the proton-proton collision of
interest, all other vertices are attributed to pileup collisions and objects connected to them are
discarded. The reconstruction of vertices consists of three steps. First, reconstructed tracks are
selected with criteria regarding their number of silicon pixel and microstrip hits as well as their
fit quality during the track finding procedure. Second, tracks are clustered using a deterministic
annealing (DA) algorithm [144] based on the z-coordinate of their closest approach to the beam
spot, resulting in an arbitrary number of collision vertices per bunch crossing. In the last step,
the position of each vertex is determined using an adaptive fit method [123, 145]. The vertex
that yields the highest sum of associated scalar transverse momenta is identified as the signal
vertex, hereafter simple denoted as the primary vertex.

3.3.2 Muons

The PF algorithm reconstructs muons using information from both the inner tracking system
and the muon detectors [131, 132, 139]. Two different muon reconstruction approaches are em-
ployed to provide a good description over a large momentum range.

The definition of “tracker muons” commences with inner tracks fulfilling p > 2.5GeV and
pr > 0.5GeV as measured by the central silicon tracking system, and extrapolating them to the
outer muon system [139]. Multiple scattering processes with detector material are taken into
account. If a track matches at least one muon segment, the object is identified as a tracker muon
whose momentum corresponds to that of the inner track.

High energetic muons often penetrate more than one muon detector plane, causing hits in
multiple segments. These hits are combined to form standalone muon tracks as discussed above
(cf. Section 3.3.1). Opposed to tracker muons, “global muons” are built by extrapolating stan-
dalone muon tracks inwards to the central silicon tracker. A link to an inner track is established
if it yields a high compatibility as determined by a Kalman filter approach. The momentum
reconstruction is performed using both detector measurements in a fit to a global muon track,
improving the momentum resolution with respect to a tracker-only fit [139].

Muons defined by the PF algorithm rely on both approaches, which are able to identify 99 %
of all muons produced within the acceptance of the CMS detector. If two candidates within one
event share the same inner track, they are considered as a single muon to resolve ambiguities.
Various selection criteria are applied to both collections to suppress fake background contribu-
tions while retaining a high identification efficiency and momentum resolution [134, 146]. An
important quantity is the muon “isolation”, which describes the activity related to other parti-
cles in a cone with radius AR = 0.3 in the (#, ¢) plane around the muon. By requiring that the
sum of transverse momenta from tracks and energy deposits in the calorimeters should not ex-
ceed ~ 10 % of the muon’s transverse momentum, false identification of energetic hadrons can
be adequately rejected.

The performance of the algorithms to identify and reconstruct muons as explained above
was measured using Z/v* — u"u~ events in collision data taken in 2016 [134, 146, 147]. For
tight selection criteria, the identification efficiency is well above ~ 95% for pr > 20GeV with
excellent agreement between data and simulation.
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3.3.3 Electrons

The precise identification and reconstruction of electrons is essential for the calibration of detec-
tor responses as well as for the data-driven validation of various analysis methods. Compared to
the muon reconstruction, however, two sources of potential inefficiencies emerge. While muons
are measured in a dedicated subdetector, electrons are mainly identified using charged particle
tracks and ECAL clusters, which are also subject to other types of particles. This circumstance
results in a reduced electron identification efficiency on the one hand, and in a potentially false
identification of photons or hadrons as electrons, so-called “fake” electrons, on the other hand.
Secondly, the strong magnetic field causes charged particles to emit bremsstrahlung photons
with a power proportional to o (E / m)4. Interactions with tracking detector material lead to ad-
ditional emissions of bremsstrahlung. Unlike for muons, the resulting energy loss is potentially
significant and leads to kinked trajectories that affect track finding and linking to HCAL clusters
[126, 139].

For the purpose of performance optimization, electrons are reconstructed using a combination
of a standalone approach and the global PF algorithm [148]. Due to bremsstrahlung effects, the
energy deposits of electrons in the ECAL are spread perpendicular to the magnetic field of the
CMS detector. Basic clusters are built as explained above, starting from cells with large energies.
They are combined to so-called “super-clusters” (SC) along the ¢-direction and their position
is obtained by an energy-weighted mean over all associated cells. Electron tracks are seeded
with the results of the common track finding procedure using a combinatorial Kalman filter
(KF) (cf. Section 3.3.1). However, their description is rather inaccurate in case of a significant
amount of bremsstrahlung, causing non-Gaussian track deviations. Therefore, a Gaussian sum
filter (GSF) is employed, which is able to follow sudden changes along the flight path. The two
sets of seeds are combined and selected by a multivariate approach as electron seeds. While the
track building is achieved with a combinatorial KF method, the track parameters are obtained
by fitting the collected hits using a GSF fit. The energy loss in each layer is modeled using a
mixture of Gaussian distributions. Finally, the electron momentum is determined by linking
track and ECAL information depending on the spatial bremsstrahlung profile [139, 148].

The electron identification and tracking efficiencies are thoroughly monitored in every data-
taking period. Using a tag-and-probe method in Z/v* — eTe™ events recorded in 2016, the
track finding efficiency is found to be in the order of ~ 95 % over wide ranges of 25 GeV < pr <
500GeV and |y| < 2.1, with excellent agreement between real data and simulations [148, 149].
For tight selection criteria, the identification efficiency in data amounts to ~ 60% for pr >
20GeV, and to ~ 80 % for pr > 60 GeV.

3.3.4 Jets

Collimated jets of stable, reconstructed particles that are not identified as prompt photons, iso-
lated leptons, or particles from pileup events give access to kinematic quantities of partons in-
volved in the hard scattering process (cf. Section 2.2.1). In theoretical perspective, this relation
holds as long as the jet clustering is independent of additional soft emissions and collinear par-
ticle splittings, referred to as infrared and collinear safety (IRC). Commonly used, IRC-safe jet
clustering algorithms are the kr [56], anti-k7 [57], and Cambridge-Aachen algorithms [58].

Jets used in the presented analysis are clustered with the anti-kr algorithm and a distance
parameter AR = /A% + A¢p?> = 0.4 [57, 139, 150]. The implementation used by the CMS
experiment is based on the FASTJET package [59]. PF particles that appear to originate from
interaction vertices other than the primary one are excluded by means of “charged hadron sub-
traction” (CHS) [151]. The anti-k7 clustering performs a sequential object merging where the
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order is defined through a distance measure
. -2 -2\ AWZ'Z/+A¢1'2j . .
g = d PP pr) T BF (3.10)
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between the pair of four-momenta of particles i and j, initialized with all particles considered
for clustering. In case the minimal value d;; results from two separate objects (i # j), their
four-momenta are added and handled in subsequent iterations as a single object. Otherwise
(i = j), the object leading to a minimal d;; is excluded from further steps and considered a jet.
Therefore, the anti-kt algorithm first clusters hard and close particles before continuing with soft
and distant ones, which yields desirable experimental and theoretical features such as robust
reconstruction of the jet axis and a circular shape in the (77, ¢) plane.

The jet energy scale and resolution in both real data and simulated events are subject to a
manifold calibration procedure [150]. First, the energy offset induced by pileup events is cor-
rected by comparing simulations of di-jet events with and without pileup modeling. Residual
corrections between data and simulations are derived with the “random cone” (RC) method
in events recorded with a zero-bias trigger. Subsequently, additional response corrections for
various jet sizes are computed and applied to data and simulation. For data, residual correc-
tions are determined via multijet events as a function of 77, and with Z/v* — e*e™ /utu~ +jets
events, dependent on pr. Finally, jet flavor corrections are derived from simulations by compar-
ing predictions of complementary event generators, PYTHIA (v6.4) [152] and HERWIG++ [153].
Corrections to b-tagged jets are cross-checked with data in Z/y*+b events.

The jet identification efficiency was measured to be close to ~ 100 % using 2.3 fb~! of colli-
sion data recorded in 2015 at /s = 13TeV [154]. In addition, energy calibration uncertainties
were estimated on the full dataset recorded in 2016 [155]. A breakdown of the uncertainties as
functions of pr and 5 of the jets is shown in Fig. 3.8. For central jets with pr > 30 GeV, the total
uncertainty is well below ~ 2% and dominated by the jet flavor dependence with minor contri-
butions from pileup offset, absolute, and relative scale corrections. Regarding the dependence
on 7, the total uncertainty is flat in the region |;7| < 2.5 and determined as ~ 2.5 % for jets with
pr ~ 30GeV. Again, the jet flavor description dominates in the central detector whereas pileup
modeling and methodology-related uncertainties gain importance in more forward regions.
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Figure 3.8: Jet energy calibration uncertainties in the data-taking period 2016 for central jets as a
function of pr (left) and for jets with pr ~ 30 GeV as a function of # (right) [155].
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3.3.5 Missing Transverse Energy

Missing transverse energy (MET) measured in a proton-proton collision event is a key quantity
to obtain information about particles that leave the experiment undetected such as neutrinos
and, potentially, particles postulated by BSM theories. For instance, the presented analysis uses
a MET threshold to select events with sufficient neutrino activity owing to the expected ttH
signal process signature and to suppress backgrounds from QCD multijet processes. Under the
assumption that the transverse momenta of the partons involved in the hard scattering process
are negligible, the momenta of reconstructed final state particles are balanced in the transverse
plane [139]. Therefore, missing transverse energy Er is defined as the magnitude of the negative

vectorial sum of all reconstructed particle momenta, f)"%ﬁss, as

) particles
Pre=— ), P (3.11)
i
Er = |pmiss). (3.12)

Experimentally, a hermetic calorimetry system and an excellent muon reconstruction efficiency
are essential preconditions. The measurement of the longitudinal component is not possible as
initial momentum fractions of interacting partons are a-priori unknown (cf. Section 2.2.1).

The determination of MET is sensitive to the reconstruction efficiencies and accuracies of all
other particles, and therefore relies on the performance of the PF algorithm. Especially mis-
identified or mis-reconstructed muons with large transverse momenta affect the quality of the
MET description to a great extent [139]. These events may occur when muons induced by cosmic
rays traverse the CMS detector in coincidence with a bunch crossing. They can be rejected by
requiring the closest proximity of the muon trajectory to the beam axis to be within 1 cm, while
differentiating displaced muon tracks from leptonic b hadron decays [139]. Other sources are the
incorrect association of muon detector hits to inner tracks, leading to large differences between
available estimates of the muon momentum, and “fake” muons caused by punch-through of
highly energetic hadrons beyond the magnet system.

The performance of MET reconstruction was estimated using recorded collision data [156,
157]. Scale and resolution were studied in Z/v* — eTe™ /u™ u~ +jets events with good Z boson
reconstruction accuracy but no intrinsic source of missing transverse momentum. Hence, the
MET quality can be assessed by comparing momenta of the Z boson to that of the hadronic recoil
system, whereas transverse and parallel MET components with respect to the Z boson direction
are studied separately. For a vector boson momentum of ~ 100GeV, the resolution of both
components amounts to approximately ~ 23 GeV and degrades only slightly with increasing
momentum [157]. The agreement between data and simulations was found to be at a reasonable
level, evading the need for additional simulation corrections [156, 157].

3.3.6 b-Tagging

The tfH (H — bb) signal process studied in the analysis at hand entails four jets originating from
decays of long-lived b hadrons that travel a significant distance in the detector before decaying
at a secondary vertex (cf. Section 2.2.4). The displacement with respect to the position of the
primary vertex, typically ~ 1cm at a momentum of ~ 100 GeV, can be resolved by exploiting
the high resolution of the inner tracking system. This approach gives rise to the identification of
b-flavored jets, called “b-tagging”, and constitutes a powerful tool in many high-energy physics
analyses. For example, by distinguishing b-flavored jets from those induced by other quark
flavors or gluons, the combinatorial complexity in the reconstruction of events with high jet
activity is significantly reduced. Also, background contributions from processes involving non-
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b-flavored jets can be suppressed.

Secondary vertices are reconstructed in an Inclusive Vertex Finding (IVF) [90] procedure,
which functions similar to the reconstruction of primary vertices. Selected tracks are required
to have a maximum (7, ¢) distance of 0.3 relative to the jet axis, a longitudinal distance below
0.3cm, and a transverse momentum above 0.8 GeV. After a clustering of the tracks, initial posi-
tions of secondary vertices are obtained in an adaptive fit. Ambiguities in the track association
to either the primary or a secondary vertex are resolved by evaluating a compatibility measure
based on the angle between the track and the flight direction with respect to the vertex. Fi-
nally, a secondary vertex is retained if it is associated to at least two tracks, and its position is fit
conclusively.

Various b-tagging methods are deployed in the CMS experiment. Following a synchronization
across multiple working groups participating in the tfH effort, the presented analysis utilizes the
Combined Secondary Vertex algorithm in its second revision (CSVVv2) [90, 158]. It combines in-
formation of displaced tracks and secondary vertices associated to a jet within a multivariate
technique implemented as a supervised multilayer perceptron with a single hidden layer [90].
In total, the discrimination power of 22 variables is exploited and aggregated into a single dis-
criminator output. A jet is attributed a b tag if the discriminator output exceeds a threshold
value. This value, the so-called “working point”, is usually defined by choosing a particular
false positive rate of the tagger, i.e., the probability to erroneously identify a jet to have b-flavor.

The performance of the CSVVv2 b-tagging algorithm was measured in simulations and com-
pared to collision data recorded in 2016 [90]. Fig. 3.9 shows the misidentification probability as a
function of the b-tagging efficiency in simulated tf events (left) and a comparison of the CSVv2
discriminator distribution as measured in recorded and simulated jets (right). At a misidentifi-
cation probability of 1 %, the tagging efficiency amounts to ~ 64 % against jets from gluons and
u, d, and s quarks, so-called “udsg jets”. Against c-flavored jets, the efficiency drops to ~ 33 %
owing to similarities regarding life time and decay characteristics of ¢ hadrons. The comparison
to jets in recorded collisions events yields a reasonable agreement in a large transverse momen-
tum range 50 GeV < pr < 250 GeV. Residual differences are to be addressed by corrections that
depend on the phase space of the particular analysis (cf. Section 6.4).
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Figure 3.9: Left: Misidentification probability versus b-tagging efficiency for various tagging
algorithms as measured in simulated tf events [90]. At a misidentification probability of 1%,
the CSVV2 algorithm has a tagging efficiency of ~ 64 % against jets from gluons and u, d, and s
quarks (blue solid line). Right: Comparison of the discriminator output of the CSVV2 algorithm
between data and simulation in muon-enriched QCD multijet events [90].
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3.4 Software and Libraries

Physics data analyses investigating high-energy particle collisions, such as presented in this the-
sis, comprise the study of a vast quantity of recorded and simulated events to examine rare
processes with sufficient statistical significance. In addition, sophisticated algorithms are essen-
tial for the fulfillment of a multitude of tasks, ranging from physics object reconstruction, to
signal extraction procedures with multivariate techniques, as well as management of particular
analysis workflows and the dependencies between them. To cope with the challenges posed by
both scale and complexity in an effective and resource-efficient way, state-of-the-art physics data
analyses rely on a considerable amount of software libraries.

This section summarizes the principal software tools that are employed to perform the pre-
sented analysis. First, the software and the event data model developed and used by the CMS ex-
periment are briefly described. Then, the Physics eXtension Library (PXL) is introduced, which
is used to represent and store collision events in a hierarchical structure with mother-daughter
relations between particles. Furthermore, it allows for the encapsulation of parametrized anal-
ysis algorithms in a modular structure, which can be visualized and steered using the VISual
Physics Analysis (VISPA) environment. The subsequent section presents the TENSORFLOW li-
brary for constructing and evaluating computational graphs on a variety of heterogeneous hard-
ware systems. It allows for the definition and training of deep neural networks, which are
employed within this analysis to separate signal events from contributions of multiple back-
ground processes (cf. Section 7). Lastly, the LUIGI package is presented. It is used for managing
and executing the analysis workflow, and it is extended to integrate with remote infrastructures
available to the high-energy physics community (cf. Section 5.1).

3.4.1 CMS Software Framework

The software framework of the CMS experiment, CMSSW, serves a broad spectrum of applica-
tions. It is deployed in the high-level trigger of the detector for data-taking purposes, i.e., for the
implementation of trigger paths, for detector alignment calibration tasks, for the production of
simulated collision events, and in physics object reconstruction routines [121]. It also constitutes
the foundation of subsequent high-level data analysis, which requires the framework to exhibit
a high degree of flexibility.

The control and data flow of CMSSW is event-centric and based on the Event Data Model
(EDM) [121]. A CMSSW program consists of configurable modules that are written in C++ and
encapsulate particular analysis algorithms. Modules can be parametrized to encourage modu-
lar programming and code reusability. During execution, data is passed between them on an
event-by-event basis and per event, a module can either reject it from further processing, an-
alyze existing event content, or append new content to be analyzed in downstream modules.
All information is stored in so-called “collections”, which can describe a variety of event-related
quantities such as hits, tracks, and energy deposits, but also high-level data like trigger deci-
sions and reconstructed particle hypotheses. Dependencies between modules are defined by re-
quirements to named collections of upstream modules. The resulting directed graph is inferred
automatically and, if available, can be executed in a multi-threaded process with some modules
operating simultaneously while others run sequentially. The configuration and steering of these
graphs is enabled through the prototyping-friendly Python programming language. Further-
more, the full encapsulation of parameterizable analysis algorithms allows for the storage of
detailed provenance information [159]. Internally, the data format is based on tree structures as
provided by the ROOT toolkit [160].

The analysis at hand uses CMSSW in version CMSSW_8_0_26_patch2.
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3.4.2 PXL and VISPA

The Physics eXtension Library (PXL) provides an experiment-independent collection of classes
designed for applications in high-energy physics data analysis [161, 162]. Its key components
comprise the means to organize event-related quantities in a hierarchical, extensible structure,
and tools for constructing analysis sequences in a modular fashion following an event-by-event
data flow. Using PXL, data can be read from and saved to disk through a dedicated, compressed
I/0 format. The so-called “pxlio” files are event-based and headless, and allow for the fast
merging and splitting of files with standard UNIX utilities. While written in C++, all objects are
also accessible through Python-bindings generated by the SWIG interface generator [163].

PXL provides interfaces for generic physics objects, e.g. pxl::Particle and pxl::Vertex
classes with a variety of convenience methods, as well as container structures to describe and
process them in logical, nestable groups, such as the px1l::Event and pxl::EventView classes.
The concept of event views allows for a consistent description of different aspects of the same
event. Common use cases are the separation of generator- and reconstruction-related informa-
tion of simulated events, or the bookkeeping and retaining of varying reconstruction hypothe-
ses of the identical event. In addition, objects located in the same container can be associated
among each other via mother-daughter relations. They support various applications ranging
from the modeling of particle interactions within event generator information similar to Feyn-
man diagrams, to the representation of results of complex association and clustering algorithms.
Furthermore, PXL allows objects to be attributed with additional information during run-time
using so-called px1::UserRecords. A user record is a key-value pair that maps a string iden-
tifier to a px1::Variant object, which is able to hold data of various types. They are defined
per object without introducing artificial constraints between them, resulting in a versatile and
dynamic data structure.

The second key functionality of PXL is a module system for defining analysis sequences. A
sequence contains multiple modules that are connected through a common interface by pass-
ing, for example, px1: :Event instances from one to another in a directed flow. For modeling
arbitrary, branched control patterns, modules can define one or more input (px1::Sink) and
output (px1::Source) ports. Data is passed along connections between two ports and can be
handled appropriately in the module implementation. Moreover, algorithms encapsulated in
modules are parameterizable, encouraging full code modularity and reusability. Besides C++
modules for performance-intensive algorithms, PXL also supports Python modules within the
same sequence for fast prototyping and testing purposes. After a development cycle, analyses
are executable using the pxlrun command-line tool, which allows for further configuration of
module parameters at execution-time.

Nested physics data structures and modular analysis sequences as supported by PXL can be
visualized with the VISual Physics Analysis (VISPA) software [161]. VISPA provides a graphical
development environment for interactively designing, executing, and validating physics anal-
yses, as demonstrated exemplarily in Fig. 3.10. The left-hand figure shows the data browser,
which visualizes the content of PXL files on the basis of events. Particles are contained in event
views and decay trees are visualized according to the relations between them. By clicking on a
particular object, all its properties such as four-momentum information and user records can be
inspected interactively. The right-hand figure depicts the visual analysis designer. Starting from
the set of all available predefined and individually developed modules, an analysis sequence
is built by selecting and connecting modules according to the respective task to be performed.
Module parameters are configurable through a structured user interface. Once the analysis is
saved in a human-readable format, execution and inspection of results can be performed right
within the application.
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Figure 3.10: Screenshots of the physics data browser (left) and graphical analysis designer (right)
applications in VISPA.

The VISPA project provides an implementation of the analysis software that is accessible
through a common web browser to take advantage of the numerous benefits inherent to web
applications [164]. Following a typical server-client approach based on modern web technolo-
gies, analysis-specific software can be installed on a central server, which mediates and dis-
patches incoming requests to dedicated computing resources. The user interface provides the
same functionality as described above and is accessible independent of device and location. An
instance of the VISPA web service is deployed on a computing cluster hosted by the “III. Physics
Institute A” at the RWTH Aachen University for research, outreach, and education [165, 166].
The resources attached to the setup comprise a dedicated GPU computing cluster, which was
utilized for the training of deep neural networks employed in this analysis (cf. Section 7).

3.4.3 TensorFlow

TENSORFLOW is a software library for high performance numeric computation and symbolic
differentiation [167]. Initially designed by Google, it was released in 2015 to the public and
is developed in an open-source community effort ever since. Owing to its flexible structure,
support for a multitude of platforms, and comprehensive math library, it is well equipped for
applications in the area of machine learning, especially in the context of deep neural networks.
It is interfaced to the commonly used array implementation provided by the NumPy package
[168].

Using TENSORFLOW, a computational task is represented by a directed graph with nodes and
edges denoting “operations” and “tensors”, respectively. The example graph shown in Fig. 3.11
(left) describes the computation

C= W-x + b (3.13)
——
“MatMul”
“Add”

where W, b, and x are input tensors with suitable shapes, and C is the output tensor. The pur-
ple boxes represent operations such as addition and matrix multiplication, whereas the arrows
denote the direction of the graph, i.e., the flow of tensors. In addition to basic arithmetic op-
erations, TENSORFLOW provides a variety of operations that are specially tailored for use in
machine learning applications. Therefore, if applicable, operations are defined along with their
symbolic derivation rules which influence the learning behavior of a network by means of the
backpropagation algorithm (cf. Section 5.2.2).
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The computation of a graph is initiated when the numerical result of one or more operations
is requested, whereby TENSORFLOW automatically determines the subgraph to process. Here,
three types of tensors are distinguished, namely “placeholders”, “constants”, and “variables”.
Placeholders usually mark the entry point for external information, such as input features for
neural network evaluation, and must be provided manually. Variables and constants are ini-
tialized with a-priori values, whereas only variables can be subject to updates during graph
processing and usually describe the trainable parameters of a machine learning model. Applied
to the example introduced above, C is a function of x, given the variable tensors 6 = (W, b), such

that C = C(x|6).

Similar to this rather elementary graph, large machine learning models often consist of com-
positions of vector and matrix operations whose computational performance can be optimized
substantially using vectorization techniques. Modern graphics processing units (GPUs) exhibit
highly parallel architectures, often equipped with thousands of processing cores that operate
far more efficient for vectorized algorithms. Therefore, TENSORFLOW provides a “device place-
ment” mechanism to distribute the actual computation of a virtual graph across physical de-
vices, e.g. CPUs and GPUs, which is illustrated in Fig. 3.11 (right). After placing operations on
particular devices, their execution is scheduled depending on the graph structure, and tensor
states are transferred between them if necessary. Internally, GPU instruction sets are accessed
through the CUDA parallel computing platform [169].

~

(Device B
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Figure 3.11: Left: Example of a directed computational graph in TENSORFLOW [167] (image
slightly altered). Nodes are represented by operations, whereas edges are denoted by tensors.
Right: Placement of operations on different devices for performance optimization purposes,
requiring the exchange of tensor data between them [90].

3.4.4 Luigi

LUIGI is a Python software package that provides a scalable design pattern for structuring large
and complex workflows of arbitrary workloads [170]. Initially developed at Spotify, it became a
community-driven, open-source project and is successfully deployed in both commercial and
scientific applications. To include remote resources available in the context of high-energy
physics research, LUIGI was extended along the development of this analysis. The concepts and
capabilities of this extension are discussed in detail in Section 5.1. The following paragraphs
introduce the fundamental building blocks of the LUIGI package.

Using LUIGI, an arbitrary workload, i.e., the elementary unit in an overarching workflow, is
described as a “task”. The purpose of a task is to produce a customizable set of outputs, denoted
by so-called “targets”. While targets usually represent local or remote files, they can, in princi-
ple, describe any type of stateful resource (e.g. a database entry). The sole core functionality
of a target is to check and report its own existence. Therefore, a task is considered “complete”,
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when all its output targets exist. Moreover, to alter the default behavior of a workload, tasks
can expose and implement mandatory and optional “parameters”. Significant task parameters,
i.e., parameters that influence the content of output targets, should be encoded in the respective
target locations, e.g. via distinctively integrating them into file paths. The resulting injective
mapping is advisable in order to prevent ambiguities during checks of a task’s completeness
condition. Finally, tasks can “require” one or multiple other tasks to define a coherent workflow,
where outputs of required tasks become “inputs” to the current task. As tasks can implement
requirements depending on values of particular parameters, workflows can behave highly dy-
namically and adapt to a large variety of use cases.

A workflow that consists of interdependent tasks can be described as a directed acyclic graph
(DAG), and visualized upon execution using a web application provided by LUIGI. An example
is shown in Fig. 3.12 for a hypothetical analysis. The execution of a workflow is initiated by
running a particular task. LUIGI recursively evaluates the completeness condition of all required
tasks to infer the shape of the underlying DAG. Subsequently, tasks are scheduled according to
their position in the DAG, whereby the number of parallel processed tasks as well as additional
priority rules are configurable. As a result, LUIGI’s stateful execution system is deterministic
and resource-effective since it only processes what is really necessary.

Luigi Task Status = Task List Dependency Graph Workers Resources Running I

Measurement() Task
Dependency Graph

@ Failed Measurement «——— Initiated Task
@ Running
@ Batch Running .
Pending Required Tasks
@ Done
@ Disabled
@ Unknown . MVAEvaluation
@ Truncated \\\
.
N
N
>. MVATraining
pd
,//
@ SplitEvents
/.\Beconslrucuon
/,,//, \\k\\\
/ AN
/ ~
e - \\
,//'
@ MCCorrections © Selection \. GatherWeights v

Figure 3.12: Screenshot of the LUIGI web visualizer application, showing a hypothetical analy-
sis workflow consisting of an initiated task and its recursive requirements in a directed acyclic
graph (DAG). Edges visualize direct dependencies and node colors denote task statuses.

For physics applications, workflow management tools such as LUIGI can give rise to consid-
erable advantages. Large-scale analyses with complex dependency structures can be modeled
via task workflows based on a design pattern consisting of only a few building blocks, while
keeping overhead on a reasonably low level. Besides the clear separation of workloads and a
consistent parameterization approach, all dependencies are programmatically expressed as part
of the analysis with direct benefits for error prevention, documentation, and collaboration. At
the same time, LUIGI is non-restrictive as it does not introduce constraints on the programming
language or the format of data that is exchanged between tasks.
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This section presents an overview of the strategy that is applied in this analysis of proton-proton
collisions recorded by the CMS experiment in 2016 to search for tfH (H — bb) production.
Several challenges have to be addressed in order to measure the rare signal process with con-
siderable sensitivity in the presence of dominating backgrounds from tf contributions. While
these challenges stem from physical considerations, they directly affect the pursued measure-
ment strategy and the technical design of the analysis. The following paragraphs describe the
emerging challenges as well as the key concepts employed for their accomplishment.

The subsequent sections are organized as follows. First, the physical conditions entailed by the
search for tfH (H — bb) production are summarized with focus on the interplay with irreducible
tt+hf backgrounds. The measurement strategy is presented thereafter, which is composed of the
event selection strategy and resulting physics processes to consider, the event classification and
categorization approach, and the concluding signal extraction method. The section concludes
with an outline of technical considerations that follow from the design of the measurement strat-

egy.

4.1 Physical Conditions

This analysis searches for the production of tfH events with Higgs boson decays into a pair of
bottom quarks, and single-lepton (SL) or dilepton (DL) decays of the tf system. The nominal final
state consists of six jets and an electron or muon in the single-lepton channel, or four jets and
two oppositely charged electrons or muons in the dilepton channel. Both channels contain four
jets originating from decays of b hadrons as well as a significant amount of missing transverse
energy due to undetectable neutrinos.

The dominant background results from the production of top quark pairs with additional
heavy-flavor jets in the final state (tf4hf). Especially events with two additional bottom quarks,
tE+bb, constitute an irreducible! background contribution. However, due to detector acceptance,
jet reconstruction and selection criteria, as well as misidentification efficiencies in b-tagging al-
gorithms (cf. Section 3.3.6), further background processes such as tf+b/b, tf+2b, tf+cc, tf+1f, or
single #/f production are to be considered. A detailed discussion of the tfH (H — bb) event and
all relevant background processes is presented in Section 2.2.4. The statements on background
characteristics made in the following paragraphs mainly target tf+hf processes and in particu-
lar the tf4bb process. However, although to a lesser extent, they also apply for the remaining
backgrounds.

Due to their similar final state content, tfH (H — bb) and tf+hf events cannot be fully sep-
arated from each other with selection cuts in the phase space of available observables. This
contamination plays a central role in the design of the analysis strategy. The resulting physical
measurement conditions can be divided into five, partially interdependent aspects.

1. Rare signal process With a cross section of 0y 551,01 = 98.41fb [7], the signal process is
~ 2800 times less likely than inclusive tf production with o5 ,pp. = 276.9 pb [15-27] at a
center-of-mass energy of /s = 13 TeV. Although only ~ 15 % of these tf events are produced
with additional heavy-flavor jets (cf. Section 6.2), a vast amount of events with similar final
state and kinematic topology remains. This disparity must be taken into account in the
design of the event selection procedure.

rreducible in terms of the final state content.
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Events / GeV

Irreducible backgrounds As outlined above, contributions from tf+hf processes constitute
an important source of background events in this analysis. While especially tf+bb pro-
cesses are irreducible with respect to the nominal final-state content, effects due to detector
acceptance, fiducial cuts, and reconstruction algorithms require the consideration of further
processes in the overall background modeling.

Uncertain backgrounds As discussed in Section 2.2.4, the definition of tf+hf background
processes is based on the number of b and ¢ hadrons found in jets clustered on generator
level after parton showering and hadronization processes are simulated via phenomenolog-
ical methods. Currently, their expected rates cannot be constrained by either higher-order
theoretical calculations nor experimental analyses with accuracies better than 35 % [28-31].
Corresponding rate uncertainties on theses processes exceed the nominal signal yield by
approximately one order of magnitude (cf. Section 6.2). Conservative 50 % normalization
uncertainties are considered in this analysis, uncorrelated for all tf+hf contributions.

Complex final state With six jets and one lepton in the single-lepton, and four jets and two
leptons in the dilepton channel, as well as missing transverse energy in both cases, the final
state is rather complex. The reconstruction of the Higgs boson from two jets entails com-
binatorial ambiguities, leading to 15 (6) possible hypotheses in the single-lepton (dilepton)
channel, which increase rapidly with additional jets. Owing to the non-detectable neutrinos,
a full event reconstruction requires sophisticated methods whose processing is particularly
demanding in the dilepton channel [171].

Low mass resolution Unlike the Higgs boson decay channels H — yyand H — ZZ* — 4l,
the decay into a pair of bottom quarks, H — bb, exhibits a relatively low mass resolution
[6]. Fig. 4.1 exemplarily demonstrates the prominent peaks found in the mass spectra of
the aforementioned channels [68, 172]. Due to the low dijet mass resolution, a compara-
ble structure is not expected to be observed in the presented analysis, and therefore, the
extraction of results must be subject to statistical inference methods (cf. Section 5.3).
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Figure 4.1: Visible and narrow peaks in mass distributions of the H — <y analysis (left) [172],
and of the H — ZZ* — 4l analysis (right) [68]. Due to low () jet mass resolution, a comparable
structure is not expected to be observable in the m,; spectrum of the tfH (H — bb) analysis.

These physics-induced conditions have a direct impact on the measurement strategy of this
analysis. The general approach including the concepts of event selection, process classification,
and signal extraction is presented in the following.
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4.2 Measurement Strategy

The search for tfH (H — bb) production in this analysis is designed along a well-defined mea-
surement strategy that can be divided into two parts. They are discussed in the following.

The first part describes the general measurement procedure consisting of the essential, neces-
sary steps to perform the analysis and obtain results. It commences with the selection of events,
followed by the application of residual corrections to simulations, and eventually leads to the
signal extraction technique, which is based on a parametrized fit to data.

The second part of the measurement strategy aims to optimize the analysis sensitivity by
separating the expected contributions of signal and background processes. This includes the
categorization of events as well as the development of variables that exploit differences in un-
derlying physics processes to define signal- and background-enriched phase space regions. In
particular, separation is achieved by the use of deep neural networks.

4.2.1 Event Selection and Signal Extraction

Event selection

The event selection procedure, i.e., the definition of the phase space of events to be analyzed,
serves two purposes. On the one hand, it is employed to exclude or suppress background
processes while retaining as many signal events as possible. For searches, the ratio between
expected signal and background events S/B, or sometimes S/+/B, is a good estimator to assess
the selection quality. On the other hand, selection criteria are to be defined such that phase space
regions are excluded in which the simulation is found to describe recorded data with insufficient
precision. Moreover, selection cuts on physics objects are synchronized with recommendations
from Physics Object Groups (POG) and Physics Analysis Groups (PAG) within the CMS experi-
ment. They provide centrally measured identification and reconstruction efficiencies, as well as
estimates on the overall agreement between data and simulation of related quantities.

Section 6.3 describes the full set of selection criteria in detail. As a result, five groups of back-
ground processes are relevant for this analysis: top quark pair production with additional jets
(“tt+X"), single top quark production (“single t/t”), vector boson production with additional
jets (“V+jets”), the production of two vector bosons (“diboson”), and top quark pair production
in association with a vector boson (“tf+V") (cf. Section 2.2.4). Contributions from QCD multijet
background were found to be negligible in previous analyses that studied a similar phase space
after incorporating selection criteria on the amount of missing transverse energy [14, 99-103].

Corrections

Subsequent to the event selection, a set of corrections is applied to simulated events in order
to mitigate residual differences with respect to data. These corrections either change individ-
ual event and object attributes, or they only account for deviations observed for a collection of
events, usually addressed with a reweighting of events based on binned distributions of certain
quantities. The latter approach introduces the concept of event weights which, by construction,
affect the distributions of all involved event variables. The correction procedure follows guide-
lines proposed by CMS POGs and PAGs, and is discussed in Section 6.4.

Eventually, the quality of the background modeling can be determined by comparing various
distributions of simulated and recorded collision events in control regions of the analysis. These
regions are excluded in the actual measurement procedure, while being sufficiently similar to
infer meaningful conclusions. At this stage, recorded data is not evaluated in the analysis region
to ensure an unbiased progress. This approach is referred to as “blinding”.
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Signal extraction

As explained in Section 4.1, an excess in the invariant mass spectrum of two b-tagged jets is
not expected to be observable. Therefore, the signal extraction procedure relies on a fit of a
simulated, parametrized variable distribution to data. Since the distribution is binned, the un-
derlying fit model is constructed according to an ensemble of counting experiments, where the
expected event yield in each bin is described by a Poisson distribution. The model parameters,
which are all determined in the fit, contain the parameter of interest, i.e., the tfH signal strength
modifier y = 0 /oy, as well as a set of “nuisance” parameters that mediate the effect of system-
atic uncertainties. Physics knowledge on systematic uncertainties is included via appropriate
prior probability distributions, whereas no assumptions are made on y; its prior distribution is
flat with no preconditioned range. The fit method is described in detail in Section 5.3.

In the context of a small amount of expected signal events compared to all backgrounds, this
construction entails a leverage effect, which implies a crucial dependence of i on the nuisance
parameters. First, any residual modeling discrepancy between data and simulation is compen-
sated during the fit primarily by adjusting central nuisance parameter values. Careful monitor-
ing of these nuisance “pulls” is therefore required as they, in turn, strongly affect the measured
value of p. Second, the determination of each nuisance parameter is intrinsically subject to
a measurement uncertainty. A parameter is said to be “constrained” if the uncertainty, i.e., the
width of its posterior probability distribution, is found to be smaller than assumed a-priori. Con-
sequently, large posterior uncertainties of nuisance parameters cause undesired, high variances
on the measurement of u. Therefore, the ability to measure and constrain particular nuisance
parameters is directly connected to the sensitivity of the analysis.

The signal extraction procedure is first performed for the blinded analysis. Observed data is
replaced by the “Asimov” dataset, i.e., an artificial dataset in which all observable quantities are
approximated from simulation [173]. Contributions of tfH signal events are included by setting
i = 1. Posterior expectation values of all fit model parameters are identical to their assumed
a-priori values. Constraints on nuisance parameter distributions can be interpreted to assess
the consistency of the statistical model and the convergence behavior of the fit. After thorough
validation, the analysis is unblinded and the fit is repeated with actual data.

Three quantities are defined to describe the expected and observed results of the analysis. For
expected values, the statistical fit model distinguishes between the “background-only hypoth-
esis”, i.e., the absence of signal by requiring the central signal strength to be y = 0, and the
“signal hypothesis” assuming a central signal strength modifier of y = 1.

Upper limit For the exclusion of hypotheses, upper limits on p at 95% confidence level are
constructed using the CL; technique [174]. The expected upper limit typically refers to the
background-only hypothesis. A value greater than one signifies that, even in the presence
of signal in Asimov data, the expected background is capable of explaining the data on
its own. An analysis is considered sensitive, if an expected limit below one is obtained to
disfavor the background-only hypothesis with at least 95 % confidence.

Best fit value The best estimate of y is obtained after full convergence of the fitting procedure.
Its central value and uncertainty can be transformed to the measured cross section of the
signal process. For the blinded analysis with Asimov data, the signal hypothesis is utilized
in order to derive an estimate for the expected accuracy of the measurement of .

Significance The significance describes the excess of data over the expected background con-
tribution and is expressed in Gaussian standard deviations (¢) via conversion of p-values.
The terminology of searches for new physics introduces two thresholds at 3¢ and 5 ¢ above
which an analysis reveals the “evidence” or the “observation” of a process, respectively.
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4.2.2 Event Categorization and Process Discrimination

The general measurement strategy, as discussed in the previous section, is self-contained as it
comprises the necessary steps to obtain results. In general, the fit of the underlying statistical
model to data could be performed on a binned distribution of an arbitrary event variable. How-
ever, as motivated above, the sensitivity of background-dominated analyses strongly depends
on the ability to constrain systematic uncertainties through nuisance parameters in the fit. This
is achieved by separating signal and background yields across different bins of the fitted distri-
bution.

Event categorization

The first step is the categorization of events based on properties related to the expected final-
state content. Its purpose is the grouping of events with similar characteristics into logically and
topologically distinct categories that, by construction, exhibit different signal and background
process compositions. A common categorization scheme utilizes the number of measured jets
and b tags [99-102]. While the jet identification efficiency is close to ~ 100 % (cf. Section 3.3.4),
the b-tagging efficiency depends on the applied tagging algorithm, its working point, and the
analysis phase space. In events with more than two expected b jets 71, category transition prob-
abilities become relevant. Given a tagging algorithm with an identification efficiency € and a
misidentification efficiency €, the probability to measure n;, b tags in an event with a fixed num-
ber of jets, 71, b jets, and 71; non-b jets, is

b 73 . 7] . A .
p(nb,ﬁb,ﬁz\e,a:Z<n'b>€nbZ<1—€>l ' < ¥ )éZA””(l—é)”I+A"b‘l (4.1)

=\ i — Any
with Anb = ﬁb — Ny (4.2)
a = max (0, Any) (4.3)
b = min(#y, 7, + Any). (4.4)

For € = 64% and € = 1% (cf. Section 3.3.6), the probabilities to measure certain numbers of
b tags in events with six jets is exemplarily shown in Table 4.1. The diagonal values represent
the combined probabilities to assign an event correctly to the appropriate category. This prob-
ability amounts to only 17.2 % for single-lepton tfH (H — bb) events with 4 b jets. As a result,
and contrary to the underlying conception, the construction of categories using the number of
measured b tags does not create topologically distinct groups that can be exploited to achieve
separation between signal and background processes. This analysis pursues a refined catego-
rization scheme which is explained below.

Events True b jets, 1y,
with 6 jets 2 3 4 5

2 411% 43.7% 31.5% 19.0%
3 1.6 % 26.7% 37.6% 33.8%
4 |1 <01% 08% 172% 30.2%
5 | <01% <01% 03% @ 109%

Measured
b tags, ny,

Table 4.1: Probabilities to measure n;, b tags in events with six jets and a true number of b jets 71y,.
Values are subject to rounding and follow Equation 4.1 with tagging and mis-tagging efficiencies
of € = 64% and é = 1%, respectively. Diagonal values mark the probabilities to measure the
correct number of b tags.
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Discriminating variables

The second step to separate signal and background contributions relies on more complex fea-
tures of the involved processes, which are often extracted by means of multivariate analysis
methods (MVA) [175]. MVA methods combine multiple variables of reconstructed events and
exploit correlations among them to identify differences in the provided phase space densities.
Subsequently, these differences are projected onto a single dimension to construct one or more
variables that discriminate between signal and background processes. These discriminating
variables are then used in the fit as part of the signal extraction procedure.

Previous searches for tfH (H — bb) production [14, 99-103] employed Boosted Decision Trees
(BDT) [176] and the Matrix Element Method (MEM) [177-179]. While the former is a machine
learning algorithm that requires a dedicated training process, the latter approach is physics-
motivated and relies on the probability for a reconstructed event to stem from a hypothetical,
partonic matrix element. Both methods perform a binary classification by distinguishing two
classes of events, i.e., signal and background. The different physics processes that contribute to
the overall background are treated equally.

In the statistical model of this analysis (cf. Section 8.1), the normalization uncertainties of
the tf+hf backgrounds are modeled conservatively by independent nuisance parameters per
process. Since a binary classification leads to bins that are enriched with all backgrounds at once,
these nuisance parameters interfere with each other during the fit and might impair its ability
to infer constraints. As discussed above, this circumstance would effectively translate into a
reduction of analysis sensitivity. Therefore, a different event discrimination and classification
approach is introduced in the presented analysis.

Multi-class classification with deep neural networks

As discussed in the previous paragraphs, this analysis utilizes a newly developed event cate-
gorization scheme as well as a set of discriminating variables that are specially tailored for the
search of tfH (H — bb) production. In fact, both approaches are results of the same algorithm,
which is based on deep neural networks (DNNs). While the technological concepts of DNNs are
explained in Section 5.2, a dedicated discussion of the event classification method is presented
in Section 7. The following paragraphs summarize its significance for the measurement strategy.

The key mechanism of the categorization and process classification algorithm is a DNN that
performs a multi-class classification. An illustration is shown in Fig. 4.2. Per event, a predefined
set of input variables is fed into the network whose architecture and weights are subject to a
training and optimization process. The network evaluates the variables and outputs a vector

“Probability”

ttH 0.41

" tft+bb  0.18
= o Categorize
Events [ & t+b/b 013 P by highest

- —

S tt+cc 0.09 output

r=1

Figure 4.2: Concept of the event categorization approach using DNNs that perform a multi-class
classification. Event are attributed six values that express their probability to originate from
either the tfH signal, or one of the five tf+X background processes. An event is categorized by
the process class that received the highest probability (t£H in the depicted example).
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of six elements with a sum of one. Each value describes the probability for a certain event to
originate from either the tfH signal, or one of the five tf+X background processes. The distinct
categorization into one of the six “classes” is derived according to the class with the highest
output value, i.e., the most probable process. Simultaneously, the distributions of the six output
units constitute powerful discriminating variables.

In each of the created process categories, a different discriminating variable distribution is se-
lected for the signal extraction procedure. The configuration is as follows. For events that are cat-
egorized as ttH, the variable corresponding to the t#fH output value is chosen. The same choice
is applied for the tf+X categories and their corresponding outputs. The resulting mapping is
unambiguous and avoids double-counting of events. By construction, the lower boundary of a
variable in its respective category is 1/6 ~ 0.167.

This architecture not only separates signal and background events, but also divides the latter
into the individual contributions from different processes. As a consequence, dedicated bins
are created that are mainly enriched with one of the relevant physics processes. Interference
between the involved nuisance parameters is mitigated in the fitting procedure and stronger
model constraints can be deduced. In turn, the analysis sensitivity is expected to improve.

Furthermore, a new technique for input variable validation is established (cf. Section 7.1).
Since deep neural networks are able to exploit deep correlations in data, commonly used one-
dimensional comparisons between simulated and recorded event distributions are insufficient
to assess their agreement. The introduced method also covers higher-order correlations.

An illustration of the overall measurement strategy is depicted in Fig. 4.3. Owing to a more
granular comparability with existing results, events are additionally categorized by the number
of reconstructed jets. Consequently, a different DNN is trained and optimized in each jet mul-
tiplicity category. The single-lepton channel is divided into events with four (4j), five (5j), or
more than six jets (> 6j), whereas the dilepton channel requires four or more jets (> 4j). Both
channels treat electrons and muons equally and require at least three b tags. Thus, the combined
b-tagging efficiency to accept an event with three (four) true b-flavored jets amounts to 27.5 %
(55.2%) (Equation 4.1). Events with two b tags constitute control regions. In total, this results in
24 categories with corresponding discriminants that are employed simultaneously in the signal
extraction procedure.

4.3 Technical Considerations

In addition to the conceptual design of the measurement strategy as discussed in the previous
section, technical considerations are necessary to organize the analysis in a way that ensures
its efficient execution. Its scale and complexity are primarily driven by the amount of collision
events, the data flow entailed by the utilized MVA method, and the processing of a large num-
ber of systematic uncertainties. The following paragraphs motivate the choices of computing
infrastructure as well as software tools and data formats for the realization of the analysis.

In the CMS experiment, proton-proton collision events are recorded or simulated in a central-
ized effort, divided into multiple files for performance purposes, and stored in a common data
format. This analysis relies on a dataset of 2.9 x 10° recorded and 1.2 x 10° simulated events
which are stored in ~ 42.000 files with a total size of ~ 100 TB (cf. Sections 6.1 and 6.2). Pro-
vided input files use the ROOT-based miniAOD format developed by the CMS collaboration [121]
and are processed in the CMSSW software framework (cf. Section 3.4.1). Subsequently, files are
converted using the PXL toolkit (cf. Section 3.4.2) and the event selection is performed within a
PXL module sequence that stores accepted events in the pxlio format. After the application of
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Categorize by most probable process
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Figure 4.3: [llustration of the categorization and measurement strategy developed for this anal-
ysis. After a selection in single-lepton and dilepton channels with a minimum number of b tags,
events are initially categorized by the number of jets. In each category, Deep Neural Network
(DNN) discriminants are trained to categorize events further by their most probable process.
Finally, the measurement is performed through a fit of the expected DNN output distributions
to data simultaneously in all 24 categories.

residual corrections to simulated events, the data is converted to flat tuple structures provided
by the ROOT package. From this point, data for the deep neural network training is derived, pro-
cess classification and event categorization are conducted, and histograms of important variable
distributions are created for both plotting purposes and the final signal extraction procedure.

The majority of these workloads is processed on the Worldwide LHC Computing Grid (WLCG)
[180], whereas DNN trainings are executed on a dedicated GPU computing cluster deployed by
the “III. Physics Institute A” at the RWTH Aachen University [166].

The underlying data flow is designed to be as parallel as possible and is primarily dictated by
three factors. First, the size of files is reduced after event selection and conversion among the
aforementioned data formats. To optimize job run-times, file transfers, and CPU consumption,
files are consecutively concatenated between particular analysis steps to achieve optimal file
sizes for processing on WLCG infrastructure. Second, the DNN trainings are performed on 50 %
of simulated, nominal {fH and tf4X events, and are hence required to be merged into single
files. After successful training, the DNNs are evaluated on the remaining simulated and all data
events for subsequent analysis with high parallelism. Finally, this search is subject to a total of
80 systematic uncertainties (cf. Section 8.1), which cause the repetition of certain parts of the
analysis with varied configurations.

Therefore, a novel workflow management system was created to cope with the scale and com-
plexity of this analysis. It is based on the open-source software package LUIGI developed by
Spotity (cf. Section 3.4.4) and establishes a generic analysis design pattern with integrated sup-
port for interchangeable remote resources. Details of the workflow software are explained in
Section 5.1.
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The strategy and implementation of this analysis are based on a set of technological key compo-
nents. They can be divided into three parts and are described in the following sections.

The first section discusses the analysis workflow management system (AWM!) that was de-
veloped alongside this analysis to cope with its scale and the complex relations among particular
workloads. Subsequently, a summary of the main aspects of deep learning and neural networks
is presented. It comprises all concepts that are applied during design and training of the neural
networks as used for event categorization and process discrimination (cf. Sections 4.2.2 and 7).
The third section introduces the statistical framework that constitutes the basis of the extraction
of results in terms of expected and observed limits, significances, and best fit values of the tfH
signal strength modifier (cf. Sections 4.2.1). In addition, it explains the goodness-of-fit quantity
that is utilized to assess the agreement between recorded and simulated event variables to be
used for neural network training.

5.1 Analysis Workflow Management

High-level physics analyses usually consist of a considerable amount of logically separated
workloads. In general, the interface between these workloads does not rely on an event-by-event
data flow such as utilized by, for example, CMSSW (cf. Section 3.4.1) or PXL (cf. Section 3.4.2).
The workloads to perform a specific analysis often form a loose collection of inhomogeneous
procedures, encoded in executable files such as Shell and Python scripts, and are executed man-
ually. Hereby, their execution order is dictated by the dependencies between them in terms of
the existence of results of one or more previous procedures. Beyond a certain scale and com-
plexity, the manual steering of analysis workflows can be time-consuming, prone to errors, and
potentially leads to undocumented relations between workloads.

A novel software for workflow management was developed alongside this analysis to cope
with the challenges and risks of inhomogeneous workload definition and manual steering. It
is based on the pipelining package LUIGI [170] (cf. Section 3.4.4) due to its simple yet scalable
and extensible structure. To meet the sophisticated demands of performance-intensive analyses,
the AWM implements the building blocks to seamlessly integrate remote resources as used in
the high-energy physics community. The eventual goal of the software is to provide a versa-
tile working environment for robust analyses on scalable and interchangeable resources, while
immediately enabling analysis preservation.

The following section presents basic concepts of the developed software. Thereafter, the tech-
niques of remote execution, remote storage, and environment sandboxing are explained, and
the resulting prospects for analysis preservation are summarized. A previous version of the
AWM is described in Ref. [181]. The software is publicly available and developed further in an
open-source effort [182].

5.1.1 Basic Concepts

Conceptually, the developed AWM is independent of any experiment, specific use case, pro-
gramming language, or data format. In typical high-energy physics nomenclature, it does not
qualify as a “framework”, but rather defines a collection of permissive guidelines and tools to

IThe abbreviation AWM is favored over the common term WMS in the following, as the latter often refers to
workload management systems in the context of remote job scheduling.
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follow a design pattern for distributed physics analyses. Specially tailored solutions already ex-
ist for a small number of particle physics applications such as the comprehensive event simula-
tion campaigns performed centrally by the CMS and ATLAS experiments at the LHC [121, 183].

However, the requirement profile for performing end-to-end physics analyses can differ greatly.
Particular workloads may require the results of multiple previously executed workloads and
produce more than one output themselves. These dependencies form a directed acyclic graph
(DAG), which can take arbitrary shapes and could even depend on dynamic run-time condi-
tions. In addition, the shape of the DAG is not necessarily known a-priori and also might be
subject to continuous development cycles. Furthermore, whereas central experiment workflows
often rely on dedicated infrastructure, analyses must rather incorporate existing resources and
maintain the ability to adapt to short-term changes.

The key operating principles of the AWM and the associated analysis design pattern are based
on four paradigms which are discussed in the following paragraphs. A supporting illustration
is presented in Fig. 5.1.

1. Encapsulation Logically separated steps of an analysis are encapsulated in workloads. They
can produce outputs, require the completion of certain other workloads, and therefore con-
sider their outputs as potential inputs. Workloads and the dependencies between them
compose a workflow that is visualizable as a DAG. The graph structure is scalable, versa-
tile, and can be exploited by execution systems with automatic dependency resolution to
process entire workflows using a single command invocation.

2. Factorization In structural terms, a workload is factorized into four domains that are or-
ganized in two layers. The “management” layer handles the run location of a workload,
defines the location where output data is stored, and steers the software environment dur-
ing execution. The “analysis” layer contains the actual algorithm code to run. It is fully
decoupled from the management layer, i.e., algorithms remain unaffected by any decisions
about run and storage locations. Dynamic behavior of both layers can be achieved by in-
cluding parameters to the workload. Their values might be configured at execution-time or
depend on run-time conditions.

3. Interchangeability Implementations of domains of the management layer are interchange-
able. For instance, the change of the storage location for produced workload outputs neither
affects the analysis algorithm, nor decisions about its run location or software environment.
Evidently, exceptions occur in cases where special hardware requirements (e.g. GPUs for
machine learning tasks), or strict dependencies between run and storage locations exist (e.g.
data access on remote computing elements behind firewalls is often restricted to dedicated
storage systems). The interchangeability of resources provides a high degree of flexibility
and prevents hard-coded dependence on certain infrastructure. Decisions on all three do-
mains can be made at the execution-time. Switching between local and remote resources is
also beneficial for testing purposes.

4. Universality The realization of algorithms in the analysis layer and the type, quantity, and
content of their results are universal. There is no limitation on the programming language
or implementation details of algorithms, as long as they are executable by means of sub-
processing. Before and after the actual processing, measures can be taken to ensure the
compliance with the factorization (2) and interchangeability (3) paradigms. Furthermore,
the form of analysis results is entirely unrestricted, i.e., any kind of stateful information can
serve as a definition of workload output. This includes files with arbitrary data formats,
tile system directories, database entries, and even specific file content, e.g. contained in
machine-parsable job reports. The paradigm of universality causes the distinction from the
concept of “frameworks” in the sense of typical particle physics applications.
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Workload Workflow (DAG)

lInput

Management layer

Run location
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Figure 5.1: Illustration of a workflow composed of multiple workloads. Workloads consist of
a management layer that defines and handles run location, storage location, and environment,
and an analysis layer comprising the actual algorithm code to run. The analysis layer is fully de-
coupled from the management layer, allowing for interchangeability of resources. Dependencies
between workloads (arrows) result in a directed acyclic graph (DAG).

Compliance with the four paradigms entails several accomplishments. Relations between
workloads are encoded as dependencies and become integral parts of an analysis. Besides the
evident advantages for automation, this also leads to notable benefits for the purpose of docu-
mentation. Beyond a certain scale and complexity, manual steering of physics analyses can be
a challenging task. Especially in working groups where analyses are fully or partially operated
by multiple individuals, a common interface between workloads has significant advantages.
Final and intermediate results are both reproducible and reusable between similar analyses, ef-
fectively lowering the degree of unnecessary redundancy. Furthermore, the DAG defined by a
workflow can be visualized with appropriate tools and, in environments such as provided by
standard web browsers, can even serve as a basis for status monitoring during execution.

Technically, the concepts and paradigms introduced above are realizable using the scalable
and extensible structure provided by the LUIGI package (cf. Section 3.4.4). The AWM is written
in Python, which is a common choice in scientific applications owing to its high acceptance,
support for diverse programming patterns like object orientation and scripting, and the vast
amount of available libraries. Using LUIGI, workloads are described by parameterizable “tasks”
that may require other tasks, define output “targets”, and separately designate the algorithm
code to run. Outputs of required tasks denote inputs, and a task is considered complete when
all its output targets exist, independent of how the criterion of existence is evaluated. Details
regarding implementation of the four paradigms as well as technical aspects are presented in
the subsequent sections.

5.1.2 Remote Execution

Physics analyses investigating rare processes in high-energy particle collisions typically exam-
ine a considerable amount of data to infer statistically significant results. This implies that a
large quantity of computing tasks must be executed, which most likely exceed the capacity of
local host systems in terms of processing units, memory consumption, and storage space. The
number of unique tasks to process in the scope of the presented analysis is, for example, in the
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order of ~ 10°. Consequently, remote task execution on distributed batch systems is essential.
Following the paradigm of factorization as introduced above, analysis algorithm code should
remain unaffected by any decisions about the run location.

The developed AWM realizes remote execution capabilities through “mixin-based” inheri-
tance. Tasks can inherit from one ore more classes that provide functionality for submitting
computing jobs to certain remote batch systems as well as for retrieving job status informa-
tion and results. In contrast to inheritance models that denote “is-a” relationships, mixin-based
inheritance is considered as a technique to adapt common functionality while avoiding code re-
dundancy. Thus, the configuration of run locations is rather declarative and, in particular, does
not interfere with other factorized workload domains. In case of multiple available run locations
provided by different mixin-classes, the actual implementation, i.e., the set of methods handling
job submission and status retrieval for a particular batch system, can be selected at execution
time using task parameters, which fulfills the demand for interchangeability. At the time of
writing, the HTCondor [184, 185], LSF [186], ARC [187], and gLite [188] batch job interfaces are
supported.

Another strict policy of the remote execution system is customizability. Deployed instances
of the same batch system, such as HTCondor, can behave fairly different regarding submission
requirements and overall supported features, depending on how they are configured by admin-
istrators. Therefore, the implemented execution system neither assumes a particular setup nor
does it attempt to extrapolate specifications, but rather provides transparent access to all job
configuration options. Furthermore, various features are included which are crucial for efficient
operation on batch systems. Among others, they include job error detection, automatic resub-
mission, early stopping criteria, and the possibility to connect to common monitoring interfaces.

5.1.3 Remote Storage

The large amount of data to be processed inevitably causes the need for sophisticated data stor-
age systems. Requirements on the storage capacity per analysis in the order of ~ 10 — 100 TB
are not unusual. Especially when relying on remote execution systems that allow for a great
number of parallel jobs such as the Worldwide LHC Computing Grid (WLCG) [180], the use
of high-throughput storage is mandatory. Furthermore, storage locations should be accessible
from within run locations in order to avoid manual copying of files and permanently occupying
redundant disk space.

The concept of output targets, as introduced by the LUIGI package, represents a suitable ab-
straction for handling files on interchangeable remote resources. While multiple realizations of
targets are conceivable in general (cf. Section 3.4.4), the following paragraphs focus solely on
physical files. Independent of whether targets denote local or remote files, they strictly imple-
ment the same interface, which is defined by a common superclass and contains both low- and
high-level file operations. Algorithms as part of the analysis layer can rely on the equivalence
of operations, fully omitting distinction of cases in order to achieve interchangeability of stor-
age locations. Additionally, the approach can be used to enable load distribution over several
different locations. The respective behavior is configurable on target- and task-level.

The novel AWM provides a generic interface for remote file targets based on the open-source
Grid File Access Library (GFAL) developed at CERN [189]. The library provides a Portable Op-
erating System Interface (POSIX) for remote files accessible through most protocols employed in
the landscape of high-energy physics such as provided by XRootD, dCache, SRM, and GridFTP,
as well as further popular backends such as SFTP, WebDAV, Amazon S3, and Dropbox. More-
over, the developed target interface provides essential features including batch transfers, trans-
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fer validation, automatic retries for robustness against connection disruptions, and optional lo-
cal caching. The latter is of particular importance for the optimization of network utilization
in a variety of use cases. Examples are repeated local tests, or interdependent tasks running
consecutively on the same machine and thus, being able to use cached versions of previously
created output targets. Following the factorization paradigm, both cache synchronization and
invalidation are fully integrated into all remote target operations and do not require special con-
siderations in analysis algorithm code.

5.1.4 Environment Sandboxing

Another important aspect of the factorization paradigm is the management of software and en-
vironments. Different workloads within the same analysis workflow may depend on distinct
software setups or even operating systems that are not necessarily compatible with each other.
Examples are workloads that utilize key components of experiment-specific software that is of-
ten subject to extensive validation procedures and therefore requires long-term stability. This
is opposed to machine learning algorithms built on top of third-party libraries, which may cru-
cially improve in performance when updated on a regular basis. For this purpose, a mechanism
referred to as environment “sandboxing” is integrated into the developed AWM.

A sandbox describes a collection of environment configurations, ranging from plain sets of
variables, over to distinct software setups and different operating systems. Possible implemen-
tations encompass subshells with initialization files loaded on top of existing environments,
virtual machines (VMs), or virtual environments (VEs). VEs are particularly appealing as they
are realized on the basis of containerization, such as provided by Docker [190] or Singularity
[191]. Tasks can declare the demand for a particular, favored sandbox and, optionally, provide
further logic for negotiating with the current environment to determine if either compatibility
is sufficient or sandboxing is necessary. In the latter case, the developed mechanism embeds
the invocation of the algorithm code in the analysis layer within the specified sandbox. This
approach preserves the encapsulation paradigm by considering environment dependencies as
part of the management layer of workloads and thus, enables the execution of inhomogeneous
workflows with a single command.

Another benefit of sandboxing is related to long-term stability and portability. Most host sys-
tems and computing clusters are subject to constant changes owing to maintenance and security
measures. For workloads with critical software dependencies, sandboxing provides a method
for ensuring reproducibility of results over time. Therefore, it exhibits a key technique for the
preservation of analyses, which is discussed in the following section.

5.1.5 Analysis Preservation

The full preservation of analyses is a key ingredient for sustainability of experimental particle
physics research. Therefore, long-term storage of data, analysis algorithms, and related exter-
nal information is required to ensure the repetition of measurements with reproducible results
for the purposes of documentation, education, and reinterpretation. Especially reinterpretation
campaigns represent an important use case as they could utilize preserved analyses to test hy-
potheses postulated by newly developed theories, exploiting the amount of recorded data and
developed algorithms to this date. Inter-experimental collaborations have formed to advance
this common effort [192]. In practice, however, the process proves to be challenging owing to
the fact that analyses need to be adapted manually to fulfill certain preservation conditions.
In contrast, analysis workflow management systems with integrated preservation capabilities
could offer appealing benefits.
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On the basis of the four paradigms introduced above (cf. Section 5.1.1), a decisive set of preser-
vation conditions for workflow management systems can be derived.

1. The analysis layers of workloads containing algorithm implementations must not be changed.
Moreover, operations relying on random quantities should be altered to use fixed seeds in
random number generators.

2. Software and other relevant environment configurations must be retained such that repeated
execution of the analysis code leads to identical results. External libraries might be updated
when complying with prescriptions of semantic versioning.

3. All initial and external files must either be retained, or referenced to copies on dedicated data
preservation systems.

4. For analyses that require a considerable amount of resources in terms of processing time,
storage capacity, and specialized hardware, access to remote infrastructures providing paral-
lel execution and storage systems must be configurable.

5. The execution of analysis workflows must be fully automated and / or sufficiently docu-
mented in order to guarantee operability by other researchers at any time.

The developed AWM intrinsically satisfies conditions 1, 4 and 5 by adhering to the paradigms
of workload domain factorization and interchangeability of run and storage locations. The re-
tention of software and environment configurations (condition 2) can be achieved by means of
the sandboxing mechanism. Here, containerization methods such as provided by Docker [190]
or Singularity [191] are particularly suitable. For high-energy physics experiments, the preser-
vation of simulated and recorded collision events (condition 3) requires sophisticated measures,
owing to the large amount of data in the order of ~ O(PB). Access to extensive LHC open-data
initiatives [193, 194] is mandatory and therefore supported by the AWM.

5.2 Deep Learning and Neural Networks

This section presents an overview of the key principles of multivariate analysis (MVA) with
deep neural networks (DNN). As deep learning, and machine learning in general, constitutes
a broad field of current research, which is subject to continuous development, the paragraphs
below focus strictly on the concepts that are applied in this analysis. An extensive reference on
deep learning and neural networks can be found in Ref. [195].

The sections below are structured as follows. First, the mathematical notation and construc-
tion of DNNSs is introduced. After that, the process of neural network training is explained and
the underlying minimization algorithm is discussed. The section closes with additional methods
that target training optimization and model generalization.

5.2.1 Mathematical Construction

A neural network can be described as a function that, based on a well-structured mathemati-
cal model, maps an input x to an output y, both of which can have arbitrary dimensions and
numeric domains. Depending on the particular use case, y denotes a “prediction” given the
input “features” x in the context of a numerical regression or classification task. In general,
the model consists of a composition of mathematical operations involving a vast amount (of-
ten > (O(10°)) of free parameters in order to exploit correlations and characteristic patterns in
potentially highly complex input spaces. The determination of these parameters is subject to
an optimization procedure, usually referred to as network “training”, and consists of the mini-
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mization of an objective function that compares predicted and true expected outputs to derive
a “loss”. Shape and behavior of this loss function are problem-specific and determined by the
respective task to be accomplished. To ensure an effective and efficient training of the numerous
free parameters, the neural network model is constructed in a layerwise fashion, which is ex-
plained in the following. The iterative training algorithm exploiting this structure is described
subsequently.

Fig. 5.2 shows a generic, deep neural network with an input layer (! = 0), L — 1 “hidden” lay-
ers, and an output layer (I = L). Each layer consists of an adjustable number of “units”, which
receive values from all units in the previous layer, transform them into a single output value,
and pass it to all units in the next layer. The number of input and output units x; and y;, re-

Input layer Hidden layer Hidden layer Output layer
(I=0) (I=1) (I=L-1) (I=1L)

QO Bias unit
— Weight

Figure 5.2: Overview of a generic, fully-connected neural network with an input layer, L — 1 hid-
den layers, and an output layer. The input to each unit (white circles) is the weighted sum (ar-
rows) of all units in the previous layer, while its output is subject to an activation function. Con-
stant bias units ensure numeric independence of units in the next layer via additional weights.

spectively, are specified by the particular task, whereas the number and size of hidden layers are
“hyperparameters” and subject to manual optimization apart from the training process. Arrows
in Fig. 5.2 represent free parameters, or “weights” of the model and gray circles denote so-called
“bias” units whose value is constant one. The latter enable numeric independence of units in

the next layer as described below. Weights between unit j in layer / (a}) and unit i in layer / 41

I+1

(aﬁ“) are denoted by Wil]., whereas weights from bias units to a; ! are labeled as b!.

The input of a unit 4! is given by the weighted sum of the units in the previous layer,

zh = Zwilj’l : a}’l + b7t (5.1)

= =Wt g1 pit (5.2)

Equation 5.2 expresses the operation by efficient matrix multiplication and vector addition. The
output of the unit is a transformation of its input by means of an “activation” function ¢’.
This transformation causes non-linear behavior of the model, which is essential for its ability
to approximate arbitrary functional relations. A selection of common activation functions is il-
lustrated in Fig. 5.3. All units of a particular layer are transformed with the same activation,

whereas different functions can be chosen per hidden layer, representing additional hyperpa-
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Figure 5.3: Typical activation functions that are used in neural networks. From left to right: logis-
tic, hyperbolic tangent, rectified linear unit (RELU), and exponential linear unit (ELU) function.

rameters. Thus, the output of a unit can be written as

at =0l =7 (Wl’l al Ty bl*1> (5.3)
with o(z) := (¢(z0), 0(z1), ...)". (5.4)

It should be noted that Equation 5.3 defines the recursive relation a! = a’(a'~!). In general, the
choice of the output layer activation depends strongly on the individual application. For multi-
class classification tasks, a “softmax” transformation is used to scale the sum of the unit outputs
to unity through

L
eZ

Usoftmax (ZL) = Y. eZiL . (5.5)
In conclusion, the model of a DNN can be expressed as a composition of its layers a
_ —(Loal-1g... 540
y=1vy(x| ZV\;B) =(a"o0a""o---0a')y (x), (5.6)

=w model

given the set of free parameters w. Their determination within the neural network training
process is the subject of the subsequent section.

5.2.2 Neural Network Training

The procedure of neural network training commences with the definition of a task-specific loss
function that compares the predicted output y,(x) of an example 7 to its true expected outcome
7. For the regression of a single quantity, the mean squared error (MSE) loss is a suitable choice,
whereas (multi-class) classification tasks typically rely on the cross-entropy (CE) loss,

N

Mean squared error:  L(y(x),)mse = % Y (G0 — Yn (x))? (5.7)
1 N

Cross-entropy: L(y(x),9)ce = N Y —nlogya(x). (5.8)

In case of the CE loss, J, represents a vector whose length corresponds to the number of classes,
with values of one denoting a specific class, while being zero otherwise. The logarithm is eval-
uated elementwise. The loss is often expressed as an average over a “batch” of N examples to
obtain a statistically reliable quantity. For a fixed batch of examples, it can be reinterpreted as a
function of the model weights, L(y(x |w),§) — L(w |y(x),7). Then, the aim is to find a set of
weights that minimizes the loss evaluated for a statistically representative amount of examples.
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This minimization is achieved through an iterative, stochastic process referred to as batch gra-
dient descent (BGD), which connects the change of the loss function to a rule for updating the
model weights. For small variations, the change AL can be approximated as

oL
- Aw; = VL - Aw. (5.9)
1

AL%Zaw
1

By requiring that Aw should be proportional to VL, so that Aw = —# - VL, it follows

AL~ — 7 -||V.L|]*> <0, (5.10)
N N~ —
>0 >0

where the proportionality constant # is called the “learning rate”. Thus, the loss change is nega-
tive and the total loss is minimized if the weights are adjusted according to the “update rule”

Wiy = wp —1 - VL (5.11)

after each training iteration . However, the repeated calculation of the numerous and mostly
complex derivatives VL is inefficient and computationally challenging.

A solution is provided by the so-called “backpropagation” algorithm [196] that exploits the
layerwise structure of neural networks. It defines the “error” &' of a layer I as

l V,L o' (Z), forl=1L
5l = , (5.12)
((WZH)T -(7”1) oz, forl <L

where ® denotes the Hadamard product, i.e., elementwise multiplication, and ¢’ (') refers to
the derivative of the activation function of layer I, evaluated at z!. Therefore, the error of each
unit in all network layers can be determined since VL and ¢’ (z') are efficiently computable. In
order to quantify VL for updating the model weights during training (Equation 5.11), it can be
shown [195, 196] that the derivatives are related to the errors § (Equation 5.12) through

oL -1 . oL

= Y = =4
Wilj = a; 6; and 8b§. = (5]. (5.13)

Thus, the weights can be updated efficiently and the full neural network training with back-
propagation proceeds as follows.

1. Input the features x of a batch of N examples to the network.

2. Propagate unit outputs a' in forward direction through all layers, compute the output y
(Equation 5.6), and determine the loss L (e.g. Equation 5.7 or 5.8).

3. Determine the error 6* in the last layer and propagate it back to obtain the errors of all previ-
ous layers ¢/ (Equation 5.12) and, subsequently, the derivatives VL (Equation 5.13).

4. Update all weights according to the update rule (Equation 5.11).

This procedure is repeated until the loss reaches a minimal value. As the number of available
examples is usually limited, a special treatment is advisable for monitoring the network’s ability
of generalization. In scenarios where the set of training examples is an insufficient represen-
tation of the underlying, general probability distributions, or if the network’s “capacity” is too
extensive with respect to the number of available examples, the network might become sensi-
tive to characteristic features of the training dataset. Therefore, an independent “validation”
dataset should be retained to compute a validation loss in each iteration, which should be iden-
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tical to the training loss used for backpropagation. In case of persistent deviations, the model
fails to generalize, which is called “overtraining”, the training should be stopped, and measures
for overtraining suppression should be taken (cf. Section 5.2.3). As the validation dataset is
therefore effectively utilized to optimize hyperparameters, an independent, third “testing” (or
“evaluation”) dataset is required for actual application in subsequent analyses.

5.2.3 Further Concepts

The implementation of the DNNs as used in this analysis employs further deep learning con-
cepts that are discussed in the following paragraphs. They consist of methods for optimizing
the training procedure and for suppressing overtraining.

Training optimization

As explained in Section 5.2.2, weight updates during training crucially depend on the layerwise
computed errors J (Equations 5.11 and 5.13) and thus, on the gradients ¢’ (z) of the activation
functions, evaluated at the layer input z (Equation 5.12). Gradients close to zero lead to negli-
gible errors and, in turn, to vanishing weight updates, which impede the network’s ability to
learn over time. This “vanishing gradient” problem can be addressed with various approaches.

Since each input feature x; may have a different numeric domain, the input to the first hidden
layer, z! = W0 . x + 10, is generally unrestricted. However, activation functions, such as shown
in Fig. 5.3, tend to possess preferable regions, usually around zero, in which their values as well
as derivatives are most meaningful in the context of backpropagation. As a consequence, input
features and weights are subject to certain considerations. Firstly, each input x; is transformed
so that its distribution has a mean value of zero and a standard deviation of one,

Xj— xj = x]aj%’ (5.14)
Secondly, the initial weights should be drawn from (e.g.) a uniform or Gaussian distribution,
whose parameters depend on the shape of WY and the chosen activation function in order to en-
sure an equally appropriate numeric domain of the layer output a! = ¢!(z!). Examples are the
He [197] and the Glorot [198] initialization approaches. Bias weights are commonly initialized
to zero, but updated during training to compensate for numeric offsets. In subsequent layers,
weights can be initialized likewise, however, further methods exist to prevent vanishing gradi-
ents more efficiently, which especially occur in particularly deep networks. Batch normalization
performs a scaling of hidden layer activations, similar to Equation 5.14, with adaptive scaling
coefficients per unit [199]. Moreover, the application of the scaled exponential linear unit (SELU)
activation function with intrinsic self-normalizing behavior could be beneficial [200].

Besides adjusting input features and parameters of the network model, refinements of the
loss minimization algorithm itself can be considered. One example is the adaptive moment
estimation (ADAM) algorithm, which “computes individual adaptive learning rates for different
parameters from estimates of first and second moments of the gradients” [201]. Per weight w;,
it defines the linear (mean) and quadratic (variance) moments at a training iteration f as

oL
iy = P1-Mip1+ (1= p1) 5= (5.15)
oL 2
Uiy = B2 Vi1 +(1—B2)- 3o ! (5.16)
1

where B1, € [0,1) represent exponential decay coefficients. While the gradients are obtained by
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the backpropagation algorithm as before (Equation 5.13), the weight update rule is amended to

1 mit
M
v/ (1-By) +e 17A

Wiyl = Wi — 1+ (5.17)

with ,Btlz decreasing over time and a small number € for numerical stability. If one imagines the
loss function as a high-dimensional surface, the ADAM update rule can be perceived as an object
descending along the surface with momentum and friction. The algorithm yields faster global
convergence [201] and is less sensitive to perturbations due to local minima.

Overtraining suppression

Overtraining occurs when the dataset used for training is an insufficient representation of the
underlying, general probability distributions, either due to a bias in the selection of examples,
or owing to a limited amount of statistics, while the capacity of the network is sufficiently large
to learn characteristic, but non-representative features. Sophisticated applications require net-
works to find complex inner representations in data and hence, rely on an appropriate model
that involves a considerable amount of free parameters. This trade-off situation is illustrated in
Fig. 5.4. The neural networks developed in this analysis employ two methods for overtraining
suppression, which are described in the following two paragraphs.

Underfitting Appropriate capacity Overfitting

y(x) = pol; (x) y(x) = poly(x) y(x) = polg(x)

]
/
y A Y y

X X X

Figure 5.4: Illustration of model capacity, under- and overfitting. Given a set of examples (x;,
yi), a model with too few parameters is an insufficient representation of the data (left), while
a too complex model is prone to fluctuations, might not generalize, and requires measures for
suppressing overtraining (right). While a model with an appropriate capacity (center) appears
reasonable, it might not be able to find complex inner representations of the input data.

In overfitting scenarios such as depicted in Fig. 5.4, weights of trained networks tend to take
on large values, both positive and negative, to compensate for local fluctuations in a statistically
non-representative input space. In order to retain the network’s size and thus, its ability to
model complex representations, the loss function can be extended to penalize large weights
during training. This method, called L, regularization, adds a term

Ly=A) wf (5.18)
i

to the loss function, which is mediated by a hyperparameter A. Therefore, the training procedure
minimizes the objective function defined by the task to be accomplished, while simultaneously
avoiding excessively large weights. Bias weights are usually excluded in this approach.

Another approach for overtraining suppression is random unit dropout. It prevents networks
from developing a too strong reliance on particular units during training but rather distribute
the dependence among a statistically reliable amount of units. Given a customizable dropout
rate ¥ € [0,1), unit outputs are randomly set to zero during training with a probability of r. As
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the average input z to the subsequent layer is reduced by a factor of (1 — r), z is rescaled by a
factor of 1/(1 — r) for compensation. For considerably large rates, the training with dropout can
be understood as a training of an ensemble of networks [202].

5.3 Statistical Inference

In this section, the statistical framework for inferring the parameter of interest, namely the tfH
signal strength modifier y = 0 /os)y, is presented. As explained in Section 4.2.1, a signal extrac-
tion procedure is performed simultaneously in all analysis categories through a binned maxi-
mum likelihood fit of a simulated, parametrized variable distribution to recorded data. While
i is treated as an unconstrained model parameter, systematic uncertainties are incorporated
as nuisance parameters involving a-priori assumptions derived from knowledge on theoreti-
cal cross sections, detector effects, and analytical methods. The construction of the underlying
statistical model as a likelihood is described in the beginning.

Thereafter, the methods required for the inference of results in the context of a search for a
new physics process are introduced. They comprise the determination of an upper limit on u
at 95 % confidence following a modified frequentist CLs approach, the exclusion significance of
the background-only hypothesis, and the profile likelihood fit for the extraction of y.

The section closes with a description of the x?-based goodness-of-fit test using a saturated
model. The test is employed to quantify the agreement of particular variable correlations be-
tween simulated and measured events. A thorough validation is especially necessary for vari-
ables that are potentially considered as inputs to the deep neural networks developed in this
analysis (cf. Section 7.1).

The technical realization of the statistical model and the signal extraction procedure strictly
follows LHC recommendations for analyses in the Higgs sector [203]. The inference methods
are performed with the so-called combine tool in version 7.0.1, developed and used by the CMS
experiment [204].

5.3.1 Likelihood Construction

The construction of the likelihood can be motivated by considering a counting experiment. The
probability to count a number of x events follows a Poisson distribution

A
Poisson(x | A) = Fe_/\ (5.19)

with the expected yield of events A. This approach can be extended to multiple bins N by
multiplication of their Poisson probabilities,

N
p(x|A) =] [Poisson(x; | A;), (5.20)

where x; and A; are the measured and expected event counts, respectively, in bin i. In prac-
tice, the set of N bins comprises all histogram bins of a selected variable distribution in several
measurement categories (cf. Section 4.2.1).

p(x|A) denotes the conditional probability to measure x events given a particular statisti-
cal model. In the context of high-energy physics analyses, this model contains our knowledge
about production mechanisms and rates of certain processes, and the amount of recorded and
selected collision events in terms of luminosity, detector acceptance, and reconstruction efficien-
cies. Uncertainties of the model, both systematical and statistical, are incorporated as “nuisance”
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parameters 0 [205] that are, in Bayesian terms, subject to prior probability distributions, often es-
timated through theoretical reasoning or external measurements. Thus, the number of expected
events in bin i can be written as

Ai = p-si(0) + b;(6), (5.21)

with the numbers of signal and background events s; and b;, respectively. Except for the influ-
ence of certain nuisances, the signal yield enters Equation 5.21 unconstrained and is factorized
by the parameter of interest y, which is not attributed any a-priori assumptions. Its prior prob-
ability distribution is said to be “flat”.

For a specific, fixed measurement x, the likelihood as a function of the model parameters (., 0)
can be formulated as [206, 207]

bins

L(u,0]x):=p(x|u0) = HPoisson (xi|u-s:(0) +b;(0)). (5.22)

In general, the nuisances 8 may also depend on the bin i as well as on particular processes that
contribute to b;(0). This dependence is implemented as a composition

processes dim(6)
bl(6> = Z bp,i : H nn,p,i(9n>/ (5.23)
P ~— " ~
nominal uncertainty
yield model

which reads analogously for s;(0). b,,; denotes the nominal, expected number of events in bin i
contributed by process p, and 7, ,,i(0,,) is the prior probability distribution of nuisance # eval-
uated at 6,. The multiplicative term in the right part of Equation 5.23 is restricted to positive
values and can be understood as an uncertainty model.

Since not all nuisances act on all processes and bins, some 7, ;,; are constant one. Others
apply to all bins of a process (7, i — 7Ty,p), all processes in a bin (7t,,,; — 7t;,), or even both
(7tn,p,i — 7n), such as the nuisance that describes the uncertainty on the measurement of the
integrated luminosity. All prior distribution functions are continuous and defined such that
Tnp,i(0n) > 0V 0,. In this analysis, three types of nuisances are distinguished regarding the
shape of their prior distributions and correlated impact on processes and bins.

1. Rate-changing nuisances Some uncertainties, such as the uncertainties on theoretical cross
sections, affect the overall normalization of one or more processes. This relation can apply
for all bins considered in the analysis, or it might be limited to a subset of bins, referred to
as a “template” and usually defined by a measurement category. Up and down variations
of these uncertainties, describing central 68 % confidence intervals, do not lead to shape
changes of a template, but rather vary the total number of expected events, i.e., the integral
of the template, equally in all its bins. Corresponding nuisances involve normal Gaussian
prior probability distributions with mean one to predict the impact on the event rate of the
uncertainty depending on the likelihood of the nuisance parameter 6,,. For large uncertain-
ties, however, the normal distribution is rather broad and thus, must be truncated at zero
in order to avoid negative values when computing the logarithm of the likelihood function
[205]. Such a truncation could lead to systematically overestimated event yields. Therefore,
a log-normal distribution is employed instead and parametrized accordingly as

In6)?
7(0) :%. 217w exp {—gﬂ) ] (5.24)

Here, o is the width of the distribution and corresponds to the relative uncertainty, which is
estimated a-priori on the basis of theoretical calculations or external measurements.
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2. S

3.S

Yield

hape-changing nuisances As opposed to uncertainties that only affect template normaliza-
tions, some uncertainties introduce variations of expected event yields that are correlated
among bins of a template. Methodically, these shape-changing variations are produced by
recreating a template within the analysis, where the model parameter in question is varied
according to the boundaries of its central 68 % confidence interval. Besides the nominal pre-
diction, this results in two variants of the template that characterize the change of its shape
given a discrete variation of the underlying parameter by +1 standard deviation. The ap-
plicability within the likelihood function, however, requires a continuous relation between
the value of a nuisance 6 and the impact on the template.

This relation is provided by the template “morphing” procedure, which is conducted inde-
pendently in each bin following a cubic-linear approach [208]. Within the 1 ¢ interval, the
morphing algorithm interpolates between the central and the two varied templates using
a polynomial of third degree, whereas a linear extrapolation is applied outside that region.
More details on the cubic-linear approach are presented in Ref. [209]. Fig. 5.5 depicts differ-
ent morphing scenarios. Owing to a potentially insufficient number of events in a nominal
or varied template bin (scenario 1), the morphing function might predict negative yields for
certain nuisance values. These occurrences are expected to vanish for statistically significant
bin contents, which is addressed by a dedicated bin-merging algorithm (cf. Section 7.3).

In general, the normalization of a template is not conserved during morphing and thus, it
might have a rate- and shape-changing effect. However, by rescaling each bin by the ratio of
integrals before and after applying the 6-dependent morphing procedure, the normalization
is optionally retained, effectively leading to a solely shape-changing behavior.

tatistical uncertainties The amount of available statistics of simulated events that estimate
the expected yield for each process and bin is limited. One possibility to model statistical
uncertainties is to introduce one separate nuisance per process and bin with a prior prob-
ability following a Poisson distribution [205]. However, for a sufficiently large number of
simulated events per bin, the sum of Poisson distributions can be approximated by a single
Gaussian distribution with reasonable accuracy [210]. As a result, one nuisance per bin is
incorporated in the statistical model. The precondition on the minimal bin content is met
by means of a binning optimization (cf. Section 7.3).
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Figure 5.5: Illustration of different template morphing scenarios. Values at zero represent the
nominal event yield whereas +1 ¢ variations denote shifts due to a nuisance, corresponding to
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standard deviation. In the central region (gray), the morphing function is approximated
polynomial of third degree, while a linear extrapolation is used outside (white). Owing to
ntially insufficient bin statistics, the morphing function might describe negative yields in
r regions (scenario 1), which is to be avoided by choosing appropriate bin widths.



5.3 Statistical Inference

Instead of performing a maximization of the likelihood function as constructed in this section
to infer estimates for model parameters and the parameter of interest, it is advisable and advan-
tageous to define a robust test statistic. Therefore, the following section motivates the concept
of likelihood ratios and their utilization in statistical inference methods.

5.3.2 Inference Methods

Statistical inference methods in the context of searches for new physics processes are often pred-
icated upon a hypothetical signal that might exist in a well-defined phase space in addition
to a known background. Assuming the absence of potential interference effects, one defines
a null hypothesis describing the non-existence of the signal process (1 = 0), referred to as
“background-only hypothesis” in the following, and an alternative hypothesis postulating the
presence of signal (4 > 0), called “signal hypothesis”. Independent of the specific signal model,
a discovery is usually claimed when the measured data is incompatible with the background-
only hypothesis.

Following the Neyman-Pearson lemma [211], the most powerful test statistic Q to evaluate
two contrary hypotheses is given by their likelihood ratio. Let x, be the threshold of a test
statistic below which the null hypothesis 6 = 6 is accepted. Then, for a fixed measurement x,
the probability to falsely reject the null hypothesis is

o =P(Q(x) = kx| 6 = b9), (5.25)
whereas the probability to falsely accept it over the alternative hypothesis 6 = 6, is given by
B=P(Q(x) <y |0 =61). (5.26)

The lemma states that the power of the test, 1 — j, is maximized when Q is the likelihood ratio.
As it originally does not apply to probability models with multiple free parameters, a general-
ized approach can be deduced on the basis of likelihood “profiling”, which is explained in the
subsequent paragraphs.

The profile likelihood ratio for the likelihood introduced in Equation 5.22 is defined as [173]
L(,8
Alp) = LG 8(w)) (5.27)

It should be noted that A implicitly depends on the measurement x, which is omitted in the
nomenclature below for simplicity. {1 and  in the denominator are the maximum likelihood
estimators (MLE), i.e., the parameters that maximize L and minimize — In(L), respectively. é(y)
in the numerator denotes the conditional MLE that would maximize L for a prespecified value
of the parameter of interest y. Hence, the likelihood ratio A solely depends on u and is, in

particular, independent of the nuisance parameters 6. This construction is called “profiling”.

In case of a statistical deficit of signal-like events in a measurement x, fi, and likewise y, can
become negative. In order to avoid an artificial constraint on y being positive, which would lead
to calculatory complications [173], the test statistic is adjusted to

Led) 4o
Au) =4 07 he (5.28)
L) 5o
<0

L(0,6(0))”

which is equivalent to requiring u > 0. According to Wilks’ theorem [212] and the generalization
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through Wald’s theorem [213], if certain regularity conditions are met and the sample size is
sufficiently large, the transformed test statistic

(p) = —2InA(p) (5.29)

asymptotically converges towards a non-central x? distribution with one degree of freedom
[173]. It constitutes the basis for the following inference methods.

Upper limit
The test statistic in Equation 5.29 can be used to differentiate the hypothesis that a signal process

is produced at a certain rate p from the alternative stating that the production rate is smaller.
This can be reflected by a case distinction

_ —2InA , 1<
qyz{ W) p<p (5.30)

0, fi>pu

For a given measurement x, a single value of the test statistic §ops is obtained. To draw conclu-
sions about the probability of measuring a value of g, or greater, its underlying probability
distribution f(g, | 1) is required. As g is constructed from the profile likelihood ratio, it is in-
dependent of the nuisance parameters 0 in the asymptotic limit following Wilks” and Wald’s
theorems [212, 213], so that the conditional MLE 6( ) provides a good estimate for the deter-
mination of f(g, | 1) [173]. This can be achieved by sampling from the full statistical model to
create a “toy” dataset, or by using a single “Asimov” dataset. The latter represents an approxi-
mate dataset in which all free parameters are set to their expected values from simulation, giving
rise to the non-centrality parameter of the x? distribution that § converges to [173].

After determining f(q, | #), the p-value describing the compatibility with the hypothetical
signal strength y is

CLsig = /17 f(Gu | 1) dgy. (5.31)
obs

The frequentist upper limit on u at 95 % confidence could be defined by solving CLs,g = 0.05
for u. However, in case of statistical downward fluctuations, this upper limit would become
arbitrarily small without being able to exclude u = 0 [174, 214]. Therefore, one defines the ratio

CLs:B

Le =
CLs CLg

(5.32)

where the denominator is the p-value of the consistency with the background-only hypothesis,

CLs= [ f(,|0) di. (5.33)

qobs

As a result, the value of y, obtained by setting CLs = 0.05, denotes the observed, frequentist
upper limit above which the signal strength is excluded by the measurement at 95 % confidence.
For blinded analyses, two variants of upper limits are commonly used. The “injected” limit
exactly follows the above prescription, except that measured data is replaced with simulation. In
contrast, for the calculation of the “expected” limit, f(7| 1) is sampled from a statistical model
that assumes the absence of signal. A value larger than one states that the background alone
could explain the measurement, regardless of whether or not a signal exists. Therefore, the
expected limit constitutes a sensitivity measure for blinded analyses.
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Exclusion significance

The claim of an observation is predicated on the exclusion of the background-only hypothesis
u = 0. Hence, the test statistic is redefined to [173]
~ —2InA(u), 2>0
Go = (). 2 (5.34)
0, <0

and the p-value describing the probability of the measurement assuming 1 = 0 reads similar to
Equation 5.33 as [173]

po= /;: f(q00) dqo. (5.35)

Irrespective of whether the test statistic is normally distributed, the exclusion significance is
often expressed in units of Gaussian standard deviations, i.e.,

B * exp(—x2/2)
po—/s 7\/275 dx (5.36)

solved for s. A significance greater s = 3 (pp = 1.3 x 107°) is called an “evidence” for the
existence of a new physics process, while s = 5 (pp = 2.9 x 1077) marks the threshold for
claiming an “observation”.

Profile likelihood fit

For the determination of the parameter of interest y under the signal hypothesis, one mini-
mizes the negative log-likelihood (NLL) —2 In L(y, 6 | x) [207], which is typically normalized by
L(f1, ) (Equation 5.27). In physics jargon, this minimization is often described as being a fitting
procedure, with the MLE of u constituting the “best fit value”.

To simplify the process in case of multiple substantial nuisances, parameter profiling can be
applied. For a fixed value u = //, the nuisance parameter values that would minimize the NLL,
i.e., the conditional MLEs é( '), are determined and the corresponding minimum of the NLL is
retained. This procedure is repeated for different values of j’ and represents a scan over possible

values of y, where the overall minimal NLL value yields the best fit value i,
fl = arg min —21nL(‘u,§(y) | x). (5.37)
I3

An exemplary profile likelihood scan is shown in Fig. 5.6. The minimum of the resulting curve
is shifted to zero as one is only interested in its position in terms of the parameter of interest.
Therefore, and owing to the asymptotic x?-like behavior as discussed above, the generally asym-
metric uncertainty on the best fit value is extracted through the intersection of the scanned curve
with —2AInL = 1.

Likewise, the best fit values and uncertainties of arbitrary nuisance parameters can be calcu-
lated by hypothetically considering them as the parameter of interest in the scan and profiling
out all other parameters, while optionally fixing the actual parameter of interest u to its best
fit value. An alternative, but computationally more demanding approach is the scan in multi-
ple dimensions. The resulting a-posteriori, or “post-fit” nuisances 605, and especially nuisance
pulls, i.e., the change of central nuisance values and their probability distribution widths A6
with respect to the a-priori, or “pre-fit” expectation pre,

9post - 9pre

5.38

pull :=

provide valuable insights to assess the validity of the underlying statistical model.
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Figure 5.6: Example of a shifted negative log-likelihood (NLL) distribution of the measurement
of inclusive and differential Higgs boson production cross sections in the 7y final state per-
formed by the CMS experiment [172]. The minimum is shifted to zero so that the uncertainty on
the best fit value 0yq is defined through the intersections with NLL = 1.

5.3.3 Saturated Goodness-of-Fit Test

A goodness-of-fit (GOF) test describes the test of a hypothesis in the absence of a specific alterna-
tive. As a consequence, there is no single, optimal prescription for performing GOF tests, such
as the Neyman-Pearson lemma for the evaluation of two contrary hypotheses [211]. The pre-
sented analysis employs the concept of binwise GOF tests to verify the modeling of correlations
between variables that are considered as inputs to deep neural networks (cf. Section 7.1).

For sufficiently large statistics, the event yields per bin are normally distributed and the like-
lihood for a mean y; and variance aiz in bin 7, given a measurement x; is [215]

L(y,aﬂx):lf‘[m L e <_(xl_”1)2> (5.39)

5}
i y/2m0? 20

1
Now, the likelihood of the so-called “saturated” model is composed by setting all parameters y;
to the measured values x; [216] such that an artificial alternative hypothesis is formulated as

bins
1
Lsaturated(,u =X, 02 | x) = H —— (540)
i \/2mo?
Analogous to the construction of hypothesis tests in Section 5.3.2, the ratio
bins 2
J— x: J— .
A =L / Lsaturated = HeXp <<120_2‘ul>> (5.41)
i i

is employed, whose transformation —21In A follows a x? distribution. Eventually, for the corre-
sponding degrees of freedom, this gives rise to the p-value of the test, stating the probability of
finding a value of the test statistic that is at least as extreme as the observed value.
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This section introduces the samples of measured and simulated events that constitute the basis
for the analysis at hand. Firstly, the sample of events and corresponding integrated luminosi-
ties measured with the CMS detector in the data-taking period of 2016 are described. Subse-
quently, the procedure of event simulation at the CMS experiment is summarized, the sample of
simulated “Monte Carlo” (MC) events is introduced, and a detailed overview of the employed
generator setup is presented. As contributions from #f processes with additional heavy-flavor
jets constitute the most important background to this analysis (cf. Sections 2.2.4 and 4.1), ded-
icated, heavy-flavor enriched tf event samples are included to increase the number of back-
ground events, which is especially beneficial for the training of machine learning algorithms
(cf. Section 7). Thus, the second section closes with a description of the method for partially
extending the statistics of the inclusive tf sample. The third section presents the selection crite-
ria used to define the analysis phase space, divided into the single-lepton channel comprising
events with either one electron or muon, and the dilepton channel with two oppositely charged
electrons or muons. The subsequent section explains corrections that are applied to simulated
events to account for effects that cause deviations between data and simulation, for example, re-
garding lepton identification or b-tagging efficiencies. Lastly, distributions of event observables
are compared between data and simulation in all channels, and conclusions about the quality of
the background modeling are drawn.

6.1 Recorded Data Event Samples

During the data-taking period of 2016, the LHC provided proton-proton collisions with a bunch
spacing of 25ns at a center-of-mass energy of /s = 13TeV, reaching an instantaneous peak
luminosity of L = 0.77 x 103 ecm~2s~! [118] (cf. Section 3.1). From a total integrated luminosity
of 40.82 fb—!, the CMS detector was able to record an amount of 37.76 fb—! [119] with an overall
uncertainty on the luminosity measurement of 2.5 % [136].

Due to technical stops and varying detector configurations, the data-taking period is divided
into eight run periods Run2016B-H, which are summarized in Table 6.1. Therefore, measurement

Run period Re-reconstruction version Run range L/fb1
Run2016B  03Feb2017_ver2-v2 272007 - 275376 5.75
Run2016C  03Feb2017-v1 275657 - 276283 2.57
Run2016D  03Feb2017-v1 276315 - 276811 4.24
Run2016E  03Feb2017-v1 276831 - 277420 4.03
Run2016F  03Feb2017-v1 277772 - 278808 3.10
Run2016G ~ 03Feb2017-v1 278820 - 280385 7.58

Run2016H  03Feb2017_ver{2,3}-v1 280919 - 284044 8.65

Y =35.92

Table 6.1: Run periods, reprocessing versions and run number ranges of the CMS data-taking
campaign in 2016. The distinction into eight different periods is mandatory owing to varying de-
tector configurations. Stated luminosities are calculated using Pixel Cluster Counting (PCC) and
depend on centrally performed data quality assurance methods as well as the trigger strategy
applied in this analysis. Data files are used in the MiniAOD format [217].
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conditions can vary slightly between different run periods which must be reflected accordingly
in the analysis to ensure a reasonable agreement between data and simulation, independent
of the run period. For every data sample, the central “re-reconstruction” campaign labeled as
03Feb2017 is used, containing refined detector calibrations based on updated reconstruction
software. The integrated luminosities given in Table 6.1 are calculated with the Pixel Cluster
Counting (PCC) method [136] that employs “van der Meer” (vdM) scans [137, 138] (cf. Sec-
tion 3.2.5), where only high-quality events recorded with fully operational subdetectors are
taken into account.

In general, luminosities depend on the trigger strategy as well as on the choice of primary
datasets that are defined by utilizing certain key characteristics of an event such as the dis-
tinct presence of one or two isolated leptons. Relevant datasets and corresponding numbers of
recorded events are shown in Table 6.2. The trigger strategy employed in this analysis is based
on combinations of individual trigger paths that result in a constant integrated luminosity of
35.92 fb~! in all channels (cf. Section 6.3.3).

Channel Datasetname Total events/ 10°

e SingleElectron 962.13

U SingleMuon 804.01

ee DoubleEG 492.68

eu MuonEG 173.23

Uu DoubleMuon 287.06
Yy =2719.11

Table 6.2: Collision datasets of the CMS experiment that are relevant for this analysis. The con-
tent of each dataset follows a general trigger path with ambiguity resolution in case of over-
laps. Thus, datasets represent disjoint sets of events. The numbers of total recorded events
are summed over all run ranges and depend on implementations of triggers and reconstruction
algorithms as part of the reprocessing campaign 03Feb2017 (Table 6.1).

6.2 Simulated Event Samples

This section introduces the simulated samples of events that are used in this analysis to model
expected background contributions as well as to describe the tfH signal processes according to
the SM prediction. First, the event simulation procedure applied within the CMS experiment is
briefly explained. Detailed overviews of the generator setup and the set of simulated samples
are presented thereafter.

CMS event simulation

The simulation of proton-proton collision events is conducted in multiple stages. As explained
in Section 2.2.1, the interaction of two protons is actually considered as a hard scattering pro-
cesses of two partons by means of the factorization theorem. The probability for partons to pos-
sess a certain momentum fraction with respect to the proton is described by parton distribution
functions (PDFs). They depend on the type of the scattering parton and the total momentum
transfer Q? of the interaction. The implementation of this approach is part of MC event gen-
erators [33, 52], which model each aspect of an event by taking into account a comprehensive
set of matrix elements up to a certain perturbation order. Procedures involving free parame-
ters such as particle decays and the specification of decay angles are described by appropriately
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distributed random variables [33, 52].

While the interaction scale is larger than the QCD renormalization scale, Q%> ‘u%{, the strong
coupling constant is small enough for perturbative calculations to converge. The parton show-
ering approach is employed to describe the evolution of the interaction scale down to a cutoff
value by recursively adding g — qg and ¢ — q7 splittings. While perturbative calculations ex-
pressed through matrix elements often describe additional hard and large-angle emissions with
good accuracy, parton showering exhibits a better efficiency regarding soft and collinear radia-
tions. Conceptually, a phase space overlap between the calculation of the matrix element and the
simulation of parton showers might occur, which is resolved by matching algorithms [53, 54].
Examples are the MLM [218] and the FXFX matching scheme [219].

When the renormalization scale is reached, the strong coupling gains relevance and the pro-
ceeding event description depends on phenomenological methods to model the hadronization
process. An example is the Lund string model [55] as implemented in the PYTHIA event gen-
erator [220]. Unstable hadrons are considered to decay thereafter so that only stable particles
remain, forming the final-state event content. Furthermore, additional stable particles are added
to the final state as a result of three residual contamination effects. Remnants of the colliding
protons constitute the underlying event and may interact with particles induced by the hard
process, multiple partons can scatter within the same proton-proton interaction, and lastly, mul-
tiple protons collide during each bunch crossing and cause numerous pileup interactions ow-
ing to the instantaneous luminosity being optimized to increase the overall rate of interesting
physics processes. Pileup is modeled by simulating and adding minimum-bias events, where
the pileup multiplicity per event is based on the distribution in real data.

Finally, given the set of final-state particles following the event generation procedure, the
response of the CMS detector is simulated in two steps [120]. First, particles are propagated
through a full simulation of the CMS detector geometry using the GEANT4 (v9.4) toolkit [221,
222]. It models the propagation of particles through matter in a stepwise manner involving all
forms of interactions with matter, the production of secondary particles, and the influence of
electric and magnetic fields. Second, in the digitization step, the readout of all subdetector com-
ponents is simulated, which should eventually resemble the detector response for real data. The
result is a collection of hits in the tracking and muon systems, energy deposits in electromag-
netic and hadronic calorimeters, as well as timing information. Thus, the same reconstruction
algorithms can be applied to obtain an accurate description of simulated events with the CMS
detector (cf. Section 3.3).

Simulated event samples

Simulated events are, depending on the physics process, simulated with PYTHIA (v8.200) [220],
POWHEG (v1 or v2) [54, 223, 224], or MADGRAPH5_aMC@NLO (v2.2.2) [92]. In all samples,
parton showering and hadronization are simulated with PYTHIA (v8.200) [220]. The PDF set
NNPDEF3.0 [45] is used with a; = 0.118 as recommended by the PDF4ALHC group for the
second run of the LHC [49, 50]. The masses of the top quark and the Higgs boson are set to
172.5GeV and 125.0 GeV, respectively. In samples involving top quarks, renormalization and
factorization scales are set to the top quark mass, y, = ur = m;, and the CUETP8M2T4 set of
PYTHIA tuning parameters for parton showering and modeling of the underlying event is uti-
lized [225, 226]. All other samples use the CUETP8M1 tune [226]. A comparison of all differing
parameters can be found in Ref. [227]. Table 6.3 presents a summary of all simulated event
samples.

In order to accurately model recorded data distributions, simulated events are normalized to
their expected contributions using event weights that involve the cross section of the underly-
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Dataset / channel / phase space

Generator

Color

ttH

H — bb
H —» bb

POWHEG (v2) [228]

inclusive
SL
DL

SL, tt+hf enriched
DL, tf+hf enriched

POWHEG (v2) [229]

tt+bb,
tt+b/b,
t+2b,
tt+cé,
tE+1f

Single t/f

s-channel, W — Iv

t-channel
tW-channel

MADGRAPH5_aMC@NLO (v2.2.2)
POWHEG (v2) [230] + MADSPIN [95]
POWHEG (v1) [231]

Single t/f

W+jets
W —lv

70 < Hr <100
100 < Hr <200
200 < Hr <400
400 < Hr < 600
600 < Hr <800

800 < Hr <1200
1200 < Hr < 2500

Hr > 2500

MADGRAPH5_aMC@NLO (v2.2.2)
+ MLM matching [218]

Z+ijets
Z/v I
5 <my <50

70 < Hr < 100
100 < Hr < 200
200 < Hy < 400
400 < Hr < 600
Hr > 600

MADGRAPH5_aMC@NLO (v2.2.2)
+ MLM matching [218]

Z+jets
Z/v* =1l
my > 50

70 < Hr < 100
100 < Hy < 200
200 < Hy < 400
400 < Hy < 600
600 < Hy < 800

800 < Hr <1200
1200 < Hr < 2500

Hr > 2500

MADGRAPH5_aMC@NLO (v2.2.2)
+ MLM matching [218]

V+jets

WW
Wz
ZZ

inclusive
inclusive

inclusive

PYTHIA (v8.200)

Diboson

HW

W — lv
W — g7

MADGRAPH5_aMC@NLO (v2.2.2)
+ MADSPIN [95] + FXFX matching [219]

ttZ

Z —1/vv
Z —qq

MADGRAPH5_aMC@NLO (v2.2.2)

tH+V

Table 6.3: Simulated signal and background samples as used in this analysis. Corresponding
processes are defined in Section 2.2.4, with cross sections in Table 2.4. The label column defines
the groups of processes depicted in histograms throughout this thesis. The dilepton mass
and the sum of transverse jet momenta Hr are quoted in GeV. Common references for POWHEG
can be found in Refs. [54, 223, 224], for PYTHIA in Ref. [220], and for MADGRAPH5_aMC@NLO

in Ref. [92].
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6.3 Event Selection

ing physics process 0}, the integrated luminosity £, and a per-event weight produced by the
respective event generator program. The normalization weight for an event i is given by

0'p . [, . wgenli

Ny , (6.1)
r i Ween,j

Wp,i =

where the denominator sums over all Ny gen generator event weights. For constant generator
weights of one, Equation 6.1 simplifies to w,; = wp = 0pL/Npgen. The calculation of cor-
responding cross sections is to be conducted for identical phase space conditions as specified
for the simulation of events. For example, the production of W and Z/v* bosons with addi-
tional jets, V+jets, is simulated in different intervals of the scalar sum of transverse momenta
Hr and therefore, cross sections must be determined accordingly. A summary of all applied
cross sections is shown in Table 2.4. Except for ¢tf background samples, phase space regions do

not overlap so that event weights follow from Equation 6.1 and contributions of all processes are
added.

For the simulation of ¢f processes, five different samples are generated with significantly over-
lapping phase spaces. Besides an inclusive sample containing all decay channels of the ¢ system,
i.e., single-lepton (SL), dilepton (DL), and full-hadron (FH) events, two additional samples are
used, which solely contain either SL or DL events. Furthermore, two “tf+hf enriched” sam-
ples are generated with requirements on generator level to simulate only events with additional
heavy-flavor jet emissions, constituting the most important background to tfH (H — bb) pro-
duction. Hence, a considerably large amount of tf+hf events is obtained while simultaneously
lowering the consumption of computing time and storage capacity owing to the reduced gen-
eration of tf+1f events. In turn, the increase of event statistics in various partially overlapping
phase space regions must be reflected in the determination of event weights (Equation 6.1).

The general idea of this phase space extension is that all predictions contained in the inclu-
sively simulated event sample are maintained. This can be achieved by artificially dividing the
full phase space into disjoint regions, based on generator-level aspects of the samples to join.
In case of the five simulated tf samples, full-hadron, single-lepton and dilepton events are dis-
tinguished, and the two latter channels are divided further using the definition of the five tf
subprocesses introduced in Section 2.2.4, resulting in a total of eleven regions. Now, relative
fractions of the different regions are measured on the inclusive sample and included in the de-
termination of event weights. The fractions for the tf sample, simulated using the POWHEG (v2)
[54, 223, 224, 229] event generator and parton showering as implemented in PYTHIA (v8.200)
[220] with the CUETP8M2T4 tune [225, 226], are shown in Table 6.4. Although these values could
be interpreted as branching ratios, they depend, in general, on the choice of generator and are
therefore referred to as F in the following. Consequently, the weight for a tf event i in a region r
can be written as

Fr “ O - L- C‘Jgen,i
Wr,i = .

(6.2)
4 Nr, en
2]' g Ween,j

6.3 Event Selection

The event selection strategy defines the phase space of events to be analyzed and aims to sup-
press background processes while retaining as many signal events as possible (cf. Section 4.2.1).
Moreover, its purpose is to ensure that the analysis is conducted in a region in which the simu-
lation is found to describe recorded data distributions with reasonable accuracy. The following
sections present the selection cuts on global event and physics object quantities in both simulated
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tf channel | tf+bb tf+b/b ti+2b ti+ce  tE+If All

DL 0.05% 017% 0.05% 0.78%  9.46 % | 10.50 %
SL 021% 0.79% 022% 3.87% 38.71% | 43.80 %
FH 024% 090% 026% 4.70% 39.60% | 45.70 %

Table 6.4: Fractions of tf+X processes measured in the inclusive, nominal tf sample, simu-
lated using POWHEG (v2) [54, 223, 224, 229], PYTHIA (v8.200) parton showering [220] with the
CUETP8M2T4 tune [225, 226], and a top quark mass of 172.5 GeV. Statistical uncertainties are negli-
gible as the number of simulated events is sufficiently large (e.g. ~ 35000 dilepton tf+bb events).

and recorded event samples in order of their application. They are substantially synchronized
with recommendations from Physics Object Groups (POG) and Physics Analysis Groups (PAG)
within the CMS experiment. The impact of each individual selection step is visualized at the
end of this section.

6.3.1 Vertex Selection and MET Filters

The first two selection steps are sensitive to the quality of recorded data events regarding char-
acteristics of the primary proton-proton collision as well as detector effects. In order to prevent
potential biases, these steps are applied likewise to simulated event samples.

First, the quality of the reconstructed, primary interaction vertex is evaluated. It is required
to have at least four associated tracks, and maximum longitudinal and transversal distances to
the interaction point at the center of the detector of 24 cm and 2 cm, respectively. If the primary
vertex fails any of these selection criteria, the event is discarded.

Second, a set of requirements has to be fulfilled regarding the measurement of missing trans-
verse energy. While large values of MET imply the existence of undetectable objects such as
neutrinos or, potentially, particles indicating signs of new physics, these measurements are of-
ten induced by undesired detector effects. Possible causes are noise from electromagnetic and
hadronic calorimeter components, spurious signals from fake interactions, defective detector
material or electronics, energetic particles stemming from residual beam halo, or erroneous
boundary effects in object reconstruction algorithms [157]. Therefore, a collection of filter algo-
rithms is employed to detect each individual effect, whereby binary filter decisions are encoded
in so-called “MET filters”. The list of applied MET filters in data and simulation is shown in
Table 6.5. Further details about each particular algorithm are presented in Ref. [157]. An event
is selected if none of the employed algorithms reveals unusual effects in the measurement of
missing transverse energy.

6.3.2 Lepton Selection

This analysis investigates events with final states containing one or two leptons, originating
from leptonic W boson decays in case of the tfH signal process. It focuses on isolated electrons
and muons, and disregards decays involving tau leptons. Type and number of leptons in the
final state define a logical separation of the phase space to analyze, which is commonly referred
to as channels. Events with a single electron or muon (e, ) constitute the single-lepton channel
(SL), whereas two oppositely charged leptons (ee, ey, pp) represent the dilepton channel (DL).

In both channels, two different lepton definitions are introduced which mainly originate from
considerations in the DL channel. Here, the selection strategy serves two partially contrary pur-
poses. On the one hand, the purity of isolated leptons should be reasonably high to reduce fake
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MET filter name Applied in data Applied in simulation

Flag_GoodVertices
Flag_GlobalTightHalo2016Filter

Flag HBHENoiseFilter
Flag_HBHENoiseIsoFilter
Flag_EcalDeadCellTriggerPrimitiveFilter
Flag_eeBadScFilter

Flag_BadPFMuonFilter
Flag_BadChargedCandidateFilter

N NN

SN NN N SR NEN
(\

\

Table 6.5: Names of MET filters that are part of the selection strategy for data and simulation.
Details on filter algorithms are given in Ref. [157].

contributions, which can be achieved through tight cuts on kinematic properties such as pseu-
dorapidity and transverse momentum of the lepton. On the other hand, the selection efficiency
should be sufficiently large to maintain an appropriate amount of events for further analysis. In
case of two leptons, a common approach is a trade-off between purity and efficiency by requir-
ing a “leading” lepton to pass rather tight selection criteria, while they are partially loosened
for the “sub-leading” lepton. This construction, however, must be taken into account likewise
in the SL channel, as events must exclusively qualify as one of the two channels to prevent
double-counting. Therefore, the set of selection criteria defining the sub-leading lepton in the
DL channel serves as a “veto” for additional leptons in the SL channel. This means that if an
additional lepton is found that passes all requirements for sub-leading leptons, the event is not
classified as a single-lepton event, but it is rather discarded or assigned to the DL channel.

The subsequent paragraphs present the selection criteria for both electrons and muons, as well
as additional constraints on lepton pairs in the DL channel.

Electron selection

The selection of electrons commences with reconstructed, isolated electron hypotheses as pro-
vided by the Particle Flow (PF) algorithm (cf. Section 3.3.3) [139]. A set of selection criteria is
applied as recommended by the CMS EGAMMA object group, corresponding to the tight work-
ing point for cut-based electron identification [148, 149].

Transverse momenta and absolute pseudorapidities of leading electrons must fulfill
pr > 30(20) GeV and || < 2.1(2.4) in the SL (DL) channel, while they are less restrictive with
pr > 15GeV and || < 2.4 for sub-leading electrons. All other selection criteria are identical for
both definitions, but depend on the pseudorapidity of the electron’s supercluster owing to vary-
ing ECAL detector components. Clusters with |rsc| < 1.4442 are located in the ECAL barrel,
and in the ECAL endcaps in case of |jsc| > 1.5660. Electrons traversing trough the gap between
barrel and endcap regions fail the selection.

To distinguish prompt electrons emerging from the primary interaction vertex from those
originating from hadron decays within jets, the relative isolation variable ris, is constructed.
It compares the transverse momentum of the electron to that of charged hadrons (CH), neutral
hadrons (NH), and photons located in a cone around the electron with a radius in the #-¢-plane
of AR = 0.3, and is defined as

P+ max(EYH + ET — pA, 0)

tiso = . 6.3
s0 - (6.3)
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The term pA in the numerator is subtracted from the sums of neutral particles to account for
contributions due to pileup. It consists of the energy density p measured in the event, and an
effective area A, which denotes a calibration measure estimated from simulation. The relative
isolation must be smaller than r;5, < 0.0588 in the barrel, and ris, < 0.0571 in the endcap region.
In addition, a requirement is posed on the impact parameter of the track associated to the elec-
tron, i.e., its closest proximity to the interaction point in longitudinal and transversal direction,
d, and dg. Electrons are selected if d, < 1.0mm and dg < 0.5mm in the barrel, and d, < 2.0mm
and dg < 1.0mm in the endcap.

Muon selection

The muon selection starts from hypotheses of global muons as reconstructed by the PF algorithm
(cf. Section 3.3.3) [139]. The CMS MUON object group recommends a set of cuts on variables of
muon tracks measured in the inner tracking system of the detector (cf. Section 3.2.1), as well as
in the outer muon system (cf. Section 3.2.3) [132]. This analyses uses the tight working point,
which is documented in Ref. [146].

A calibration of muon momenta is performed via the so-called “Rochester” correction method.
It aims to compensate for biases in the momentum measurement caused by misalignment of de-
tector components, uncertainties in the magnetic field, or biases in reconstruction algorithms,
and is applied to both data and simulated events. First, an idealized sample of Z/v* — u™u~
events is simulated and transverse muon momenta on generator-level are smeared using a func-
tional relation that resembles the experimental resolution as a function of pseudorapidity. The
resulting sample represents a perfectly aligned detector. Then, by comparing these distributions
between data and actual simulation in granular bins of charge, pseudorapidity, and azimuthal
angle, momentum scale correction factors can be extracted. In the second step, the corrections
are fine-tuned so that the mass of the lepton pair is stable in all employed bins to account for
variations of the muon detection efficiency. A detailed description of the method is given in
Ref. [232]. The correction parameters are determined and validated in a central effort of the
CMS MUON object group.

Cuts on the transverse momentum and the absolute pseudorapidity differ between the lead-
ing and sub-leading muon definition. A successful selection requires leading muons to fulfill
pr > 26(25)GeV and || < 2.1(2.4) in the SL (DL) channel, whereas sub-leading muons must
fulfill pr > 15GeV and || < 2.4.

Similar to electrons, a relative isolation variable is constructed to identify prompt muons while
suppressing muons from weak hadron decays within jets [134]. It compares the transverse muon
momentum pr to contributions from charged (CH) and neutral hadrons (NH), as well as photons
in a cone around the muon momentum direction with radius of AR = 0.4, and is defined as

pr +max(Ex™ + Ey — pr”/2, 0)
Viso = T . (64)

The subtracted term ptY /2 describes a pileup correction to the sums of energies of neutral par-
ticles. It is estimated from charged, hadronic calorimeter deposits, which can be associated to
pileup vertices [134]. The factor 1/2 is extracted from simulation and denotes the multiplicity
ratio between produced neutral particles and charged hadrons in inelastic proton-proton col-
lisions [134]. Leading muons in the SL (DL) channel are accepted if their relative isolation is
smaller than r;5, < 0.15(0.25), whereas sub-leading muons must fulfill 75, < 0.25.
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Additional criteria in the dilepton channel

Except for s- and t-channel single t/f production, events with two isolated leptons can potentially
emerge from almost all processes considered in this analysis. However, further selection criteria
can cause a significant reduction of some background contributions. An evident requirement is
that the two leptons must possess opposite electrical charges. This way, approximately 50 % of
events with a single, genuine lepton and an additional fake lepton are suppressed.

The invariant mass m;; of the dilepton system provides another suitable handle. Events from
heavy-flavor resonances as well as Drell-Yan processes with low masses, i.e., photons decay-
ing into pairs of leptons, are suppressed by requiring m; > 20GeV. Furthermore, high-mass
Drell-Yan processes are rejected by excluding a mass window around the Z boson mass of
76 GeV < my < 106 GeV for events with same-flavored leptons (ee, uu). Effectively, these cri-
teria suppress contributions from Z+jets and diboson processes.

6.3.3 Trigger Selection

Simulated and recorded events are required to pass an online selection procedure performed by
the two-tiered trigger system of the CMS detector (cf. Section 3.2.4). Different trigger configura-
tions are encoded in so-called “trigger paths” and individual selection or rejection decisions are
stored per event. The list of required paths is summarized in Table 6.6.

Events must pass at least one trigger path. The distinct association to a particular analysis
channel is premised upon further criteria as part of the lepton selection (cf. Section 6.3.2), which
generally involves stricter selection cuts to prevent turn-on effects with respect to online trigger
requirements. The logical OR concatenations of trigger paths per channel were fully operational
and not pre-scaled during the data-taking period in 2016. Therefore, as presented in Table 6.2,
the integrated luminosity amounts to 35.92 fb~! and is coherent in each channel.

Trigger channel ‘ Trigger paths L/fb1
e | HLT_Ele27_WPTight_Gsf 35.92
HLT_IsoMu24 35.92
: HLT_IsoTkMu24 '
ee ‘ HLT_Ele23_Elel2_CaloIdL_TrackIdL_IsoVL_DZ 35.92
. HLT_Mu23_TrkIsoVVL_Elel2_CaloIdL_TrackIdL_IsoVL{_DZ} 35.92
K HLT_Mu8_TrkIsoVVL_Ele23_CaloIdL_TrackIdL_IsoVL{_DZ} .
HLT _Mul7_TrkIsoVVL_Mu8_TrkIsoVVL{_DZ} 35.92
e HLT_Mul7_TrkIsoVVL_TkMu8_TrkIsoVVL{_DZ} '

Table 6.6: Summary of applied high-level trigger paths and corresponding integrated luminosi-
ties. For channels with multiple paths, the trigger rule is constructed using OR concatenations.

Events in the e and y channels are selected using single-lepton online triggers that require
exactly one electron or muon with a transverse momentum of at least 27 GeV or 24 GeV, re-
spectively. Dilepton triggers are used to record events in the ee, ey, and yu channels. In same-
flavor channels, the leading electron (muon) should exhibit a transverse momentum of at least
23(17) GeV, and at least 12(8) GeV in case of the sub-leading electron (muon). The trigger in the
ey channel requires either a muon with at least 23 GeV and an electron with at least 12 GeV, or a
muon with at least 8 GeV and an electron with 23 GeV or greater.
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In general, an event might be accepted by multiple triggers, for instance when an event con-
tains an energetic muon that passes the single muon trigger criteria, and an additional muon
with a transverse momentum between the lower threshold of the dimuon trigger, and the thresh-
old of the single-muon trigger. This ambiguity is resolved by performing the offline lepton
selection (cf. Section 6.3.2) and comparing the resulting channel to that implied by the trigger
decisions, labeled “Trigger channel” in the left column of Table 6.6.

Typically, lepton and trigger channels are required to be identical, and, in case of real data
events, need to match the primary dataset as presented in Table 6.2. For recorded dilepton
events, however, a different approach is pursued in order to increase the event statistics by
mitigating potential dilepton trigger inefficiencies. Data events contained in the SingleElectron
(SingleMuon) dataset (Table 6.2), which are identified as ee or ey (uy or ey) events by means of
the lepton selection, are retained in case they do not pass single-electron (single-muon) trigger
requirements. This trigger strategy was developed alongside measurements of inclusive and
differential tf cross sections with the CMS experiment [233-235]. As a result, the number of
events increases by 9.5 % in the ee channel, by 9.3 % in the ey, and by 6.6 % in the pyu channel.

6.3.4 Missing Transverse Energy Selection

As explained in the discussion of the event signatures of the ttH process and potential back-
ground processes in Section 2.2.4, either one (SL channel) or two neutrinos (DL channel) are
produced in the two W boson decays. These neutrinos interact only very weakly and leave
the experiment undetected. Since the initial state of the hard parton scattering process is ap-
proximately balanced in the transverse plane, an imbalance in the measurement of transverse
momenta of all reconstructed objects provides a handle on activity of the neutrinos in an event
(cf. Section 3.3.5).

In order to suppress background contributions that are not induced by processes involving
W bosons originating from top quark decays, a cut on the amount of missing transverse energy
is applied. Therefore, especially multijet background from QCD interactions is heavily sup-
pressed, which is difficult to simulate with an adequate amount of statistics due to its high cross
section and vanishingly low selection efficiency. Single-lepton events are required to exhibit a
missing transverse energy of at least 20 GeV. Dilepton events with same-flavored leptons, i.e.,
ee and pp, must contain at least 40 GeV of missing transverse energy. The cut is omitted for ey
events with opposite lepton flavors as no background process without a W boson pair exists that
could produce exactly one isolated electron and muon with opposite charges.

6.3.5 Jet and b-Tag Selection

When considering the nominal final state of the tfH signal process, one expects six jets in the
single-lepton, and four jets in the dilepton channel, with four of them originating from decays
of b hadrons. With the exception of contributions from tf+bb, the remaining background pro-
cesses are likely to exhibit fewer jets or b tags and can therefore be suppressed by appropriate
selection cuts on jet and b tag multiplicities. The accurate reconstruction of jets and the efficient
identification of b-flavored jets is crucial for the sensitivity of analyses involving a high number
of jets. Furthermore, the jet multiplicity constitutes the basis for the categorization of events as
described in Section 4.2.2.

Jet selection criteria and the method for calibrating jet energy resolution are discussed in the
next paragraph, followed by the requirements for performing b-tagging on selected jets.
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Jets selection

Jets are reconstructed from particles that are not identified by the PF algorithm as isolated lep-
tons, prompt photons, or particles from pileup events by means of charged hadron subtraction
(cf. Section 3.3.4) [139]. To construct a jet hypothesis, these particles are clustered using the
IRC-safe anti-kr algorithm with a distance parameter AR = /Ay? 4+ A¢? = 0.4 [57, 139, 150],
implemented in the FASTJET package [59]. A set of basic selection criteria is applied that com-
plies with recommendations of the CMS JETMET object group at the loose working point [236].
It requires that the jet is clustered from two or more constituents of which at least one is charged,
energy deposits in the hadronic calorimeter that are linked to inner tracks, and that energy frac-
tions due to neutral hadronic and electromagnetic activity are below 99 %.

The jet energy scale in data and simulated events is calibrated in a manifold calibration pro-
cedure [150, 155, 237] (cf. Section 3.3.4). The jet energy and momentum resolution is found to be
lower in data than in simulated events. Therefore, a hybrid resolution smearing method is em-
ployed to compensate for this effect in simulations by scaling the reconstructed four-momentum
of a jet with a scaling factor f [150, 155, 237]. First, the representation of a jet on generator-level is
determined through a matching that obeys AR (jet, jet®®") < 0.2 and |pr — p%"| < 30pr, where
o denotes the relative momentum resolution as measured in data. Then, in case a generator jet
is found, the scaling factor is constructed from the functional relation [150]

gen

f=l+ (-1 65)
pr

with c being a calibration factor of the method. Otherwise, f results from a random smearing

approach [150],
f =1+ N(0,0)y/max(c> ~ 1, 0), (6.6)

where N is sampled from a normal distribution with a mean of zero and a variance of 0.

Following the jet energy scale and momentum resolution calibrations, selection criteria are
applied on kinematic variables of a jet, as well as on the number of jets in an event. In the
single-lepton channel, events must contain at least four jets with pr > 30GeV and |y| < 2.4.
Moreover, a jet is rejected if it is located within a radius of AR = 0.4 around a selected, isolated
lepton as discussed above (cf. Section 6.3.2). In the dilepton channel, an event is accepted if it
contains at least four jets with pr > 20GeV and || < 2.4, with the two most energetic jets
also fulfilling pr > 30 GeV. Similar to the rationale concerning the two differing lepton defini-
tions, this distinction between leading and sub-leading jets is introduced in order to achieve a
reasonable trade-off between event purity and selection efficiency in the dilepton channel.

Identification of b-flavored jets

Jet flavor algorithms are used to identify jets from decays of long-lived b hadrons emerging from
bottom quarks in the hard scattering process. They travel a significant distance with respect to
the primary interaction vertex before eventually decaying, typically ~ 1cm at a momentum of
~ 100 GeV, which is resolvable by means of secondary vertex reconstruction algorithms (cf. Sec-
tion 2.46).

In this analysis, b jets are identified with the second revision of the Combined Secondary
Vertex (CSVv2) algorithm [90, 158]. Selected jets are attributed a b tag if their assigned CSV
discriminant is larger than or equal to 0.8484. This criterion corresponds to the medium working
point, defined by a misidentification probability of 1% as measured on a simulated tf sample
[90]. The associated tagging efficiency was found to be ~ 64 % [90].

In all channels, events are rejected if they contain less than three selected, b-tagged jets. In the
dilepton channel, at least one b tag must be attributed to a leading jet. Considering the nominal
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tagging and misidentification efficiencies, the combined b-tagging selection efficiency amounts
to 27.5 % (55.2 %) for events with three (four) true b-flavored jets (Equation 4.1). This way, back-
ground processes that nominally entail a lower b tag multiplicity, such as tt+1f, single t/t, V+jets,
and especially multijet events from QCD interactions, are significantly suppressed.

6.3.6 Selection Results

After the application of all selection criteria as discussed in the previous sections, a certain num-
ber of generated events remain for further analysis. They are presented in Table 6.7 for the
ttH signal process, each individual background process, and recorded data. Furthermore, they
are divided according to the first categorization step utilizing the number of jets in either the
single-lepton or dilepton channel (cf. Section 4.2.2). Most notably, the number of remaining sig-
nal and tf background events is sufficient for the training of deep neural networks, which are
employed for the second event categorization step on the basis of a predicted, most probable
process (cf. Section 7). The relative normalization of simulated events for accurately modeling
recorded data distributions is presented in the following sections after a discussion of simulation
corrections.

Single-lepton Dilepton
4j 55 >6j > 4j

Process

tF+bb 28230 46989 79737 20772
tE+b/b 65167 64711 56493 21274
tF+2b 28754 31818 35462 9654
tt+4cc 56498 58002 60797 23294
tE4-1f 276888 157240 92248 27173

Single t/f 1246 677 453 47
V+jets 5834 6102 9207 657
Diboson 41 16 6 2
tt+V 18470 28733 66760 18458
ttH ‘ 35274 59834 99280 23442
Data ‘ 22900 17097 14057 3332

Table 6.7: Numbers of generated and recorded events that pass all selection criteria, evaluated
separately for the four jet categories in the single-lepton and dilepton channels.

The impact of each individual selection step is visualized in Fig. 6.1, separately for each chan-
nel. In the two single-lepton channels, less than 2% of the events are discarded due to MET
filtering and vertex selection. The largest influence results from the lepton selection after which
only ~ 8 (10) % of signal (background) events remain in the e channel, and only ~ 11 (14) %
in the p channel. The differences stem from a slightly better identification and reconstruction
efficiency for muons (cf. Sections 3.3.3 and 3.3.2). The same argument holds for the trigger selec-
tion, which has a rather small impact when applied after the lepton selection. Up to the selection
of missing transverse energy, the overall efficiency is slightly larger for background processes.
After selecting jets and b tags, however, the number of background events in the e (4) channel is
reduced by another 89 % (88 %), while only 51 % (51 %) of signal events are discarded.

With the exception of a few aspects, a similar reasoning applies to the three dilepton chan-
nels. In the same-flavor channels (ee, pp), the lepton selection exhibits a significant differ-
ence between signal and background processes. This effect is caused by Z+-jets events with
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Figure 6.1: Fraction of events remaining after consecutively passing nominal selection steps,
evaluated for the tfH signal process (red) and all background processes combined (blue), which
is dominated by tf owing to the large amount of simulated events. It should be noted that
selection steps differ between channels. After the last step (“b-Tags”), the fraction of remaining
events is larger for signal than for background events in all channels.
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Z/v* — ete” /uTyu~ that yield higher selection efficiencies owing to a less populated final
state. However, their contribution is eventually reduced after applying the Z boson mass veto.
After the last selection stage, the signal efficiency exceeds that of background events in relative
terms by 39 % for ee, by 34 % for ey, and by 40 % in pu events.

6.4 Corrections to Simulated Events

This section presents a series of corrections that are applied to simulated events in order to
resolve discrepancies observed in the comparison to data. Potentially, these discrepancies could
be caused by various effects within the event simulation and reconstruction procedures, starting
from MC event generator tunings, to parton showering, hadronization, over to the detector
simulation and reconstruction algorithms.

In the scope of proton-proton collision analyses, a typical approach for deriving corrections is
the comparison of characteristic quantities between data and simulation that are correlated to the
effects to be compensated. More precisely, disagreement observed in these quantities does not
represent a cause, but rather a consequence of underlying mismodeling. The general assump-
tion is that a correction of these derived quantities through a reweighting of simulated events
effectively improves the agreement between data and simulation in distributions of correlated
variables. Consequently, a thorough treatment of uncertainties is absolutely necessary.

For this purpose, identification and reconstruction efficiencies are used in most cases, which
can be extracted in simulation and data. Whereas generator information is exploited for simu-
lations, efficiencies in data are often measured through tag-and-probe methods. Disagreements
between efficiencies, for example in case of trigger efficiencies, directly translate into deviating
event rates, which must be compensated by including derived data-to-simulation ratios to event
weights as introduced in Equation 6.1. The term “scale factor” is used interchangeably to denote
additional event weights resulting from simulation corrections.

In case of multiple corrections, it is advantageous to factorize the impact on the nominal event
weight w, .. Hence, the weight of an event i (Equation 6.1) is amended to

Corrs.

wi = wigr - [ | wie (6.7)
c

where the product runs over all incorporated corrections c. Furthermore, correction weights
w; . usually depend on one or more variables of an event or a contained physics object. The
following paragraphs address corrections related to the number of pileup interactions, trigger
efficiencies, lepton efficiencies, and the calibration of the b-tagging discriminant.

Number of pileup interactions

As explained in Section 6.2, the effect of additional proton-proton interactions within the same
bunch crossing is modeled in simulated events by including the final-state particles of a number
of minimum-bias events. The probability distribution of the number of pileup interactions is
measured in data with a limited amount of integrated luminosity before simulation campaigns
are initiated. Volatile run conditions affecting the instantaneously luminosity, the number of
circulating bunches, the number of protons per bunch, and further beam parameters can cause
variations of the pileup profile in data over a measurement period. Therefore, correction weights
are derived and applied to simulated events in order to resolve discrepancies in the pileup mul-
tiplicity distribution.

The number of pileup events in simulation depends on the total inelastic proton-proton cross
section at /s = 13 TeV. Fig. 6.2a shows the normalized pileup profiles in data and simulation
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for a cross section of oj,; = 69.2mb as recommended by the CMS experiment for the 2016
data-taking period. The ratio between the data and simulation yields pileup correction weights,
which are visualized by the blue curve in Fig. 6.2b and exhibit values close to one for the majority
of events. The uncertainty on the inelastic cross section of +4.6 % [238] is propagated to the
weight distribution, denoted by the green and red curves. After the realization of this analysis,
the CMS experiment published a new measurement of the inelastic proton-proton cross section,
stating a value of 68.6 = 0.5 (syst) £ 1.6 (lumi) mb [239]. The difference to the utilized cross
section is marginal and well covered by experimental uncertainties due to systematic effects
and uncertainties of the luminosity determination.
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Figure 6.2: Distribution of the number of pileup interactions per bunch crossing in simulation
and data, assuming an inelastic proton-proton cross section of 69.2mb (a), and the resulting
pileup weight, i.e., the ratio between measured and simulated interactions (b). The systematic
uncertainty on the pileup weight is computed by varying the cross section by +4.6 % [238].

Trigger efficiencies

Efficiencies of the single-lepton and dilepton triggers applied in the selection strategy of this
analysis (cf. Section 6.3.3) were measured by the CMS EGAMMA [149], MUON [240], and Topr
groups [233-235]. The comparison between efficiencies in data and simulation yields slight dis-
crepancies, which can be compensated by the introduction of event weights, so-called trigger
scale factors. It should be noted that all electron and muon selection criteria outlined in Sec-
tion 6.3.2 are identical to those employed in the efficiency measurements listed above. Therefore,
derived weights are applicable to the phase space of the presented analysis without the need for
extrapolation measures.

In the single-lepton channel, scale factors are determined using tag-and-probe methods in
Z/y* —ete  orZ/v* — utyu~ events. In order to obtain pure data samples, selection criteria
are adapted to characteristics of Z boson decays, such as opposite lepton charges and a mass
my; of the dilepton pair close to the Z boson mass. Contamination uncertainties are estimated
by varying these criteria. To measure the trigger efficiency, “trigger elements”, i.e., individual
online leptons that would cause the trigger to accept the event, are built and matched to leptons
resulting from the offline selection using a AR criterion. Events are considered if they contain at
least one matched “tag” lepton. The efficiency follows from the measurable frequency of events
with an additionally matched “probe” lepton.
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Resulting scale factors between data and simulation are shown in Fig. 6.3 for the single-electron
trigger (left) and the single-muon trigger (right). For electrons, values are parametrized by the
transverse momentum pr and the pseudorapidity 7sc of the assigned supercluster. They are al-
most flat in both variables and close to one, except for the low pr regime due to possible turn-on
effects at the trigger threshold. For muons, scale factors are parametrized by the transverse mo-
mentum and absolute pseudorapidity, with values fairly close to one and a minor turn-on effect
in the low pr regime. At || ~ 1, it drops to ~ 95 % which is caused by the transition between
barrel and endcap regions in the muon system (cf. Section 3.2.3). In both cases, scale factors for
leptons that exceed the respective upper pr bound are extracted from the right-most bin at the
given pseudorapidity.
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Figure 6.3: Trigger scale factors as used in the e channel (a) [149] and in the y channel (b) [240].
Values in the e channel depend on pr and #5sc of the supercluster of the electron. They are
almost flat and close to one with minor reduction for high 7sc, as well as for low pr due to
possible turn-on effects. Values in the y channel depend on pr and || of the muon. They are
also close to one with small drops at |77| ~ 1, caused by the barrel-endcap transition in the muon
system (cf. Section 3.2.3). A slight turn-on effect is visible in the low pr regime.

In the dilepton channel, scale factors are measured by monitoring the rates of “cross triggers”,
i.e., trigger paths that are weakly correlated to the applied dilepton triggers. This study was
performed within analyses investigating total and differential tf cross sections with the CMS
experiment in a compatible phase space [233-235]. First, the number of events Ny ;; that are
accepted by the cross trigger and pass the tf selection criteria is determined. Then, the fraction
of events that additionally pass the respective dilepton trigger,

Nxpr

— (6.8)
Nx i

€pL =
yields a robust estimate for the efficiency of the dilepton trigger. The main challenge arises
from the selection of appropriate cross triggers that exhibit a sufficient amount of statistics. The
cited efficiency measurement uses a combination of five trigger paths that are sensitive to miss-
ing transverse energy in the event. Uncertainties are conservatively estimated using Clopper-
Pearson intervals [241].

Resulting scale factors between data and simulation efficiencies are presented in Fig. 6.4. In
all lepton channels (ee, ey, pp), scale factors are parametrized by the absolute pseudorapidity
of the lepton with the higher transverse momentum |#;|, and that of the other lepton |#,|. Both
axes are divided into only two bins, ranging from 0 < |y| < 1.2 and 1.2 < || < 2.4. Values are
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consistently between ~ 98 % and ~ 100 % with uncertainties mostly below 1 %, implying only
slight discrepancies related to the trigger selection in the dilepton channel.
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Figure 6.4: Trigger scale factors as used in the dilepton channels and measured in the scope
of analyses investigating total and differential t cross sections with the CMS experiment in a
compatible phase space [233-235]. Their values depend on the absolute pseudorapidities of the
leading (|#71]) and sub-leading lepton (|#2]), respectively, where the bin range |1| < 2.4 implies
|7] > 1.2. Central values are close to one with uncertainties mostly below 1 %.

Lepton efficiencies

Similar to the examination of lepton-dependent trigger efficiencies, the rates of leptons passing
specific stages in reconstruction and selection procedures are monitored and compared between
data and simulation. By using similar tag-and-probe techniques, corresponding efficiencies can
be computed to construct ratios that yield parametrized scale factors. The procedures are typi-
cally factorized and divided into separate efficiency measurements to achieve a more granular
control over possible discrepancies and resulting corrections.

For electrons, the measurement consists of the determination of the reconstruction efficiency,
and of the identification and selection efficiency [149]. Muon efficiencies are separately mea-
sured for tracking criteria [147], reconstruction and identification procedures, and isolation re-
quirements [146]. In all cases, tag-and-probe methods are deployed using Z/y* — eTe™ /u™pu~
events. Purity in data samples is ensured through requirements on opposite lepton charges and
a dilepton mass my; close to the mass of the Z boson. One lepton is required to pass tight criteria
of the respective method. It is referred to as the “tag” lepton, whereas the other lepton consti-
tutes the “probe” lepton. Under the general assumption that selection decisions between tag
and probe leptons are uncorrelated, the efficiency can be inferred from the ratio of probe leptons
passing a certain working point of a method with respect to the number of tag leptons.

The efficiencies and scale factors listed above were measured by the CMS EGAMMA [148, 149]
and MUON object groups [134, 146, 147] for identical lepton selection requirements. Resulting
scale factors for electrons and muons are obtained by multiplication and read

we = W . P (6.9)
__, track reco+1D iso
and  wy = w,;*" - wy Wy (6.10)

The corrective event weight is either w, or w, in events with a single lepton, or the product of
two lepton scale factors in the dilepton channel.
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Shape calibration of the b-tagging discriminant

Another method that might exhibit discrepancies between data and simulation is the CSVV2 al-
gorithm used for the identification of b-flavored jets (cf. Section 3.3.6) as the underlying machine
learning approach incorporates numerous input variables that could potentially be subject to
mismodeling [90]. The output of the algorithm, referred to as the CSV discriminant, can be used
in two different ways. Firstly, a specific threshold value can serve as a binary criterion for the
definition of a b tag, entailing specific identification and misidentification efficiencies. Secondly,
the shape information of the CSV discriminant can be exploited further. This analysis utilizes
binary b jet identification and CSV discriminant values as potential inputs to the neural network
techniques for event categorization and process separation (cf. Section 7). Therefore, it is not suf-
ficient to infer event weights that solely compensate for deviating b-tagging efficiencies, but a
calibration of the CSV discriminant shape is necessary.

The shape calibration is performed by means of an iterative fitting procedure [90], which was
first described in Ref. [102]. It aims to extract a scale factor f per jet that depends on its flavor,
transverse momentum, pseudorapidity, and, most notably, the CSV discriminant itself. The
true jet flavor is determined using hadron flavor information following the “ghost association”
method [90, 91]. Equivalently to the factorized lepton scale factors in the dilepton channel, the
corrective event weight wcsy is constructed from the product of scale factors of all selected jets

in an event,
jets

wesy = Hf], (6.11)
j

and is eventually applied to simulated events. It should be noted that the method is not sup-
posed to change the expected rate of events as determined prior to the application of any b tag
selection criteria, which potentially requires an a-posteriori reweighting of events in bins of jet
multiplicity.

The iterative calculation of jet scale factors f proceeds as follows. Two regions are defined
that are either enriched with b jets, or jets induced by gluons or u, d, or s quarks (udsg jets).
No dedicated region is included for jets originating from c quarks. The former region, called
heavy-flavor (HF) region, is obtained from a selection strategy that favors dilepton events from
tt processes. To reduce Z+jets background contributions in channels with same-flavored leptons,
events are discarded in case the dilepton mass m;; is within 10 GeV around the Z boson mass,
or the missing transverse energy is below 30 GeV. The resulting event sample is composed of
tt (~ 87 %), single t/f (~ 6 %), and Z+jets (~ 7 %) events [90]. For the light-flavor (LF) region,
Z+jets events are selected with either two oppositely charged electrons or muons in the final
state. Selection criteria on the dilepton mass and missing transverse energy are inverted with
respect to the HF region, resulting in a very pure Z+jets sample (~ 99.9 %) [90].

In both regions, events are required to contain exactly two jets to enable tag-and-probe meth-
ods. The tag jet in the HF region is required to pass the medium working point of the CSV
algorithm in order to consider the remaining jet for probing. Vice versa, the tag jet in the LF
region is to be vetoed by means of the loose working point. As a result, the CSV discriminant
of the probe jet can be examined for the extraction of scale factors in bins of its pr, 77, and the
discriminant value. Owing to the fact that the correction is only supposed to perform a shape
calibration rather than a rate correction, expected yields in simulated events are normalized to
data across all CSV discriminant bins within the same pr and 7 intervals.

Driven by the Z+jets contamination in the HF region, an interdependence of the scale factors
is introduced. Before data-to-simulation ratios can be deduced, the respective “cross” contam-
ination is subtracted from the measured number of events in data. The contamination itself,
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however, depends on the weights wcsy of events in the opposite region. This interdependence
is resolved through an iterative definition of jet scale factors f; at a certain iteration step 7 as

N —
. Data — w1 - MCudsg+c

(HF region) foi = MG, (6.12)
, _ Data — @, MCy,.
(LFregion)  fugsg,i = MCieg (6.13)

in a particular measurement bin. Contaminations from c jets are subtracted universally. The
notation @;_; - MC signifies that each simulated MC event is multiplied with its individual
weight of the previous iteration, initialized with one, whereas remaining terms denote scalar
event counts. In fact, the product is identical to the sum of weights of relevant contamination
events, including normalization terms as explained above. After ~ 3 iterations, scale factors
appear to converge. For udsg jets, a fit of a sixth-degree polynomial to the scale factor profile,
excluding the first and last bins, is used to extract a functional relation between the value of the
CSV discriminant and the jet scale factor. No satisfying parameterization was found for b jets
so that a simple smoothing between bin contents is employed instead. Fig. 6.5 shows exemplary
scale factors for b jets (left) and for udsg jets (right).

Eventually, corrective event weights are computed using Equation 6.11. In order to validate
their impact in a separate phase space, weights were applied to single-lepton tf events. The
selection required events to contain exactly four jets of which two are a b-tagged according to a
medium working point. The agreement of the CSV discriminant between data and simulation
was found to be improved.

Uncertainties inherent to the calibration procedure comprise variations due to jet energy scales,
sample purities, as well as statistical uncertainties resulting from limited numbers of events in
each measurement bin. Additionally, uncertainties for c jets are estimated conservatively by
assigning twice the relative uncertainty as obtained for b jets, adding in quadrature all uncer-
tainties in the same bin, while setting their nominal scale factors to one. A detailed description
of all uncertainties is provided in Ref. [90].
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Figure 6.5: Jet scale factors resulting from the CSV discriminant shape calibration for b jets with
20 < pr/GeV < 30 and || < 2.4 (left), and for udsg jets with 20 < pr/GeV < 30 and |57| < 0.8
(right). Gray areas represent total uncertainties of the scale factor calculation. The flavor is
determined using hadron flavor information following the “ghost association” method [90, 91].
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6.5 Evaluation of Background Modeling

After applying event corrections due to pileup interactions, trigger and lepton efficiencies, and
the calibration of the b-tagging discriminant shape in form of multiplicative, corrective event
weights, simulated events can be normalized to their expected contributions for an integrated
luminosity of £ = 35.92 fb~! (Equation 6.7).

Table 6.8 shows a comparison of expected yields separately for the four jet categories in the
single-lepton and dilepton channels. Stated uncertainties result from the limited statistics of sim-
ulated events, prior to the fit to data. In total, 58893 £ 174 background events are expected while
SM calculations predict an amount of 510 & 4 events for the tfH signal process, resulting in a
combined S /+/B ratio of 2.10 4 0.02. Throughout all categories, the ratio of the number of signal
events to that of the irreducible tf+bb background is approximately 10 %. This observation im-
plies that the applied selection criteria act similar on both processes, expressing the demand for
sophisticated methods that achieve further separation. Simultaneously, tf+1f processes yield the
largest background contribution in all categories, although with degrading influence at higher
jet multiplicities, ranging from ~ 66 % for single-lepton events with four jets, to ~ 52 % for five
jets, and ~ 36 % for six or more jets. The composition of topologically similar tf+bb events,
rate-dominating #f+1f contributions, and intermediate configurations due to tf+b/b, tf+2b, and
tt4-cC processes emphasizes the choice of the process-based multi-class classification strategy
developed in this analysis (cf. Section 4.2.2).

Process . Single-llepton . Dilept.on
4j 5j > 6j > 4
tE4-bb 837+7 14224+10 2454+13 57246
tE+b/b 19414+11  1936+11  17224+11 57546
tF+2b 842+7 946 +8 1050+8 259 +4
ti+ce 29164+19  3146+20 3360+21  734+7
tEHIf | 15784445  8996+35  5323+27  855+8
Single t/f | 1007433 590 +26 407 422 5148
V+jets 355+10 224+7 169+5 14+2
Diboson 1743 8+2 23+09 12408
H+V 6242 9243 18444 4042
Total B | 237614+62 1736051 146714+45 3101416
tFH (S) 84.0+0.7 1409409 23242  53.1+05
S/VB 0.55 1.07 1.91 0.95
Data \ 22900 17097 14057 3332

Table 6.8: Observed and expected event yields prior to the fit to data, and quoted separately for
the four jet categories in the single-lepton and dilepton channels. Expected yields result from
the total numbers of simulated event passing the event selection (Table 6.7) and by applying the
product of all event weights (Equation 6.7). Stated uncertainties denote only statistical uncer-
tainties due to the limited number of simulated events.

A total of 57386 data events passes the selection. In general, uncertainties on the number of
measured events are estimated using Poisson statistics, which yields an uncertainty of +240
events. In the instance of small statistics, uncertainties are modeled asymmetrically follow-
ing the Neyman construction of Garwood owing the possibility of under-coverage effects [242].
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With a total difference between observed and expected event yields of —4 %, the overall agree-
ment is reasonably good. The compatibility can be further quantified by defining the pull p
as

Npata — N
p= Data MC (6.14)

\/ U]%ata + UI%AC
which should be sufficiently small for consistent event yields given their combined uncertainties.
When including the normalization uncertainty of 50 % uncorrelated on all {f+hf contributions
(cf. Section 4.1), the pull in the single-lepton channel amounts to —0.29 for events with four jets,
to —0.11 for five jets, to —0.20 for six or more jets, and to +0.17 in the dilepton channel. The
combined pull is measured as —0.30, which underlines the quality of the concordance between
recorded and simulated event rates.

Furthermore, the distributions of characteristic kinematic quantities can be compared to study
the modeling of physics objects that are relevant for this analysis. A selection of distributions is
presented in Figs. 6.6, 6.7, and 6.8 in the form of histograms. Contributions from expected back-
grounds are stacked, while the SM prediction for the tfH signal process is superimposed and
scaled by 120 and 60 in the single-lepton and dilepton channel, respectively, for the purpose of
simplifying shape comparisons. Bin contents as measured in data are denoted by black markers,
with vertical lines representing statistical uncertainties following the prescription of Garwood
[242]. The difference between data and background simulation, divided by simulation, is visu-
alized beneath each histogram. The filled gray areas shown in these ratio plots express statistical
uncertainties due to the limited number of simulated events. Hatched areas describe combined
systematic uncertainties on the expected background contributions, prior to the fit to data (cf.
Section 8.1). They also contain a-priori normalization uncertainties on ff+hf processes that are
considered uncorrelated and amount to 50 % (cf. Section 4.1).

Fig. 6.6 shows the distributions of jet (left) and b tag multiplicities (right) inclusively for events
with at least four jets and at least three b tags in the single-lepton (top) and dilepton channel
(bottom). Within their uncertainties, all distributions exhibit a considerably good agreement in
both channels. Ratios between data and simulation are flat up to high multiplicities without
signs of systematic tendencies that would indicate mismodeling. For high b tag multiplicities
in the dilepton channel, a slight over-fluctuation emerges, which is, however, covered by large
relative uncertainties due to low event rates in the corresponding bins.

Kinematic distributions of leptons and jets in the single-lepton channel are shown in Fig. 6.7.
The first and second rows present pr, 17, and isolation variables of electrons and muons, which
show no sign of mismodeling. Especially the isolation variables, which compile an enhanced
amount of quantities, exhibit a good compatibility between data and simulation with a flat ratio
across all bins. A minor slope is visible in the transverse momentum spectra above ~ 100 GeV.
However, the effect is small, well covered by the respective uncertainties, and also known from
further analyses in a similar phase space [233-235]. It should be noted that the rightmost bins
in histograms depicting transverse momenta also contain events that exceed the axis range to
avoid visualizing extensive distribution tails. The third and fourth rows show pr, 1, and the CSV
discriminant of the leading jet, and pr distributions of the second and third leading jets. Again,
ratios between data and simulation demonstrate coherent compatibility within uncertainties in
all distributions. The agreement of the CSV discriminant distribution of the leading jet is notable
and validates the CSV shape calibration procedure in events with multiple jets (cf. Section 6.4).

Fig. 6.8 presents similar kinematic distributions of jets and leptons in the dilepton channel.
The first two rows show pr, 77, and isolation variables of the first and second leading leptons.
Both statistical uncertainties and fluctuations increase slightly with respect to the single-lepton
channel, owing to the reduced amount of dilepton events. However, simulated distributions ev-
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idently succeed in modeling measured data at a reasonable level. The same holds true for lepton
1 and isolation variables, as well as for the 77 and CSV distributions of the leading jet. Spectra
of transverse momenta exhibit a slope in the data-to-simulation ratios as observed by further
analyses in a similar phase space [233-235]. The effect is probably related to the choice of gen-
erator tunes that affect parton showering (cf. Section 6.2), which is accounted for by appropriate
systematic uncertainties in the construction of the statistical fit model (cf. Section 8.1).

Further variable distributions and a quantitative assessment of correlations between them are
presented within the validation of input variables for use in deep neural networks in Section 7.1.
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Figure 6.6: Number of jets (left) and b-tagged jets (right) per event, shown for events with at
least four jets and at least three b tags in the single-lepton (top) and in the dilepton channel
(bottom). Contributions expected from background processes are stacked, while the expected
ttH signal is shown superimposed and scaled by a certain factor for visibility. The filled gray
areas in the ratio plots denote statistical uncertainties due to the limited number of simulated
events, whereas hatched areas describe combined systematic uncertainties on expected back-

ground contributions, prior to the fit to data.
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6.5 Evaluation of Background Modeling
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Figure 6.7: Variable distributions in the e channel (first row), in the p channel (second row), and
in the combined single-lepton channel (bottom half). The tfH signal is shown superimposed and
scaled by a factor of 120 for visibility. The filled gray areas in the ratio plots denote statistical
uncertainties due to the limited number of simulated events, whereas hatched areas describe
combined systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure 6.8: Variable distributions in the dilepton channel. The tfH signal is shown superimposed
and scaled by a factor of 60 for visibility. The filled gray areas in the ratio plots denote statistical
uncertainties due to the limited number of simulated events, whereas hatched areas describe
combined systematic uncertainties on expected background contributions, prior to the fit to data.
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7 Event Classification

As outlined in the measurement strategy in Section 4.2.2, the event categorization procedure
employed in this analysis is composed of two stages. In the first stage, events are categorized
according to the number of leptons and jets, which results in four categories, i.e., single-lepton
(SL) events with four (4j), five (5j), or six or more jets (> 6j), and dilepton (DL) events with at
least four jets (> 4j). Necessary event selection criteria are discussed in Section 6.3. Unlike some
other analyses that involve single top or top quark pair production, the b tag multiplicity does
not serve as a categorization criterion.

As the search for ttH production is background-dominated, its sensitivity strongly depends on
the ability to separate and constrain background processes individually. Therefore, the second
stage of event categorization is based on a multi-class classification approach using deep neural
networks (DNNs). A separate DNN is trained and optimized for each of the four categories
mentioned above. Each event is assigned a score, interchangeably called “probability” in the
following, that describes its compatibility with either the tfH signal process or one of the five
tf+X subprocesses, namely tf+bb, tf+b/b, tE+2b, tf+cc, and t+I1f (cf. Section 2.2.4). The final
category is then determined by the most probable process, i.e., the process that received the
highest probability by the network. In addition, the six output values assigned to each event
provide a high degree of separation between the involved processes. Hence, distributions of
these DNN discriminants are utilized in the signal extraction procedure (cf. Section 4.2.1). The
process categorization is summarized in Fig. 4.2.

This section presents the construction, validation, and evaluation of the employed deep neu-
ral networks, and is organized as follows. The set of neural network input variables is discussed
in the beginning. As DNNs are potentially able to exploit complex relations between these vari-
ables, a method for validating higher-order variable correlations is introduced, which is based
on saturated goodness-of-fit tests as outlined in Section 5.3.3. Second, the neural network ar-
chitecture and the specially tailored, two-stage training procedure are presented. As the DNN
discriminant distributions are used in the signal extraction procedure, an optimization algo-
rithm is applied to ensure a minimal amount of events in each bin. This binning optimization
is described in the third section. Thereafter, training results are discussed in terms of process
classification accuracies and robustness against overtraining effects. The section concludes with
the presentation of DNN discriminant distributions after the two-staged event categorization.

7.1 Input Variables and Validation of Correlations

This section introduces the variables that are considered as inputs for the DNNs to perform a
multi-class classification. The set of variables is explained first, followed by the validation of
correlations between all pairs of variables. Only variables that pass a certain selection criterion
within the validation procedure are used as neural network inputs.

Input variables

The set of potential DNN inputs comprises up to 64 variables that result from single object
quantities, such as transverse momenta of leptons and jets, or combined variables that incorpo-
rate information of multiple physics objects, such as angular distributions between momentum
vectors. They may vary between the single-lepton and dilepton channel, owing to different com-
positions of the final state, and can be subdivided into six groups.
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Single kinematic quantities contain transverse momenta and pseudorapidities of one (SL) or
two leptons (DL) and the first four jetsl. In the context of neural networks, they are commonly
referred to as low-level variables.

Compound jet variables are computed for three collections of jets, namely all selected jets,
b-tagged, and non-b-tagged jets. They consist of the scalar sum of all transverse jet momenta
Hr, the minimum and maximum distances AR = \/An? 4+ A¢? of all jet pairs, the minimum
distance AR between a jet and the leading lepton, and the mean distance Ay between jet pairs.
It should be noted that the latter variable is only determined for b-tagged jets.

Mass variables are computed for pairs of particles using their four-vector information via
m = /(E1 + E2)2 — (p1 + p2)2. They comprise the mean mass of all pairs of selected and b-
tagged jets, the mass of the leading lepton and the closest b-tagged jet as defined by AR, and
the mass of the b-tagged jet pair that is closest to 125 GeV. For dilepton events, the mass m;; of
the two leptons is considered additionally.

Information from b-tagging is compiled into 15 variables. They contain CSV discriminants
of the first four jets!, as well as the second highest CSV value of all selected jets. Furthermore,
the minimum, maximum, and mean CSV values are considered, obtained separately for the
three collections of jets mentioned above (see Compound jet variables).

Event shape variables transform four-vectors of final-state particles into a single quantity that
expresses geometrical correlations between them. The second, third, and fourth Fox-Wolfram
moments, i.e., compositions of spherical harmonics [243, 244], are calculated for all jets. Fur-
ther geometrical event shape quantities are determined separately for the three jet collections
mentioned above (see Compound jet variables). Centrality describes the ratio between the
sums of transverse momenta and energies of involved jets, ) ; pr;/ }_; E;. Sphericity S, trans-
verse sphericity, St, and aplanarity A are defined through the eigenvalues A1, A3, and A3 of
the momentum tensor M as [245]

= —>T
LT &Y
Z] ]
3 2A; 3
— — e A - = . 7~
= S Z(Az + As), St P 2)\1 (7.2)

A matrix element method (MEM) discriminant [175, 177, 246] is constructed specifically for
the purpose of separating contributions from H signal and tf+bb background events [103].
It is based on the ratio
ws(x)

ws(x) +x - wp(x)
of two probability density functions wg,p that describe the likelihood for a reconstructed
event to either originate from a tfH or a tf+bb event.  is set to 0.1 as a result of an optimization
procedure. The densities wg,p depend on the four-vectors x of all selected final-state objects,
i.e., jets and the leading lepton, that are used to compute leading-order scattering amplitudes
for gluon-gluon induced tfH or tf+bb production. Amplitudes are integrated over unknown
and poorly measured particle quantities, whereby detector resolution effects are taken into
account via transfer functions. This procedure is repeated for all permutations emerging from
the ambiguous association between reconstructed jets and partons on generator-level. Even-
tually, the permutation with the highest probability is selected and the resulting probability
density values ws and wp yield the MEM discriminant Ps,p through Equation 7.3. High dis-
criminant values signify compatibility with the signal hypothesis. Details on the algorithm in
the context of tfH analyses are presented in Ref. [103].

Ps/p = (7.3)

ISorted by transverse momentum in descending order.
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In order to reduce the amount of computationally demanding phase space integrations, infor-
mation from b-tagging is exploited [103]. The four bottom quarks from decays of top quarks
and the Higgs boson are only assigned to one of the four jets that most likely originate from
b hadron decays. Therefore, two likelihoods are constructed that express the compatibility of
four jets with the hypotheses of either two (£,) or four bottom quarks (£4). The likelihoods in-
terpret the CSV discriminant values as probabilities with flavor-dependent density functions,
estimated from simulation. The four jets that maximize the “b-tag likelihood ratio” (BLR),
defined as L4/ (L2 + L4), are selected for associations to bottom quarks within permutations.
The maximum BLR value yields a well separating variable itself and is thus incorporated as
an input variable. However, its range of values is rather broad due to its nature of a likelihood
ratio. For this reason, the transformed ratio log(b/1 — b) is investigated in addition.

Whereas the two BLR variables are calculated for all events, the MEM discriminant is only
computed in the single-lepton channel.

Owing to the jet and b tag selection strategy in the dilepton channel that requires at least four
jets with at least three of them having a b tag, the amount of events with a high number of
non-b-tagged jets is rather small. Therefore, the computation of some of the listed variables
are omitted for the collection of non-b-tagged jets. A selection of input variable distributions is
shown in Appendix A.

Variable validation

The deep neural networks employed in this analysis are trained and optimized using simulated
events, and subsequently evaluated on recorded collision data to infer predictions on underly-
ing physics processes. The validity of neural network models is typically tested by comparing
predicted distributions obtained for simulated and measured data events. In some occasions,
discrepancies may arise due to overtraining, i.e., a network is incapable of generalizing on un-
derlying probability distributions in data and rather becomes sensitive to non-representative
features present in training data. Overtraining can be efficiently suppressed by reducing the
network capacity, by increasing the amount of statistics available for training, or by applying
further methods that optimize the loss minimization procedure (cf. Section 5.2.3).

Another source for potential discrepancies emerges from differences in the modeling of uti-
lized input variables. The selection of well modeled variables is often premised upon com-
parisons of one-dimensional distributions between data and simulation. However, as deep
neural networks potentially exploit deep correlations between particular input variables, one-
dimensional distribution comparisons are not sufficient. Possible biases in the modeling of sim-
ulated events might only become apparent when scrutinizing correlations among variables.

Therefore, an extensive validation method is deployed that explicitly evaluates the modeling
of variables correlations. The algorithm is defined as follows.

1. Two-dimensional histograms are created for all pairs of considered input variables, separately
for simulated and recorded data events in each of the four analysis categories. The number
of bins is adjusted so that each bin exhibits a reasonable number of events. Uncertainties are
propagated accordingly and comprise statistical uncertainties due to the limited amount of
simulated events, statistical uncertainties on the number of data events per bin using Pois-
son statistics following the prescription of Garwood [242], and uncertainties on production
cross sections of all involved processes (Table 2.4). The latter entails additional, uncorrelated
normalization uncertainties on tf+hf processes that amount to 50 % (cf. Section 4.1).

2. The two-dimensional histograms are “unrolled” to create one-dimensional distributions. A
visualization of this procedure is shown in Fig. 7.1 for the transverse momenta of the leading
lepton and the leading jet in single-lepton events with at least six jets.
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3. A saturated goodness-of-fit test (cf. Section 5.3.3) is performed for all unrolled, one-dimensional
histograms by fitting simulated distributions to data under consideration of the statistical
model mentioned above. The fit is performed using the combine tool (v7.0.1), which is devel-
oped by the CMS experiment [204]. The p-value of each fit, i.e., the probability of finding a
value of the test statistic that is equal to or higher than the observed value, is retained and
serves as a compatibility measure for the correlation of a pair of variables. A high value
signifies a good compatibility between simulation and data.

4. An iterative filtering method is used to derive selection decisions for individual variables:

a) Determine variables that are attributed p-values below 0.3 in combination with more than
50 % of the other variables. Variables selected by this criterion are regarded as insuffi-
ciently well modeled.

b) Given the variables selected in step a), exclude the one with the lowest sum of p-values
with respect to all other variables from further considerations.

¢) Repeat the procedure at step a). If no variable is found, the filtering algorithm is termi-
nated and remaining variables are used as neural network inputs.

Although only correlations of pairs of variables are evaluated, the method also examines higher-
order correlations in data due to the composition of the set of potential variables. It contains
low-level observables from particle quantities as well as complex high-level variables that com-
pile information of multiple physics objects. Thus, the validation of the correlation between, for
example, the transverse momentum of a lepton and a Fox-Wolfram moment computed for all se-
lected jets covers the modeling of several simulated variables at once. Furthermore, it should be
noted that, as described above, the fitting procedures only incorporate systematic uncertainties
that affect normalizations of expected background contributions. Shape-changing uncertainties
are not considered which complies with a relatively conservative validation strategy.

The obtained p-values are shown separately for each analysis category in Figs. 7.2 and 7.3.
They are mirrored along the diagonal for visualization purposes. Variable names are indicated
on the vertical axis in association with increasing numbers that correspond to bins on the hor-
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Figure 7.1: Exemplary construction of an unrolled histogram of two input variable candidates
for single-lepton events with at least six jets. Starting from a two-dimensional distribution (a),
bin contents are transferred in column-row order to a one-dimensional histogram (b), which is
shown including measured data events. These histograms are used to perform a fit to data and
to extract p-values following a saturated goodness-of-fit test (cf. Section 5.3.3).
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Figure 7.2: Visualization of p-values derived from saturated goodness-of-fit tests. The diagrams
show results for single-lepton events with four jets (top) and five jets (bottom). High p-values
denote well modeled correlations between variables. Numerical values on the horizontal axis
refer to corresponding variables on the vertical axis.
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Figure 7.3: Visualization of p-values derived from saturated goodness-of-fit tests. The diagrams
show results for single-lepton events with at least six jets (top) and for dilepton events with
at least four jets (bottom). High p-values denote well modeled correlations between variables.
Numerical values on the horizontal axis refer to corresponding variables on the vertical axis.
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izontal axis. After applying the iterative filtering algorithm as explained above, 34 variables
remain in the single-lepton channel for events with four jets, 42 variables in case of five jets, 41
variables in case of six or more jets, and 39 variables in the dilepton channel for events with at
least four jets. The sets of selected variables per category are presented in Tables 7.1 and 7.2.

Two variables that are rejected by the validation procedure are exemplarily shown in Fig. 7.4
for single-lepton events with four jets. The maximum distance AR between two b-tagged jets
(left) shows a systematic trend in the data-to-simulation ratio which is likely to propagate also
to correlations with other variables, eventually causing the rejection decision. In contrast, the
pseudorapidity of the leading jet appears to be well modeled at first glance. The goodness-
of-fit tests, however, predominantly yield small p-values with respect to most other variables
(Fig. 7.2, top diagram, row 4). A validation procedure based on comparisons of one-dimensional
distributions between data and simulation would prove ineffective under such circumstances.
Distributions of selected variables for single-lepton events with at least six jets are shown in
Appendix A.
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Figure 7.4: The maximum distance AR between two b-tagged jets (left) and the pseudorapidity
of the leading jet (right) for events in the single-lepton channel with four jets. Both variables are
rejected by the validation procedure, as visible in rows 24 and 4 in the top diagram in Fig. 7.2.

Name | Description | SL4j | SL5; | SL >6j | DL >4

jeti_pt | Jetl pr v v v
jetl_eta | Jetly v v v
jet2_pt | Jet2 pr v

jet2_eta | Jet2 5 v v v v
jet3_pt | Jet3 pr v

jet3_eta | Jet3 5 v v v

jet4_pt | Jetd pr v v v
jet4_eta | Jetd i v v v

lepi_pt | Leptonl pr v v v
lepl_eta | Leptonly v v v
lep2_pt | Lepton2 pr

lep2_eta | Lepton2 % v

Table 7.1: Input variable candidates and their results of the validation procedure, divided into
the three categories of single-lepton events and one dilepton category.
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Name Description ‘ SL 4j ‘ SL 5j ‘ SL >6j ‘ DL >4;j

ht_jets Hr of jets v

ht_bjets Hr of b-tagged jets v v v
dr_min_jets Min. AR between jets v v v v
dr_min_bjets Min. AR between b-tagged jets v v v v
dr_max_jets Max. AR between jets v v
dr_max_bjets Max. AR between b-tagged jets v v
dr_mean_bjets Mean AR between b-tagged jets v v v
dr_min_lep_jets Min. AR between leptons and jets v v

dr_min_lep_bjets Min. AR between leptons and b-tagged jets v v
deta_mean_bjets Mean Ay between b-tagged jets v v
mass_dilepton Dilepton mass v
mass_lep_bjet_closest Mass of lepton and closest b-tagged jet v v v v
mass_mean_jets Mean mass of jet pairs v v v v
mass2_mean_bjets Mean squared mass of b-tagged jet pairs v v v
mass_near_125_bjets Mass of b-tagged jet pairs, closest to my v v v
jetl_csv Jetl CSV v v v

jet2_csv Jet2 CSV v v v

jet3_csv Jet3 CSV v v v v
jetd_csv Jetd CSV v v

csv2 Second highest CSV v v v v
csv_min_jets Min. CSV of jets v v v v
csv_min_bjets Min. CSV of b-tagged jets v v v v
csv_max_jets Max. CSV of jets v v v v
csv_max_bjets Max. CSV of b-tagged jets v v v v
csv_mean_jets Mean CSV of jets v v v v
csv_mean_bjets Mean CSV of b-tagged jets v v v v
csv_variance_bjets CSV variance of b-tagged jets v v v v
aplanarity_jets Aplanarity of jets v v v
aplanarity_jets Aplanarity of b-tagged jets v v v v
centrality_jets Centrality of jets v v
centrality_jets Centrality of b-tagged jets v v
sphericity_jets Sphericity of jets v v v
sphericity_jets Sphericity of b-tagged jets v v v
transv_sphericity_jets | Transverse sphericity of jets v v v v
transv_sphericity_bjets | Transverse sphericity of b-tagged jets v v v v
foxwolfram_2 Fox-Wolfram moment 2 v v
foxwolfram_3 Fox-Wolfram moment 3 v v v
foxwolfram_4 Fox-Wolfram moment 4 v v v
blr b-tag likelihood ratio v v v v
blr_transformed Transformed b-tag likelihood ratio v v v v
mem Matrix element method discriminant v v v

Table 7.2: Input variable candidates and their results of the validation procedure, divided into
the three categories of single-lepton events and one dilepton category.
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7.2 Neural Network Architecture and Training

This section describes the architecture and training procedure of the developed neural networks
for event categorization and process discrimination. Their task is to perform a multi-class clas-
sification with six output units whose values represent the compatibility of an event with either
the tfH signal process or one of the five tf+X subprocesses, i.e., tf+bb, t{+b/b, tf+2b, ti+cc,
or ti+I1f (cf. Section 2.2.4). A separate network model is trained for each of the four analysis
categories with input variables passing the validation procedure as presented in the previous
section and summarized in Tables 7.1 and 7.2. The technical implementation is based on the
TENSORFLOW graph computation library [167] (cf. Section 3.4.3).

Two-staged training procedure

Network architectures and training procedures are defined in two stages, which are motivated
as follows. When considering a tfH event, the two jets originating from the Higgs boson decay
are not necessarily contained in the set of selected jets owing to requirements on identification
criteria and jet kinematics (cf. Section 6.3.5). The probability to discard at least one jet associated
to the Higgs boson decay can be estimated from simulations through a matching of partons of
the hard interaction process at generator-level to reconstructed, selected jets using a AR distance
criterion. For single-lepton events with at least six jets, the probability amounts to ~ 27 %, which
conversely implies that the Higgs boson is fully reconstructable in only ~ 73 % of tfH events.
For events with five (four) jets, the probability even decreases to ~ 64 % (~ 52 %). As variables
related to the Higgs boson are likely to exhibit sensitive distinction features with respect to tf
background contributions, the topology of signal events that miss these characteristic features
might appear to neural networks as being background-like. To some extent, these topological
differences between events of the same class, i.e., the same physics process, can be regarded as
a source of noise during training. As the networks also distinguish between individual back-
grounds, the same reasoning applies for the appearance of all involved background processes.

The developed architecture is intended to mitigate this circumstance. As depicted in Fig. 7.5, it
consists of two networks which are trained sequentially. First, a fully-connected network (“Net-
work 17) is trained to predict so-called “content flags”. A flag is either zero or one and describes

Input layer Network 1 “Content flags” Network 2 Output layer

Layers of Network 1 fully connected to
first layer of Network 2 in second training stage

Figure 7.5: Visualization of the two-stage neural network architecture. “Network 17 is trained
to reproduce content flags in the first stage of network training. In the second training stage,
it is extended by “Network 2” for the prediction of actual physics process classes. In order to
avoid an artificial bottleneck, all layers of “Network 1” are fully connected to the first layer of
“Network 2”. It should be noted that the employed network architecture varies between the
four analysis categories. The full list of network hyperparameters is presented in Table 7.4.
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whether a specific particle, such as the Higgs boson, is potentially reconstructable given the set
of selected jets in an event. The value of a flag for the utilization as a training target is inferred
from generator information through a matching to reconstructed jets as explained above. Em-
ployed flags are summarized in Table 7.3 and vary between single-lepton and dilepton channels.
The determination of additional bottom quarks expressed by the last two flags follows from a
matching of generator-level jets to reconstructed jets and obeys the definition of tf subprocesses
as discussed in Section 2.2.4.

Flag Detectable / reconstructable particle(s) ‘ SL ‘ DL
“bhad” | The bottom quark from the top quark decay in the hadronic branch. | v/
“blep” | The bottom quark from the top quark decay in the leptonic branch. | v

“1” At least one light quark from the hadronically decaying W boson. v

“Whad” | Both light quarks from the hadronically decaying W boson. v

“bt” At least one bottom quark from the top quark decays. v

“bbt” | Both bottom quarks from the top quark decays. v

“bH” | Atleast one bottom quark from the Higgs boson decay ({fH only). v |V

“H” Both bottom quarks from the Higgs boson decay ({H only). v I v

“b” At least one additional bottom quark (tf only). Va4

“bb” | At least two additional bottom quarks (¢ only). v |V

Table 7.3: Definition of content flags that serve as classification targets for the first stage of neu-
ral network training. In total, eight flags apply to the single-lepton channel, whereas six flags
are used in the dilepton channel. The determination of additional bottom quarks obeys the
definition of tf subprocesses (cf. Section 2.2.4).

After the training process converged, the model is extended by a second network as shown in
Fig. 7.5 (“Network 2”). Its output units represent the prediction of the actual multi-class classifi-
cation, reflected by values that are either one to signify one of the six involved physics processes,
or zero otherwise. In order to avoid an artificial bottleneck caused by the intermediate layer ex-
pressing content flags, all layers of the first network are fully connected to the first layer of the
second network through additional trainable parameters. This way, inner representations in
data examined by the first network can be incorporated by the subsequent network during the
second stage of the training procedure. Here, parameters of the first network that are initially op-
timized for the prediction of content flags are allowed to be updated through backpropagation.
The first training stage can therefore be perceived as a partial pre-training. The improvement of
this two-stage approach on the classification accuracy is described below in Section 7.4.

The available amount of simulated tfH and tf+X events is divided into three statistically
independent datasets. 50 % of the events are retained for the prediction of expected signal and
background contributions within the signal extraction procedure of this analysis. The neural
network training process is performed with 30 % of the events. Both the network architecture
and the training process are subject to a variety of hyperparameters whose optimal values are
selected through a grid-based scanning procedure. In practical terms, this procedure constitutes
another optimization process, which is validated using the remaining 20 % of events.

Discrepancies observed between metrics on training and validation events permit the iden-
tification of overtraining. For this purpose, the value of the loss function to be minimized as
well as the overall process classification accuracy are monitored over the course of a training.
The latter is defined as the ratio of the number of events whose physics process is correctly clas-
sified to the total number of events. The degree of overtraining is quantified as the difference
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between the prediction accuracy obtained on the training dataset with respect to the validation
dataset. Trainings that exhibit a difference larger than 1 % are terminated and excluded from fur-
ther considerations. Otherwise, trainings are stopped if the validation loss yields no significant
improvement over the previous 100 epochs or after a maximum of 500 epochs.

Another adjustment of the training procedure stems from imbalanced expected contributions
between the involved processes. Whereas tf+1f events account for the majority of expected
events, processes such as tf+ bb, tf+b/b, and also ttH yield smaller contributions. Consequently,
this imbalance causes the relevance of tf+I1f events to be overestimated in the training objective.
As shown in Table 6.8, the contributions of all tf+hf processes exceed the expected number of
signal events by far, so that the additional normalization uncertainties of 50 % have a strong
influence on the signal extraction procedure (cf. Section 4.1). Therefore, event weights are in-
troduced to equalize the importance of each of the six physics processes during training. They
are determined such that the sum of weights is equal per class, while taking into account the
original event weights resulting from Equations 6.1 and 6.7.

Architectures and hyperparameters

Per category, the best set of hyperparameters is selected based on the maximum combined clas-
sification accuracy, with equal influence of each physics process as explained above. In all four
deployed neural network architectures, the first network is comprised of two hidden layers with
100 exponential linear units each. The output layer, representing predictions of content flags,
consists of eight units for networks in the single-lepton channel, and six units in the dilepton
channel. A logistic sigmoid activation function is applied to constrain output values to a range
between zero and one (Fig. 5.3). The objective function of the first training stage is given by
a multi-label cross-entropy loss. The second network incorporates either one or two hidden
layers with 100 exponential linear units each. The six units in the output layer are subject to
a softmax activation function, which normalizes the sum of outputs to unity (Equation 5.5). A
cross-entropy loss constitutes the objective function of the extended network.

In both training stages, the loss is minimized using the ADAM algorithm (cf. Section 5.2.3) with
a batch size of 5000 and an initial learning rate of 7 = 10~%. For networks in the single-lepton
(dilepton) channel, overtraining is suppressed by applying L2 regularization with a weight of
107° (1073) and a simultaneous random unit dropout with a “keep-probability” of 70 % (90 %).
Input variables are normalized so that individual distributions are centered around zero with a
standard deviation of one. A summary of selected hyperparameters is presented in Table 7.4.

Category | # Variables Network1 Network2 Dropout L, weight | # Parameters

SL 4 34 100 — 100 100 — 100 0.7 107 46,014
SL 5/ 42 100 — 100 100 0.7 1075 36,714
SL >6j 41 100 — 100 100 — 100 0.7 1075 47,214
DL >4j 39 100 — 100 100 0.9 1073 36,012

Table 7.4: Summary of hyperparameters of the employed deep neural networks per category.
“Network 1” refers to the network that is designed to reproduce content flags in the first training
stage, whereas “Network 2” denotes the network extension for the prediction of actual process
classes in the second stage. Specifications such as “100 — 100” signify the number of hidden
layers and the number of units per layer. The dropout column states probabilities for retaining
units in the dropout algorithm. Loss minimization is performed through the ADAM algorithm
(cf. Section 5.2.3) with a batch size of 5000 and an initial learning rate of 7 = 10~%. The number
of trainable parameters is shown in the last column.
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Output distributions

The trainings that yield the best combined classification accuracies are selected for performing
the event categorization and process discrimination. Output distributions of the network trained
in the single-lepton channel with events containing six or more jets are exemplarily shown in
Figs. 7.6a to 7.6f, separately for each of the six output units. Here, the categorization based
on the prediction of the most probable process is not applied. Corresponding distributions for
events with four jets, five jets, and in the dilepton channel with at least four jets are presented
in Appendix B. The neural network output in each unit is shown for the six involved processes
using a logarithmic scale and normalized to unity. The output range between zero and one is
divided into 50 bins, resulting in a constant bin width of 0.02. However, the ranges shown on
the horizontal axes are limited to populated regions for visualizing shape differences.

Fig. 7.6a presents the output of the unit that predicts the compatibility of an event with the
ttH signal process, referred to as “DNN discriminant {#fH” in the following. The shape of the
distribution of tfH events differs significantly from shapes of the tf processes. This difference is
quantifiable by means of the area under the curve of the receiver operating characteristic (ROC
AUC). A value close to one signifies that two normalized distributions do not overlap, whereas
a value of 0.5 denotes identical shapes with 100 % overlap. Thus, a high ROC AUC score is
preferable when discriminating between processes. A value of 0.75 is obtained for the compari-
son between tfH and the sum of the five tf processes, which indicates that the employed neural
network is capable of distinguishing between signal and background topologies. According to
expectations based on similarities of final states, the most closely resembling output shape re-
sults from tf+bb contributions with a corresponding ROC AUC score of 0.66. Consistent with
this reasoning, the largest shape difference is observed with respect to tf+1f and tf+c¢ events,
reflected by ROC AUC scores of 0.81 and 0.76, respectively.

Qualitatively similar statements can be inferred for the DNN discriminants of the tf+bb unit
in Fig. 7.6b and the tf+2b unit in Fig. 7.6d. The respectively matching physics process tends
to be attributed larger discriminant values with respect to other processes, leading to combined
ROC AUC scores of 0.69. The most similar shape results from tf+b/b events in both instances.
Interestingly, the DNN discriminant of the f+2b unit exhibits the largest separation power com-
pared to tfH, meaning that characteristics of tf+2b events, as perceived by the neural network,
possess stronger similarities to other tf processes than to tfH events.

The same holds true for the tf+b/b discriminant in Fig. 7.6¢, the tt+c¢ discriminant in Fig. 7.6e,
and, although to a lesser extent, for the tf+1f discriminant in Fig. 7.6f. The distributions for ttH
signal events consistently tend towards small discriminant values, with reasonable discrimina-
tion regarding tf processes. While tfH and tf+bb distributions yield a prominent shape differ-
ence in the tf+b/b unit, they appear to converge in the f+c¢ unit, and more evidently in the
tt+1f unit. This behavior is both desired and expected for a multi-class classification as each
output is intended to exploit individual characteristics of the corresponding process in order to
equally distinguish it from all other processes. Therefore, tfH and tf+bb events appear alike
given a discriminant that is sensitive to tf+If.

In summary, each of six processes is best identified by the DNN discriminant of its correspond-
ing output unit. This observation demonstrates the effectiveness of the multi-class classification
approach achieved through the employed deep neural networks. As a result, events are catego-
rized by the process class that is assigned the highest output value. Simultaneously, histograms
of the obtained discriminant distributions constitute the basis for the fit to data as part of the
signal extraction procedure. To this end, the use of equal bin widths is not necessarily an ap-
propriate choice. The developed algorithm for optimizing histogram binning is explained in the
following section.
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Figure 7.6: Distributions of the six output units of the deep neural network for single-lepton
events with at least six jets, namely tfH (a), tf+bb (b), tf+b/b (c), tf+2b (d), tf+cc (e), and t+1f
(f). The output of each unit is shown separately for tfH and tf processes. The value range is
adjusted individually per unit for visualizing shape differences. For the output units tfH (a),
tF+bb (b), and tF+2b (d), the shape of the corresponding physics process yields clear differences
with respect to other processes, which is also reflected by the ROC AUC scores.
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7.3 Binning Optimization

The output layers of the developed neural networks are subject to softmax activation functions,
which transform the sum of unit inputs using an exponential function, and normalize them to
the sum of outputs (Equation 5.5). This choice is common practice in multi-class classification
applications in combination with the cross-entropy loss (Equation 5.8) as it yields sensitive and
reliable derivatives to the backpropagation algorithm (term VL in Equation 5.12). However,
this configuration has two implications. First, the possible output range of the DNN discrimi-
nants between zero and one is occupied only partially, especially in the tf+b/ b, tf+c¢, and tF+1f
units where discriminant values are below 0.5 (Fig. 7.6). This circumstance is not affected by
the raise of the lower boundary to 1/6 ~ 0.167 after application of the process-based catego-
rization. Second, the shape of discriminant distributions might have sharply rising or falling
segments due to the exponential transformations in both the numerator and the denominator of
the softmax activation function.

A binning approach with equally sized bins entails two undesirable consequences. On the one
hand, bins might emerge that contain an insufficient amount of either simulated or recorded data
events, leading to an inadequate modeling of expected signal and background contributions
and high statistical uncertainties. On the other hand, output distributions might exhibit steep
yet well described shape characteristics, which are mitigated in case of inappropriately large bin
widths. Thus, a binning optimization algorithm is applied and defined as follows.

Initial histograms are created with 20 equally sized bins in the interval between zero and one.
Outer bins are identified that contain neither simulated nor recorded data events. Subsequently,
the binning is repeated, however, limited to the interval defined by the central populated bins.
Based on this, individual bin widths are adjusted in an iterative approach:

1. Determine bins that contain less than five events (“L” bins), or more than 20 events (“H” bins).

2. Terminate the procedure if no L bins exist.

3. Restart the procedure with a reduced number of total bins if no H bins are found.

4. Increase the width of the L bin with the lowest event yield by 0.002. Reduce the width of the
widest H bin, or the bin with the largest content in case of ambiguities, by the same amount.

The procedure is repeated until no under-populated bins remain (step 2). Fig. 7.7 shows an
example of the binning optimization of the DNN discriminant tfH. The resulting histogram
exhibits narrower bins with high statistics, while being more coarse in the tail of the distribution.
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(a) Initial binning. (b) Central populated region. (c) Optimized bin widths.

Figure 7.7: Example of the binning optimization procedure of the DNN discriminant {fH. The
procedure commences with 20 initial bins in the range [0, 1] (a). Then, outer unpopulated bins
are discarded and the histogram is recreated in the resulting central region with 20 bins (b).
Finally, bin widths are adjusted iteratively until all bins contain at least five data events (c).
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7.4 Evaluation of Training Results

The following paragraphs evaluate the results of the neural network trainings as discussed in
the previous sections. First, process prediction accuracies are presented and compared between
training and validation datasets to demonstrate the effectiveness of applied overtraining sup-
pression measures. The dependence of selected network architectures and the resulting pre-
diction accuracies on the amount of training events is evaluated thereafter. Furthermore, to
estimate the potential bias towards the selected POWHEG [229] event generator, a comparison
to DNN output discriminants obtained with SHERPA+OPENLOOPS [60, 247] is presented. The
section closes with results of the process-based categorization scheme in terms of expected event
yields and DNN discriminant distributions per category.

Classification accuracies

The classification accuracy is defined as the ratio of events with correctly assigned physics pro-
cess to the total number of events. On the contrary, the fraction of falsely classified events
is referred to as the confusion rate. Fig. 7.8 presents the accuracies and confusion rates for
single-lepton events with at least six jets, and evaluated separately for the training and vali-
dation datasets. Numbers are normalized per row and quote the probability for an event of a
true physics process on the vertical axis to be assigned to a predicted process on the horizontal
axis. Thus, accuracies are denoted by the diagonal, whereas off-diagonal values correspond to
confusion rates. The combined accuracy is defined as the mean along the diagonal, reflecting
the equal importance among involved process classes. Slightly lower values emerge for smaller
jet multiplicities and for events in the dilepton channel, which, however, lead to similar conclu-
sions.

The comparison between the training and validation datasets suggests that measures taken
for the suppression of overtraining prove effective, as differences are mostly below ~ 1%.
The classification accuracy for tfH events amounts to 48 %, which is only surpassed by that for
tt+1f events with 63 %. This finding expresses the significance of weights for the equalization of
process classes during training. The network possesses a high accuracy for the common tf+1f
process, while simultaneously being able to correctly classify almost half of the rare tfH events.
tf+bb and tF+2b events are classified with accuracies of 30 % and 37 %, respectively, whereas
tf+b/b and tf+cC events are mostly classified as tf+If. This observation is consistent with the
DNN discriminants and ROC AUC scores shown in Fig. 7.6 and indicates that the two latter pro-
cesses are difficult to distinguish from the tf+1f process given their largely similar topologies.

The enhancement provided by the two-staged neural network architecture can be assessed by
repeating the training procedure and hyperparameter optimization for an architecture without
content flags, consisting of up to five hidden layers with an equal amount of units per layer. For
this purpose, the ttH classification accuracy is a suitable figure of merit. The best performing
model results in an accuracy of 40 %, opposed to the 48 % obtained with the two-staged architec-
ture. The relative improvement of 20 % is considered to have a significant impact on the overall
analysis sensitivity.

Dependence on training statistics

As explained in Section 7.2, trainings are terminated within the extensive hyperparameter opti-
mization in case the average classification accuracy yields a difference larger than 1 % between
training and validation datasets. In addition, a supplemental study is performed to exclude
that the selected network architectures entail a dependence on the amount of utilized training
events. Therefore, the trainings are repeated for identical hyperparameters, however, with arti-
ficially reduced trainings statistics.
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Figure 7.8: Row-normalized process classification accuracies and confusion rates, evaluated on
the training dataset (a) and on the validation dataset (b) for single-lepton events with at least
six jets. Variations between values of the two datasets are acceptably small to conclude that
overtraining is sufficiently suppressed. tfH, t{+bb, tf{+2b, and tf+1f processes exhibit the highest
values in the correct class. tf+b/b and tf+c¢ processes are predominantly classified as tf+1f,
consistent with the DNN output distributions presented in Fig. 7.6.

An undesired, strong dependence would manifest as a prompt increase of the difference be-
tween training and validation accuracies. However, as depicted in Fig. 7.9 for the training in the
single-lepton channel with six or more jets, above a fraction of 70 % of training events the dif-
ference remains well below 1 %. Above that fraction, the accuracies seemingly converge to their
eventual result with 100 % statistics. In this light, it can be concluded that the trained neural
networks provide sufficiently stable results. Network capacities are well balanced to methods
for overtraining prevention, which achieve almost full suppression.
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Figure 7.9: Average process classification accuracies as a function of training statistics as eval-
uated on the training dataset (red) and on the validation dataset (blue) for single-lepton events
with at least six jets. The dashed line marks the fraction of training statistics (~ 70 %) which
would cause an accuracy difference between training and validation events of 1%. Therefore,
selected network architectures trained with the full statistics (100 %) are considered stable.
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7.4 Evaluation of Training Results

Dependence on event generator

The simulation of events that are considered for neural network trainings relies on the POWHEG
(v2) [229] event generator (cf. Section 6.2). Naturally, the choice of a specific generator can in-
duce a bias regarding event kinematics and the definition of tf subprocesses (cf. Section 2.2.4),
which would propagate to the distributions of DNN discriminants. Therefore, a second event
generator setup is employed and the resulting discriminant shapes are compared to estimate the
significance of a potential bias.

For this study, a sample of single-lepton tf+bb events is generated using SHERPA (v2.2.2) [60]
in the four-flavor scheme in conjunction with scattering amplitudes computed by OPENLOOPS
(v1.3.1) [247]. Parton showering, detector simulation and reconstruction, as well as selection re-
quirements are identical. Selected events are evaluated by the DNNs that are trained with events
generated by POWHEG. A comparison between the resulting shapes is presented in Fig. 7.10. It
shows the DNN discriminants tf+bb and tf+2b for single-lepton events with five jets and at
least six jets, respectively. In central bins, the distributions agree well within statistical uncer-
tainties, as denoted by vertical bars. For discriminant values close to zero and in the tails of
the distributions, slight differences are visible which, however, do not exhibit any pronounced
structure. They are well covered by background normalization uncertainties of 50 % on tf+ bb,
tE+b/b, tF+2b, and tf+c¢ contributions (cf. Section 4.1), and by further systematic uncertainties
(cf. Section 8.1).
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Figure 7.10: Comparison of DNN discriminant shapes between single-lepton tf+bb events sim-
ulated with either POWHEG [229] (black) or SHERPA [60] in combination with OPENLOOPS [247]
(red). Networks are trained with events produced by POWHEG. The histograms show the DNN
output of the tf+bb unit for events with five jets (left), and the output of the tf4-2b unit for events
with at least six jets (right). Vertical error bars denote statistical uncertainties due to the limited
number of simulated events.

Event yields and discriminants after process categorization

The expected signal and background contributions, and corresponding numbers of measured
data events after the categorization by the most probable process are shown in Tables 7.5 to 7.8.
The total numbers of simulated events agree well with the amount of data in each category.
The largest discrepancies per jet multiplicity category amount to —10 % for tf+1f events in the
SL 4f category, to +7 % for tf+b/b events in the SL 5; category, to —8 % for tfH events in the
SL > 6j category, and to +11 % for tf+b/b events in the DL > 4j category. The relative signs of
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7 Event Classification

discrepancies in particular process categories with respect to data are consistent across the four
jet-based categories. Considering the uncertainties from limited statistics, process cross sections,
and the additional normalization uncertainty of 50 % on contributions from tf+bb, tf+b/b, tf+2b,
and tf+c¢ processes (cf. Section 4.1), the concordance between recorded and simulated event
rates is reasonably good.

Furthermore, the effect of the process-based categorization is recognizable by the relative
amount of tfH events being assigned to the tfH process category, and the consequential effect on
the signal-to-background ratio S/+/B. The highest ratios are measured consistently in the tfH
category with values ranging from 0.58 in the single-lepton channel for events with four jets, to
2.00 for events with at least six jets.

The DNN discriminant distributions after applying the process categorization are presented
in Figs. 7.11 to 7.14. The SM prediction for the tfH signal process is shown superimposed and
scaled to match the total amount of expected background, whose contributions are stacked.
Black markers denote the number of measured events, with statistical uncertainties represented
by vertical lines, following the prescription of Garwood [242]. Owing to the binning optimiza-
tion procedure (cf. Section 7.3), the minimum amount of five events is exceeded in every bin.
The ratio between data and background simulation, shifted to zero by subtracting simulations,
is visualized beneath each histogram. Therein, filled gray areas express statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas reflect the combined
systematic uncertainties on the expected background contributions, prior to the fit to data, and
include additional uncertainties of 50 % on the production of tf+hf events (cf. Section 4.1).

Overall, the compatibility between simulation and data is found to be reasonably good within
measurement uncertainties and confirms the effect of the comprehensive validation of input
variables and the conservative suppression of overtraining. Minor differences arise in regions
with reduced statistics. However, they are comparably small and covered by statistical uncer-
tainties.

The comparison between shapes of ttH and background processes in the DNN discriminants
of the tfH output unit yields evident differences, where the best separation is achieved in the
rightmost bins. After the fit to data, these bins could potentially contain a significant amount
of ttH signal events. In the single-lepton channel, the discriminant distributions in the tt+b/b
output unit for events with four jets (Fig. 7.11c) and in the tf+bb output unit for events with five
jets (Fig. 7.12b) exhibit two resolvable peaks. This structure is well described by simulation and
results from the two-staged training process. When omitting the first training stage to predict
the value of event content flags, comparable structures are not observed, suggesting that the
compound network is able to distinguish two components in the underlying data with differing
kinematic characteristics.
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7.4 Evaluation of Training Results

Single-lepton 4j

Process _ - _ _ _ _ _
tiH ti+bb ti+b/b ti+2b ti+cé HE+If
tF+bb 13943 191+3 105+3 14943 11943 13343
t+b/b | 253+4 215+4 326+5 370+5 308+5 469+6
tF4+2b 12443 77 +£2 90+2 317+4 100+3 134+3
tF+cc 298+ 6 232+5 251+5 428 +7 686+9 1022 +11
tF41f | 1249413 727+10 1035+12 1401+13 2909+20  8463+33
Singlet/f | 96+10 116+11 93+10 167+13 231+16 304+19
Vtjets 37+3 76+4 2743 48+3 97+6 69+5
Diboson 4+1 542 06+06 09405 2+1 4+1
4V 134409 56406 55+06 11.6+09 103+08 158409
Total B | 2213+19 1644+17 1935+18 2892421 4462428 10614+41
tFH(S) | 272404 92402 68402 157+03 89+02 163403
S/vVB 0.58 0.23 0.15 0.29 0.13 0.16
Data \ 2125 1793 2027 2896 4366 9693

Table 7.5: Observed and expected event yields prior to the fit to data in the six process categories
for single-lepton events with four jets (SL 4j). Expected yields result from the total numbers of
simulated event passing the event selection (Table 6.7) and applying the product of all event
weights (Equation 6.7). Stated uncertainties denote only statistical uncertainties due to the lim-
ited number of simulated events.

Process

Single-lepton 5j

ttH tt+bb tf+b/b tf+2b ti+ce ti+1f
tF+bb 266+4 41045 150 +3 22444 144+3 228+4
tF+b/b 257 +4 290+4 32144 355+5 21944 49446
tE+2b 13643 128 +3 8942 32444 85+2 184+3
tF+cc 336+7 34147 26446 44547 55248  1207+12
HE+1f 785+11 647+10 683+9 830+10 1148+13 4903+25
Single t/f | 6249 82410 45+7 98+10 1144+12 189415
V+jets 2542 54+4 11+2 3442 46+3 54+4
Diboson | 1.440.8 3+1 - 04+04 0.6+0.6 3+1
tI+V 20+1 14+1 65+07  17+1 10.64+09  25+1
Total B | 1889+17 1969+18 1570+14 2326+18 2320420 7286+33
tFH(S) | 52.74+05 214403 80+02 198403 105+02 285+04
S/vB 1.21 0.48 0.20 0.41 0.22 0.33
Data \ 1848 2040 1690 2299 2302 6918

Table 7.6: Observed and expected event yields prior to the fit to data in the six process categories
for single-lepton events with five jets (SL 5/). Expected yields result from the total numbers of
simulated event passing the event selection (Table 6.7) and applying the product of all event
weights (Equation 6.7). Stated uncertainties denote only statistical uncertainties due to the lim-
ited number of simulated events.
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7 Event Classification

Single-lepton > 65

Process - o _ _ _ _ _
ttH tt+bb tt+b/b tt+2b tt+cé tt+1f

tF+bb 834£8 1156 £9 145+3 299+4 17+1 26+04
tt+b/b 549+6 575£6 253 +4 314+4 28+1 35+05
tt4-2b 3065 28214 78£2 372+5 99+08 11+03
tt+cc 115012 998 £12 444+7 6369 115+4 l6£1
tE+1f 1982+17 1280+14 916 £11 852+11 243+6 50+£2

Single t/t 110+11 146 +13 53+8 92+10 442 3+2
V+jets 38+2 7813 10+2 34+2 7£1 0.6£0.3

Diboson 09+0.6 0.5£0.5 04+04 04+04 - -
t+V 80£3 58 £2 11.4+0.9 31+£2 44406 03£0.2

Total B | 5050426 4575426 1911+16 2629+19 42948 77 +3
tFH (S) | 1422409 533+05 95+02 244403 21401 0.3+0.0
S/v/B 2.00 0.79 0.22 0.48 0.10 0.03

4823 4400 1852 2484 422 76

Data

Table 7.7: Observed and expected event yields prior to the fit to data in the six process categories
for single-lepton events with at least six jets (SL > 6j). Expected yields result from the total
numbers of simulated event passing the event selection (Table 6.7) and applying the product of
all event weights (Equation 6.7). Stated uncertainties denote only statistical uncertainties due to
the limited number of simulated events.

Dilepton > 4j
ttH tt+bb  ti+b/b tE4+2D tt+cé tt+1f

tE+bb 160£3 154 £3 882 57+£2 45+2 68L2
tt+b/b 81+2 59+2 158 +3 802 6112 135+3
t4-2b 36+1 23+1 50+2 85+2 23+1 42+2
tt4-cc 93+3 652 108 £3 93+2 144+3 232+4
tE+1f 6312 4442 11943 93+£3 133+3 402£5

Process

Single t/f 10£3 8£3 12+4 8+3 5£3 7£3
Vtjets 1.6+03 25+£06 18*£06 1.8+03 19=£06 5+1
Diboson | 0.640.6 - - - - 0.5£0.5

tt+V 11+1 55£0.7 6.0+06 48+06 6207 6.6+0.6

Total B 457+6 3616  544+7  421+6  420*6 898 +8
ttH (S) |242+04 71402 67+02 55402 49+01 4.740.1
S/VB 1.13 0.38 0.29 0.27 0.24 0.16

509 386 622 424 436 955

Data

Table 7.8: Observed and expected event yields prior to the fit to data in the six process cate-
gories for dilepton events with at least four jets (DL > 4;). Expected yields result from the total
numbers of simulated event passing the event selection (Table 6.7) and applying the product of
all event weights (Equation 6.7). Stated uncertainties denote only statistical uncertainties due to
the limited number of simulated events.
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Figure 7.11: Distributions of the six output units of the deep neural network for single-lepton
events with four jets, after the additional categorization into most probable processes. For ex-
ample, Fig. (a) shows the output distribution of the tfH unit, for events that have their highest
output value in the tfH unit. The filled gray areas in the ratio plots denote statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas describe combined
systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure 7.12: Distributions of the six output units of the deep neural network for single-lepton
events with five jets, after the additional categorization into most probable processes. For ex-
ample, Fig. (a) shows the output distribution of the tfH unit, for events that have their highest
output value in the tfH unit. The filled gray areas in the ratio plots denote statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas describe combined
systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure 7.13: Distributions of the six output units of the deep neural network for single-lepton
events with at least six jets, after the additional categorization into most probable processes.
For example, Fig. (a) shows the output distribution of the tfH unit, for events that have their
highest output value in the tfH unit. The filled gray areas in the ratio plots denote statistical
uncertainties due to the limited number of simulated events, whereas hatched areas describe
combined systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure 7.14: Distributions of the six output units of the deep neural network for dilepton events
with at least four jets, after the additional categorization into most probable processes. For ex-
ample, Fig. (a) shows the output distribution of the tfH unit, for events that have their highest
output value in the tfH unit. The filled gray areas in the ratio plots denote statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas describe combined
systematic uncertainties on expected background contributions, prior to the fit to data.
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8 Measurement

This section presents the results of the search for tfH production conducted in this analysis. First,
the statistical model is explained, which relates expected, simulated event contributions to cor-
responding sources of systematic uncertainties. This model constitutes the basis for extracting
the signal strength modifier y = 0 /osy in a fit to data. Results of this procedure are presented
thereafter. Finally, the influence of individual sources of systematic uncertainties is evaluated.

8.1 Systematic Uncertainties

The systematic uncertainties that are relevant for the presented analysis are discussed in the fol-
lowing sections. The signal extraction procedure relies on the likelihood L(y, 0| x) of u and the
nuisance parameters 0 given measured data x. For the scenario of binned variable distributions,
i.e., simultaneous counting experiments, the likelihood can be constructed as (cf. Section 5.3.1)

bins
L(u,60]x) = ] ] Poisson (x; | - 5;(8) + bi(6)) (8.1)
i
processes dim(6)
with bl(B) = Z bp,i . H ﬂn/p,i(en), (8.2)
p n
nominal uncertainty
yield model

where s;, b;, and x; denote the expected signal, background, and measured data events in bin i,
respectively. While the signal strength modifier y scales the expected signal prediction, both s;
and b; depend on nuisance parameters 6, which mediate the effect of systematic uncertainties
as part of the uncertainty model (Equation 8.2). The probability for a value 6, of a specific
nuisance 7 is described by a prior distribution 7, ;, which can depend on the particular bin i
or a physics process p. In case of 71,,,; — 714,, the nuisance only affects the overall rate of a
process. Otherwise, it also causes a shape-changing effect in the context of binned distributions.
It should be noted that rate-changing nuisance can alter the composition of processes in a specific
category and therefore lead to effective changes of distribution shapes.

Rate-changing nuisances introduced in the subsequent sections are modeled through log-
normal distributions whose widths are based on a-priori knowledge from previous measure-
ments or on theoretical reasoning (cf. Section 5.3.1). Prior distributions of nuisances with an
additional shape-changing effect are constructed by a template morphing algorithm that incor-
porates the nominally simulated shape of a variable distribution in conjunction with two vari-
ants resulting from variations of the respective uncertainty (cf. Section 5.3.1). In the following,
all shape-changing nuisances also imply rate-changing effects if not stated otherwise.

The set of experimental, theoretical, and modeling uncertainties is discussed below. Rate-
and shape-changing effects on the DNN discriminant distributions are representatively shown
for the ttH discriminant in the “SL, >6j, tfH” category, i.e., events with at least six jets in the
single-lepton channel that received the highest DNN output in the {fH unit. This section con-
cludes with a tabular summary of the statistical model.

8.1.1 Experimental Uncertainties

Sources of uncertainties on experimentally determined quantities are related to limited mea-
surement accuracies. This analysis considers uncertainties regarding the measurement of the
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integrated luminosity, the calibration of the jet energy scale and resolution, corrections applied
to event weights (cf. Section 6.4), and the limited amount of simulated events that affect the pre-
cision of predicted distributions. They are fully correlated among all processes and explained
in the following paragraphs. Luminosity and event correction uncertainties are incorporated
through variations of their contribution to the overall event weight (Equations 6.1 and 6.7).

Integrated Luminosity

The measurement of the integrated luminosity for the data-taking period in 2016 was performed
using the Pixel Cluster Counting (PCC) method (cf. Section 3.2.5). The relative uncertainty is
estimated from data to be 2.5% [136]. It is incorporated as a single nuisance parameter that
equally affects the expected rates of all involved physics processes. The effect on the DNN
discriminant in the “SL, >6j, ttH” category is visualized in Fig. 8.1a.

Pileup

The amount of additional proton-proton interactions within the same bunch crossing is cor-
rected in simulations by means of event weights to match the recorded pileup multiplicity
distribution in data (cf. Section 6.4). Event weights are defined as the ratio of the number of
recorded to simulated pileup events. The simulated pileup profile is parametrized by the total
inelastic proton-proton cross section ¢i,e, Which is estimated to have a relative uncertainty of
+4.6 % [238]. Variations of oine), are propagated to changes of event weights as shown in Fig. 6.2.
Since the value of a weight is a function of the number of pileup events, the associated nui-
sance parameter has a shape-changing effect, which is demonstrated in Fig. 8.1b. Despite the
normalization of the distribution of pileup weights to unity, the rate of predicted contributions
can change due to a slightly different pileup profile in the phase space of the particular category.
However, the effect only amounts to a change of the predicted yield of 0.7 % in the “SL, >6j,
ttH” category. The uncertainty is treated as correlated between all processes.
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Figure 8.1: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, {tH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.

Lepton efficiencies

Differences between lepton identification and reconstruction efficiencies measured in simula-
tion and data are corrected by deriving appropriate scale factors that are incorporated as event
weights (cf. Section 6.4). Efficiencies are determined using tag-and-probe methods in dedicated
analyses of Z/v* — ete” /uTu~ events for different stages of the lepton measurement proce-
dure [134, 148].
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8.1 Systematic Uncertainties

For the electron identification efficiency, the number of probe electrons passing the identifi-
cation criteria is estimated from a fit to the dielectron mass spectrum around the Z boson mass
peak [148]. The dominant source of uncertainty is related to the functional model used in the fit.
Thus, the efficiency uncertainty is obtained by variations of the fit function. Differences among
different event generators are found to be negligible [148]. The same procedure is applied for
estimating the uncertainty of the electron reconstruction efficiency. As the probe electron is re-
quired to be isolated, which is related to a series of kinematic selection criteria (cf. Section 6.3.2),
variations of these criteria constitute the second highest source of systematic uncertainty [148].
As the overall uncertainty on electron efficiencies is expected to be in the order of ~ 1%, the
different sources are conservatively treated as fully correlated. They are modeled via a nuisance
parameter with rate- and shape-changing effect, whose influence on the DNN discriminant in
the “SL, >6j, ttH” category is shown in Fig. 8.2a.

A similar procedure is employed for the estimation of muon efficiency uncertainties. The
number of probe muons is extracted by a parametrized fit of the dimuon mass spectrum to the
Z boson mass peak [134]. The main source of uncertainty arises from the choice of the fit model
and is estimated by using alternative functions. Moreover, transverse momentum and isolation
criteria of the tag muon selection are altered to estimate uncertainties resulting from tag-and-
probe conditions, such as the contamination of the measurement phase space with background
events [134]. Muon identification, isolation, and tracking efficiencies are conservatively treated
as correlated and are incorporated as a single nuisance parameter in the statistical model. Its
influence on the shape of the discriminants is presented in Fig. 8.2b.
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Figure 8.2: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, {tH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.

Trigger efficiencies

Efficiencies of the deployed trigger path configurations (cf. Section 6.3.3) are measured using
tag-and-probe methods with Z/v* — e*e™ /u™u~ events in the single-lepton channel [134, 148,
149, 240], and additionally with tf — bbvi’IT1"~ events in the dilepton channel [233-235]. Scale
factors are applied to correct for discrepancies observed between simulation and data, and are
translated to event weights accordingly (cf. Section 6.4). They are depicted in Figs. 6.3 and 6.4.

Uncertainties on single-lepton trigger scale factors are estimated analogously to those for lep-
ton efficiencies as described above. The uncertainty for the muon trigger amounts to ~ 0.5%
[134], and to ~ 2 — 4 % for the electron trigger, depending on the transverse momentum and su-
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percluster pseudorapidity of the probe electron [149]. One nuisance with shape-changing effect
is introduced per trigger scale factor. As shown in Fig. 8.3a, their combined impact on the DNN
discriminant shapes is relatively small and leads to a change of the expected event yield in the
“SL, >6j, ttH” category of ~ 1 %.

As explained in Section 6.4, scale factors for triggers in the dilepton channel are inferred by
monitoring the rates of a weakly correlated cross trigger that involves selection criteria on the
amount of missing transverse energy. Uncertainties on the scale factors are estimated based on
various considerations. Efficiencies are compared between simulated Drell-Yan and tf samples,
the missing transverse energy requirement of the cross trigger is varied, and the effect of further
selection criteria is studied. Utilized event samples are split according to jet and primary vertex
multiplicities and the estimation is repeated per category. The total uncertainty is constructed
conservatively using Clopper-Pearson intervals [241] and ranges from ~ 0.1 % in the central, to
~ 1% in the outer detector regions (Fig. 6.4). Owing to similarities of the measurement method-
ology, uncertainties between the three dilepton channels are considered as fully correlated and
thus modeled by a single nuisance parameter in the statistical model. As shown in Fig. 8.3b,
the shape- and rate-changing effects on the discriminant in the “DL, 4j, {tH” category are almost
negligible.
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Figure 8.3: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, ttH” cat-
egory (a) and in the “DL, 4j, tfH” category (b). Contributions of all expected backgrounds are
added. The bottom ratio plot shows relative shape variations. Changes of the total expected
yield are quoted for the respective variation.

Jet energy scale and resolution

As explained in Section 3.3.4, the energy scale and resolution of reconstructed jets are calibrated
in a manifold correction procedure, which is explained in detail in Ref. [150]. Owing to the high
jet multiplicity in the investigated tfH (H — bb) final state, this analysis is potentially sensitive
to the applied jet corrections and their corresponding uncertainties. Furthermore, a multitude of
variables that are considered as inputs to the utilized deep neural networks are constructed from
jet observables. Therefore, a thorough treatment of both correction uncertainties and correlations
to the DNN discriminants is advisable.

For this purpose, jet energy scale (JES) calibration uncertainties are factorized into 26 inde-
pendent sources [150]. Some sources rely on comparisons between events generated with either
PYTHIA (v6 or v8) [152, 220] or HERWIG++ (v2) [153]. Others are extracted individually for dif-
ferent pseudorapidity regions, i.e., |17| < 1.3 (BB), 1.3 < || < 2.5 (EC1), 2.5 < || < 3.0 (EC2),

130



8.1 Systematic Uncertainties

Source name

Description

Absolute corrections (7)
AbsoluteScale
AbsoluteStat
AbsoluteMPFBias
SinglePionECAL
SinglePionHCAL
Fragmentation
TimePtEta

Relative corrections (12)
RelativeBal
RelativeFSR
Relative]EREC1/EC2/HF
RelativePtBB/EC1/EC2/HF
RelativeStatEC /HF/FSR

Constant scale correction uncertainty in global calibration fit.
Residual component of statistical uncertainty in global calibration fit.
Absolute uncertainties on ISR/FSR corrections.

Fitted energy scale in the electromagnetic calorimeter.

Fitted energy scale in the hadronic calorimeter.

Generator difference between jet fragmentation in high-pr regime.
Time dependence of jet energy corrections on the data-taking period.

Difference in calibration fits between pr-balance and MPF! methods.
Uncertainty due to -dependence of ISR/FSR corrections.

Uncertainty due to 7-dependence of jet energy resolution scale factors.
Difference between log-linear and constant pr calibration fits.
Statistical uncertainty of the #-dependence determination.

Pileup offset corrections (6)

PileUpDataMC Variation of the pileup offset correction scale factor by 5 %.

PileUpPtBB/EC1/EC2/HF | Uncertainty due to pr-dependence of pileup offset correction.

PileUpPtRef Uncertainty due to pr-dependence of pileup offset correction in data.
Jet flavor corrections (1)

FlavorQCD Uncertainties on flavor-dependent jet responses in studied dijet events.

Table 8.1: Summary of systematic uncertainties related to jet energy scale corrections [150].

and || > 3 (HF). They are summarized in Table 8.1. Shape variations of the DNN discriminants
caused by the two sources of systematic uncertainties with the largest impact are presented in
Figs. 8.4a and 8.4b. The “FlavorQCD” uncertainty induces the most dominant normalization
change of +2.6/ —4.8%. This is consistent with the objective of the multi-class classification
strategy pursued in this analysis since the trained deep neural networks are sensitive to vari-
ables that are correlated with jet-flavor information. The combined effect of all uncertainties on
the discriminant shape is shown in Fig. 8.4c. In total, 26 uncorrelated nuisance parameters are
included in the statistical model with shape- and rate-changing effects.

The jet energy and momentum resolution is found to be superior in simulated events with
respect to data. Scale factors are extracted on a per-jet basis that correct for differences between
transverse momenta of reconstructed jets and geometrically matched jets on generator level.
These scale factors are calibrated using dijet and 7 +jets data events by exploiting their mo-
mentum balance in the transverse plane. The method is described in Section 6.3.5 and more
detailed in Ref. [150]. Uncertainties result from initial- and final-state corrections, imbalance of
the dijet system on particle-level, and non-Gaussian tails. They are incorporated via a single
shape-changing nuisance parameter. Its effect is shown in Fig. 8.4d and results in a one-sided
but small rate change of about ~ 1 — 2 %.

Shape calibration of the b-tagging discriminant

Mismodeling of the shape of the b-tagging discriminant obtained with the CSVVv2 algorithm
[90] is corrected for by computing scale factors for each simulated jet. They depend on the trans-
verse momentum, pseudorapidity, hadron flavor as determined with the “ghost association”
method [90, 91], and the value of the CSV discriminant itself. For jets originating from b quarks,

IMPF refers to missing transverse momentum projection fraction methods [133].
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Figure 8.4: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, ttH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.

scale factors are extracted via a tag-and-probe method in a heavy-flavor (HF) enriched tf sam-
ple, whereas light-flavor (LF) enriched Z-+jets events are used for jets from gluons or u, d and
s quarks. Nominal scale factors for jets induced by ¢ quarks are set to unity. A corrective event
weight is obtained through multiplication of scale factors of all selected jets of an event (Equa-
tion 6.11). The calculation of jet scale factors follows an iterative method as contaminations from
LF (HF) contributions in HF (LF) measurement regions are themselves subject to the shape cali-
bration. The b-tag shape calibration is not intended to change the expected yield of events with
the same jet multiplicity. However, after applying b-tag selection criteria, the average correction
weight can be different from unity. Therefore, employed nuisances have both a shape- and a
rate-changing effect. The procedure is discussed in detail in Section 6.4 and in Ref. [90]. System-
atic uncertainties arise from limited, unknown sample purities, statistical uncertainties within
the tag-and-probe method, and the treatment of c-flavored jets.

Uncertainties related to sample purities are controlled by two nuisance parameters. Their
effect is estimated by varying the contribution of contaminations in the HF region by 420 %
(Equation 6.12), and by the same amount in the LF region (Equation 6.13). Resulting variations
of the DNN discriminant shape are shown in Figs. 8.5a and 8.5b.
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8.1 Systematic Uncertainties

Statistical uncertainties due to the limited number of events in bins of the CSV discriminant
are modeled by two independent envelopes. They are constructed by varying the content of
each bin by its statistical uncertainty, multiplied by either a linear function to model a possible
tilt of the discriminator distribution, or a quadratic function to cover fluctuations of the data-to-
simulation ratio in the center of the distribution. This prescription is applied separately in the
HF and in the LF region, leading to four independent nuisance parameters.

Uncertainties for c-flavored jets are based on those for b-flavored jets. The two terms for
statistical and purity uncertainties are conservatively doubled and added in quadrature. Subse-
quently, the resulting relative uncertainty is used to construct two independent envelopes fol-
lowing the approach explained above, which are modeled by means of two additional nuisance
parameters. The impact on the DNN discriminant shape of the linear component is depicted in
Fig. 8.5c and leads to slightly asymmetric rate changes of —9.7/+12.9 %.

The combined effect of all eight nuisances on the DNN discriminant shape, taking relative
signs of changes conservatively into account, is shown in Fig. 8.5d. With a total variation of
+17.7/ —14.7 % on the expected yield, uncertainties related to the b-tagging discriminant cali-
bration are expected to constitute the dominant sources of experimental uncertainties.
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Figure 8.5: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, ttH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.
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Uncertainty due to limited amount of simulated events

The treatment of statistical uncertainties due to the limited amount of simulated events in bins
of the DNN discriminants is described in Section 5.3.1. Per discriminant bin, a rate-changing
nuisance parameter is introduced to the statistical model, which is correlated among all expected
physics process contributions in the particular bin. The width of the corresponding a-priori
distribution is estimated from the Poisson uncertainty of the sum of simulated events. The
binning optimization algorithm discussed in Section 7.3 ensures that a minimum amount of
events is contained in each discriminant bin, so that a single Gaussian distribution per bin is
sufficient to model statistical uncertainties with reasonable accuracy [210].

8.1.2 Theory and Background Modeling Uncertainties

This section discusses systematic uncertainties that are related to theoretical predictions and the
modeling of simulated events. In particular, this analysis considers uncertainties related to vari-
ations of parton distribution functions, renormalization and factorization scales, and generator-
specific modeling uncertainties that especially affect the shape of expected tf background contri-
butions. In contrast to the treatment of experimental uncertainties (cf. Section 8.1.1), the majority
of nuisances parameters introduced in the subsequent paragraphs affect either a specific physics
process or a group of processes based on theoretical arguments.

Parton distribution functions

Parton distribution functions (PDFs) provide a probabilistic description of parton momentum
fractions. Among others, they depend on the momentum transfer Q? of the interaction and on
the flavor of the involved parton (cf. Section 2.2.1). Sets of multiple PDFs are employed for
calculations of pp — X cross sections as well as for the simulation of proton-proton collisions
by means of event generators. Variations among PDFs within a set or even among different sets
developed by dedicated working groups are typically used to estimate systematic uncertainties
related to the choice of a specific PDF.

In the statistical model of this analysis, rate- and shape-changing effects due to PDF uncer-
tainties are incorporated as separate nuisance parameters. Changes of simulated distribution
shapes are modeled through a reweighting of events that considers variations of 100 replicas of
the nominal NNPDEF3.0 PDF set [45] as recommended by the PDF4ALHC group for the second
run of the LHC [49, 50]. The reweighting method is described in Ref. [248], is implemented using
the LHAPDF package [249], and yields two event weights that reflect up (+1¢) and down (—10)
variations of the PDF uncertainty. Only contributions from expected signal and the dominant
tf backgrounds are considered. In order to conserve nominally predicted event yields, weights
are normalized per simulated sample such that their averages are equal to unity before applying
any selection criteria. Therefore, slight rate-changes can emerge after the event selection. The
shape-changing effect of the corresponding nuisance parameter is shown in Fig. 8.6a.

PDF uncertainties related to fixed-order cross section calculations (Table 2.4) are described
by four nuisance parameters that affect the normalization of one process, or correlated between
multiple processes depending on their leading production mechanism in proton-proton collision
events. A nuisance parameter for ¢g-induced events accounts for 4 % uncertainty on tf, and for
3% on tt+Z events. The uncertainty on single t/f production from qg interactions amounts to
3 %. A third nuisance parameter for g7-induced processes covers an uncertainty of 4 % on V+jets
events, and of 2 % on both diboson and tf+W production. Lastly, a separate nuisance parameter
accounts for an expected PDF uncertainty on tfH production of 3.6 %. In the “SL, >6j, ttH”
category, the combined cross section uncertainty amounts to relative changes of the expected
yield of £3.9 % as shown in Fig. 8.6b.
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Figure 8.6: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, ttH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.

Renormalization and factorization scales

Renormalization and factorization scales define the value of the cutoff scale for absorbing in-
frared and ultraviolet divergences, respectively, in the calculation of scattering amplitudes
(cf. Section 2.2.1). A coherent scale yr = pur is selected according to the momentum scale of
the hard scattering process, such as m; for processes involving top quarks. Related systematic
uncertainties are typically estimated through independent variations of yr and yr by factors of
1/2 and 2. They are propagated to uncertainties of cross section calculations and to variations
of distributions simulated with event generators. Similar to the treatment of PDF uncertainties
as discussed above, shape- and rate-changing effects are considered individually by means of
multiple nuisance parameters.

Shape variations of simulated distributions are modeled through a reweighting technique
[250]. The probability to obtain a specific event is determined for three independent renormal-
ization and factorization scales of m; (nominal), 2m; (+10), and m; /2 (—10). The ratios between
the nominal and varied probabilities serve as event weights. Average weights are normalized
to unity prior to the application of selection criteria, potentially resulting in minor rate-changes
after the event selection. Two independent nuisance parameters with shape-changing effect are
included in the statistical model and affect the dominant tf background contribution. Their
combined impact on the DNN discriminant shape is presented in Fig. 8.7a.

Variations of renormalization and factorization scales are reflected in cross section uncertain-
ties (Table 2.4) through five nuisance parameters with rate-changing effect. Uncertainties of
+2/—4% on tt, +13/—12% on tt+W, and +10/ —12 % on tf+Z processes are treated as cor-
related through a single nuisance parameter. Three uncorrelated parameters are included for
uncertainties of +3/—2 % on single t/f, 1 % on V+jets, and +2 % on diboson production, re-
spectively. The expected scale uncertainty on {H production of +5.8/ — 9.2 % is covered by a
separate nuisance parameter. As shown in Fig. 8.7b, the combined change of the expected yield
in the “SL, >6j, ttH” category amounts to +2.2/—4.3 %.

Modeling of tf contributions

Contributions from tf processes constitute the main background to the search for tfH (H — bb)
production (cf. Section 4.1). Therefore, an accurate modeling of simulated variable distributions
and a reliable description of systematic uncertainties are of particular importance. Correspond-
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Figure 8.7: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, {tH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.

ing generator tuning parameters are summarized by the CUETP8M2T4 tune [225, 226]. In addition
to uncertainties related to parton density functions as well as to QCD scales in fixed-order scat-
tering amplitude calculations as discussed above, parton showering and the modeling of global
hadron production, also referred to as the “underlying event” (UE), are considered for simula-
tions of tf events. Scale uncertainties in the modeling of parton showers are treated separately
for initial- (ISR) and final-state radiation (FSR) processes. The nominal scales are varied by fac-
tors of 2 and 1/2. Matching between parton shower and matrix element calculations (ME-PS)
is controlled through a damping parameter h,y,, for high-pr radiations from POWHEG, whose
value is determined as 1.58 7055 m; for analyses in the phase space of top quark pair production
[227, 251]. Parameters for the tune of the underlying event description and associated uncer-

tainty variations are described in Ref. [225].

Separate tf event samples were generated for ISR, FSR, ME-PS, and UE variations, and applied
to identical event selection and classification procedures. The amount of available statistics,
however, is found to be insufficient to properly model shape variations of the DNN discrimi-
nant distributions. Therefore, systematic uncertainties are estimated conservatively by adding
in quadrature the statistical uncertainty in each bin of the varied DNN discriminants. The differ-
ence between the resulting template and the nominal discriminant distribution is incorporated
as a rate-changing nuisance. This procedure is done individually for each of the five ¢f subpro-
cesses, i.e., tE+bb, tf+b/b, tF+2b, tf+c¢, and tf+1f, resulting in a total of 20 nuisances parameters.
The effect on the discriminant in the “SL, >6j, tfH” category is presented in Figs. 8.8a and 8.8b
for ISR and FSR, and in Figs. 8.9a and 8.9b for ME-PS and UE variations, respectively. With the
exception of UE uncertainties, they cause differences of the expected event yield of about 15 %.

Furthermore, as discussed in Section 2.2.4, the production of additional b jets can be caused
by various topologies in association with top quark pair production. Depending on the scale
of additional heavy-flavor emissions, initial- and final-state ¢ — bb splittings can either be de-
scribed by hard tf matrix elements including parton-shower branchings, by collinear splittings
during parton showering, or by tf-+bb matrix elements [29]. Neither higher-order calculations
nor experimental methods can currently constrain expected rates with an accuracy better than
35 % [28-31]. Therefore, additional, conservative rate uncertainties of 50 % are considered for
tE+bb, tf+b/b, tF+2b, and tf+cC contributions, which are incorporated through four uncorre-
lated nuisance parameters. Figs. 8.10a to 8.10d show their effect on the DNN discriminant in the
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Figure 8.8: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, {tH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.
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Figure 8.9: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, {tH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.
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“SL, >6j, ttH” category. Rate uncertainties relative to the overall background expectation con-
sequently increase in bins with high fractions of events of the particular ¢f subprocess, as visible
in the presented ratio diagrams. Owing to the signal-like final state of tf+bb events, dominant
uncertainties emerge in bins with high discriminant values (Fig. 8.10a), whereas those related
to more distinguishable tf+cC events are found at low discriminant values. Therefore, the nui-
sance parameter accounting for the normalization of tf+bb contributions is expected to cause a
significant impact in the statistical evaluation.
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Figure 8.10: Effect of uncertainty variations on the DNN discriminant in the “SL, >6j, tfH” cate-
gory. Contributions of all expected backgrounds are added. The bottom ratio plot shows relative
shape variations. Changes of the total expected yield are quoted for the respective variation.

8.1.3 Summary of Systematic Uncertainties

A summary of all systematic uncertainties considered in this analysis is presented in Table 8.2.
They are grouped into sources of either experimental or theoretical origin. The table also quotes
the number of corresponding nuisance parameters in the statistical model and whether they
involve a purely rate-changing effect on one or more physics processes or also affect the shapes
of DNN discriminant distributions that are used in the signal extraction procedure. Except for
the nuisances that account for limited simulation statistics per discriminant bin, the uncertainty
model contains a total of 80 nuisance parameters, of which 46 entail a shape-changing effect.
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Uncertainty source Shape N, Remarks
EXPERIMENTAL
Integrated luminosity 1 2.5 % per process
Pileup v 1 from 4.6 % 0jnel, Uncertainty
Trigger efficiencies v 5 per lepton channel
Electron efficiencies v 1 ID, reconstruction
Muon efficiencies v 1 ID, isolation, tracking
Jet energy resolution v 1
Jet energy scale v 26 factorized sources
b-tagging
Heavy-flavor contamination v 1 varied by 20 % in SF calculation
Light-flavor contamination v 1 varied by 20 % in SF calculation
Heavy-flavor statistics v 2 linear and quadratic terms
Light-flavor statistics v 2 linear and quadratic terms
c-flavor uncertainty v 2 linear and quadratic terms
Amount of simulated events v 455 1 per discriminant bin
THEORETICAL
Parton distribution functions
NNPDEF3.0 set replicas (tfH, tf) v 1 variation from 100 replicas
Cross section (gg, ttH) 1 affects ttH
Cross sections (g9) 1 affects tt, tt+Z
Cross sections (7g) 1 affects single t/f
Cross sections (49) 1 affects V+jets, tt+W, diboson
Renorm. / fact. scales
Renormalization scale (tf) v 1 uR varied by 2 and 1/2
Factorization scale (tf) v 1 ur varied by 2 and 1/2
Cross section (ttH) 1 NLO scale uncertainty
Cross section (tt, tt+V) 1 NNLO/NLO scale uncertainty
Cross section (single t/F) 1 NLO scale uncertainty
Cross section (V+jets) 1 NNLO scale uncertainty
Cross section (diboson) 1 NLO scale uncertainty
tf modeling
ME-PS matching 5 per tt process
Initial-state radiation 5 per t process
Final-state radiation 5 per tf process
Underlying event 5 per tf process
tf+hf normalization 4 50 % per tt+hf process

Table 8.2: Summary of systematic uncertainties considered in the statistical model of this analy-
sis, listing uncertainty sources, whether associated nuisance parameters affect only rates or also
shapes of DNN discriminant distributions, the number of nuisance parameters N, and addi-
tional remarks.
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8.2 Measurement Results

This section presents and discusses the results of the signal extraction procedure by means of
the statistical inference methods introduced in Section 5.3. The procedure relies on the distri-
butions of DNN discriminants in categories defined by the number of leptons, the number of
jets, and the most probable process as assigned by the DNN multi-class classification approach
(cf. Section 7). Results are extracted through a binned maximum likelihood fit to data given
the statistical model explained in the previous section, and quoted in terms of expected and ob-
served upper limits at a 95 % confidence level on the signal strength modifier y = /oy, its best
fit value and uncertainty, and the corresponding exclusion significance under the background-
only hypothesis. The section concludes with an evaluation of the influence of individual sources
of systematic uncertainties.

8.2.1 Expected and Observed Limits

Upper limits on the signal strength modifier y are set at a 95 % confidence level following a mod-
ified frequentist CLg technique with the asymptotic prescription [173, 174, 214] (cf. Section 5.3).
Expected upper limits are evaluated for a statistical model that assumes y = 0, so that values
below one signify incompatibility of the background-only hypothesis given a simulated dataset
that includes signal according to the SM prediction.

Obtained upper limits are shown in Fig. 8.11 separately for the four categories defined by the
lepton channel and the jet multiplicity, and for their combination. Median expected limits are
marked by dashed lines and their corresponding central 68 % and 95 % intervals are denoted
by green and yellow uncertainty bands, respectively. The median expected limits for the signal
hypothesis are depicted by red lines. Black markers refer to the observed upper limits given the
measured data.

The combined expected upper limit is measured as 0.99f8:‘2%. This finding suggests that the

sensitivity provided by the presented analysis is sufficient to disfavor the background-only hy-
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Figure 8.11: Observed (black markers) and median expected (dashed line) upper limits at 95 %
confidence on the signal strength modifier u = o /og\ per analysis category and combined for
all categories. Uncertainty bands denote central 68 % (green) and 95 % (yellow) intervals of the
distribution of limits obtained for the expected background-only hypothesis. Injected limits (red
line) represent the median expected limit under the signal hypothesis with y = 1.
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pothesis in case of a tH cross section as predicted by the SM with more than 95 % confidence.
With upper limits of 2.097)% and 1.557377, single-lepton events with five and at least six jets, re-
spectively, exhibit the largest influence on the measurement, underlining the expectation based
on predicted signal-to-background ratios in these categories (Tables 7.6 and 7.7).

The combined observed upper limit is measured as 1.85, which is compatible with the SM
prediction. More precisely, the cross section of t{H production is below 1.85 x ogy with 95 %
confidence. The obtained value is also in agreement with the expected upper limit under the
signal hypothesis (red line). When focusing on the individual categories, this comparison yields
statistical under-fluctuations in data in the single-lepton categories with four or five jets, and
slight over-fluctuations in the two remaining categories. Considering the relatively large 68 %
and 95 % uncertainty intervals, however, this finding appears statistically plausible.

8.2.2 ttH Production Cross Section and Significance

The signal strength modifier y is extracted in a binned maximum likelihood fit to data, simulta-
neously over all bins of the 24 DNN discriminants (cf. Section 5.3). The parameter is allowed to
float unconstrainedly during the fit, whereas nuisance parameters 8 model the effect of system-
atic uncertainties under consideration of suitable a-priori distribution functions. In the follow-
ing, resulting maximum likelihood estimators are referred to as best fit values. Moreover, the
best fit value for y is obtained via profiling of nuisance parameters as explained in Section 5.3.2.

The observed best fit value p,g is measured as
Hobs = 0.98 fg:ig =0.98 fgég (stat.) fg:ﬁ (syst.), (8.3)

which is in good agreement with the expected value of pexp = 1.00f8:ig from simulation. Based
on the SM prediction of oy = 507 J_rgg fb with NLO QCD accuracy and NLO electroweak correc-
tions [7] (cf. Section 2.2.2), this yields a cross section for tfH production of

Oy = 497 T332 fb = 497 7130 (stat.) 218 (syst.) fb, (84)

corresponding to a relative uncertainty of +-51/—49 %. A detailed breakdown of the systematic
uncertainty into specific sources is presented in the next section. The observed significance for
excluding the background-only hypothesis is measured to be 2.04 ¢ above the expected back-
ground and corresponds to a p-value of 2.08 x 102. A significance of 1.92 ¢ with a p-value of
2.72 x 1072 is expected from simulation. The results are summarized in Table 8.3.

The measured signal strength modifier is compatible with previous searches for tfH produc-
tion in the H — bb channel with single-lepton and dilepton decays of the tf system, as con-
ducted by the ATLAS and CMS collaborations and presented in Table 2.5. A comparison be-

Result Expected Observed
Best fit value 1.007033 0.981038
Significance 1920 2040
Upper limit on p 0.991022 1.85

Table 8.3: Summary of expected and observed analysis results in terms of the best fit value of
the signal strength modifier 4 = ¢ /ogy;, the significance in Gaussian standard deviations above
the expected background, and the upper limit at 95 % CL. The expected upper limit is evaluated
under the background-only hypothesis.
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tween measured cross sections and the SM prediction is shown in Fig. 8.12. With an uncertainty
of +0.50/ —0.48 in units of gy, the presented analysis exhibits a competitive accuracy, located
between the uncertainty obtained by the ATLAS collaboration of +0.64/—0.61 [99], and a value
of +0.45/—0.45 as measured by the CMS collaboration [14]. It should be noted that the analysis
in the single-lepton channel as presented in this thesis is included in the result of the CMS col-
laboration [14]. The quoted analysis uses an alternative strategy in the dilepton channel based
on a combination of boosted decision trees and a matrix element method discriminant.
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Figure 8.12: Illustration of the tfH cross section as predicted by theoretical calculations [7], mea-
surements performed by the CMS [14, 103] and ATLAS experiments [99, 100], and as measured
in this thesis. The measured cross section values emerge from the transformation of the signal
strength modifier 4 = ¢ /05y, which does not follow any prior constraint in the fitting pro-
cedure. Therefore, in case of statistical under-fluctuations in data, the measured [+10,—10]
interval might have a negative component, as visible in the CMS measurement at 8 TeV.

A validation of the signal extraction procedure is depicted in Fig. 8.13a. It shows the profile
of the negative log-likelihood (NLL) curve whose minimum is determined through a scanning
process with 100 points around the SM expectation of # = 1. The horizontal location of the
minimum marks the best fit value, whereas the vertical location is shifted to zero. Thus, the un-
certainty on the measurement emerges from intersections of the NLL curve with one. Its shape
is parabolic with a pronounced minimum, suggesting an effective and stable fitting procedure.
Small fluctuations are statistically insignificant and affect neither the position of the minimum,
nor the obtained uncertainties.

Besides the determination of the signal strength modifier, the likelihood maximization yields
best fit values for each nuisance parameter of the statistical model as well as an estimate of a-
posteriori distribution widths. Corresponding values before and after application of the fitting
procedure are referred to as “pre-fit” and “post-fit” values, respectively. The difference between
central post- and pre-fit nuisance parameter values, divided by their pre-fit prior distribution
widths are called “pulls” (cf. Section 5.3).

The agreement between data and simulated events including the tfH signal process scaled
by the observed best fit value pops = 0.98 is shown in Fig. 8.13b. All bins of the 24 DNN dis-
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Figure 8.13: Supplementary results of the signal extraction procedure. (a) The scan of the nega-
tive log-likelihood (NLL) distribution is obtained by profile likelihood fits in an interval around
the SM expectation y = 1 with 100 points. The minimum corresponds to the best fit value and is
vertically shifted to zero to expose the fit uncertainty at the intersections of the NLL distribution
with one (cf. Section 5.3.2). (b) Post-fit event yields contained in bins of the DNN discriminants,
ordered by the signal-to-background ratio in each bin according to the pre-fit expectation. The
blue area denotes the fitted signal contribution. The shown ratio suggests that, including post-fit
uncertainties, the background-only hypothesis is not able to describe recorded data with good
agreement. The compatibility is enhanced when including the fitted signal.

criminant distributions are ordered by the logarithm of their signal-to-background ratios S/B
according to the pre-fit expectation per bin, and their bin contents are inserted into a histogram.
The black line denotes post-fit background contributions, i.e., a-priori expected contributions,
corrected by nuisance parameter pulls obtained in the fit. The fitted signal contribution is de-
noted by the blue area. The ratio plot below the histogram suggests that, including post-fit un-
certainties, the background-only hypothesis does not describe the recorded data with sufficient
agreement. However, better compatibility is achieved when including the signal contribution.

The individual DNN discriminant distributions, after the application of post-fit corrections
to shapes and process normalizations, are shown in Figs. 8.14, 8.15, and 8.16 for single-lepton
events with four, five, and at least six jets, respectively, and in Fig. 8.17 for dilepton events with
at least four jets. The fitted tfH signal is included in the stacked contributions of simulated
events. Overall, there is very good agreement between data and simulation within statistical
uncertainties. Especially for high discriminant values in tfH-enriched categories, for example,
in Figs. 8.16a and 8.15a, the inclusion of the fitted signal appears to improve the agreement with
recorded data compared to the background-only scenario. As explained above, this finding is
summarized over all discriminant bins in Fig. 8.13b.

The post-fit uncertainties shown in the ratio below each histogram contain all systematic un-
certainties, including those due to the limited amount of simulated events. They exhibit rea-
sonable constraints compared to their coverage before the fit (cf. Section 7.4). The strengths
of constraints on individual nuisance parameters and their impact on the measured results are
discussed in the following section.
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Figure 8.14: DNN discriminants for single-lepton events with four jets after the fit to data.
Hatched areas denote the total uncertainty on expected background contributions and incor-
porate constraints on uncertainties as obtained in the fit. The first and last bins contain under-

and overflow events, respectively.
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Figure 8.15: DNN discriminants for single-lepton events with five jets after the fit to data.
Hatched areas denote the total uncertainty on expected background contributions and incor-
porate constraints on uncertainties as obtained in the fit. The first and last bins contain under-

and overflow events, respectively.
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Figure 8.16: DNN discriminants for single-lepton events with at least six jets after the fit to
data. Hatched areas denote the total uncertainty on expected background contributions and
incorporate constraints on uncertainties as obtained in the fit. The first and last bins contain

under- and overflow events, respectively.
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Figure 8.17: DNN discriminants for dilepton events with at least four jets after the fit to data.
Hatched areas denote the total uncertainty on expected background contributions and incorpo-
rate constraints on uncertainties as obtained in the fit. The first and last bins contain under- and
overflow events, respectively.
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8.2.3 Impact of Systematic Uncertainties

In this section, the impact of individual sources of systematic uncertainties is studied. First, the
total uncertainty in the measurement of the best fit value jiqps is studied through a breakdown
into groups of specific uncertainties. Thereafter, a comparison of nuisance parameter values
before and after the fit to data is presented alongside their impact on the signal extraction pro-
cedure.

The uncertainty in the best fit value y,s caused by a single source of systematic uncertainty
n, modeled by a nuisance parameter 6,,, is estimated as follows. First, the total uncertainty Apps
is obtained by means of the profile likelihood fit as described above. Then, the fit is repeated
with the nuisance parameter under study fixed to its post-fit value as determined by the initial
fit, resulting in a changed, total uncertainty Apiops fixed n- The contribution of the nuisance to the
overall uncertainty, “£Apuqps, ,”, is then obtained via subtraction in quadrature,

+ A,uobs,n = \/(A,uobs)2 - (A,uobs,fixed n)2~ (85)

This procedure can also be applied to evaluate the contribution of a group of nuisance param-
eters. In contrast, the statistical uncertainty is determined by fixing all nuisance parameters to
their post-fit values.

A breakdown of uncertainties following this method is shown in Table 8.4. The overall un-
certainty is split into its statistical and systematic components. The systematic contribution is
further subdivided into theory and background modeling uncertainties, contributions of exper-
imental sources, and the uncertainty due to the size of simulated event samples. The latter is
quoted apart from the group of experimental sources owing to their similar contributions. It
should be noted that quadratic sums of uncertainties can differ from quoted total values due to
dependencies between nuisance parameters within the fitting procedure. For the same reason,

Uncertainty source TAUobs
Theory +0.32/—0.30
tf+hf normalization + parton shower +0.26/—0.29
Experimental +0.17/ —-0.18
b-tagging +0.13/-0.15
Jet energy corrections -+0.09/-0.09
Amount of simulated events +0.16 / —0.16
Total systematic +0.43/—0.41
Statistical +0.26/ —0.25
Total +0.50/ —0.48

Table 8.4: Contributions of different groups of systematic uncertainties to the combined, ob-
served uncertainty of the best fit value. The stated differences +A s are obtained by repeat-
ing the fitting procedure with nuisance parameters of the respective uncertainties fixed to their
post-fit values. The resulting uncertainty is subtracted in quadrature from the total uncertainty.
The statistical uncertainty is determined by fixing all nuisance parameters to their post-fit val-
ues. Owing to dependencies between nuisance parameters within the fit, quadratic sums of
uncertainty contributions can differ from quoted total values. The uncertainty associated to the
limited amount of simulated events is quoted apart from the total experimental uncertainty due
to their similar contributions.
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sources of systematic uncertainties, which are presumably interdependent by construction of the
statistical model, such as tf+hf normalization and parton shower uncertainties (cf. Section 8.1.2),
are fixed simultaneously to estimate their contribution. Otherwise, the effect of individual un-
certainties might be underestimated by this method.

With a contribution of +0.43/ —0.41, systematic uncertainties constitute the limiting factor in
this analysis. Statistical uncertainties amount to +0.26/ —0.25, which is consistent with similar
analyses at /s = 13 TeV [14, 99]. The contribution of experimental uncertainties is +0.17/—0.18
with an additional component of 4-0.16/ —0.16 accounting for the size of simulated event sam-
ples. Uncertainties on b-tagging efficiencies and jet energy corrections denote the leading experi-
mental sources. This can be explained by the fact that only events with a considerable number of
jets and b tags pass the selection procedure, which is especially significant in the signal-enriched
single-lepton category with at least six jets and at least three b tags. The corresponding effect
on the DNN discriminant shape is demonstrated in Figs. 8.4 and 8.5. Therefore, the sensitiv-
ity of the analysis on uncertainties related to b-tagging efficiencies and jet energy corrections is
increased.

Theory and background modeling uncertainties account for +0.32/ —0.30 with the dominant
contribution of +0.26/—0.29 from tf+hf normalization and parton shower uncertainties. They
are evaluated jointly due to interdependencies between the nuisance parameters in the fitting
procedure as explained above. To examine the influence of the uncorrelated normalization un-
certainty of 50 % on each of the four tf+hf processes (cf. Section 8.1.2), the extraction of the
best fit value is repeated with changed a-priori uncertainties. For reduced uncertainties of 30 %
and 20 %, this study yields best fit values for pgps of 0.94 7035 and 0.89 7037, respectively. While
the central values are slightly shifted, uncertainties remain on a comparable level. This finding
suggests that the associated nuisances are significantly constrained by the fit, which justifies the
initial conservative estimate of 50 %.

A comparison of nuisance parameter values and prior distribution widths before and after
the fit, and their individual impacts on the best fit value y s are shown in Figs. 8.18 and 8.19.
Nuisance pulls, i.e., differences between central post- and pre-fit values, divided by their prior
distribution widths A are denoted by black markers, with corresponding values shown on the
bottom horizontal axis. Accordingly, the ratio between post- and pre-fit distribution widths is
represented by black lines. A nuisance is said to be constrained in case this ratio is measured
to be below one. Values of nuisance impacts are described by the top horizontal axis. They are
computed as the difference between the nominal best fit value jps and the value obtained when
repeating the fit with the nuisance parameter under scrutiny fixed to its post-fit value plus (red)
or minus (blue) its corresponding uncertainty.

Nuisances related to the limited size of simulated event samples are excluded in this repre-
sentation. As expected, they are only mildly constrained with pulls being normally distributed
around zero with a standard deviation of 0.35 &= 0.02. The eight leading impacts are within
+[0.02,0.05] and stem from the four right-most bins of the DNN discriminants in the tfH-
enriched categories with single-lepton events containing five and more than six jets. Thus, while
the influence of individual nuisances is reasonably small, they contribute to the overall uncer-
tainty due to their quantity (Table 8.4).

Overall, the best fit values of nuisance parameters are found in an interval of [—10, +10]
around their a-priori expected values. Two outliers with pulls of £1.5 are related to initial-
and final-state radiation uncertainties on the tf+c¢ background and presumably result from the
estimation of rate-changing effects due to insufficient statistics of systematically varied event
samples (cf. Section 8.1.2). However, they exhibit impacts of < 0.01 and thus do not affect the
measurement of jops significantly.
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The strongest impact is induced by the tf+bb normalization uncertainty (Fig. 8.18). Variations
of its post-fit value by one standard deviation would cause y,s to change by 70.13. The relative
sign of the impact, i.e., a variation by +1c leads to a negative impact, is understandable. The
same holds true for the normalization uncertainties on tf+2b and tf+c¢, although connected to
smaller impacts. For tf+b/b, the relative sign is reversed, however, with a reduced absolute im-
pact of £0.03. Furthermore, with the exception of tf+c¢, the uncertainties are constrained up to
a factor of 50 %, which complies with the examination of fits with reduced a-priori uncertainties
as described above.

Uncertainties related to b-tagging efficiencies are significantly constrained owing to the re-
quired high b tag multiplicity and the consequently increased sensitivity as explained above
(Fig. 8.18). The strongest impact of +0.07 is related to c-flavor uncertainties, followed by +0.06
for light-flavor statistics (quadratic), and +0.03/ —0.06 due to light-flavor contamination in
heavy-flavor regions of the b-tagging scale factor measurement.

Nuisance parameters related to initial- and final-state radiation uncertainties, the matching
between matrix element and parton showers, and the modeling of the underlying event exhibit
slightly larger pulls, but rather small impact values (Fig. 8.18). One exception is the impact of
—0.06/4-0.05 of initial-state radiation uncertainties on tf+1f background contributions, and to
some extent also those for final-state radiation and ME-PS matching, which can be explained by
the high expected yield of tf+I1f events across all analysis categories.

Impacts related to jet energy corrections are reasonably small (Fig. 8.19). The most significant
uncertainty source “PileUpPtEC1”, which accounts for the pr-dependence of the pileup offset
correction in the detector region 1.3 < || < 2.5 (Table 8.1), would cause a change of the best
fit value of +0.06/ —0.03. Moreover, the observed constraints can be explained by the increased
sensitivity of the analysis on jet energy correction uncertainties due to the high number of re-
quired jets as discussed above.

No significant pulls are obtained for uncertainties from QCD scale variations and parton dis-
tribution functions (Fig. 8.19). However, impacts caused by variations of renormalization and
factorization scales in the modeling of tf background contributions are notable with changes of
F0.07 and F0.03 on the best fit value. The two nuisances that include a-priori knowledge on
QCD scale and PDF uncertainties affecting the tfH signal rate as predicted by the SM are neither
pulled nor constrained, which validates the effectiveness and reliability of the signal extraction
procedure.
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Figure 8.18: Pulls (black markers) and impacts (red and blue areas) on the best fit value y of the
first 40 nuisance parameters. The values of nuisance pulls are shown on the bottom horizontal
axis and are obtained by the difference of post- and pre-fit values 9p05t and 9pre, respectively,
normalized by the pre-fit uncertainty Af. Black lines correspond to post-fit uncertainties. The
top horizontal axis denotes nuisance impacts, which are computed as the difference between the
nominal best fit value and the value obtained when performing the fit with the nuisance param-
eter fixed to its central post-fit value plus (red) or minus (blue) its corresponding uncertainty.
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Figure 8.19: Pulls (black markers) and impacts (red and blue areas) on the best fit value y of the
second 40 nuisance parameters. The values of nuisance pulls are shown on the bottom horizon-
tal axis and are obtained by the difference of post- and pre-fit values Gpost and 9pre, respectively,
normalized by the pre-fit uncertainty Af. Black lines correspond to post-fit uncertainties. The
top horizontal axis denotes nuisance impacts, which are computed as the difference between the
nominal best fit value and the value obtained when performing the fit with the nuisance param-
eter fixed to its central post-fit value plus (red) or minus (blue) its corresponding uncertainty.
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9 Conclusion

After the discovery of the Higgs boson during the first run of the LHC, precise measurements
of its properties and couplings to other particles are conducted by the ATLAS and CMS ex-
periments. Due to its high mass, the Standard Model predicts that the top quark, among all
fermions, exhibits the strongest coupling to the Higgs boson with a Yukawa coupling constant
close to unity. Therefore, the accurate measurement of Higgs-top coupling is essential for prob-
ing predictions of the SM and to constrain theories that reach beyond it.

In this thesis, a search for the associated production of a Higgs boson with a top quark pair at
a center-of-mass energy of /s = 13 TeV was presented. The data from proton-proton collisions
of the second run of the LHC was recorded by the CMS detector in 2016 and corresponds to an
integrated luminosity of 35.9 fb 1. The analysis focused on events where the Higgs boson decays
into a pair of bottom quarks whereas the decay of the tf system involves one (single-lepton) or
two (dilepton) electrons or muons with opposite charge. In addition to the lepton requirements,
events were selected to have missing transverse energy and at least four energetic jets of which
at least three must have a b tag. The parameters of the event selection were chosen to optimize
the yield of expected signal events while suppressing background contributions. Furthermore,
the criteria were synchronized with CMS analyses of further tfH final states in order to avoid
double-counting of events during the combination of results.

The analysis was dominated by systematic uncertainties in the normalization of tf background
contributions with additional heavy-flavor jets, especially from tf+bb, tf+b/b, tf+2b, and tf+
c¢ production. To reduce their impact on the analysis, a novel event categorization scheme
based on deep neural networks was introduced. In contrast to binary classification, the networks
performed a multi-class classification, which attributed events with a probability to originate
from either the signal process or a particular background process. The information of the highest
probability was exploited to create mutually exclusive categories that were enriched with events
of one of the considered physics processes. As the tf+heavy-flavor normalization uncertainties
were treated as uncorrelated in the signal extraction procedure, the simultaneous isolation of
backgrounds using this approach led to more accurate background constraints and, in turn, to a
gain in signal sensitivity.

Besides thorough monitoring of the neural network output and training process, a new tech-
nique for validating input variables was established. Since deep neural networks are able to
exploit deep correlations, commonly used one-dimensional comparisons between distributions
of simulated and recorded event variables are insufficient to assess their agreement. The intro-
duced method also covers the validation of higher-order correlations. Two-dimensional distri-
butions of all pairs of various simple and composite variables were fitted to data, whereby the fit
qualities were assessed through saturated goodness-of-fit tests. Only variables that yielded high
p-values in combination with most of the other variables were considered as input variables.

The scale and complexity of the analysis were primarily driven by the amount of collision data
to be processed, the data flow entailed by the utilized machine learning approach, and the treat-
ment of a large number of systematic uncertainties. Technical considerations were necessary
to organize the analysis in a way that ensured an efficient execution across distributed infras-
tructure. Therefore, a novel workflow management system was developed, which establishes a
generic analysis design pattern with support for interchangeable remote resources.

Results were obtained in a simultaneous measurement over 24 orthogonal categories defined
by the lepton channel, the number of jets, and the most probable process as attributed by the

153



9 Conclusion

deep neural networks. In each category, the distribution of the network output unit that cor-
responds to the assigned process category was fitted to data. Upper limits on the tfH signal
strength modifier 4 = 0 /ogv were computed using the asymptotic CLs method at 95 % con-
fidence level. The expected limit expresses the compatibility of the SM prediction with the
background-only hypothesis, whereas the observed limit states the signal strength threshold
above which tfH production is excluded with 95% confidence. The best fit value on y was
extracted in a profile likelihood fit. Systematic uncertainties were incorporated as nuisance pa-
rameters in the fitting procedure.

The SM predicts a tfH production cross section of ogy = 507 fgg fb with NLO QCD accuracy
and NLO electroweak corrections [7]. For a Higgs boson mass of my = 125GeV, this analysis
measured an observed upper limit on the tfH signal strength modifier of

Hobs < 1.85, 9.1)

which excludes greater values with 95 % confidence given the measured data. The background-
only hypothesis is disfavored due to an expected limit of piex, < 0.99 1023 in case of a signal

strength as predicted by the SM. The observed best fit value y,s was measured as
Hobs = 0.98 039 = 0.98 7038 (stat.) T043 (syst.) 9.2)
with uncertainties stated in units of ogy, leading to the t#H production cross section of
Oy = 497 T332 fb = 497 1139 (stat.) T208 (syst.) fb. (9.3)

A value of plexp = 1.007035 was expected from simulation. The corresponding observed (ex-
pected) significance amounts to 2.04 (1.92) standard deviations above the expected background.
The measured value is in agreement with the SM as well as with a search performed by the
ATLAS experiment using a similar amount of proton-proton collision data at a center-of-mass
energy of /s = 13TeV [99]. With an uncertainty of +51/ —49 % relative to oy, however, the
presented analysis is considerably more accurate.

The presented analysis in the single-lepton channel contributed to the first observations of
ttH production [8] and Higgs bosons decaying into bottom quarks [10], performed with the
CMS experiment. In addition, it was published in combination with an alternative strategy in
the dilepton channel in Ref. [14]. With a best fit value of u = 0.72 + 0.45, the published result is
comparable to that stated above regarding both its central value and accuracy.

The total uncertainty on pigps of +0.50/ —0.48 predominantly originates from systematic ef-
fects. With a contribution of 4+-0.26/—0.29, the uncertainty on tf+heavy-flavor background nor-
malizations constitutes the most significant source of systematic uncertainty. In comparison,
experimental uncertainties, which are mainly driven by uncertainties related to b-tagging, and
those resulting from the limited size of simulated event samples, amount to uncertainties of
+0.13/—-0.15 and +0.16/ —0.16, respectively.

Further analyses may benefit from the strategy to employ deep neural networks for separat-
ing signal and background contributions via multi-class classification as developed in this thesis.
Physics-motivated network architectures, refined theoretical models describing tf+heavy-flavor
production, and the utilization of new jet-flavor-tagging algorithms are expected to have a sig-
nificant impact on following iterations. The precise measurement of {fH production will remain
an essential goal of the LHC physics program in order to understand the nature of electroweak
symmetry breaking. It will enable future analyses involving, for example, Higgs boson self-
coupling and single tH production, which are already on the horizon.
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Appendix A: DNN Input Variables

The input variable distributions presented in the following are listed in Tables 7.1 and 7.2. They
are evaluated for single-lepton events with at least six jets. The agreement between data and
simulation is comparable for single-lepton events with four and five jets, and for dilepton events
with at least four jets.
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Figure A.1: Distributions of variables that are considered as input to deep neural networks for
single-lepton events with at least six jets. The tfH signal is shown superimposed and scaled by
a factor of 60 for visibility. The filled gray areas in the ratio plots denote statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas describe combined
systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure A.2: Distributions of variables that are considered as input to deep neural networks for
single-lepton events with at least six jets. The tfH signal is shown superimposed and scaled by
a factor of 60 for visibility. The filled gray areas in the ratio plots denote statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas describe combined
systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure A.3: Distributions of variables that are considered as input to deep neural networks for
single-lepton events with at least six jets. The tfH signal is shown superimposed and scaled by
a factor of 60 for visibility. The filled gray areas in the ratio plots denote statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas describe combined
systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure A.4: Distributions of variables that are considered as input to deep neural networks for
single-lepton events with at least six jets. The tfH signal is shown superimposed and scaled by
a factor of 60 for visibility. The filled gray areas in the ratio plots denote statistical uncertain-
ties due to the limited number of simulated events, whereas hatched areas describe combined
systematic uncertainties on expected background contributions, prior to the fit to data.
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Figure B.1: Distributions of the six output units of the deep neural network for single-lepton
events with four jets, namely tfH (a), tf+bb (b), tf+b/b (c), tf+2b (d), tf+c¢ (e), and tf+1f (f). The
output of each unit is shown separately for tfH and tf processes. The value range is adjusted
individually per unit for visualizing shape differences.
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Figure B.2: Distributions of the six output units of the deep neural network for single-lepton
events with five jets, namely tfH (a), tf+bb (b), t{+b/b (c), tf+2b (d), tF+cc (e), and t+1f (f). The
output of each unit is shown separately for tfH and tf processes. The value range is adjusted

individually per unit for visualizing shape differences.
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Figure B.3: Distributions of the six output units of the deep neural network for single-lepton
events with at least six jets, namely tfH (a), tf+bb (b), tf+b/b (c), tf+2b (d), tf+cc (e), and t+1f
(f). The output of each unit is shown separately for tfH and tf processes. The value range is
adjusted individually per unit for visualizing shape differences.
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Figure B.4: Distributions of the six output units of the deep neural network for dilepton events
with at least four jets, namely tfH (a), tf+bb (b), tf+b/b (c), t{+2b (d), tf+cc (e), and tf+1f (f). The
output of each unit is shown separately for tfH and tf processes. The value range is adjusted
individually per unit for visualizing shape differences.
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Contributions to Previous Publications

A variation of the analysis described in this thesis was performed on the same dataset and pub-
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