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Abstract
This thesis presents a search for Higgs boson pair production in the HH ! bbW+W� decay
channel where both W bosons decay leptonically. The search uses data from proton-proton
collisions at a center-of-mass energy of

p
s = 13 TeV at the LHC. In total, data collected by

the CMS experiment corresponding to an integrated luminosity of 138 fb�1 are analyzed.

The biggest challenge of the presented analysis is the small amount of expected signal events
compared to the large amount of background events. This imbalance of expected events re-
quires a well understood modelling of the background processes. A dedicated deep learning
based analysis strategy is used to tackle these challenges. In addition, novel computing tech-
nologies are leveraged to enable a sustainable and efficient analysis.

No evidence for the production of Higgs boson pairs is found. Upper exclusion limits on the
inclusive signal strength modifier are observed (expected) to be 19 (27), and 385 (424) on the
HH(VBF) signal strength modifier at 95% CLs . The Higgs boson self-coupling (kl) and the
direct coupling between two Higgs bosons and two vector bosons (k2V) are measured to be
kl = 3.17+6.19

�6.15 and k2V = 1.04+1.56
�1.53. In addition, both couplings are constrained with observed

(expected) exclusion limits in the range of �8.64  kl  15.21 (�11.43  kl  17.83) and
�1.71  k2V  3.84 (�2.22  k2V  4.37). These measurements do not deviate from the
expectation of the SM, and mark the strictest results in the HH ! bbW+W� decay channel
to date.
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Kurzfassung
In dieser Arbeit wird eine Suche nach der Higgs Boson Paarproduktion im HH ! bbW+W�

Zerfallskanal vorgestellt, bei dem beide W-Bosonen leptonisch zerfallen. Die Suche verwen-
det Daten aus Proton-Proton Kollisionen bei einer Schwerpunktsenergie von

p
s = 13 TeV

am LHC. Insgesamt werden Daten, gesammelt vom CMS Experiment, analysiert, die einer
integrierten Luminsosität von 138 fb�1 entsprechen.

Die größte Herausforderung der vorgestellten Analyse ist die geringe Menge an erwarteten
Signalereignissen im Vergleich zur großen Menge an Untergrundereignissen. Dieses Un-
gleichgewicht der erwarteten Ereigniszahlen erfordert eine gut verstandene Modellierung
der Untergrundprozesse. Eine dedizierte deep learning basierte Analysestrategie wird be-
nutzt, um diese Herausforderungen zu bewältigen. Außerdem werden neuartige Rechen-
technologien benutzt, um eine nachhaltige und effiziente Analyse zu ermöglichen.

Es sind keine Hinweise auf die Produktion von Higgs Boson Paaren gefunden worden.
Die oberen Ausschlussgrenzen der Signalstärkemodifikatoren für den inklusiven und den
HH(VBF) Produktionsmodus werden bei 19(27) und 385(424) bei 95% CLs beobachtet (er-
wartet). Die Selbstkopplung des Higgs Bosons (kl) und die direkte Kopplung zwischen
zwei Higgs Bosonen und zwei Vektorbosonen (k2V) werden gemessen zu kl = 3.17+6.19

�6.15 und
k2V = 1.04+1.56

�1.53. Darüber hinaus sind die beide Kopplungen mit beobachteten (erwarteten)
Ausschlussgrenzen in den Bereichen �8.64  kl  15.21 (�11.43  kl  17.83) und
�1.71  k2V  3.84 (�2.22  k2V  4.37) eingeschränkt. Diese Messungen weichen nicht
von den Erwartungen des SM ab und repräsentieren die bisher stricktesten Ergebnisse im
HH ! bbW+W� Zerfallskanal.
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Chapter 1

Introduction

Particle physics is the science of the smallest building blocks of nature, so-called elementary
particles. The research of these particles and their interactions pushes the boundaries of our
understanding of the universe. In the last century, more and more particles have been dis-
covered with experiments that accelerate and collide particles at the highest energies. These
experiments are designed, built, and operated by international collaborations of thousands
of scientists.

A theory, called the standard model of particle physics (SM), has been developed by physi-
cists to describe elementary particles and their interactions. The SM is a quantum field theory
based on the concept of gauge invariance. Gauge invariance demands Lagrange densities de-
scribing the dynamics of particles to remain unchanged under local transformations of fields.
The SM predicts processes in the field of particle physics with high precision.

Initially the SM could not explain the origin of particle masses. This problem has been solved
for bosons in 1964 by introducing a mechanism theorized by Peter Higgs [1, 2], Robert Brout,
and François Englert [3], Gerald S. Guralnik, Carl R. Hagen, and Tom W. B. Kibble [4]. The
mechanism is known as the Higgs mechanism. An extension of the mechanism to matter
particles was developed by including Yukawa interactions [5]. The Higgs mechanism in-
troduces the scalar Higgs field and its energy potential (Higgs potential). The Higgs field
entails the existence of a new particle, the Higgs boson, which has been discovered 48 years
after its prediction in 2012 at the Large Hadron Collider (LHC) by the CMS and ATLAS col-
laborations [6, 7]. This discovery marked a first confirmation of the Higgs mechanism and
thus a milestone in particle physics. It was awarded with the Nobel Prize in physics in 2013
for François Englert and Peter Higgs.

Although the SM is a success story, it is not a complete theory, e.g., it cannot explain the exis-
tence of dark matter [8] and dark energy [9]. Therefore, it is of utmost importance to test the
SM to its limits and search for new physics beyond the SM. The production of Higgs boson
pairs is a fundamental property of the Higgs mechanism, and thus of the SM, that has not
been observed before. Its observation tests the SM to its limits, marks another important val-
idation of the Higgs mechanism, and in case of deviations from theory predictions hints the
existence of new physics. Additionally, it tests fundamental parameters of the mechanism,
such as the Higgs boson self-coupling kl, that may help to unveil the structure of the Higgs
potential.

The analysis presented in this thesis searches for Higgs boson pair production in the HH !

bbW+W� decay channel where both W bosons decay leptonically (W ! ene and W ! µnµ).
It uses proton-proton collision data at a center-of-mass energy of

p
s = 13 TeV recorded by

the CMS experiment at the LHC in 2016, 2017, and 2018 corresponding to an integrated
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6 Chapter 1. Introduction

luminosity of around 138 fb�1. The two most dominant production modes of Higgs boson
pair production are considered, namely the gluon fusion (HH(GGF)) and the vector boson
fusion (HH(VBF)) production. While the HH(GGF) production mode is particularly sensitive
to the Higgs boson self-coupling kl, the HH(VBF) production mode is additionally sensitive
to the direct coupling between two Higgs bosons and two vector bosons, referred to as k2V
coupling.

The presented analysis has been published in Ref. [10]. The publication shows results of
the combination of the dileptonic and semi-leptonic HH ! bbW+W� analysis. The semi-
leptonic analysis has been developed in parallel to the presented analysis; both analyses were
designed from the beginning to be combined. The presented analysis will contribute to the
joined effort of the CMS collaboration aiming to combine all Higgs boson pair production
analyses.

The dileptonic HH ! bbW+W� analysis benefits from the large branching fractions of the
H ! bb process, and a clean signature of two leptons from the W boson decays. Spin cor-
relations of the W vector bosons result in narrow opening angles between both leptons (and
neutrinos) in the final state. This effect benefits the sensitivity of this analysis. Several chal-
lenges appear in the search for the dileptonic HH ! bbW+W� process. Background pro-
cesses, especially the irreducible tt + Jets process, overwhelm the small number of expected
signal events by several orders of magnitude. While 112 HH(GGF) events and 6 HH(VBF)
events are expected to be produced at the interaction point of the CMS experiment in the
Run 2 data-taking period, roughly O(108) are expected for the tt + Jets background alone.
Furthermore, the two undetected neutrinos and the broad invariant mass spectrum of the
H ! bb process are a challenge for the event reconstruction. These challenges are tackled
by a dedicated analysis strategy. At first, a loose event selection is applied to retain as many
signal events as possible. Two data-driven background estimation methods are used to im-
prove the modelling of the Drell-Yan background and the background of jets misidentified
as leptons. Then, a deep learning model is used to isolate physics processes from each other,
especially signal processes from background processes. Evaluating the deep learning model
creates dedicated analysis regions mutually enriched by particular physics processes, help-
ing to create signal sensitive regions and regions to control the main background processes.
Finally, these regions are used to measure signal strength modifiers affecting the rate of the
HH(GGF) and HH(VBF) production modes and coupling modifiers (kl, k2V).

These analysis steps demand vast computational efforts. Novel computing techniques are
applied and partly developed to cope with the large amount of data (O(10) TB) in this analy-
sis. First of all, events are analyzed in a vectorized manner, i.e., multiple events are processed
simultaneously on a single thread. Furthermore, I/O latencies are diminished by leveraging
a caching system backed by solid-state drives (SSDs) at the VISPA computing cluster [11, 12].
This caching system has been developed during the thesis and published in Ref. [13]. Clas-
sically, analyses are scaled up by submitting “jobs” to distributed computing clusters. This
paradigm is replaced by analyzing events with the “MapReduce” concept using Dask [14–
17]. Here, resource-intensive tasks, such as histogramming and evaluating deep learning
models, are externalized to server-like services. Finally, the measurement of signal strength
modifiers and coupling modifiers requires their implementation into the likelihood function,
a complex pipelining system of fitting routines, and visualization methods of the results. For
this, the HH INFERENCE TOOLS [18, 19] software package has been developed and main-
tained during this thesis.
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This thesis is structured as follows. First, the theoretical foundation of the SM, the Higgs
mechanism, physics at high energy proton-proton collisions, and Higgs boson pair produc-
tion are explained in chapter 2. Then, the experimental setup, including the LHC and the
CMS detector, is described in the next chapter. Here, central reconstruction steps of the CMS
experiment and the used computing infrastructures are described. This is followed by chap-
ter 4, which explains the used computing tools, the mathematical foundation of deep learn-
ing, and the statistical methods used for the measurements. Afterwards, the analysis strategy
is outlined in chapter 5. Chapter 6 describes the recorded and simulated datasets, and the
event selection. Then, the signal extraction based on a deep learning model is explained in
chapter 7. The final measurement procedure and results are presented in chapter 8. Chap-
ter 9 concludes the thesis with results of the combination of the dileptonic and semi-leptonic
HH ! bbW+W� analyses [10].





Chapter 2

Theoretical Foundation

The standard model of particle physics (SM) describes the elementary particles and their
interactions. In particular, its particle content comprises integer and half-integer spin par-
ticles, called bosons and fermions respectively. While fermions form matter, bosons mediate
the interactions between those. Out of four known forces, the electromagnetic, the weak, the
strong, and the gravitational force, the SM describes the first three of them, while the latter
is described by general relativity. In order to explain the origin of particle masses, the SM is
extended through the so-called “Higgs mechanism”.

The following chapter describes the particles and interactions of the SM. In addition, prop-
erties of the Higgs pair production and decay in the proton-proton collisions are described.

2.1 The Standard Model of Particle Physics
The standard model of particle physics is a quantum field theory represented by the follow-
ing gauge group:

SU(3)C ⇥ SU(2)L ⇥ U(1)Y, (2.1)

where the SU(3)C group describes the strong interaction, and the SU(2)L ⇥ U(1)Y group the
unified theory of the electromagnetic and weak interaction, with the corresponding color
charge (C), weak isospin (L), and the weak hypercharge (Y). The SM obeys symmetries of
special relativity, i.e., translation, rotation, and Lorentz invariance, conservation laws of the
Noether theorem, i.e., conservation of energy, momentum, and angular momentum, and
global and local gauge invariance. Especially, local gauge invariance characterizes the SM as
it gives rise to the mediators of each interaction.

The elementary particles of the SM are represented by different types of fields depending
on their spin. Scalar fields represent particles with spin 0, Dirac spinor fields particles with
spin 1

2 , and vector fields particles with spin 1. The dynamics of a physical system containing
these fields is described by a Lagrangian. The free, i.e., including no interaction, Lagrangians
for the previously mentioned fields are given in the following equations:

Spin 0 : L =
1
2

∂µf∂µf �
m2

f

2
f, (2.2)

Spin
1
2

: L = iȳgµ∂µy � myȳy, (2.3)

Spin 1 : L = �
1
4

FµnFµn +
m2

A
2

Aµ Aµ, (2.4)

9



10 Chapter 2. Theoretical Foundation

where f describes a scalar field, y the Dirac spinor field, A the vector field, gµ the gamma
matrices, Fµn = ∂µ An � ∂n Aµ the field strength tensor and m the mass of the particle. Inter-
actions between fields are also described by a Lagrangian, leading to the full Lagrangian of
the form:

L = Lfree + Linteraction. (2.5)

For instance, the Lagrangian of a fermion with electromagnetic interactions that are mediated
through (massless) photons, leads to the Lagrangian of the Quantum Electrodynamics (QED)
and reads:

LQED = iȳgµ∂µy � mȳy
| {z }

Lfermion

�
1
4

FµnFµn +
02

2
Aµ Aµ

| {z }
Lphoton

+ eȳgµ Aµy
| {z }
Linteraction

(2.6)

=iȳgµ∂µy � mȳy �
1
4

FµnFµn + eȳgµ Aµy (2.7)

=ȳ
�
igµDµ � m

�
y �

1
4

FµnFµn, (2.8)

where Dµ = ∂µ � ieAµ denotes the covariant derivative and e the electric charge. Here,
the motivation of local gauge symmetry within the U(1) symmetry group becomes visible.
While Lfermion is not gauge invariant under local transformations, i.e.,

L ! L
0 with y ! y0 = eia(x)y, (2.9)

LQED is invariant by introducing the interaction between fermions mediated through pho-
tons. Hereby, the mediator of the electromagnetic interaction - the photon - needs to be
massless.

These interactions can be arbitrary complex in a physics process, e.g., involving multiple
emissions in the initial or final state, prohibiting exact solutions for the field equations. Treat-
ing these (additional) interactions as small perturbations allows to obtain probability ampli-
tudes of the involved physics processes with a perturbative theory using Fermi’s golden rule.
This perturbative ansatz allows to extend calculations of scattering amplitudes of leading
order (LO) processes to higher orders (NLO, NNLO, ...). These calculations involve matrix
elements, which can be associated to cross sections and decay widths using Fermi’s golden
rule. In addition, Feynman diagrams can be used to visualize different orders of physics
processes.

2.1.1 Particles

The standard model of particle physics describes the fundamental building blocks of matter
and their interactions as point-like particles. The mediators of the three forces in the SM are
bosons with a spin of 1. Matter forming particles are called fermions and have a spin of 1

2 .
For every fermion there is an anti-fermion with the same mass but opposite charge quantum
numbers. Fermions are further subdivided into leptons and quarks, each grouped, based on
their electrical charge, weak isospin, and mass, into three generations. Additionally, quarks
with a positive charge are called up-type quarks, and quarks with a negative charge are called
down-type quarks. While quarks are subject to the strong, weak, and electromagnetic force,
leptons are only affected by the weak and electromagnetic forces, as they do not carry any
color charge. Part of the lepton family are neutrinos, which only participate in the weak
interaction, as they do not carry any electrical charge contrary to all other leptons. In ad-
dition, neutrinos are massless in the SM; however, the recent discovery [20, 21] of neutrino
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oscillations [22, 23] implies non-zero masses. Table 2.1 lists all fermions and their properties.
Ordinary matter is only composed of fermions of the first generation due to the increasing
mass hierarchy within the three fermion generations. This “instability” of heavy particles
means that they can often only be detected by their decay products.

Table 2.1: The elementary fermions, leptons (neutrinos and charged leptons) and quarks,
of the SM grouped into the three generations and their properties.

Fermions
Generation

El. Charge Weak Isospin Color
I II III

Leptons
ne nµ nt 0 + 1

2 0
e µ t �e �

1
2

Quarks
u c t + 2

3 e + 1
2 r,g,b

d s b �
1
3 e �

1
2

The bosons of the SM are summarized in Tab. 2.2 together with the interaction they medi-
ate, their spin quantum number, and their mass. The Higgs boson does not mediate any
interaction; instead, it is a consequence of the Higgs mechanism, which explains the masses
of the W and Z bosons, and the masses of fermions, excluding neutrinos, through Yukawa
interactions (cf. Sec. 2.1.4).

Table 2.2: The elementary bosons of the SM including their spin, mass, and the interac-
tion they mediate.

Boson Interaction Spin Mass [ GeV ]

Photon g electromagnetic 1 0

Z0
weak

1 91.1876 ± 0.0021 [24]
W± 1 80.379 ± 0.012 [24]

8 Gluons g strong 1 0

Higgs boson H - 0 125.25 ± 0.17 [24]

In the following sections the individual interactions are described in more detail including
the role of their corresponding bosons.

2.1.2 Quantum Chromodynamics

Quantum Chromodynamics (QCD) describes the strong interaction between quarks medi-
ated by gluons. It is based on the non-abelian SU(3)C symmetry group, introduces the color
charge, and describes interactions between color charge carriers. The color charge, “(anti-
)red”, “(anti-)green”, and “(anti-)blue”, was introduced to explain the observation of the D++

baryon [25–27]. The measurement suggested a bound state of three up quarks (uuu), which
would violate Pauli’s principle. The color charge, different for each up quark, introduces a
new degree of freedom for the wave function, which restores its antisymmetry.

The Lagrangian for a free quark is given by Eq. 2.2 for a fermion respecting three color
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charges:

Lfree quark = iȳgµ∂µy � mȳy, (2.10)

= ȳ
�
igµ∂µ � m

�
y, (2.11)

with the color triplet y =

0

B@
qa

qb
qc

1

CA . (2.12)

This Lagrangian possesses global symmetry but not local symmetry. Demanding local gauge
invariance yields the following Lagrangian:

LQCD = ȳ
�
igµDµ � m

�
y �

1
4

Ga
µnGµn

a , (2.13)

with Dµ = ∂µ � igstaGa
µ, (2.14)

Ga
µn = ∂µGa

n � ∂nGa
µ + gs f abcGb

µGc
n. (2.15)

Here, gs denotes a dimensionless real parameter, Ga
µ (a = 1 . . . 8) the eight massless gluon

fields, ta the eight generators of the SU(3)C symmetry group, Dµ the covariant derivative,
and Ga

µn the gluon field strength tensor. The generators ta do not commute, hence their com-
mutation is defined with the help of the antisymmetric structure constants f abc as follows:

[ta, tb] = i f abctc. (2.16)

The QCD Lagrangian (Eq. 2.13), looks very similar to the QED Lagrangian (Eq. 2.6). In
addition to the quark-gluon interaction, the non-abelian structure of the SU(3)C symmetry
group gives rise to trilinear and quartic self-interaction vertices for gluons. These do not
exist for photons in QED. The corresponding interaction Feynman diagrams are shown in
Fig. 2.1 including the relevant terms of the QCD Lagrangian (Eq. 2.13).

At a typical momentum transfer scale Q2 of the LHC, in the GeV2 range, corrections to the
quark and gluon propagators, exemplarily depicted in Fig. 2.2, are considered within per-
turbation theory in order to calculate physical quantities, which depend on the probability
amplitudes of the involved physics processes. In these calculations, ultraviolet divergences
occur, requiring a procedure called “renormalization” [28] to be applied, which introduces
an arbitrary cutoff parameter µR. In order to avoid dependencies of physical observables on
such arbitrary parameters, the coupling constant has to be “running”, which means that it
depends on Q2 and is defined as follows for 1-loop corrections:

as
�
Q2� =

4p

b0 ln (Q2/L2)
, (2.17)

with b0 = 11 �
2
3

n f , (2.18)

where L denotes the QCD scale parameter, and n f is the number of quark flavors active at the
considered energy scale. The most commonly used renormalization procedure is the mini-
mal subtraction scheme (MS), which defines the QCD scale parameter to be L = 0.34 GeV.
The dependence on the energy scale (Eq. 2.17) has a peculiar feature, where the coupling
constant vanishes for large Q2, called “asymptotic freedom”: as

�
Q2� ! 0 for Q2 ! •.
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(a) ggg µ gs f abcGa
µGb

n∂µGc,n.

g

g

g

g

(b) gggg µ g2
s f abc f adeGb

µGc
nGd,µGe,n.

g

q

q

(c) qgq µ gsȳtagµGa
µy

Figure 2.1: Feynman diagrams for trilinear (2.1a) and quartic (2.1b) gluon self interac-
tions, and the quark gluon (2.1c) interaction.

g g

g

g

(a) 1-loop gluon propagator correction.

q q

g

g

(b) 1-loop quark propagator correction.

Figure 2.2: Exemplary Feynman diagrams for 1-loop corrections to the gluon and quark
propagators used in perturbation theory.

Vice versa the coupling constant increases for small Q2: as
�
Q2� ! • for Q2 ! L2. Close to

the value of the QCD scale L, the coupling as diverges; at the same time, the QCD potential
has a linear dependency on the distance:

VQCD(r) = �
a
r

+ kr, (2.19)

) VQCD(r) ! • for r ! •. (2.20)

Thus, the energy increases when separating two quarks, leading to a phenomenon called
“color confinement”, where it becomes energetically more favorable, for large r, to create new
quark anti-quark pairs. This phenomenon prohibits the existence of free quarks in nature,
instead they exist in color neutral bound states, called “hadrons”.

At high energy accelerators, such as the LHC, quarks are initially produced with large Q2,
leading to “free” quarks for a certain distance of flight. After that distance, color confinement
prevails. This transition is called “hadronization” and leads to the formation of multiple
collimated bound states in a so-called “jet”.
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2.1.3 Electroweak Theory

The electromagnetic and weak interaction (EWK) has been successfully unified by Glashow,
Salam, and Weinberg [5, 29, 30]. It is based on the SU(2)L ⇥ U(1)Y symmetry group. While
the electromagnetic interaction describes the interaction between electrically charged parti-
cles through photons, the weak interaction describes the transition of fermions through the
exchange of W and Z bosons. The third component of the weak isospin I3, a generator of
the SU(2)L symmetry group, is the quantum number describing these transitions. Here,
the chirality of the fermions is essential since right-handed fermions do not carry any weak
isospin and thus do not couple to the W boson. An example of this transition, including the
I3 quantum number, is shown in a Feynman diagram of a muon decay in Fig. 2.3.

µ� (I3 = �
1
2 )

nµ (I3 = + 1
2 )

W� (I3 = �1)

Figure 2.3: Feynman diagram of a muon decay through a W boson. The corresponding
third component of the weak isospin (I3) is annotated for each particle.

The generator of the U(1)Y group - the weak hypercharge Y - and I3 can be used to construct
a relation to the electrical charge Q:

Q = I3 +
1
2

Y. (2.21)

As described before, right-handed fermions do not couple to the W boson, which allows
for arranging the fermions fields as doublets (left-handed, L) and singlets (right-handed, R)
depending on their chirality:

yL,leptons =

( 
ne

e

!
,

 
nµ

µ

!
,

 
nt

t

!)
; yL,quarks =

( 
u
d

!
,

 
c
s

!
,

 
t
b

!)
, (2.22)

yR,leptons = {e, µ, t} ; yR,quarks = {u, d, c, s, b, t} . (2.23)

In the following, the left-handed fermion spinor field doublets will be denoted as yL, and
the right-handed singlets as yR:

y
j
L with j = 1 . . .

��yL,leptons [ yL,quarks
�� , (2.24)

yk
R with k = 1 . . .

��yR,leptons [ yR,quarks
�� , (2.25)

where |A [ B| describes the length of the union of the finite sets A and B. Then, the La-
grangian of the EWK theory is given by the following equation assuming the intrinsic sum-
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mation over all participating fermion fields (j, k):

LEWK = Lfermion + Lgauge (2.26)

= iȳj
LgµDL

µy
j
L| {z }

j doublets

+ iȳk
RgµDR

µ yk
R| {z }

k singlets

+Lgauge (2.27)

= iȳj
LgµDL

µy
j
L + iȳk

RgµDR
µ yk

R| {z }
Lfermion

�
1
4

WiµnWiµn �
1
4

BµnBµn
| {z }

Lgauge

, (2.28)

with DL,R
µ = ∂µ + igIL,R

i Wi
µ + ig0 Y

2
Bµ, (2.29)

Wi
µn = ∂µWi

n � ∂nWi
µ � geijkWj

µWk
n , (2.30)

Bµn = ∂µBn � ∂nBµ, (2.31)

where gµ are the Dirac matrices, DL,R
µ is the covariant derivative, Wi

µ, Bµ are the gauge fields,
g, g0 are real dimensionless parameters, I is the isospin (IR

i = 0 for right-handed singlets),
and Y the hypercharge.

The physical fields (W±
µ, Aµ, Zµ) of the Wi

µ and Bµ gauge fields are obtained through a linear
combination and a rotation using the weak mixing angle (qW):

W±
µ =

1
p

2

⇣
W1

µ ⌥ W2
µ

⌘
, (2.32)

 
Aµ

Zµ

!
=

 
cos qW sin qW

� sin qW cos qW

!
·

 
Bµ

W3
µ

!
. (2.33)

The weak mixing angle, also called the “Weinberg” angle, can be expressed through the two
real dimensionless parameters g and g0:

sin2 qW =
g2

g2 + g02 , (2.34)

which has been measured by multiple collaborations [31] at the Large Electron-Positron col-
lider (LEP) to be sin2 qW = 0.23153 ± 0.00016.

The Lagrangian in Eq. 2.26 does not contain mass terms, as they would violate the local
gauge symmetry. Instead, the missing mass terms are recovered by the Higgs mechanism,
which is explained in the following section.

2.1.4 Higgs Sector

In order to retain mass terms for the W and Z bosons, the Higgs mechanism has been in-
troduced by Peter Higgs [1, 2], Robert Brout, and François Englert [3], Gerald S. Guralnik,
Carl R. Hagen, and Tom W. B. Kibble [4]. It extends the EWK Lagrangian (Eq. 2.26) by an
additional gauge invariant term, namely the Higgs Lagrangian, which introduces four new
real scalar fields fi:

LHiggs = (Dµf)†(Dµf) � V(f), (2.35)

with f =

 
f+

f0

!
=

1
p

2

 
f1 + if2

f3 + if4

!
, (2.36)
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where Dµ corresponds to the covariant derivative introduced in Eq. 2.26 with hypercharge
Y = 1 and weak isospin I = 1

2 . The Higgs potential V(f) is defined as:

V(f) = µ2f†f + l
⇣

f†f
⌘2

, (2.37)

where µ2 and l are real parameters. These parameters are chosen to satisfy the following
conditions, which leads to an infinite number of non-trivial minima (|fmin|) of the potential
V(f):

µ2 < 0 and l > 0, (2.38)
∂V

∂f†f
= µ2 + 2l

⇣
f†f

⌘
!
= 0, (2.39)

with
⇣

f†f
⌘

= |fmin|
2 follows (2.40)

! |fmin| =

r
�µ2

2l
⌘

v
p

2
, (2.41)

where v denotes the vacuum expectation value of the scalar field. In unitary gauge three of
the four fields fi can be chosen to be:

f1 = f2 = f4 = 0 (2.42)

in order to reduce the degrees of freedom. The third field f3 is chosen to be a linear expansion
by the real Higgs field (H) around the minimum of the potential in radial direction. The
Higgs potential can then be written as follows:

f3 = v + H (2.43)

! f =
1

p
2

 
0

v + H

!
, (2.44)

which leads to the Higgs potential:

V(f) = µ2f†f + l
⇣

f†f
⌘2

(2.45)

= µ2
✓

1
p

2
(v + H)

◆2
+ l

✓
1

p
2

(v + H)

◆4
(2.46)

with µ2 = �lv2 follows (2.47)

) V(f) = �
l

2
v2 �v2 + 2vH + H2�+

l

4

⇣
v4 + 4v3H + 6v2H2 + 4vH3 + H4

⌘
(2.48)

= �
l

2
v4

� lv3H �
l

2
v2H2 +

l

4
v4 + lv3H +

3l

2
v2H2 + lvH3 +

l

4
H4 (2.49)

= �
l

2
v4 + lv2H2 + lvH3 +

l

4
H4. (2.50)

Figure 2.4 shows the potential V(f), including the position of the minimum and thus the
meaning of the vacuum expectation value for this choice.

The expanded Higgs potential (Eq. 2.50) consecutes interesting aspects of the Higgs field.
First of all, a mass term arises for the Higgs boson of the form mh =

p
2lv. Second, self-

interaction terms arise for trilinear (µ H3) and quartic (µ H4) interactions of the Higgs field.



2.1. The Standard Model of Particle Physics 17

Im(f)

0
vp
2

Re(f)
0

V(f)

0

V(fmin)

Figure 2.4: A sketch of the Higgs potential V(f), including the new groundstate of f
at the vacuum expectation value v. The spontaneous symmetry breaking is
depicted with the red arrow, which shows the state (red sphere) transition to
a new ground state.

H

H

H

µ lv

(a) Trilinear Higgs self-interaction.

H

H

H

H

µ l

(b) Quartic Higgs self-interaction.

Figure 2.5: Feynman diagrams of the trilinear and quartic Higgs self-interactions includ-
ing their coupling strength.

Figure 2.5 depicts the two corresponding Feynman diagrams with their corresponding cou-
pling strength. In addition, the mass terms of the W and Z bosons arise from the kinematic
term of the Higgs lagrangian (Eq. 2.35), by inserting the Higgs field (Eq. 2.43), and the defi-
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nition of the covariant derivative (Eq. 2.26):

LHiggs, kin. = (Dµf)† �Dµf
�

= |Dµf|
2 (2.51)

=

�����D
µ 1
p

2

 
0

v + H

!�����

2

(2.52)

=

�����

✓
∂µ + ig

si
2

Wi
µ + ig0 1

2
Bµ

◆
1

p
2

 
0

v + H

!�����

2

(2.53)

=

�����
1

p
2

 
0

∂µH

!
+

i
p

8

 
gW1

µ � igW2
µ

�gW3
µ + g0Bµ

!
(v + H)

�����

2

(2.54)

=
1
2
�
∂µH

�2
+ (v + H)2

✓
g2

8

⇣
W1

µW1,µ + W2
µW2,µ

⌘
+

1
8

⇣
�gW3

µ + g0Bµ

⌘2
◆

.

(2.55)

The definitions of the physical W and Z bosons (Eq. 2.32 and Eq. 2.33) replace the abstract
fields (W1

µ, W2
µ, W3

µ, Bµ) in the last two terms of LHiggs, kin. (Eq. 2.55) as follows:

W bosons:

W±
µ =

1
p

2

⇣
W1

µ ⌥ W2
µ

⌘
(2.56)

) W1
µW1,µ + W2

µW2,µ = W+
µW+µ

+ W�
µW�µ (2.57)

Z boson and photon:
 

Aµ

Zµ

!
=

 
cos qW sin qW

� sin qW cos qW

!
·

 
Bµ

W3
µ

!
(2.58)

with sin2 qW =
g2

g2 + g02 and (2.59)

cos2 qW =
g02

g2 + g02 follows (2.60)

) �gW3
µ + g0Bµ = �

q
g2 + g02Zµ + 0 · Aµ (2.61)

Applying these substitutions, the kinematic term of the Higgs lagrangian can be rewritten as
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follows:

LHiggs, kin. =
1
2
�
∂µH

�2
+

1
2

✓
1
2

gv
◆2

| {z }
m2

W

⇣
W+

µW+µ
+ W�

µW�µ
⌘

(2.62)

+
1
2

✓
1
2

q
g2 + g02v

◆2

| {z }
m2

Z

ZµZµ + 0 · Aµ Aµ (2.63)

+
m2

Z
v

HZµZµ + 2
m2

W
v

HW+
µW�µ

| {z }
HVV

(2.64)

+
m2

Z
2v2 H2ZµZµ +

m2
W

v2 H2W+
µW�µ

| {z }
HHVV

. (2.65)

The mass terms for the W and Z bosons are retained, while the Higgs mechanism generates
no mass term for the photon. In addition, interaction terms for the W and Z bosons with the
Higgs boson are obtained as depicted in Fig. 2.6.

H

V

V

µ m2
V

v

(a) HVV interaction.

H

H

V

V

µ m2
V

v2

(b) HHVV interaction.

Figure 2.6: Feynman diagrams of the HVV and HHVV interactions.

The value of the vacuum expectation value can be indirectly calculated from the mass of the
W boson [32], which can also be expressed in terms of the Fermi constant GF:

Higgs mechanism: m2
W =

✓
1
2

gv
◆2

(2.66)

Fermi theory: m2
W =

p
2g2

8GF
(2.67)

) v =
⇣p

2GF

⌘�
1
2

' 246.22 GeV, (2.68)

where GF can be precisely inferred from muon lifetime measurements [33].

Fermion masses are not described so far. An additional lagrangian describing Yukawa inter-
actions, i.e., interactions between the fermion fields and the Higgs field, is introduced [5]:

Lfermion = �lf

⇣
ȳLfyR + ȳRf†yL

⌘
, (2.69)

where lf denotes the Yukawa coupling for a fermion. Using the previously defined scalar
field, including the real Higgs field (Eq. 2.43) and exemplary the four spinor fields for bottom
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quarks (left-handed doublets and right-handed singlets), the Yukawa interaction to bottom
quarks reads:

Lb = �
1

p
2

lb

"⇣
t b

⌘

L

 
0

v + H

!
bR + bR

⇣
0 v + H

⌘ t
b

!

L

#
(2.70)

= �
1

p
2

lb (v + H)
h
bLbR + bRbL

i

| {z }
bb

(2.71)

= �
1

p
2

lbv
| {z }

mb

bb �
1

p
2

lb

| {z }
mb/v µ mb

Hbb. (2.72)

Here, the mass term of the bottom quark arises, which is proportional to the Yukawa cou-
pling for bottom quarks lb. In addition, an interaction term is introduced with a coupling
proportional to the bottom quark mass. This mechanism is applied in the same way for
all fermions (except neutrinos), although for up-type fermions the conjugate of the Higgs
doublet (f̃) has to be used:

f̃ =
1

p
2

 
v + H

0

!
and f̃† =

1
p

2

⇣
v + H 0

⌘
. (2.73)

Finally, the lagrangian for all fermions, except neutrinos, can be written in the following form
(assuming summation over all fermions):

Lfermion = �mfȳy �
mf
v

Hȳy. (2.74)

The coupling of the Higgs boson to two fermions is depicted in the Feynman diagram in
Fig. 2.7. While the coupling between the Higgs boson and the Z and W bosons depends

H

f

f

µ mf

Figure 2.7: Feynman diagram of the coupling between the Higgs boson and two
fermions including the coupling strength.

quadratically on the mass of the vector boson, the coupling to fermions has a linear depen-
dency on the mass of the fermion.

2.2 Higgs Boson Pair Production
The study of non-resonant Higgs boson pair production gives access to the self-coupling l
through the Higgs boson self-interactions, which arise after the EWK symmetry breaking.
A measurement of this self-coupling helps to unveil the structure of the Higgs potential,
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which may have multiple theoretical implications. First and foremost, this measurement is a
stress test of the Higgs mechanism and interactions at the electroweak scale. In addition, the
structure of the Higgs potential may have cosmological consequences, such as the vacuum
stability of the universe [34].

Three different states are possible for a post-inflationary (late) universe: a stable, a metastable,
or an unstable universe. Figure 2.8 shows the stability diagram, including the three differ-
ent states, parametrized by the top quark and Higgs boson masses. Currently, a metastable
universe is favored, although a stable universe is still possible within the experimental and
theoretical uncertainties on the masses (68%, 95%, and 99% contour ellipsis). An unstable
universe is excluded, given the existence of our universe.

120 122 124 126 128 130
168

170

172

174

176

178

180

Meta-stability

region

Instability region

Stability region

Figure 2.8: Stability diagram of vacuum stability of the standard model [34]
parametrized by the top quark and Higgs boson pole masses. The black
star marks the state of the universe, including the 68%, 95%, and 99% un-
certainty contours. The instability boundary is shown for different curvature
coupling parameters (red and green dotted line), and for a reheat temperature
of TRH = 1016 GeV (blue dashed line).

The corresponding structures of the Higgs potential for these three stability categories are
shown in Fig. 2.9. Additional higher order terms in the Higgs potential, such as a dimension-
6 term of the form µ

�
f†f

�3, allow for metastable and unstable scenarios. These terms occur
in effective theories, which incorporate new physics at a high mass scale L (ultraviolet com-
pletion of the SM) [35, 36].

For the currently favored metastable state, a global (true) minimum exists in the shape of the
Higgs potential into which the electroweak vacuum may decay. This so-called false vacuum
decay may happen through quantum tunneling or classically if there is sufficient energy in
the system. A new global ground state likely imposes new laws of physics.

In addition, the measurement of the Higgs boson pair production and its self-coupling may
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Figure 2.9: A sketch of the three different stability categories (stable, metastable, and un-
stable) of Higgs potential in the two dimensional plane. The black ball marks
the current ground state, which has been reached after electroweak symmetry
breaking (EWSB). The dark grey ball shows the ground state for a potential
global minimum in the metastable scenario.

shed light on the dynamics of the electroweak phase transition [37], the production of pri-
mordial black holes [38], and the formation of new particles through a resonant Higgs boson
pair production with a radion or a Kaluza-Klein graviton [39].

This thesis focuses on the non-resonant production of Higgs boson pairs, the measurement of
the Higgs boson self-coupling, and the coupling between two vector bosons and two Higgs
bosons.

2.2.1 Proton Proton Collisions at High Energies

Circular hadron colliders, such as the LHC, are designed to accelerate particle beams in the
opposite direction until a collision occurs. In contrast to a linear collider, a circular collider
has the advantage that the energy can be ramped up continuously until the desired center-of-
mass energy is reached. However, the energy loss from Bremsstrahlung has to be taken into
account, thus making heavy particles a preferred choice as the energy loss is proportional to
(E/m)4.

At the LHC, protons and ions are accelerated, allowing for a much higher center-of-mass
energy than its predecessor, the Large Electron-Positron Collider (LEP), which accelerated
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electrons and positrons. The latter is suitable for performing high-precision measurements
since electrons and positrons are elementary particles. However, the energy losses due to
synchroton radiation limited the beam energy heavily with a peak beam energy of around
104 GeV [40]. Protons are composite particles of two up valence quarks, a down valence
quark, and a sea of quark anti-quark pairs and gluons. When two protons collide, two con-
stituents (partons) interact with each other. These partons carry only a fraction of the total
proton momentum, the so-called Bjorken scaling variable x, described by parton distribution
functions (PDFs). Figure 2.10 shows the parton distribution functions of the NNPDF3.1 [41]
set for two different momentum transfer scales Q2.
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Figure 2.10: Parton distribution function for the NNPDF3.1 [41] set as a function of the
momentum fraction x. The PDF is shown for two different momentum
transfers: low momentum transfer of Q2 = 10 GeV2 (left) and high momen-
tum transfer of Q2 = 104 GeV2. The gluon distribution is scaled down by a
factor of 10 for visibility.

The PDF is also significantly different for various parton flavors, especially for the uv and dv
valence quarks compared to the other partons from the sea. For high momentum transfer
scales, Q2, the PDFs for sea quarks and gluons become more relevant. Especially gluons,
exceeding the PDFs of the valence quarks, become the dominant parton to participate in
the interaction. In addition, at the LHC, the center-of-mass energy exceeds the typical ener-
gies of EWK physics (e.g., the mass of the Z boson), leading to most interactions involving
low momentum fractions x of the partons. Thus, gluon-gluon interactions are the dominant
source of most SM processes, including the Higgs bosons production at the LHC. PDFs can-
not be calculated analytically; they have to be measured in experiments, such as the HERA
experiment [42, 43].
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The PDFs are essential to calculate cross sections at the LHC. The calculation of cross sections
can be factorized according to the QCD factorization theorem [44] at the factorization scale
µF into short (asymptotic freedom) and long (confinement) distance parton interactions. The
pp ! ab production cross section is calculated as follows:

spp!ab = Â
i,j

fi(x1, µ2
F) f j(x2, µ2

F)| {z }
long dist.

· ŝij!ab(µ2
F, µ2

R ŝ, as)| {z }
short dist.

dx1dx2, (2.75)

where ŝ denotes the center-of-mass energy of both partons, and µR the scale of the renormal-
ization. The functions fi,j are the PDFs of both protons, which describe the parton dynamics
for long distance parton interactions. The partonic cross section ŝij!ab describes the asymp-
totic freedom of partons. The partonic cross sections can be calculated directly with matrix
elements. Additional QCD multijet vertices (higher order corrections) add terms propor-
tional to as, which can be calculated with the help of perturbation theory as the value of as
is sufficiently small. However, for small values of Q2 (“soft interaction”) the value of as di-
verges, which makes the application of perturbation theory invalid. In these cases, PDFs are
used to describe the parton dynamics.

2.2.2 Production Modes in the Standard Model

At the LHC, Higgs boson pairs are mainly produced - similarly to the single Higgs produc-
tion - by four different production modes: gluon-gluon fusion (HH(GGF)), vector boson fu-
sion (HH(VBF)), double Higgsstrahlung (VHH), and top quark associated double Higgs bo-
son production (ttHH). This analysis considers the first two production modes, the predom-
inant ones at the LHC. The leading-order Feynman diagrams of the HH(GGF) and HH(VBF)
production modes are shown in Fig. 2.11. Here, three couplings are accessible in the two
production modes: kl and kt,b in the HH(GGF) production mode, and kl, k2V , and kV in
the HH(VBF) production mode. These vertices have been previously shown in Fig 2.5 (kl),
Fig. 2.7 (kt,b), and Fig. 2.6 (k2V and kV). Each coupling parameter ki is defined by the so-called
“kappa framework” [45–47] as the coupling strength value of the Higgs bosons to particles i
divided by their corresponding SM values. The SM scenario is defined as ki = 1.

The cross section of these production modes is shown in Fig. 2.12 as a function of the self-
coupling for a center-of-mass energy of 14 TeV at leading and next-to-leading order.

At the SM scenario (ki = 1) the production cross sections for the HH(GGF) and HH(VBF)
production modes at next-to-next-to-leading order amount to [49]:

sSM
HH(GGF) = 31.05+6%

�23% (QCD scale + mt) ± 3.0% (PDF + as) fb, (2.76)

sSM
HH(VBF) = 1.726+0.03%

�0.04% (QCD scale) ± 2.1% (PDF + as) fb. (2.77)

These cross sections are about three orders of magnitude smaller than the corresponding sin-
gle Higgs boson production ones. Figure 2.12 shows a quadratic dependency of the cross sec-
tion (and its uncertainty bands) on the self-coupling (black lines and bands). Thus, the cross
section and its scale variations can be parametrized in the following way for the HH(GGF)
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Figure 2.11: Leading-order Feynman diagrams for the two dominant Higgs pair produc-
tion modes at the LHC. Here, multiple couplings (kt,b, kl, k2V , kV) are acces-
sible denoted by the blue dots.

production mode at next-to-next-to-leading order [49]:

sHH(GGF)(kl) = 70.3874 � 50.4111 · kl + 11.0595 · k2
l fb, (2.78)

s+1s
HH(GGF)(kl) = max(76.6075 � 56.4818 · kl + 12.635 · k2

l, (2.79)

75.4617 � 56.3164 · kl + 12.7135 · k2
l) fb, (2.80)

s�1s
HH(GGF)(kl) = min(57.6809 � 42.9905 · kl + 9.58474 · k2

l, (2.81)

58.3769 � 43.9657 · kl + 9.87094 · k2
l) fb. (2.82)

Variations of the PDF uncertainties are found to be independent of the self-coupling.

The triangle (Fig. 2.11b) and box (Fig. 2.11a) diagrams of the HH(GGF) production mode
interfere destructively with each other. This effect is visible in Fig. 2.12, where a minimum of
the black line is located at kl = 2.45 - the maximal destructive interference. The SM scenario
is close to this minimum and thus leads to a strongly reduced cross section. The interference
effect on the total cross section depends on the strength of the self-coupling as it dictates the
relevance of the triangle diagram. The effect of the interference is shown in Fig. 2.13 [50].

Here, the differential cross section at leading order is shown as a function of the invariant
mass of the Higgs boson pair. The black line denotes the total distribution, which is the sum
of the triangle diagram (red), the box diagram (blue), and their interference (green). The
interference reduces the total cross section by about 50% compared to the box-only contribu-
tion.

In addition, the interference of the triangle and box diagrams of the HH(GGF) production
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Figure 2.12: Higgs pair production cross section as a function of the self-coupling for a
center-of-mass energy of 14 TeV at next-to-leading order [48]. The dashed
(solid) lines and light (dark) color bands correspond to the leading order
(next-to-leading order) cross sections and to the scale and PDF uncertainties
added linearly. The SM scenario can be seen at kl = l/lSM = 1.

mode has kinematic consequences. The triangle diagram involves two Higgs bosons origi-
nating, produced at rest from the same mother particle: a strongly off-shell produced Higgs
boson. This diminishes the contribution of the triangle diagram significantly since the width
of the Higgs boson is very small, and thus the production of a strongly off-shell Higgs bo-
son quite improbable. On the other hand, the box diagram does not share this characteristic
feature, as both Higgs boson pairs are produced through the top quark loop. This leads to a
broad spectrum, often involving Higgs bosons with large momenta. Thus, the interference
effect on the kinematic distribution also depends on the self-coupling’s strength. This effect
is shown in Fig. 2.14 [50].

It can be seen that a characteristic minimum is present for kl = 2.45 (Fig. 2.14a) at the max-
imal destructive interference. In addition, the more the triangle diagram contribution is en-
hanced (kl < �1 and kl > 5) the more pronounced the low-mHH region is.

Varying kl also has effects on the single Higgs boson production and branching fractions
through electroweak corrections [51, 52]. These effects are taken into account in the mea-
surements of this analysis.
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Figure 2.13: Interference of the triangle and box diagrams of the HH(GGF) production
mode at leading order [50] shown in the invariant mass spectrum of the
Higgs boson pair.

(a) Small positive values of kl. (b) Larger (and negative) values of kl.

Figure 2.14: Invariant mass spectrum of two Higgs bosons at 14 TeV shown for different
values of the self-coupling [50].

2.2.3 Characteristics of the Dileptonic HH ! bbW+W� Process

The HH ! bbW+W� process has several unique characteristics. First and foremost, it has a
relatively large branching fraction especially due to one Higgs boson decaying into a pair of
b-quarks. In addition, the Higgs boson decays via two W bosons fully leptonically yielding
a clean event signature. The fully leptonic decay of H ! W+W� shares another unique
feature: the spin correlation of both W bosons resulting in a narrow opening angle between
the two leptons. These characteristics are described in the first part of this section.
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Afterwards, all background processes are discussed. In addition, their cross sections are
given.

Finally, an overview of all physics processes considered in this analysis is shown.

Higgs Boson Decay Modes

The signal process of the analysis presented in this thesis comprises two Higgs boson decays.
One into a pair of bottom quarks, and the other into two W bosons, which further decay
leptonically. The branching fractions (B) of all Higgs boson pair decay modes are visualized
in Fig. 2.15.
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Figure 2.15: Higgs boson pair decay modes.

The decay into two bottom quarks has the largest branching fraction of about 58.24%. The
second highest branching fraction has the decay to two W bosons with around 21.37%. Each
W boson further decays to a lepton and neutrino, labeled W` from now on, with a branch-
ing fraction of around 32.59%. These branching fractions finally result in a total branching
fraction of approximately 2.64% for the HH ! bbW+

`W�
` signal process. For comparison,

the branching fractions of the inclusive HH ! bbW+W� process, i.e., not only leptonic W
boson decays, is shown in Fig. 2.15. With a branching fraction of 24.89% it is almost ten times
larger than the fully leptonic decay mode.

The fully leptonic H ! W+W� decay has the benefit of a narrow opening angle between the
direction of flight of the two leptons. This effect is shown in Fig. 2.16.
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Figure 2.16: Sketch of the spin correlation in the fully leptonic H ! W+W� process.

The W bosons have a spin in opposite direction (S = ±1) as the Higgs boson has a spin of
zero. In the left decay branch of Fig. 2.16 it can be seen that the W� decays into a charged
lepton and a anti-neutrino. Both decay products carry a spin of �

1
2 , since the W� boson has

a spin of �1. The weak interaction enforces the coupling to a left-handed charged lepton,
i.e., its spin points into the opposite direction of the direction of flight, and a right-handed
anti-neutrino, i.e., its spin points into the same direction of flight. The same holds for the
other (W+) decay branch, but vice-versa. Therefore, both leptons are emitted into the same
direction of flight resulting in a narrow opening angle between them. Likewise, the argument
applies to both neutrinos. This effect is characteristic for the leptonic H ! W+W� decay
mode and is used to distinguish it from other physics processes in this thesis.

The H ! bb decay mode has the benefit of a large branching fraction. Combined with the
characteristic signature of the decay to two W` bosons, the H ! bbW+

`W�
` decay mode

is a competitive channel for the search for Higgs boson pair production at the LHC. Finally,
events from HH ! bbZZ and HH ! bbt+t� decays are considered as well although their
contribution is significantly smaller.

Background Processes

Background processes in the presented analysis arise from physics processes that mimic the
signal process, and thus survive the event selection. Often they comprise the same or a
similar final state as the signal process. This section lists all relevant background processes
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including their cross sections to this analysis. Unless uncertainties on the cross sections are
given in this section, they are discussed in Sec. 8.1.2 and given in Tab. 8.3 or are negligible.

The most dominant background processes are the tt + Jets and single t-quark production.
The t-quark decays via a W boson and a b-quark, and thus results for the tt + Jets process
in the identical final state as the signal process. The predicted tt + Jets production cross
section is stt + Jets = 831.76+19.77

�29.20(scale)+35.06
�35.06(PDF + as) pb as calculated with the Top++2.0

program to NNLO order in perturbative QCD, including soft-gluon resummation to NNLL
order (see [53] and references therein), and assuming a top-quark mass mt = 172.5 GeV. The
first uncertainty comes from the independent variation of the factorization and renormaliza-
tion scales, µF and µR, while the second one is associated to variations in the PDF and as, fol-
lowing the PDF4LHC prescription with the MSTW2008 68% CL NNLO order, CT10 NNLO
order and NNPDF2.3 5f FFN PDF sets (see [54] and references therein, and [55–57]). The
cross section of single t-quark production is split into three channels: t-channel, s-channel,
and tW-channel. For the first two channels the cross section is further split by the charge of
the t-quark. Their cross sections are given in Tab. 2.3 for a center-of-mass energy of 13 TeV.

Table 2.3: Single t-quark production cross sections at 13 TeV center-of-mass energy and
mt = 172.5 GeV.

Process s (t-quark) [ pb] s (t-quark) [ pb]

t-channel 136.02+4.09
�2.92(scale) ± 3.52(PDF + as) 80.95+2.53

�1.71(scale) ± 3.18(PDF + as)
s-channel 6.35+0.18

�0.15(scale) ± 0.14(PDF + as) 3.97+0.11
�0.09(scale) ± 0.15(PDF + as)

tW-channel 71.7 ± 1.80(scale) ± 3.40(PDF)

The single t-quark production cross sections are calculated for a top quark mass of 172.5 GeV
at next-to-leading order (NLO) in QCD with Hathor v2.1 [58, 59]. The PDF and as uncer-
tainties are calculated using the PDF4LHC prescription [60] with the MSTW2008 68% CL
NLO [61, 62], CT10 NLO [63] and NNPDF2.3 [64] PDF sets, added in quadrature to the scale
uncertainty. The single t-quark events may pass the event selection in presence of additional
emissions and event misreconstructions.

The next largest background is the Drell-Yan process. It has two leptons in its final state
and may look similar to the signal process in presence of two additional jets. This process is
estimated with a data-driven procedure as explained in Sec. 6.6.

Backgrounds arising from misreconstructed jets as leptons are called Misid. leptons. They
are estimated with a data-driven procedure as explained in Sec. 6.5. The misreconstruction
of a jet as a lepton may occur in any physics process. All events, that are subject to such
misreconstructions, constitute the Misid. leptons background.

Physics processes involving the production of multiple bosons are called “VV(V)” (V =
{W, Z, g}). They contribute as background in case the bosons decay to two leptons and two
b-quarks. An overview of all relevant VV(V) processes is given in Tab. 2.4.

Standard model single Higgs boson processes are another set of background processes. Al-
though their cross sections are significantly smaller compared to the other background pro-
cesses, they are still several orders of magnitude larger than the one of the inclusive signal
process. The cross sections [66] of all relevant single Higgs boson processes are given in
Tab. 2.5 for a center-of-mass energy of 13 TeV and mH = 125 GeV.
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Table 2.4: Relevant VV(V) processes with their production cross sections [65] at 13 TeV
center-of-mass energy. Uncertainties on these cross sections are given in
Tab. 8.3.

Process s [ pb] Accuracy

Wg 656.40 NLO
Zg 179.49 NLO
WW 118.7 NNLO
WZ (2`2q, 3`n) 10.03 NLO
ZZ (2`2q) 5.52 NLO
VVV 0.48456 NLO

Table 2.5: Single Higgs boson production cross sections [66] at 13 TeV center-of-mass en-
ergy and considering mH = 125 GeV. In addition, the accuracy in QCD and
EWK corrections are given.

Process s [ pb] with relative uncertainties QCD Acc. EWK Acc.

H(GGF) 48.58 ± 3.9%(th. Gauss) ± 1.9%(PDF) ± 2.6%(as) N3LO NLO
H(VBF) 3.782+0.4%

�0.3%(scale) ± 2.1%(PDF) ± 0.5%(as) NNLO NLO
WH 1.373+0.5%

�0.7%(scale) ± 1.7%(PDF) ± 0.9%(as) NNLO NLO
ZH 0.8839+3.8%

�3.1%(scale) ± 1.3%(PDF) ± 0.9%(as) NNLO NLO
ttH 0.5071+5.8%

�9.2%(scale) ± 3.0%(PDF) ± 2.0%(as) NLO NLO
tHq 0.07425+6.5%

�14.9%(scale) ± 3.5%(PDF) ± 1.2%(as) NLO NLO
tHW 0.01517+4.9%

�6.7%(scale) ± 6.1%(PDF) ± 1.5%(as) NLO NLO

Even though the single Higgs boson processes are considered as background processes, they
are sensitive through higher order EWK corrections to the Higgs boson self-coupling kl.
Exemplary Feynman diagrams for these corrections are shown in Fig. 2.17.

g
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kl
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H H

H

kl kl
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Figure 2.17: Feynman diagrams of exemplary EWK corrections to single Higgs boson
processes involving the self-coupling kl.

The effect of EWK corrections of single Higgs boson processes on the self-coupling kl is taken
into account in the presented analysis.

Finally, several other small background processes are considered and grouped together in
this analysis. These include among others tt + Jets production in association with one or two
more bosons V = {W, Z, g} and the production of two tt pairs. A full list of these background
processes are listed in Tab. 2.6.
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Table 2.6: Relevant remaining background processes with their production cross sec-
tions [65] at 13 TeV center-of-mass energy. Uncertainties are negligible in the
scope of this analysis if none are given.

Process s [ pb] with relative uncertainties Accuracy

ttW (1`n, 2q) 0.6001+12.9%
�11.5%(scale) ± 2.0%(PDF) ± 2.70(as) NLO

ttZ (2`, 2q) 0.9504+9.6%
�11.3%(scale) ± 2.8%(PDF) ± 2.78(as) NLO

ttW+W� 0.006981 NLO
ttg 4.215 NLO
tg 1.018 NLO
tZq 0.0735 NLO
tttt 0.008213 NLO
W+W+ + Jets 0.04926 NLO

Overview of All Relevant Physics Processes

A summary of all physics processes considered for this analysis is given in Tab. 2.7.

Table 2.7: All physics processes considered for this analysis, including their estimation
method and color scheme.

Process Sub-process(es) Estimation method Color

HH(GGF) bbW+W�, bbt+t�, bbZZ simulation (sim.) H
HH(VBF) bbW+W�, bbt+t�, bbZZ simulation H
Top tt + Jets, single t-quark simulation H
Drell-Yan + Multiboson Drell-Yan, VV(V) data-driven, sim. H
Misid. leptons Misid. leptons data-driven H
Other single H, remaining bkgs. simulation H

The processes are partly grouped together based on similarities, such as their rate, event
topologies, and kinematic distributions. Additionally, Tab. 2.7 lists their estimation method
and the color scheme used in the figures throughout this thesis. The first two processes are
the two different signal production modes. Afterwards, all background processes are listed
sorted by their contribution to the presented analysis.

2.2.4 Overview of Related Publications

Three publications from the ATLAS and CMS collaborations using proton-proton collisions
at the LHC at

p
s = 13 TeV are related to the presented analysis. Two publications are

searches for Higgs boson pair production in the HH ! bbW+W� decay mode. One is
the predecessor to the presented analysis in this thesis by the CMS collaboration [67] using
data recorded in the 2016 data-taking period. This analysis analyzes the dileptonic final state
of the HH ! bbW+W� decay mode. The other publication is from the ATLAS collabora-
tion [68] using data of the Run 2 data-taking period. It considers one Higgs boson decay via
a pair of bottom quarks and one via a pair of W/Z bosons or a pair of tau leptons to two
leptons (e, µ). The third publication summarizes and combines the current Higgs boson pair
production analysis results from the CMS collaboration [69] using data recorded in the Run
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2 data-taking period. It does not include the results of the HH ! bbW+W� decay channel.
An overview of all results is given in Tab. 2.8.

Table 2.8: Overview of results from publications of the CMS and ATLAS collaborations.

Collaboration L [ fb�1] Analysis Obs. (Exp.) Limit on µ Ref.

CMS 35.9 HH ! bb`n`n 79 (89) [67]
ATLAS 139 HH ! bb`n`n 40 (29) [68]

CMS 137

HH ! bbZZ 32 (40) [69]
HH ! Multilepton 21 (19) [69]
HH ! bbgg 8.4 (5.5) [69]
HH ! bbtt 3.3 (5.2) [69]
HH ! bbbb 6.4 (4.0) [69]

CMS 137 Combined 3.4 (2.5) [69]





Chapter 3

Experimental Setup

This chapter describes the experimental setup needed for this analysis. First, an overview of
the Large Hadron Collider is given with its different collider and fixed-target experiments.
Then, the Compact Muon Solenoid detector and its subdetector systems are described in
greater detail. Afterwards, this chapter explains how data is recorded and filtered through a
multi-stage trigger system. Next, a description of the reconstruction algorithms for different
particle types, such as leptons and jets, follows. Finally, the NanoAOD data format and the
computing infrastructure used for this analysis are described.

3.1 The Large Hadron Collider
The Large Hadron Collider (LHC) is the most powerful human-built particle collider located
and operated by the Conseil Européen pour la Recherche Nucléaire (CERN) in Switzerland.
It is built inside the tunnel previously used for the Large Electron-Positron collider (LEP)
and lies between 45 m and 170 m under the earth’s surface. A chain of pre-accelerators exist
for the LHC, which have been used for the LEP accelerator as well. Multiple experiments are
served by the LHC, of which the four largest are all collider experiments with dedicated en-
try points. Namely, these are the ALICE [70] (A Large Ion Collider Experiment), ATLAS [71]
(A Toroidal LHC Apparatus), CMS [72] (Compact Muon Solenoid), and the LHCb [73] (LHC-
beauty) experiments. Additionally, the LHC and its pre-accelerator accelerate particles for
multiple fixed-target experiments. A sketch of the accelerator chain and the associated ex-
periments is shown in Fig. 3.1.

At first, protons are obtained from a H2 source by applying a strong electric field separat-
ing protons and electrons. Afterwards, these protons are accelerated by the LINAC2 to the
energy of 50 MeV. From there on, the Proton Synchrotron Booster, the Proton Synchrotron
(PS), and the Super Proton Synchrotron (SPS) increase the energy of the protons to 450 GeV
in three stages. Finally, the protons are injected into the LHC ring, accelerating them to
the beam energy of 7 TeV with a bunch spacing of 25 ns using radiofrequency cavities. The
bunches are kept on their trajectory with 1232 superconducting magnets. Each of these mag-
nets provides a magnetic field of 8.33 T and is operated at less than 2 K. Orbit corrections and
beam focusing shortly before the interaction points are achieved using higher-order multi-
pole magnets. At design operation, the LHC stores 2808 proton-proton bunches in each
beam at a center-of-mass energy of 14 TeV and can deliver an instantaneous peak luminosity
of 1034 cm�2 s�1 for the ATLAS and CMS experiments. The two lower luminosity experi-
ments, LHCb and TOTal Elastic and diffractive cross section Measurement (TOTEM) [75],
are served with 1032 cm�2 s�1 and 2 · 1029 cm�2 s�1 with 156 bunches respectively. The AL-
ICE experiment is a dedicated ion experiment aiming at an instantaneous peak luminosity of

35
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Figure 3.1: Sketch of the complete accelerator chain of the LHC experiment and its asso-
ciated collider and fixed-target experiments [74].

1027 cm�2 s�1 for lead-lead ion collisions and recording collisions at a center-of-mass energy
of 5.52 TeV for lead ions delivered by the LHC. The instantaneous luminosity Linst. allows to
infer the event rate of a certain physics process with the associated cross section s:

dN
dt

= sLinst., (3.1)

with Linst. =
N2

b nb frevgr

4penb⇤
· F for a Gaussian beam distribution. (3.2)

Here, Nb denotes the number of particles per bunch, nb the number of bunches per beam,
frev the revolution frequency, gr the relativistic gamma factor, en the normalized transverse
beam emittance, b⇤ the beta function at the collision point, and F the geometric reduction
factor due to the beam inclination at the interaction point. The number of total events can be
inferred by integrating formula 3.1 over the measurement time:

N =
Z dN

dt
dt = s

Z
Linst.dt = sL, (3.3)

with the integrated luminosity L.

The LHC has been in operation since 2008 and successfully recorded events containing Higgs
bosons leading to its discovery in 2012. The two discovery experiments ATLAS and CMS are
multi-purpose experiments, mainly built to discover the Higgs boson and new physics be-
yond the standard model of particle physics. In particular, both experiments push the fron-
tiers of the Higgs sector, high precision SM measurements, new physics in the dark matter,
extra dimensions, and supersymmetric sector. Both experiments provide results with similar
competitive precision and thus serve as cross-validation of scientific results for each other.
The primary purpose of the LHCb experiment is to explain CP violation by analyzing events
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containing b- and c-quarks with a dedicated tracking system. The ALICE experiment focuses
on quark-gluon plasma studies in ion collisions only.

During the Run 2 data-taking period (2015-2018) the LHC operated at 13 TeV delivering in
total an integrated luminosity of around 164 fb�1, of which the CMS experiment recorded
around 150 fb�1. Fig. 3.2 shows the integrated luminosity as a function of the measurement
time.
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Figure 3.2: Integrated luminosity delivered by the LHC (blue) and recorded by the CMS
experiment (yellow) for the Run 2 data-taking period [76].

The analysis presented in this thesis uses data taken between 2016 and 2018. The small
integrated luminosity of 4 fb�1 recorded in 2015 is omitted.

3.2 The CMS Experiment
The multi-purpose Compact Muon Solenoid (CMS) experiment has been built near the french
city Cessy approximately 100 m underground to investigate physics phenomena at the TeV
scale. In particular, the nature of electroweak symmetry breaking induced by the Higgs
mechanism, multiple new theories, such as supersymmetry (SUSY) or extra dimensions,
and high precision tests of the SM are studied at the CMS experiment. This comprehen-
sive physics program requires a versatile detector setup. Key features of this setup are the
ability to accurately measure particle momenta and energies, identify particle types, such
as muons or b-quark jets, and reconstruct trajectories of charged particles. These features
allowed to observe the Higgs boson in 2012 mainly in the H ! gg and the H ! ZZ ! 4`
decay. The H ! gg channel heavily profited from the high mass resolution of the di-photon
system and an efficient p0 rejection, while the H ! ZZ ! 4` channel mainly benefited from
the high mass resolution of the Z boson and the precise identification of e and µ leptons.
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A sketch of the CMS detector is depicted in Fig. 3.3. It has an onion-like multi-layer subdetec-
tor structure in a cylindrical shape. Its center is located at the interaction point, surrounded
by the pixel and strip tracking subdetectors. The subsequent layers are the electromagnetic
(ECAL) and hadronic (HCAL) calorimeters, followed by a superconducting magnet of 3.8 T
with several iron return yokes. Finally, the muon chambers are installed as the outermost
subdetector between the iron return yokes. The cylindrical detector is encapsulated at both
sides with two endcaps holding additional muon chambers and a forward calorimeter.

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000 A

PRESHOWER
Silicon strips ~16 m2 ~137,000 channels

SILICON T"CKERS

MUON CHAMBERS
Barrel: 250 Dri# Tube, 480 Resistive Plate Chambers
Endcaps: 540 Cathode Strip, 576 Resistive Plate Chambers

FORWARD CALORIMETER
Steel + Quartz $bres ~2,000 Channels

STEEL RETURN YOKE
12,500 tonnes

HADRON CALORIMETER (HCAL)
Brass + Plastic scintillator ~7,000 channels

CRYSTAL 
ELECTROMAGNETIC
CALORIMETER (ECAL)
~76,000 scintillating PbWO4 crystals

Total weight
Overall diameter
Overall length
Magnetic $eld

: 14,000 tonnes
: 15.0 m
: 28.7 m
: 3.8 T

CMS DETECTOR

Pixel (100x150 μm2) ~1.9 m2 ~124M channels
Microstrips (80–180 μm) ~200 m2 ~9.6M channels

Figure 3.3: Cutaway view of the CMS detector including its subdetector systems [77].

The detector design is described in more detail in the following subsections, starting with its
coordinate system, followed by the subdetector systems from the inside to outside based on
references [72, 78–81].

3.2.1 Coordinate Conventions

The origin of the coordinate system of the CMS experiment is located at the nominal collision
point of the two beams. The x-axis points towards the center of the LHC ring, while the y-
axis points towards the earth’s surface. The z-axis is aligned counterclockwise along the
beam direction. The angular orientation in the x-y plane is described by the azimuthal angle
f, whereas the polar angle q is measured in the z-x plane. In order to retain lorentz invariance
for differences in the z-x plane, the pseudorapidity is introduced:

h = � ln
✓

tan
q

2

◆
. (3.4)

The angular separation of two particles can now be computed using the azimuthal angle f
and the pseudorapidity h:

DR =
q

(Df)2 + (Dh)2. (3.5)
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Due to the energy conservation in the x-y plane, many variables are calculated only with
respect to their transverse component, such as the imbalance of energy in the x-y plane called
Emiss

T .

3.2.2 Tracking System

The innermost subdetector of the CMS detector is the tracker installed closely around the
interaction point. It comprises two systems: the silicon pixel and the silicon strip tracking
systems. Both systems cover together a region of |h|  2.5. Within this region, charged
particles traverse depletion zones induced by bias voltages, as both tracking systems utilize
semiconductor technology. Traversing these induces electron-hole pairs, allowing to mea-
sure ionization currents and thus the position of the charged particle for a single pixel or at
least two strip modules. Multiple positions can be aggregated and used to reconstruct the
helix-shaped trajectory of the charged particle. The radius of curvature of these trajectories
is then used to calculate the particle’s full three-momentum.

Initially, the silicon pixel tracker consisted of three layers and two disks until the end of the
data-taking period in 2016. During the technical stop at the end of 2016, the pixel tracker
was upgraded to four layers and three disks in the scope of the phase-1 upgrade plan. The
upgraded layout is shown in Fig. 3.4a and Fig. 3.4b. This upgrade allowed maintaining
the same (or even better) tracking efficiencies for high luminosities and thus higher pile-
up rates up to and exceeding 50. The four layers are distanced from the center at radii
3.0 cm, 6.8 cm, 10.9 cm and 16.0 cm and the three disks at longitudinal positions of ±29.1 cm,
±39.6 cm ±51.6 cm with a radial coverage from 4.5 cm to 16.1 cm. They provide a four-hit
coverage for trajectories up to |h| < 2.5. The tracking efficiency is noticeably reduced at the
crossing point of the layers and disks near |h| = 1.5. In comparison to the original layout the
number of pixels has been increased by a factor of 1.6 from 48 ⇥ 106 to 79 ⇥ 106, each of size
100 ⇥ 150 µm2.

Outside of the silicon pixel tracking system, the silicon strip tracking system is located. The
layout of this system is shown in Fig. 3.5. It consists of 15 400 modules divided into two
parts in the barrel region, namely the TIB (Tracker Inner Barrel) and the TOB (Tracker Outer
Barrel), and two parts in the endcap region, called the TEC (Tracker End Cap) and the TID
(Tracker Inner Disks). The TIB and TOB cover in total ten silicon strip layers between radii
of 20 cm and 110 cm, the TEC comprises nine layers in the region 120 cm < |z| < 280 cm and
the TID three disks, which close the gap between the TIB and TEC. The first two layers of
the TIB and TOB are made of modules, which are tilted to each other at an angle of 100 mrad
in order to operate in the r � f and r � z planes. This results in a single-point resolution for
the barrel region of 23 � 34 µm (35 � 52 µm) in the r � f direction and 23 µm (52 µm) in z
direction for the TIB (TOB). In the endcap region, the first two ring layers of the TIC and TEC
and the fifth of the TEC are also ”stereo” modules.

3.2.3 Electromagnetic Calorimeter

The homogeneous electromagnetic calorimeter (ECAL) is designed to measure electromag-
netic showers, primarily induced by photons and electrons. A cross section view of the
ECAL can be found in Fig 3.6. The ECAL consists of lead tungstate (PbWO4) crystals of
which 61 200 are installed in the barrel region and 7324 in each endcap. Lead tungstate pro-
vides several material benefits, such as a short radiation (Moliere) length of X0 = 0.89 cm
(2.2 cm), fast light emittance and radiation hardness. This results in a compact ECAL lay-
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(a) Sketch of the original (bottom) and upgraded (top) pixel tracker [80].

(b) Sketch of the original (left) and upgraded (right) pixel tracker [80].
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Figure 3.5: Layout of the silicon strip tracking system, composed of the TIB and TOB sub-
systems in the barrel region and the TID and TEC subsystems in the endcap
regions [78].
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Figure 3.6: Cross section sketch of the electromagnetic calorimeter, consisting of the EB
system in the barrel region and the ES and EE systems in the endcap re-
gion [78].

out, which is fast and radiation-resistant. When a photon or electron traverses a crystal, it
is absorbed by the dense scintillator material. The primary processes of this energy loss are
bremsstrahlung and photon pair production, which result in an electromagnetic shower and
thus excites the scintillator material. When the material returns to its ground state, a certain
amount of scintillation light is emitted, which is a measure of the deposited energy. The low
light yield of lead tungstate is compensated by amplifying it with avalanche photodiodes in
the EB and vacuum phototriodes in the EC.

The barrel section of the ECAL, called EB, covers a region of up to a radius of 129 cm and
|h| of 1.479. Each crystal in this region has a granularity of 0.0174 in Df and Dh with a
front face cross section of ⇡ 22 ⇥ 22 mm2 and a length of 230 mm. This corresponds to a
radiation length of 25.8X0. The endcap section of the ECAL, called EE, is located at z =
±314 cm and covers a range of 1.479 < |h| < 3.0. These crystals have a front face cross
section of ⇡ 28.6 ⇥ 28.6 mm2 and a length of 220 mm, resulting in a radiation length of 24.7X0.
Additionally a preshower detector (ES) exists in the region of 1.653 < |h| < 2.6. The ES
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comprises two planes of silicon strip detectors, behind two absorption layers at depths 2X0
and 3X0. This detector system allows to distinguish neutral pions decaying into two nearly
parallel photons from single photons.

The energy resolution of the ECAL can be parametrized by a function with three terms. The
first is a stochastic term, taking into account fluctuations of photon and electron counts, the
second one is a noise term, arising from noise in readout electronics and other collision events
(pile-up). Finally, a constant term exists, respecting imperfections of the detector material
and energy losses in dead detector materials [72]:

⇣s
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⌘2
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◆2
+ (0.30%)2 , (3.6)

where E is given in GeV. This energy reconstruction is achieved by summing 3 ⇥ 3 crystals.

3.2.4 Hadronic Calorimeter

The hadronic calorimeter (HCAL) is a sampling calorimeter designed to measure the energy
of strongly interacting particles. It consists of alternating layers of brass (absorber) and plas-
tic scintillators. Brass has a short interaction length and is non-magnetic. Hadronic show-
ers are created when particles traverse the brass layers. These showers are more complex
as they consist of a hadronic, mainly consisting of charged pions, and an electromagnetic
component, arising from neutral pion to photon decays, which limits the energy resolution.
Figure 3.7 shows the layout of the HCAL detector, consisting of four subsystems, namely
the HB (barrel region), the HE (endcap region), the HO (outer barrel region), and the HF
(forward region).

HF
HE

HB

HO

Figure 3.7: Layout of the calorimetry detector systems [72]. The hadronic calorimeter
consists of the HB and HO systems in the barrel region, the HE system in the
endcap region and the dedicated HF system in the forward region for large
values of |h|.

The HB covers a region of |h| < 1.4, while in the endcap region the HE covers a region of
1.3 < |h| < 3.0. Both consist of 2304 towers each with a granularity of Dh ⇥ Df = 0.087 ⇥

0.087 for |h| < 1.6 and Dh ⇥ Df ⇡ 0.17 ⇥ 0.17 for 1.6 < |h| < 3.0. In addition, the HO exists
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to measure late starting showers and shower tails in the region of |h| < 1.26 as the combined
stopping power of the EB and HB is sometimes not sufficient enough in the barrel region.
It is located in the barrel muon system outside of the magnetic coil and uses the latter one
as an additional absorber layer extending the absorption power of the HB to ten interaction
lengths. The steel/quartz fibre HF extends the HCAL to the forward region 3.0 < |h| < 5.0.
Its front face is 11.2 m distanced from the interaction point. In total, 900 towers exist in the HF
with a granularity of Dh ⇥ Df = 0.175 ⇥ 0.175. The choice of steel and quartz fibre for this
part of the HCAL is mainly motivated by the harsh radiation environment in the forward
region, allowing survivability for up to ten years of LHC operation. The energy resolution
(in GeV) of the HCAL has been measured to be [82]:
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3.2.5 Solenoid

The superconducting solenoid creates a magnetic field of up to 4 T to bend the trajectories
of charged particles. This allows the momentum measurement using the trajectory’s radius
of curvature and thus its charge. The sign of muons decaying from narrow resonances with
an energy of ⇡ 1 TeV can be determined with this solenoid at a momentum resolution of
⇡ 10%. This precision is required by the muon system, ensuring a good performance of the
muon system. Its inner bore has a diameter of 6.3 m, a total length of 12.5 m, and weighs
220 tons. The flux is returned by an iron yoke of 10 000 tons. The solenoid encapsulates the
tracking systems and the calorimeters and is operated at ⇡ 4.5 K in order to make the coil
superconducting. Its strong magnetic field causes large mechanical deformations resulting
in several millimeters displacement of yoke disks in the endcap region.

3.2.6 Muon Chambers

The outermost subdetector system are the muon chambers. Up to these chambers, almost all
particles are absorbed already, except for muons and neutrinos. While the latter ones leave
the CMS detector without a trace, the muon chambers allow precise measurements of the
momentum and energy of muons. In combination with the reconstructed trajectory of the
tracking subdetector system, the resolution of these measurements can be significantly im-
proved. In total, three types of gaseous detector parts are used as shown in Fig. 3.8, namely
the drift tube (DT) chambers, the resistive plate chambers (RPC), and the cathode strip cham-
bers (CSC).

The gaseous detectors measure electrical currents when muons traverse them by ionizing the
gas. The released charge carrier creates an avalanche while drifting through an electric field,
which leads to a measurable current at anode wires and cathode strips. Spatial information
can be inferred from the corresponding cathode strip, allowing the reconstruction of the
muon trajectory and thus the momentum from its radius of curvature.

In total, the muon chambers cover a region of |h| < 2.4. In the barrel region (|h| < 1.2) there
are 250 DT chambers organized in four layers together with six RPCs. They are interleaved
with the iron return yoke and located at radii of approximately 4.0 m, 4.9 m, 5.9 m and 7.0 m.
The DT chambers are designed to provide a global resolution of ⇡ 100 µm in the r � f direc-
tion. The endcap region comprises 486 CSCs complemented by three RPC chambers (until
|h| < 1.6) to cover a region of up to |h| < 2.4. The CSCs provide a spatial resolution of
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Figure 3.8: Layout of the muon chambers, comprising the three subdetector parts. In
the barrel region the DT and RPC chambers are located, while in the endcap
region the RPC and CSC chambers are installed [78].

⇡ 200 µm. While the RPC can barely compete with the spatial resolution of the DT and CSC,
it has a time resolution, which is significantly smaller than the time difference of two bunch
crossings (25 ns), helping to identify the corresponding bunch crossing.

The track reconstruction efficiency has been measured to be 95 � 98% for the year 2010 (
p

s =
7 TeV) [83] and the years 2015 � 2016 (

p
s = 13 TeV) [84].

3.2.7 Data Acquisition and Trigger System

Given the high collision rate, a multi-stage trigger system [85] is deployed at the CMS exper-
iment. A data rate of approximately 40 TB per second is obtained for a typical event size of
approximately one mega byte [81] and a bunch crossing every 25 ns. This rate corresponds
to a collision rate of 40 MHz. Out of those collisions, only a small fraction is interesting for
the CMS physics program. In addition, the data acquisition system is only capable of storing
a data stream of approximately 100 MB per second [86] on disk.

The first stage of this trigger system is the so-called Level-1 trigger. It accepts a maximum
data rate of 100 kHz, spending at most 3 µs for a decision per event. Events are held in
memory buffers on frontend electronics for this period, overcoming the time between two
consecutive bunch crossings. Of these 3 µs, only 1 µs is spent on trigger decision calculations,
while the rest of the time is spent on signal transit between the detector and the trigger
hardware. This limits the available amount of information to make the trigger decision. In
the end, only information from the calorimeters, the muon chambers, and their correlations
can be used. From these ”trigger primitives” objects are built, such as photons, electrons,
muons, and jets, but also event level objects, such as HT and Emiss

T . The trigger decision
is then based on the presence of these objects and their transverse momentum and energy.
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Dedicated hardware, i.e., Field Programmable Gate Arrays (FPGAs), are used at the Level-1
trigger to minimize latencies.

The next stage is the HLT trigger, which is a pure software trigger. Here, a total processing
time of approximately 1 s is spent for the trigger decision. At this stage, more event informa-
tion and more precise calibrations are used, close to the one used by offline physics analyses.
Multiple trigger decisions are grouped into ”paths”. After each step in such a path, it is
decided whether the event is kept or not. These decisions are sorted such that timely calcu-
lations are performed later, minimizing the total processing time. The HLT trigger farm is
designed to output an event rate of approximately 1000 events per second [87].

3.2.8 Physics Object Reconstruction

The previously described CMS detector collects signals from up to O(108) readout channels
during one bunch crossing. However, these signals need to be transformed into interpretable
outputs for physics analyses, such as hits in the tracking system and clusters from energy de-
posits in calorimeters. Finally, particle hypotheses, or “physics objects”, can be reconstructed
from these outputs. The primary dependence of the physics objects on the collected signals
from the CMS subdetectors is described in the following:

Muons are identified and reconstructed mainly based on the response of the muon cham-
bers.

Electrons (and photons) primarily use the energy deposits in the ECAL for identification
and reconstruction. Electrons are further reconstructed with their corresponding track
in the tracking system.

Jets are made of hadrons and photons. Their energy reconstruction is solely based on
calorimeter information. In addition, the tagging of jets, e.g., originating from b-quark
hadronization, and hadronic t decays, uses tracker information of the jet constituents.

Neutrinos cannot be measured by the CMS detector. However, they create an energy im-
balance in the transverse plane. This imbalance is called Emiss

T and is used to estimate
the neutrino presence in the event.

In addition, the correlation or “linking” of several subdetector systems provide great im-
provements for the reconstruction and identification of the above listed physics objects. The
reconstruction software for this linking approach is called PARTICLE-FLOW (PF) [88]. An
example of its benefits is shown in Fig. 3.9.

The figure shows the event display of a simulated dijet event. The reference jets (Ref jet) are
known from the simulation. Two jet reconstructions are shown, which aim to reconstruct the
reference jets: one using only calorimeter information (Calo jet), and one using the PARTICLE-
FLOW algorithm (PF jet). Here, the jets reconstructed by the PARTICLE-FLOW algorithm are
much closer to the reference jets in energy and direction compared to the jets reconstructed
using only the calorimeter information highlighting the benefit of exploiting information of
multiple subdetector systems simultaneously. The following subsections describe first the
PARTICLE-FLOW algorithm and then the reconstruction of the aforementioned physics objects
in detail.
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Calo jet 
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Calo jet 
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PF jet 
pT = 81 GeV 
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pT = 69 GeV 

Ref jet 
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Ref jet 
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Figure 3.9: Event display of a simulated dijet event [88]. In black, the reference jets are
depicted; in red, the reconstructed jets with the PARTICLE-FLOW (PF) algo-
rithm, and in blue, the reconstructed jets with only the calorimeter informa-
tion (Calo) are shown. Both reconstructions aim to reconstruct the reference
jets.

3.2.8.1 The PARTICLE-FLOW Algorithm

The PARTICLE-FLOW algorithm, part of the CMS software framework “CMSSW”, is de-
signed to identify and reconstruct all particles within an event from detector signals. By
linking these detector signals, particle candidates are found. Trajectories of charged parti-
cles, clusters of energy deposits in the calorimeters, and trajectories of muons serve as base-
line input for the algorithm. These inputs are the smallest unit, called “PF elements”, of
which multiple are linked together. The algorithm quantifies the distance between linked
elements as a quality measure, establishing a qualitative correlation of different detector in-
formation. The linked PF elements lead to a complete event description, in which muons,
electrons, photons, jets originating from light and heavy quarks, hadronic tau lepton de-
cays, and derived quantities are identified and reconstructed. A detailed description of the
PARTICLE-FLOW algorithm is given in Ref. [88].

Reconstruction of Charged Particle Tracks and Energy Clusters

The reconstruction of tracks in the inner tracking systems is based on an iterative fitting ap-
proach [89] using the combinatorial track finder [90] (CTF), which is an extended version of
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the combinatorial Kalman filter [91–94]. The fitting procedure starts with seeds from pairs or
triplets of hits and extrapolates new candidates of hits to outer tracking layers, which fit the
expected helix-like trajectory. The procedure ends once the end of the inner tracking system
is reached or no more hits are available. Tracks are required to be reconstructed with at least
eight hits, have at most one missing hit, originate close to the beam axis, and have trans-
verse momentum of more than 0.9 GeV. This fitting procedure is repeated multiple times
using different initial seeds with relaxed quality requirements in each consecutive iteration,
increasing the total tracking efficiency. Hits of tracks, which are kept, are masked for next
iterations in order to reduce computing time.

The clustering of energy deposits is performed separately for the ECAL and HCAL in the
barrel and endcap regions and the two preshower layers. Here, cluster seeds are identified
as the cells with the highest energy compared to their neighbors and fulfilling a certain seed
threshold. Neighboring cells are aggregated into a topological cluster if their energy is above
a certain threshold of ET. Cell energies are not exclusive to one cluster and can be shared
among different clusters. The final clusters are built within these topological clusters using
an expectation-maximization algorithm based on a Gaussian-mixture model. This model
can identify, e.g., two energy clusters deposited by two collimated photons originating from
a neutral pion decay within the same topological cluster.

Linking between Tracks and Energy Clusters

The PARTICLE-FLOW algorithm links the previously described charged particle tracks and
energy clusters. The linking is performed pairwise, considering only the nearest neighbors
in the h � f plane. This consideration minimizes computing time significantly due to the
O(n2) complexity. Multiple PF elements linked directly or indirectly are called PF blocks.
Starting from a track, its last hit is extrapolated to the energy clusters in the ECAL, HCAL,
and the two preshower layers. While the extrapolation depth for the HCAL is defined as
one interaction length, for the ECAL and the two preshower layers, it corresponds to the
expected depth for a typical longitudinal shower profile. A link is established if the track
extrapolation is within the energy cluster in the h � f plane for the ECAL and HCAL barrel
region and in the x � y plane for the ECAL endcaps and the preshower layers. In case of
ambiguities of track links to multiple energy clusters, only the one with the smallest distance
between the extrapolated track position and the cluster position in the h � f plane is kept.
The same procedure is performed to connect HCAL clusters to ECAL clusters and ECAL
clusters to preshower clusters. In addition, tracks are also linked together if they share a
common secondary vertex. Finally, the algorithm links tracks to the information of the muon
chambers.

Reconstruction and Identification of Particles

The PARTICLE-FLOW algorithm iteratively identifies particles using the aforementioned es-
tablished links. First, muon candidates are identified and reconstructed (cf. Sec. 3.2.8.2).
Their tracks and energy clusters are removed from the initial PF block. Next, electrons (and
energetic or isolated photons) are reconstructed (cf. Sec. 3.2.8.3). Their energy loss due to
bremsstrahlung is estimated by extrapolating photons as a tangent of the electron track to the
calorimeter. Again, their associated tracks and energy deposits in the ECAL and preshower
systems are removed from the corresponding PF blocks. Finally, the remaining elements in
the PF blocks are used to reconstructed hadrons and photons: first charged hadrons, taking
into account information of the inner tracking and HCAL system, then neutral hadrons and
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non-isolated photons only relying on energy clusters in the HCAL and ECAL (cf. Sec. 3.2.8.4).

In the end, muons, electrons, photons, charged and neutral hadrons are identified and re-
constructed. However, in rare cases, misreconstructions of especially muons can lead to
artificially large pmiss

T values. Sources are, e.g., muons reconstructed from cosmic muons
with trajectories close to the beam axis, misreconstructions of muon momenta, or energetic
charged hadrons reaching the muon chambers (”punch-throughs”). A post-processing step
takes care of these events without affecting events with genuine pmiss

T , such as tt + Jets events.

3.2.8.2 Muons

The reconstruction of muons [78, 88] is based on hits in the muon chambers and region-
compatible hits in the silicon trackers. The region compatibility requirement reduces com-
puting time significantly as the muon hit information in the tracker constitutes only a few
percent of the total available tracker information, allowing the reconstruction to run during
time critical HLT trigger decisions (online). Especially the fact that only muons (and neutri-
nos) can reach the muon chambers enables a high purity of the muon reconstruction. Three
different muon collections are reconstructed depending on the detector information, with a
reconstruction efficiency of 99%.

Standalone muons are reconstructed solely with the information of the muon chambers.
Track segments are built based on hits in the DT and CSC independently. Afterwards,
a fit is performed using the determined DT and CSC track segments as input seeds. The
fit is iteratively repeated and stopped once the outermost detector layer of the muon
system is reached. Finally, hits in the DT, CSC, and RPC chambers and the nominal
interaction point are combined to the trajectory of a standalone muon.

Global muons use the information of the muon chambers and the inner tracking system.
First, a standalone muon trajectory is extrapolated based on its expected path of flight
to the silicon tracker. Then, compatible tracks in the muon chambers and the silicon
tracker are matched. Here, only tracks in the silicon tracker are considered in a specific
region of interest defined by the extrapolated standalone muon trajectory. Both tracks are
fitted together to the trajectory of a global muon, improving the momentum resolution
for muons with large transverse momenta (pT & 200 GeV).

Tracker muons are defined by tracks in the silicon tracker, which can be extrapolated to
the muon chambers. These tracks need to have at least a momentum of 2.5 GeV and a
transverse momentum of 0.5 GeV. At least one match of a muon segment to the track
from the silicon tracker is required for a muon candidate to qualify as a tracker muon.

While global muons have a precise momentum resolution for muons with large transverse
momenta, tracker muons are a more suitable choice for muons with small momenta (pT .
10 GeV). These muons often do not reach the outermost layer of the muon system due to
absorption resulting in fewer hits in the muon chambers. The tracker muons and global muons,
merged in case they share the same trajectory in the silicon tracker, serve as input to the
PARTICLE-FLOW algorithm. The PARTICLE-FLOW algorithm considers additionally energy
deposits in the calorimeters, which are linked to the reconstructed track, yielding an im-
proved identification of muons. Muons, which are misreconstructed from punch-throughs,
are taken care of using additional selection criteria.
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3.2.8.3 Electrons

The reconstruction of electrons [78, 88] is based on their energy deposition in the ECAL
calorimeter, their trajectory in the silicon tracker, and the linking between both. The ma-
terial thickness of the detector causes a challenge for the reconstruction, whereby electrons
experience a significant energy loss due to bremsstrahlung. This energy loss manifests itself
through photon emission, which may create new electron-positron pairs, emitting photons
due to bremsstrahlung again. Thus, it is essential to collect the energy of bremsstrahlung
photons to ensure a precise electron reconstruction. Due to the solenoidal magnetic field, the
energy deposited by the bremsstrahlung photons is spread in the f direction. The low elec-
tron mass yields significant bremsstrahlung effects such that in 10% of the cases more than
95% of the initial energy is lost. In addition, other particles than electrons create signals in the
ECAL and the silicon tracker, unlike muons in the muon chambers, resulting in a reduced
identification efficiency and a higher misreconstruction rate.

The reconstruction starts first by building a cluster of energy clusters, called supercluster.
Two clustering algorithms [86, 95] take care of the supercluster reconstruction. Their main
purpose is to deal with the previously described energy spread in the f direction. The clus-
tering procedure is seeded by energy clusters above a certain threshold of ET. The resulting
superclusters then drive the seed finding for the track reconstruction. The supercluster allows
exploiting the fact that its energy weighted average describes an electron, which did not ex-
perience any energy loss. This initial position is extrapolated to the tracking system using
the expected flight path for both charge hypotheses. The first compatible hit in the innermost
pixel layer within a certain region requirement is used as a starting point. From there on, a
second hit is searched for in the next layer. Once both hits are found, they serve as seeds for
the track reconstruction. The trajectory is fitted similarly to the standard track reconstruction,
described in 3.2.8.1, taking into account energy losses due to bremsstrahlung. A dedicated
extension of the Kalman filter algorithm is used incorporating a non-linear Gaussian Sum
Filter (GSF) [96] accounting for kinks in the trajectory due to sudden energy losses.

In the end, more than ten variables are used, combined in a boosted decision tree, to iden-
tify isolated and non-isolated electrons in the barrel and endcap region separately. These
variables comprise information of the trajectory, such as its energy loss, information of the
energy deposits in the calorimeters, e.g., the energy ratio deposited in the ECAL and HCAL
calorimeters, and combined information, such as the position offset between the superclus-
ter seed and the extrapolated trajectory into the ECAL calorimeter. The identification per-
formance has been measured using a tag and probe method in Z/g⇤ ! e+e� events for the
Run 2 data-taking period [97] to about 60% identification efficiency for electrons with small
transverse momentum (pT  20 GeV) and 70 � 80% identification efficiency above.

3.2.8.4 Jets

Quark and gluons produced in proton-proton collisions are subject to the hadronization pro-
cess due to QCD confinement. This process occurs when two color charge carriers are sep-
arated in spacetime. The distance-dependent linear component of the QCD potential rises
and eventually exceeds an energy threshold, where the production of new quark anti-quark
pairs becomes energetically favorable. Color neutral baryons and mesons are created to-
gether with leptons and photons, originating from decays, bremsstrahlung, or photon con-
versions. A collection of different stable particles originating from the same initial quark or
gluon traverse the CMS detector in a collimated cone - a so-called ”jet”. The original quark
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or gluon energy and momentum can be inferred from the reconstruction of such a jet.

Clustering algorithms are used to merge regional and energy compatible stable particles into
jets. Here, the anti-kT algorithm [98], implemented in the FASTJET package [99], is used with
a distance parameter of R = 0.4 (0.8) to cluster small radius jets (large radius jets). The
clustering algorithm is robust against the presence of additional soft emissions or collinear
particle splittings, called infrared and collinear safety (IRC). Leptons and photons, which
have already been identified by the PARTICLE-FLOW algorithm and qualify as isolated, do
not participate in the jet clustering. All other particles undergo an iterative clustering, which
consecutively accumulates particles within the defined distance parameter R into jets. The
clustering is based on a distance measure for each particle (di) and each particle pair (dij):

di = p�2
T,i , (3.8)

dij = min
⇣

p�2
T,i , p�2

T,j

⌘
·

Df2
ij + Dh2

ij

R2 . (3.9)

In case dij is smaller than di, both particles are merged into one object. Both are excluded
from further clustering iterations; instead, the new merged object is added. A jet is found
once the condition di < dij is fulfilled. The clustering procedure finishes when all particles
are accumulated into jets. Particles with large transverse momenta (hard) are expected to
be closer to the center of the jet cone, thus clustered first. In contrast, particles with small
momenta (soft) are expected to be distanced further away from the cone center and therefore
merged in later iterations. This characterizes the strength of the anti-kT algorithm: it prior-
itizes hard particles and is less dependent on soft particles, which usually come from soft
emissions (IRC).

The energy calibration of jets (JEC) is performed in a factorized approach [100]. It comprises
a manifold of energy scale calibrations (JES) and an energy resolution calibration (JER). Con-
secutively energy corrections are applied to correct for offsets due to pileup effects, detector
responses, and differences between data and simulation.

Pileup offset corrections are applied to account for tracks and energy deposits from addi-
tional proton-proton collisions during bunch-crossings. Here, pileup interactions from
the same bunch crossing (in-time pileup) and previous and subsequent bunch crossings
(out-of-time pileup) are considered. In-time pileup is mitigated by removing charged
hadrons, which tracks match with pileup vertices. This procedure is called ”charged
hadron subtraction” (CHS). Out-of-time pileup effects are reduced by minimizing the
time window in which signal is collected in different subdetector systems. Additional
(overlapping) soft jets originating from pileup interactions are taken care of by the mul-
tivariate pileup jet identification algorithm [101, 102] (PUJETID). The remaining energy
diffusion due to neutral hadrons and out-of-time pileup is estimated by an extended
hybrid jet area method [100]. Finally, particle-level offsets between data and simula-
tion are estimated using zero-bias events [100] collected by a heavily prescaled random
trigger.

Detector simulations corrections are used to reduce differences induced by the detector
simulation. True (particle-level) jets are matched to reconstructed jets with a simulated
QCD multijet dataset. A detector response correction is calculated based on the arith-
metic mean between the matched particle-level jet and the reconstructed jet momen-
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tum. Correction factors are derived in bins of pT and h for different jet sizes. Especially
in regions of large |h| (|h| & 4.0), and the transitions regions at |h| ⇡ 1.3 and |h| ⇡ 3.0,
the detector response correction rises due to an increasing amount of detector material.

Residual differences are corrected in two steps. First, h-dependent relative JES differences
are estimated using the missing transverse momentum fraction method (MPF) [103] in
dijet events. In the second step, pT-dependent absolute differences are derived from
a global fit using Z + jets, g + jets, and multijet events. The resulting differences are
a few percent in the barrel region and up to 10% in the endcap region. Only in the
transition region of |h| ⇡ 3.0 the difference rises to approximately 20%. A significant
difference to the other corrections is that the residual differences are explicitly applied
to data.

Jet flavor corrections are account for differences between reconstructed and particle-level
jet momenta ratios for different jet flavors. The differences are estimated by calculating
this ratio for different MC generators. Following the recommendations of the CMS
collaboration, this correction is not included in the analysis presented in this thesis;
however, dedicated uncertainties are included.

These corrections are applied in strict order, as listed above. In each consecutive step, the
previous corrections are already incorporated. Figure 3.10 shows the effect of uncertainties
from the different correction sources.
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Figure 3.10: Uncertainties arising from jet energy scale corrections as a function of pT
(left) and h (right) for the data-taking period of 2018 [104]. The jets are recon-
structed using the PARTICLE-FLOW algorithm including the charged hadron
subtraction. The jet clustering is performed with the anti-kT algorithm using
a distance parameter of R = 0.4. For comparison, the uncertainty using data
recorded during Run 1 are shown.

For jets in the barrel region (Fig. 3.10, left), the total uncertainty is in the range of 1 � 5%,
rising towards low transverse momenta. In this low transverse momentum region, the effect
of pileup interactions is the most dominated one. The h-dependence is shown for a typical
jet with a transverse momentum of pT = 30 GeV in Fig. 3.10 on the right side. The total
uncertainty varies between 2% in the barrel region and up to 8% in the forward regions.
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3.2.8.5 Missing Transverse Energy

The presence of particles leaving the CMS detector undetected, e.g., neutrinos or particles
predicted by BSM theories, can be estimated by the event-level energy imbalance. An en-
ergy imbalance along the longitudinal axis (beam pipe) is not measurable as only partons of
the proton collide, which involve rather large uncertainties on their a priori unknown initial
energy; instead, an imbalance can be measured with sufficient accuracy in the transverse
plane as momentum conservation applies here. The pmiss

T (Emiss
T ) quantity serves as a mea-

sure of this transverse momentum (energy) imbalance. In the past, this quantity lead to the
observation of the W boson [105] at the UA1 experiment [106] with only six events, including
its mass measurement to mW = 81 ± 5 GeV.

The Emiss
T observable is calculated by summing the transverse momenta of all particles iden-

tified by the PARTICLE-FLOW algorithm:

~pmiss
T = �

Nparticles

Â
i

~pT,i, (3.10)

Emiss
T =

��~pmiss
T
�� . (3.11)

As described in the previous Sec. 3.2.8.4, jets are subject to several correction steps. The
impact of these corrections is propagated to the Emiss

T quantity by subtracting the difference
of the transverse jet momentum between the ”raw” PARTICLE-FLOW jet and the corrected
one:

~pmiss
T = �

Nparticles

Â
i

~pT,i �

Njets

Â
j

⇣
~pcorr.

T,j � ~pT,j

⌘
. (3.12)

The resolution of the Emiss
T observable is relatively coarse as all particles are considered in

the calculation, including their reconstruction inefficiencies. In addition, the presence of
pileup interactions complicates the reconstruction of Emiss

T . Thus, the Emiss
T resolution has

been found to be in the range of 10 � 30% using a simulated tt + Jets dataset [88].

In the presented analysis, two neutrinos are part of the final state of the signal process, yield-
ing a non-zero contribution of Emiss

T . The major backgrounds do not share this topology,
except for the dileptonic tt + Jets process, which also incorporates two neutrinos in the final
state; however, the spin-correlation of the H ! W+W� process (part of the signal process)
favors the collimated path of flight of both neutrinos, whereas a nearly uniform distribution
is expected for the dileptonic tt + Jets process. Thus, not only the Emiss

T quantity itself is
powerful in the presented analysis, but also angular correlations between the two neutrinos
(Emiss

T ) and other particles in the event.

3.2.8.6 Identification of b-quark Jets

Identifying b-quark jets is essential for the presented analysis as one of the two Higgs bosons
decays to two b-quarks. These jets contain long-lived b-hadrons, which have a relatively
sizeable decay length of approximately ct ⇡ 0.45 mm [78], leading to measurable secondary
vertices in the tracking systems. In addition, they are characterized by high track multiplic-
ities and an increased branching fraction to decays containing leptons. Jets originating from
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b-quarks are characterized by the collective of these features, which lead to the use of multi-
variate techniques - especially deep learning techniques - to build powerful discriminators.
Requiring jets to fulfill certain thresholds of such a discriminator allows identifying b-quark
initiated jets, also called ”b-tagging”, at a particular selection efficiency and misidentification
probability.

In the presented analysis, the DEEPJET algorithm [107] is leveraged. It is a deep neural net-
work that uses approximately 650 input features comprising information of charged and
neutral jet constituents, secondary vertices, and the whole event. Compared to preceding b-
tagging algorithms, the DEEPJET algorithm focuses on as many low-level features of the jet
constituents as possible. This immense feature space, except for the global event features, is
fed into 1 ⇥ 1 convolutions [108], which creates a constituent-level feature embedding. Next,
the embedded features are passed into recurrent layers (LSTM) [109], which are suitable to
deal with varying numbers of constituents in a jet. Finally, the outputs of the LSTM layers
and the global event features are forwarded to a fully-connected layer, which outputs jet
identification probabilities for heavy quark initiated jets (b-tagging or c-tagging) and light
quark or gluon initiated jets (u,d,s,g).

The performance of the DEEPJET algorithm has been measured using data collected in data-
taking period of 2017 [110]. Figure 3.11 shows the misidentification probability as a function
the b-tagging efficiency for the DEEPJET algorithm and its predecessor, the DEEPCSV algo-
rithm [111]. Due to performance differences of these algorithms between data and simula-
tions, dedicated scale factors (SF) are applied to simulation provided by the CMS collabora-
tion [112].

Ideal performance is achieved at low misidentification probabilities and high b-tagging ef-
ficiencies. The CMS collaboration provides three different working points for misidentifica-
tion probabilities of approximately 10% (loose), 1% (medium), and 0.1% (tight) respectively,
marked with circles and triangles in Fig. 3.11. It can be seen that the DEEPJET algorithm
outperforms its predecessor for every possible working point.

Semi-leptonic decays in b-quark jets are characterized by the presence of a neutrino, which
escapes the CMS detector and remains unmeasured. Thus, the energy of the b-quark jet
is misreconstructed, ultimately worsening the resolution of invariant mass of the H ! bb
system. A neural network based regression algorithm [113] is used in this analysis to correct
the b-quark jet energy spectrum.

The signal process of the presented analysis consists of two b-quark jets in the final state.
Choosing exemplary the medium working point of the DEEPJET algorithm, Fig. 3.11 sug-
gests a misidentification probability of approximately 1%, while the b-tagging efficiency is
at approximately 80%. Thus, this results in a total tagging efficiency for two b-quark jets of
nearly 65%. In addition, b-tagging also helps to reject background processes, which do not
incorporate b-quarks in their final state, leading to a significant reduction of the Drell-Yan
background contamination for this analysis.

3.2.9 The NanoAOD Data Format

This analysis leverages a new data format [114] released by the CMS collaboration, namely
NANOAOD. As described in Sec. 3.2.7 the typical event size is one megabyte initially; how-
ever, the NANOAOD data format has a reduced event content of 1 � 2 kB. This significantly
diminishes the amount of storage needed, providing a sustainable solution for the current
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Figure 3.11: Performance of the DEEPJET (blue) and DEEPCSV (red) b-tagging algo-
rithms measured with tt + Jets events for jets with a transverse momen-
tum larger than 30 GeV [110]. Three different working points are shown
(indicated by the colored markers), which are provided by the CMS collab-
oration to select b-quark jets at different misidentification probabilities and
b-tagging efficiencies.

and the upcoming high luminosity data-taking periods.

The event size reduction is achieved by storing only the most common event-level vari-
ables and high-level physics objects shared by the CMS physics program and by limiting the
float precision of their features, i.e., zeroing insignificant mantissa bits. Such a feature, e.g.,
the transverse momentum of a muon, is stored as a flat array. In addition, the number of
muons per event is stored, allowing to infer the relevant transverse muon momenta per
event. Cross-references between physics objects, such as generator level particles and recon-
structed particles, are stored with indices. All branches are stored using basic datatypes:
signed or unsigned integers, floats, or booleans. Figure 3.12 shows the relative size of the
different branch collections in a NANOAOD file averaged over all events using the number
of compressed bytes per branch collection for a typical dileptonic tt + Jets simulation dataset
in 2017. Due to the high jet multiplicities in tt + Jets events, the Jet and Generator Particle
collection occupy more than half of the total event size. The Other collection makes up the
next largest portion; it comprises global event information, trigger relevant information, and
track and vertex information.

In contrast to previous data formats, such as AOD [81], where physics objects are stored as
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Figure 3.12: The relative contribution of different branch collections, including the num-
ber of branches in brackets, for an (averaged) event within a typical dilep-
tonic tt + Jets simulated NANOAOD dataset (2017).

high-level C classes, no additional dependence on CMSSW is needed to interpret and an-
alyze these objects. The NANOAOD data format uses the LZMA compression algorithm;
however, in this analysis it has been recompressed with the ZSTD [115] compression algo-
rithm in order to speed up the decompression step.

3.3 Computing Infrastructures
Complex reconstruction algorithms, e.g., as described in Sec. 3.2.8, massive amounts of data
recorded during the Run 2 data-taking period as depicted in Fig. 3.2, and corresponding sim-
ulations require dedicated computing infrastructure. Over the last decades the computing
demands of LHC experiments have gradually risen, which finally led to the foundation of
the Worldwide LHC Computing Grid (WLCG) [81]. The WLCG connects multiple comput-
ing sites organized in four different tiers with (primarily) devoted duties: data acquisition
and storage (tape archiving), event reconstruction, calibration and skimming, simulation and
physics analysis.

The presented analysis further leverages the Visual Physics Analysis (VISPA) computing clus-
ter [11], which provides software libraries and hardware accelerators for high-performance
computing needed for fast analysis cycles and computing-demanding tasks, such as deep
learning.

In the following two sections, the WLCG and VISPA computing infrastructures and their use
for the presented analysis are described in order.

3.3.1 Worldwide LHC Computing Grid

The WLCG has a tiered architecture comprising approximately 170 geographically distributed
computing sites across 40 different countries. It is designed to archive, distribute, and ana-
lyze tens of petabytes of data recorded by different LHC experiments per year. Four different
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tier levels are operated with dedicated duties [81].

The Tier-0 computing site is located directly at CERN and shared by multiple LHC exper-
iments. Here, data is gathered from the CMS experiment, processed in a first recon-
struction step, and then archived to tape storage. From there, the data is distributed to
the Tier-1 sites.

The Tier-1 computing centers provide additional archiving capacities, which leads to se-
cure and robust data storage through site redundancy. In addition, offline reconstruc-
tion and calibration steps, as outlined in Sec. 3.2.8, are performed at these sites.

Tier-2 and Tier-3 computing centers are usually the smallest in terms of resources indi-
vidually; however, there are significant more sites (O(100)) of this type in comparison
to the Tier-1 sites (O(10)). Here, Monte Carlo simulation - only at Tier-2 sites - and
physics analysis are performed and thus used by the majority of CMS users.

While the CERN IT department centrally manages the Tier-0 computing site, the others are
operated, developed, and maintained by local universities and institutes. Typically, CMS
users only interact with the Tier-2 and Tier-3 sites and can transparently address those using
the CRAB workload management system [116], which can handle tens of thousands user jobs
simultaneously.

This analysis uses simulated and recorded events, which have been produced, reconstructed,
and calibrated with the WLCG resources. In addition, the conversion to the NANOAOD data
format (cf. Sec. 3.2.9) has been centrally performed and provided by the CMS collaboration
using the WLCG.

3.3.2 VISPA

The VISPA computing cluster currently comprises a few hundred logical CPU cores, at least
2 GB of random access memory (RAM) per core, about 30 GPUs, and approximately 100 TB
of local file storage. These resources are split between 13 individual machines, each backed
by SSD caches, enabling an enormous acceleration of repetitive access of data from the local
file storage. Even though the total CPU power is significantly smaller than typical Tier-2
and Tier-3 computing centers, the resources are more than sufficient to perform the analy-
sis presented in this thesis. Latencies of I/O operations are even diminished through the
SSD caches mentioned earlier. In addition, the VISPA cluster enables significant acceleration
through GPUs for the deep learning techniques used in the presented analysis. Finally, the
NANOAOD data format significantly reduces the storage and CPU needs, enabling small-
scale computing clusters as a viable alternative to the Tier-2 and Tier-3 computing centers.

The VISPA project is developed and maintained by the III. Physics Institute A at the RWTH
Aachen University. A web-fronted [12], allowing users to connect and interact with the com-
puting cluster transparently through a browser, facilitates the frequent use of VISPA for re-
search, education, and outreach [117, 118]. In order to improve the web-based usage and
thus deepen the possibility to share knowledge [119], the VISPA project is currently migrated
towards a JUPYTERLAB [120] based web-frontend [121].
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Analysis Techniques

The analysis presented in this thesis leverages several state-of-the-art analysis techniques.
These techniques are grouped into three different application fields: the processing of events,
a physics process classification with deep learning, and the final measurement. The tools and
techniques related to these three topics are described in this chapter.

The processing of events leverages a multitude of different software packages from the Scikit-
HEP [122] and NUMPY [123] ecosystems. These packages are described in the first section
of this chapter. They allow vectorization of event processing, i.e., simultaneous analysis of
multiple events in a single thread, and scaling of this processing to a distributed comput-
ing cluster. This leads to a significant analysis speedup, which unveils a new bottleneck:
the time spent on delivering data to the processing units (I/O latencies). Section 4.2 de-
scribes a caching mechanism to reduce these latencies. This mechanism has been published
in Ref. [13], and was developed during the analysis presented in this thesis.

The analysis presented in this thesis uses deep learning to classify collision events into differ-
ent physics processes. The mathematical foundation of deep learning, the training procedure
of neural networks, and more advanced deep learning techniques are explained in Sec. 4.3.

Methods for the statistical inference are described in Sec. 4.4 to extract upper exclusion lim-
its, best fit values with uncertainties, goodness-of-fit tests, and more. Finally, a software
package, called HH INFERENCE TOOLS, is used to apply these methods and is described in
Sec. 4.4.3. This package has been developed and maintained during the work of this thesis.
The HH INFERENCE TOOLS have been used to produce the results of the majority of Run 2
HH analyses of the CMS experiment, including results presented in Ref. [69]. In this thesis
they have been used to produce the results presented in chapter 8 and chapter 9.

4.1 Scientific Software Environment
This analysis utilizes software packages from the Scikit-HEP and NUMPY ecosystems. Each
serves its own purpose following a highly polylithic software design. In this section all
software packages and their purpose, which have been used in this analysis, are described in
detail. These packages are provisioned on the VISPA cluster using the CONDA [124] package
manager.

Workflow management: LAW
The software package LAW [125, 126] is used to automate each analysis step with full
flexibility. It ensures reproducibility and reduces the number of human errors signif-
icantly. Each step is isolated in a so-called “task”, which defines its inputs through
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requirements of other tasks, its outputs, and how they are produced. In this way, a
directed acyclic graph (DAG) of tasks is created, which is then executed in order by
the LUIGI [127] package. Each task defines its own parameters, that are passed up-
stream through the DAG, enabling a highly interactive and customizable behavior of
the analysis. In addition, the LAW package provides a simple interface to store and
access remote data, which is used in this analysis to facilitate file transfers between the
VISPA and the CERN computing clusters.

ROOT file reading and writing: UPROOT
The UPROOT [128] package solely serves the purpose of reading and writing ROOT [129]
files. This is facilitated by casting ROOT’s TSTREAMERINFO from a ROOT file to NUMPY
arrays. UPROOT is then able to interpret these arrays as different type of objects through
rather generic python classes (lightweight re-implementations of the corresponding
ROOT classes). In addition, UPROOT is able to handle different compression algorithms,
remote ROOT files (streaming), and to export data to multiple scientific libraries in
Python, such as PANDAS [130, 131] or CUPY [132]. In this work, UPROOT is used to
read the NANOAOD datasets, calibration files, and write one-dimensional histograms
for the statistical inference.

Jagged array manipulation: AWKWARD-ARRAY
AWKWARD-ARRAY [133] is a software package to manipulate nested and variable-sized
data with NUMPY-like idioms. This is particularly useful for LHC event data, since
the amount of particles (per type) varies per event resulting in a so-called “jagged”
data structure: awkward-arrays. The AWKWARD-ARRAY package allows to manipulate
these data structures with compiled operations, allowing the usage of vectorization.
In addition, custom behaviors are supported for awkward-arrays, e.g., four momenta
properties. Besides, the previously mentioned UPROOT package can natively stream
data from NANOAOD datasets into awkward-arrays.

Columnar HEP tools: COFFEA
The COFFEA [134] package uses the UPROOT and AWKWARD-ARRAY packages to pro-
vide a NUMPY-like interface to HEP collision events. While the package also includes
many standard tools for physicists, such as histogramming and plotting, this analy-
sis uses only the high-level data structure for NANOAOD files. This data structure
consists of nested records of jagged awkward-arrays that automatically resolve complex
relationships between collections in the NANOAOD files, such as mother-daughter
relationships of generator particles. These underlying records feature four momenta
properties and behaviors, which allow, e.g., the calculation of the invariant mass of two
particles or the calculation of the DR between two particles. The interface for process-
ing event blocks, scaling to computing clusters, and the tool for extracting jet energy
corrections have been adapted and optimized to the needs of this analysis.

Computational heavy lifting: DASK and DASK-JOBQUEUE
The processing of chunks of events is scaled to the VISPA cluster with DASK [14, 15]
and DASK-JOBQUEUE [16, 17]. In particular DASK-JOBQUEUE allows to deploy a DASK
cluster on the HTCONDOR [135] cluster of VISPA. In a first step, the number of events
of each file is read through local multiprocessing steered by DASK. Then, the full work-
flow is split into chunks of 10 ⇥ 105 events, that are submitted and processed in parallel
by multiple DASK workers, each with certain memory and CPU requirements, running
on the HTCONDOR cluster. Finally, their outputs are collected and merged by dedi-
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cated DASK workers (“mergers”), which have no memory limitations. These steps are
orchestrated by a DASK scheduler responsible for the coordination of all DASK work-
ers.

Histogramming: BOOST-HISTOGRAM
The BOOST-HISTOGRAM [136, 137] library provides an object-oriented interface to multi-
dimensional histograms. It is designed to operate memory efficient storage types in or-
der to minimize CPU cache misses. In addition, BOOST-HISTOGRAM supports weighted
input and a variety of axis types, such as categorical axes for, e.g., systematic variations
or analysis categories. In this analysis workflow, histograms are the output of the main
processing step, where analyzed events are binned into multi-dimensional histograms
to reduce the initial dimensionality (number of events) significantly.

Visualization: MATPLOTLIB and MPLHEP
MATPLOTLIB [138] is a Python software package for visualizing data. It is highly in-
tegrated with other scientific libraries, that provide NUMPY-like data structures. The
MPLHEP [139] package extends MATPLOTLIB to create publication-ready figures for the
HEP community. This analysis uses both packages for all visualizations except for the
ones related to the statistical inference.

Deep Learning: TENSORFLOW and TENSORFLOW SERVING
The TENSORFLOW [140, 141] software library with a NUMPY-like API for high perfor-
mance numeric calculations and automatic differentiation. Operations are compiled
into a static computing graph optimized with respect to hardware accelerators, such
as GPUs. Thus, it is highly suitable for modern computing-demanding deep learning
applications. TENSORFLOW provides a rich toolset for a vast variety of deep learning
architectures, layers, activation functions, optimizers, etc. In this work, TENSORFLOW
is utilized to train a physics process classification neural network. The trained network
is served on a single GPU for evaluation to the DASK cluster with the TENSORFLOW
SERVING [142] package.

4.2 Cache-Aware DASK Cluster
Parts of this section are published in Ref. “Fast Columnar Physics Analyses of Terabyte-
Scale LHC Data on a Cache-Aware Dask Cluster” [13].

When developing a physics analysis, many different studies need to be performed. Examples
include data-driven background estimations, efficiency measurements, training and evalu-
ation of multivariate methods, and determination of systematic uncertainties. All of these
studies typically require multiple processing of at least a significant portion of the data and
simulations. In addition, analyses are subjected to an experiment-internal peer review pro-
cess, which requires numerous further consolidation studies. Consequently, every data anal-
ysis is inevitably subjected to a large number of iterations.

The duration of an analysis cycle has considerably increased due to the very successful LHC
operation and the associated growth of recorded data. Typical analyzed data volumes are
in the order of terabytes (TB). Without further developments in analysis technology, the
prospect of the LHC upgrade for high luminosities will again significantly prolong analy-
sis cycles. Three key concepts are exploited in this work to compensate this increase and
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improve the runtime of an analysis cycle.

The first concept tackles the way of processing events. While classically collision events are
analyzed one after another, vectorized array operations can process multiple events simulta-
neously. The scientific Python ecosystem NumPy provides these vectorized array operations
using the processor-specific “single instruction multiple data” (SIMD) instruction sets.

Secondly, the programming paradigm “MapReduce” [143] is a key concept for this project.
Operations, such as selection and reconstruction, are mapped to subsets of collision events.
Their partial output is then accumulated (reduced) to a single output. Dask orchestrates this
paradigm on any computing cluster.

The third key concept is caching. Caching increases the efficiency of repeated data access.
Here, a caching mechanism caches collision data on processor-near solid-state disks (SSDs).
Subsequent analysis cycles benefit from this and show a substantial reduction in cycle time.
The caching is facilitated for each worker by the FSCache available within the Linux ker-
nel [144]. Once enabled for a particular network file system (NFS) mount-point, it operates
transparently upon all I/O requests for files therein. In particular, data is cached at a page-
size granularity (4 KB) which enables selective caching, i.e., of only the accessed branches
of a .root file. Since all I/O operations (read and write) fill the cache, the occurrence of
cache-trashing is minimized by only caching a certain volume, which is predominantly used
for write-once read-often data. The cache is configured to store its contents on the SSDs of
the workers, thus profiting from their superior data transfer rates.

Since each cache will only contain the contents of data requested by its worker at some point
prior, it is of utmost importance to route such requests - or rather the jobs that cause these
particular requests - in a cache-hit maximizing manner. This is done through a worker – job
affinity mechanism, where each worker and job is identified in a reproducible manner. The
identifier consists of 1) the worker by its hostname, 2) the job by the input file UUID, and 3)
the range of the event numbers.

These identifiers are then uniformly mapped into a high dimensional bounded space by in-
terpreting their cryptographic hash value (i.e., SHA512 [145]) as a vector of integers (i.e.,
[0..255]64). For any pair of such values a distance D can be calculated as such: D(~a,~b) =
Âi d(|ai � bi|) where d(x) = min(x, 256 � x). Each job is then assigned to the worker it has
the smallest distance to, ensuring a reasonably even distribution. The assignment is not
strict, allowing idle workers to steal jobs from busy workers. This concept is referred to as
work-stealing. It avoids trailing jobs due to heterogeneous job runtimes, thus improving
the overall runtime. Especially in the case of the addition or removal of workers, the affected
jobs are redistributed homogeneously while avoiding the reallocation of all other jobs. Addi-
tionally, the allocation ratio of jobs between workers can be changed smoothly by including a
worker-specific distance factor - which is used to equalize the workload despite the varying
processing power of all the workers. Multiple users can participate and profit from the data
caching when using the same files and affinity mechanism.

The performance of the VISPA computing cluster with on-worker SSD caching is measured
for a subset of simulated datasets in the NanoAOD data format. In total, the read data
amounts to 1439 GB, which corresponds to the event information of 1.05 ⇥ 109 events in the
scope of a realistic Higgs pair production analysis. All datasets are compressed with the level
ten Z-standard compression algorithm [115], which has been changed from NanoAOD’s de-
fault compression in order to reduce the decompression time. Our benchmark consists of
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multiple consecutive cycles. Throughout each cycle, 221 Dask workers carry out the process-
ing with one thread and 1.5 GB RAM each. Fig. 4.1 shows the performance benchmark for
ten cycles.
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Figure 4.1: Performance benchmark results for ten consecutive cycles.

The key message is that the runtime decreases substantially for the first few cycles. In total,
the improvement amounts to a factor of 14.9. The amount of data that is still read from
the NFS of the VISPA computing cluster is vastly reduced as more data is read from the
on-worker SSD caches. This effect converges for later cycles until almost all data is cached
directly in the on-worker SSDs. The close overlay of runtime and the amount of data, which
is still read from the NFS of the VISPA computing cluster, show a strong correlation between
runtime reduction and caching. The cache usage gradually converges to a maximum since
a work-stealing mechanism minimizes each cycle’s runtime at the cost of slight degraded
deterministic cache usage.

This analysis uses the above described cache-aware Dask cluster together with the resources
of the VISPA computing cluster and has benefited substantially from the reduced runtime.

4.3 Deep Learning
The research field of deep learning is on the rise thanks to major successes in pattern recogni-
tion [146, 147], natural language processing [147–149], and self-driving cars [150]. The rapid
progress in this field has been driven by the growing amount of data and the continuous



62 Chapter 4. Analysis Techniques

improvement of hardware accelerators, which led to the breakthrough of deep learning in
the early 2010s.

In the presented analysis, deep learning is utilized to identify physics processes, which aims
to isolate collision events involving Higgs boson pair production from other physics pro-
cesses. This section focusses on the deep learning methods, which have been used in this
analysis.

The structure of this section is as follows. First, the mathematical foundations of deep learn-
ing are introduced. Subsequently, the training process of deep neural networks is explained.
Finally, the specifics of multi-class classification are discussed. The mathematical founda-
tions are based on Ref. [151].

4.3.1 Mathematical Foundation

Neural networks connect input data to output data of arbitrary dimensions through a map-
ping. The most fundamental mapping is a linear model:

y(x) = W · x + b, (4.1)

where y denotes the output data, x the input data, W the weight matrix, and b the bias vector.
The weight matrix and the bias vector often comprise a vast amount of adjustable parame-
ters, which make neural networks known to be general function approximators. Figure 4.2
shows a visualization of such a linear mapping in the case of a three dimensional input vec-
tor and a two dimensional output vector. The arrows denote the six weights of the weight
matrix and the two biases are depicted by the dark gray circles.
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Figure 4.2: Sketch of linear mapping.

In general, processes in nature are non-linear requiring the extension of the linear mapping
by at least one so-called “activation” function. This extension is defined as follows:

y(x) = s (W · x + b) , (4.2)

where s denotes a non-linear function. Typical activation functions are depicted in Fig. 4.3.

This linearity-breaking component (Eq. 4.2) also allows to chain multiple mappings, whereas
multiple nested linear mappings can always be rewritten as a single linear mapping. Such
a chained architecture of multiple “layers” is shown in Fig. 4.4 defining a basic deep learn-
ing architecture, the so-called “fully-connected neural network”. In general, deep learning
architectures are referred to as “deep neural networks” (DNNs).

The activation functions, number of layers (depth), and number of nodes per layer (width) of
a fully-connected neural network are part of the “hyperparameter” family. Such parameters
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Figure 4.3: Common activation functions (left: “sigmoid”, middle: “tanh”, right:
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Figure 4.4: Sketch of a deep neural network.

are decided at the discretion of the user, and are usually domain-specific, i.e., they depend on
the used dataset and learning task. The output layer for regression problems usually features
a linear activation function in the last layer, whereas classification problems typically have a
“softmax” (Eq. 4.3) activation function in the last layer:

softmax(x) =
ex

Ân
i=1 exi

. (4.3)

Hyperparameters are not learned during the training phase of a neural network; in contrast
to the weights and biases, that are iteratively adjusted during the training phase through a
gradient-based optimization procedure. This procedure is explained below.

4.3.2 Neural Network Training

A neural network is primarily characterized by its set of trainable parameters q ..= {W, b}
connecting the input vector to the output vector. Finding the most suitable values for these
trainable parameters is of utmost importance for the performance of a neural network. At
first, these parameters are initialized using a probability density function (pdf), usually a
uniform or Gaussian distribution, enforcing the activations to have unit variance and zero
mean prior training. This initial randomness in the model avoids the learning of the same
parameters in each node. In “supervised” learning, which presupposes labeled data, the
parameter adjustment procedure is based on quality measures between the neural network
output prediction y(x, q) and the truth ŷ. This measure is usually called “loss function” (L);
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common choices are the “mean squared error” (MSE) for regression tasks and the “cross-
entropy” (CE) for classification tasks:

LMSE = (y(x, q) � ŷ)2 , (4.4)

LCE =
k

Â
j=1

�ŷj log
�
yj(x, q)

�
, (4.5)

where k denotes the number of classes for the LCE loss function.

The optimization procedure for all trainable parameters relies on the “gradient descent” al-
gorithm, which is based on the partial (“first order”) derivatives of the loss function with
respect to the trainable parameters. The gradient descent algorithm is defined as:

qt+1 = qt � arqL(q), (4.6)

where a denotes the learning rate, and qt the trainable parameters at iteration t. The gradient
descent algorithm is depicted in Fig. 4.5 for a linear regression.
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Figure 4.5: Sketch of the gradient descent algorithm for a linear regression.

The gradient descend algorithm updates the trainable parameters in the direction of the
steepest descent of the loss function. This is done by iteratively adjusting the trainable pa-
rameters in the direction of the negative gradient of the loss function. The learning rate a
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is a hyperparameter determining the step size of the algorithm. It is a rather sensitive hy-
perparameter, as too small learning rates might lead to a slow convergence or even prevent
convergence to the minimum, whereas too large learning rates might overlook it and hence
never reach it.

In practice, the gradient descent algorithm is usually applied to a small subset (“mini batch”)
of the input data. This modification of the algorithm is called “stochastic gradient descent”
(SGD). The update of the parameters is calculated by the average of gradients of the mini
batch:

E [rqL(q)] =
1
n

n

Â
i=1

rqLn(q), (4.7)

where n denotes the mini batch size. The SGD algorithm has a few practical advantages: a
fast gradient calculation on the mini batch in contrast to the computational burden for the
whole dataset, and the fact that the mini batch is randomly sampled from the dataset helps
the algorithm to overcome unwanted local minima.

Nowadays, optimization algorithms, such as ADAGRAD [152, 153], RMSPROP [154], and
ADAM [155], incorporate in addition “adaptive learning rates” [156] and “momentum” [157]
for faster and more stable convergence. These modifications improve the optimization pro-
cedure by leveraging information about gradients from previous iteration steps.

The gradients are calculated using backpropagation, a recursive procedure that calculates
the gradients of the loss function with respect to the trainable parameters. Consider the loss
function L of neural network with L layers, where the input layer is l = 1 and the output
layer is l = L:

L = L (aL (qL, aL�1 (qL�1 . . . a1 (q1, x) . . . ))) (4.8)
with al(ql , x) = sl (Wlx + bl)| {z }

zl

and ql = {Wl , bl} , (4.9)

where sl denotes the activation function of layer l, and ql the trainable parameters of layer
l. The partial derivative can be calculated using the chain rule. Consider the following
definition for the (last) layer l of a neural network:

zl = Wlal�1 + b, (4.10)
al = sl(zl), (4.11)

L = (al � y)2 . (4.12)

The partial derivative of the loss function with respect to the trainable parameters of layer l
is calculated as follows:
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)
∂L

∂Wl
=

∂L

∂al
·

∂al
∂zl

·
∂zl
∂Wl

= 2 (al � y) · s0

l (zl) · al�1 (4.13)

)
∂L

∂bl
=

∂L

∂al
·

∂al
∂zl

·
∂zl
∂bl

= 2 (al � y) · s0

l (zl) · 1. (4.14)

Since ∂L

∂al
(here: ∂L

∂al
= 2 (al � y)) and s0

l (zl) can be computed very efficiently, the gradients
can also be calculated efficiently. This algorithm can be applied to any layer l of the neural
network, which allows to calculate a gradient through all layers backwards starting from
the output layer. One update step for the trainable parameters comprises multiple steps.
First, a full forward pass through the network is performed calculating the output aL of the
network, and the value of loss function L. Then, the gradients are estimated by backpropa-
gation. Here, the values al , al�1, and zl are needed (see Eq. 4.14). In practice, they are cached
after the first step (forward pass) and reused for the second step (backpropagation) enabling
highly efficient computations. Finally, the trainable parameters are updated by the gradients
according to Eq. 4.6.

One update step is performed on a previously described mini batch of the input data. The
whole training procedure is repeated for a number of epochs, where an “epoch” denotes
a full pass through the whole dataset. The training procedure is finished when the loss
function converges to a minimum or when a user-defined maximum number of epochs is
reached.

In order to avoid a statistical bias, the input data is usually split into three subsets: a training
set, a validation set, and a test set. The training set is used to train the neural network, the
validation set to evaluate the performance of the neural network during the training proce-
dure and hyperparameter tests, and the test set for the final evaluation. A typical training
procedure, including the training and validation set and the “generalization gap” between
the neural networks performance on these sets, is shown in Fig. 4.6.

The validation set helps to detect “overfitting” of the neural network. Overfitting occurs,
when the neural network learns statistical fluctuations of the training set. This becomes
visible when the loss as a function of epochs improves on the training set, but worsens on
the validation set as visible in Fig. 4.6 for t > tc. A training is considered “successfully
converged”, when the training and validation loss have been minimized, are stagnating, and
do not show signs of overfitting, i.e., at epoch tc in Fig. 4.6. The test set is only used once,
after the training procedure is finished.

4.3.3 Additional Techniques

This section describes additional techniques to improve, stabilize, and generalize the training
and performance of neural networks. K-fold cross validation, regularization, and some solu-
tions for the vanishing gradient problem are discussed. The section closes with a description
of the Lorentz Boost Network (LBN) [158].

K-Fold Cross Validation

The classic dataset splitting into a training, validation, and test set comes with a pitfall: only
parts of the input data are used for the training and the final application of the neural net-
work. In addition, the validation set is typically chosen to be significantly smaller than the
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Figure 4.6: Sketch of the loss on the training and validation dataset as a function of
epochs. Overfitting of the neural network is visible at t > tc. The perfor-
mance difference on the training and validation set is called “generalization
gap”.

training and test set in order to have the most data available for the training procedure and
the final evaluation. This pitfall can be avoided by a splitting technique called “k-fold cross
validation” described in Ref. [159]. The k-fold cross validation is shown in Fig. 4.7 for k=3.

The k-fold cross validation splits the data into k subsets, called “folds”. The training proce-
dure is repeated k times, where in each iteration a different fold is used as validation set and
test set, whereas all remaining folds serve as the training set. This way the neural network
can use the whole dataset for training, validation, and testing. The number of folds deter-
mines also the number of neural network trainings resulting in an averaged neural network
performance among k different trainings, thus improving the generalization capacity.

Regularization

Regularization helps to avoid overfitting of neural networks. Several regularization tech-
niques exist, of which the most common are parameter norm penalties, dropout, and early
stopping. These regularization techniques are described in the following section.

Parameter norm penalties are penalty terms added to the loss function. These terms are
primarily based on the weights of the network itself. Minimizing these prevents numerically
large weights indicating overfitting. The two most common parameter norm penalties are
the L1 [160] and L2 [161] norm penalties. Both extend the original loss function and are
defined as:
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Figure 4.7: Sketch of k-fold cross validation with k=3. First the full dataset is split into
three folds. Then, the training procedure is repeated three times, where in
each iteration a different fold is used as training, validation, and test set. The
final performance of the neural network is the average of the three iterations.

L1 penalty: L
0 = L + l

n

Â
i=1

|wi| (4.15)

L2 penalty: L
0 = L + l

n

Â
i=1

w2
i , (4.16)

where l is a hyperparameter steering the strength of the penalty, and wi are the weights of
the neural network.

Dropout [162] is a technique, where during the training process random nodes are ignored
(typically 10% � 50% of all nodes). Thus, in each pass the neural network “looks” slightly
different resulting effectively in an ensemble training, which are less susceptible to overfit-
ting. This mechanism is applied during training, for the validation and test dataset all nodes
are used.

Early stopping is a very pragmatic regularization technique based on the fact that overfitting
becomes visible when the validation loss increases again. In this case, the training process is
stopped immediately and the neural network is used as it was trained in the previous epoch.
This method prevents overfitting, but does not guarantee good training, since a good local
minimum may not have been reached yet.
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Vanishing Gradient Problem and its Solutions

The “vanishing gradient problem” might occur when training especially deep neural net-
works. The more layers (and thus parameters) a network comprises the more prone it is to
receive vanishing small gradient updates, which in turn leads to a slow or even stagnating
training. A few solutions to this problem are described in the following.

The choice of activation function can help to avoid vanishing (or even exploding) gradients.
The hyperbolic tangent function has gradients between 0..1. Thus, chaining many layers with
the hyperbolic tangent activation function leads to vanishing gradients, as these gradients
are multiplied with each other according to the chain rule (see Eq. 4.14). In contrast, the
ReLU activation is more robust with gradients of either 0 or 1.

Normalization of features within the neural network is another a common technique to avoid
vanishing gradients. This technique is called “batch normalization” [163]. It applies a trans-
formation to the output of a layer by subtracting the mean of that batch and dividing by its
standard deviation. In this way, the output of the shift is centered around zero and has a
standard deviation of one. This avoids numerical values in the extreme regions of typical
activation functions (e.g. tanh or sigmoid), where the gradients are vanishingly small.

Another common approach to train very deep neural networks are residual neural net-
works [164] (“ResNets”). They consist of blocks of layers in which layer outputs are passed
through residual shortcuts to later layers, essentially introducing shortcuts in the neural net-
work. Such a shortcut, skipping two layers, is defined as follows:

zl = s (Wl�1 [s (Wl�2 · x + bl�2)] + bl�1 + x) , (4.17)

where zl defines the output of the l-th layer, s the activation function, W and b the trainable
parameters, and x the input to this block, which is additionally added to the output of the l �
1-th block, creating a shortcut for x to bypass layers. These shortcuts can carry the gradient
through many layers, without diminishing its numerical value excessively. Residual neural
networks have become very popular after their highly successful application in computer
vision challenges, such as winning the “ImageNet” [165] challenge in 2015.

Many more solutions, such as gradient clipping [166] and self-normalizing networks [167],
exist to tackle this problem. However, these techniques were not used in the context of this
thesis.

Lorentz Boost Network

Many successful deep neural network architectures are designed to exploit symmetries of
the input data. A great example in pattern recognition is the translation invariance of con-
volutional neural networks [146]. In the field of particle physics, the Lorentz Boost Net-
work (LBN) [158] architecture exploits the invariance of Lorentz transformations in the SM
to autonomously learn high level features from the four momenta of input particles. The
architecture of the LBN is shown in Fig. 4.8.

It creates global linear combinations through trainable weights between these particles. Two
sets are defined, one for particle combinations and one for rest frames. Then, the LBN boosts
pairwise combined particles into combined rest frames. Out of these boosted particle combi-
nations new high level features are extracted, creating a so-called “physics embedding”. The
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Figure 4.8: Sketch of the LBN architecture [158]. It comprises multiple layers starting
from the input four vectors of final state particles of an event, then creating
trainable particle and rest frame combinations, performing a lorentz boost
between them, and finally extracting features from these boosted particles.

new high level features are the four momenta, pT, p, and the invariant mass of each boosted
particle combination, as well as cos a ..=

�
~pi ⇥ ~pj

�
/
�
||~pi|| ⇥ ||~pj||

�
of all pairs i, j of boosted

particle combinations.

4.4 Statistical Inference
In order to measure the Higgs boson pair production, statistical methods are leveraged. Ex-
plicitly the signal strength parameter µ = s/sSM and the coupling measurements are in-
ferred from a maximum likelihood fit between an expected model based on simulation and
recorded data. This fit includes systematic uncertainties that are subject to physics-inspired
priors and correlations, and statistical uncertainties.

First, the construction of the likelihood function is described. This section comprises the
description and treatment of different types of uncertainties, which are included in the like-
lihood function as nuisances parameters.

Then, the method to measure the signal strength parameter and the coupling measurements
is presented. In addition, the concept of “upper limits” is introduced, which is commonly
used in searches for new physics. The section of statistical methods finishes with the descrip-
tion of goodness-of-fit tests, that are used to quantify the agreement of the expected model
and measured data.

The last section describes the toolkit used to perform the statistical inference.

4.4.1 Likelihood Construction

The likelihood observing the data count d given a model expectation l for an n bin experi-
ment is the product of Poisson distributions per bin and is defined as follows:
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L (l|d) =
n

’
i

ldi
i

di!
e�li

| {z }
Poisson of bin i

. (4.18)

The expected model l can be further decomposed in a signal s and a background b expec-
tation typically estimated from simulation, of which the signal is scaled by the free floating
signal strength µ:

li = µ · si + bi. (4.19)

In addition, the expectations si and bi are subject to a set of statistical and systematic un-
certainties, which may affect any combination of processes and bins with a certain strength.
These are introduced as nuisance parameters q, modeled by prior distributions p, and are
inferred from physics-inspired measurements and predictions. The likelihood function is
extended to:

L (µ, q|d) =
n

’
i

(µ · si (q) + bi (q))di

di!
e�(µ·si(q)+bi(q))

·

p

’
j

pj
�
qj
�

, (4.20)

where q is the set of all nuisance parameters, and p the total number of nuisance parameters.

For this thesis, three different types of nuisance parameters are of importance: rate-changing
nuisances, shape-changing nuisances, and statistical uncertainties, discussed hereafter.

Rate-Changing Nuisances

Rate-changing nuisance parameters only affect the normalization of one or multiple pro-
cesses. They can vary the yield of the affected processes, without alternating the shape of the
corresponding histograms. These nuisance parameters are implemented with log-normal
prior distribution with a width corresponding to the strength of the normalization uncer-
tainty:

p (q) =
1

p
2psq

· exp

"
�

(ln q)2

2s2

#
, (4.21)

where s denotes the width of the distribution. In contrast to the natural choice of a Gaussian
prior, a log-normal probability density distribution avoids negative values for large widths.
This prevents unphysical results, such as negative event counts.

Shape-Changing Nuisances

In contrast to rate-changing nuisance parameters, shape-changing nuisance parameters can
additionally change the shape of histograms, i.e., they affect a set of bins with different
strengths in potentially different directions simultaneously. They are derived by three ref-
erence points for each of these nuisance parameters: the nominal histogram, and the ±1s
variations (often referred to as “up” and “down” variations) of the corresponding system-
atic uncertainty. The likelihood function (Eq. 4.20) demands a continuous functions for the
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nuisance parameters, which is realized by a dedicated interpolation strategy [168] using the
aforementioned reference points. Between the �1s and +1s a quadratic interpolation is
used, whereas a linear extrapolation is used outside of this range.

In rare occasions the interpolated function may lead to negative event counts in some bins.
This is avoided by using a clipping strategy, that sets the event count of affected bins as:

Bin yield = 10�5
· min

⇣
1, max

h
10�10, N

i⌘
. (4.22)

This strategy sets the bin yield to a value larger than zero, but smaller than 10�5. In addi-
tion, it scales with the integral of the nominal histogram (N ), and thus, avoids an artificial
injection of events. Such injection are in the order of 10�5 events expectation per bin (i.e., bin
counts of signal processes).

Histogram variations with extremely large statistical fluctuations may become problematic
for the fit and lead to unphysical results. This can happen if the estimation of the “up” and
“down” variations stem from a smaller set of simulated events. In these cases, the varia-
tions are smoothed using the “353QH twice” algorithm [169]. The affected histograms are
identified with the following c2 test:

c2 =
1
N

·

N

Â
i

✓
v � n

sv

◆2
< 1, (4.23)

where N denotes the total number of bins, v (n) the bin content of the varied (nominal)
histogram, and sv the statistical fluctuation of the varied bin. In case the c2 test statistic
yields a numerical value smaller than one, both “up” and “down” variations are smoothed,
even if only one of them triggered the c2 condition.

Statistical Uncertainties

Statistical uncertainties of data are included in the likelihood function as a Poisson error
sdata, stat. =

p
N. The picture is different for simulation as one simulated event does not al-

ways correspond to one expected event in a bin. With the help of event weights, the expected
event yield and its statistical uncertainty in a bin reads:

Nexp. = Â
i

wi, (4.24)

sstat. =
r

Â
i

w2
i , (4.25)

where Nexp. denotes the expected event count from simulation, wi the event weight of the
i-th event, and sstat. the statistical uncertainty. This introduces the statistical uncertainty as
an additional nuisance parameter in the likelihood function for each process and bin, re-
sulting in Nbins · Nprocesses nuisance parameters in total. In order to reduce the amount of
nuisance parameters in this case, the “Barlow-Beeston”-lite [170] approach is used. It sim-
plifies the statistical uncertainties within one bin to a single one with a Gaussian or Poisson
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prior distribution in case a minimal amount of events is present in that bin, typically collaps-
ing Nbins · Nprocesses nuisance parameters to at least Nbins nuisance parameters in total. In this
analysis, the threshold for the minimal amount of events per bin is set to 10.

4.4.2 Statistical Methods

The starting point of the statistical inference is a binned summary statistic (histogram), one
for recorded data and one for the expectation. The expectation is based on a model consist-
ing of a background and a signal hypothesis typically estimated from simulation. The signal
strength modifier µ scales the contribution of the signal hypothesis following Eq. 4.19. The
compatibility between the “signal+background” (µ 6= 1) and the recorded data is of major
interest for the validity of the expectation model. In these searches exclusion limits are set
based on the CLs method [171, 172] commonly used among the CMS and ATLAS collabora-
tions.

Exclusion limits

Exclusion limits are set with the help of the profiling likelihood ratio qµ, which is the best
discriminator between two hypotheses according to the “Neyman-Pearson lemma” [173]:

qµ = �2 · ln
L

⇣
µ, ˆ̂q|d

⌘

L
�
µ̂, q̂|d

� with µ̂  µ, (4.26)

where µ̂ and q̂ maximize the likelihood function L in Eq. 4.20, and ˆ̂q maximizes the likelihood
function for a fixed µ. In order to obtain one-sided (upper) exclusion limits, µ has to be larger
than µ̂. The profiling likelihood ratio qµ is then used to calculate the CLs values as a function
of the signal strength modifier:

CLs =
pµ

1 � pµ=0
with pµ =

Z •

qµ

p
�
qµ|µ, q̂

�
dq, (4.27)

where pµ is the p-value as a function of the signal strength modifier µ, and p
�
qµ|µ, q̂

�
its

underlying probability density function (pdf). This probability density function is obtained
by sampling a sufficient number of data points (toys) from the full uncertainty model or by
approximating this pdf with an asymptotic formulae [174]. The upper limit on the signal
strength modifier is then calculated by solving Eq. 4.27 for µ with CLs = 0.05.

High energy physics analyses typically introduce two kinds of upper limits: expected and
observed upper limits. While the observed upper limits are calculated with real data, the
expected upper limits are calculated by using a synthetic dataset [174] often referred to as
“Asimov” dataset. By using the “Asimov” dataset, the sensitivity of an analysis can be de-
termined without looking into the recorded data (blinded analysis), and thus avoids biases.

Profiled maximum likelihood fit

It is crucial to determine the best fit values µ̂ and q̂ for the signal strength modifier and the
nuisance parameters, respectively. The best fit values are found by maximizing the likelihood
function, fulfilling the condition:
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µ̂, q̂ = arg max
µ,q

L (µ, q|d) . (4.28)

In practice, the likelihood function is transformed into a negative log-likelihood function
(NLL), where the best fit values are estimated by minimization instead. The negative log-
likelihood function reads:

NLL = �2D ln L (µ, q|d) . (4.29)

The NLL is scaled by a factor of 2 in order to transform the NLL distribution asymptotically
into a c2 distribution. Besides, the NLL is corrected from an offset, which is denoted by D.
With these transformations the NLL distribution can be used to extract the best fit value, and
its one and two sigma uncertainty. The conditions for the measurement with uncertainty for
the signal strength modifier with its uncertainties are:

NLL(µ̂) = 0, (4.30)
NLL(µ̂ ± 1sµ̂) = 1, (4.31)
NLL(µ̂ ± 2sµ̂) = 4. (4.32)

In reality, the simultaneous minimization with respect to µ and q is often computationally
expensive, especially in presence of a large number of nuisance parameters. Therefore, the
concept of “profiling” is introduced, where for every value of µ the set of best fit values ˆ̂q for
the nuisance parameters is measured. This way, the NLL is not minimized with respect to all
parameters, but only with respect to the nuisance parameters. In the resulting c2 distribution
constructed from multiple values of µ, the best fit value and its uncertainties can be read off
according to the conditions in Eq. 4.30. This procedure works likewise for each nuisance
parameter. Two measures are introduced to validate the quality of the fit and the estimation
of the corresponding nuisance parameter, called “pull” and “constrain”:

pull =
q̂ � qpre-fit

Dqpre-fit
, (4.33)

constrain =
Dqpost-fit

Dqpre-fit
, (4.34)

where qpre-fit denotes the initial value of the nuisance parameter (“pre-fit”), q̂ the best fit value
(“post-fit”), and Dqpre-/post-fit their uncertainties. The pull measures the deviation between
the pre-fit estimation and the best fit value of the nuisance parameter in units of the pre-fit
standard deviation. The pulls of all nuisance parameters are expected to follow a Gaussian
distribution, which motivates most pulls to lie between �2s and +2s. Outliers can occur,
but should be investigated to assure that their prior estimation is reasonable. The constrain
is the relative difference between the uncertainty of the pre-fit estimation of the nuisance
parameter, and the measured uncertainty of the best fit value. The pre-fit uncertainty has a
width of �1 to +1. The post-fit uncertainty can be measured more precisely with the help of
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dedicated control regions, leading to a smaller uncertainty on the final measurement. This
effect is called “constrainment”. Vice-versa, the post-fit uncertainty might also be larger than
the pre-fit estimation, which hints that the pre-fit estimation was likely too optimistic. This
is often referred to as a nuisance parameter “release”.

Saturated goodness of fit test

A good agreement between recorded data and the expectation, especially in control regions,
is essential to validate the quality of the expectation and the uncertainty model. The level
of agreement can be quantified using “goodness of fit” (GOF) tests. A variety of GOF tests
exist, as there is no optimal test statistic according to the “Neyman-Pearson lemma” due to
the absence of an alternative hypothesis. In this analysis, a generalization of the c2 test [175]
is used, that is applicable to histograms.

The underlying test statistic for this GOF test is based on the following likelihood ratio of a
Gaussian distributed data model and a “saturated” model [176]:

q =
L

Lsaturated
, (4.35)

with L =
N

’
i=1

1q
2ps2

i

exp
✓

�
(di � µi)2

2s2
i

◆
and (4.36)

Lsaturated =
N

’
i=1

1q
2ps2

i

, (4.37)

where di mark the observation, µi the expected mean, and si the standard deviation of the
i-th bin with a total of N bins. The saturated model is obtained when setting the observa-
tion to the expected mean for each bin. The likelihood ratio is then transformed into a c2

distribution:

q =
N

’
i=1

exp
✓

�
(di � µi)2

2s2
i

◆
(4.38)

! c2 = �2 ln q =
N

Â
i=1

✓
di � µi

si

◆2
. (4.39)

In practice, the c2 distribution is obtained by drawing pseudo-experiments (“toys”) from the
post-fit expectation and its uncertainty model. For each toy the c2 function from Eq. 4.39 is
evaluated by substituting di with the toy expectation, and using the post-fit expectation for
µi. Likewise, one c2 value with recorded data can be calculated. Using the c2 distribution
estimated with toys and the c2 value obtained from data, one can infer a p-value p, which
quantifies the agreement between the expectation and the data. Typically, a threshold of at
least p � 0.05 is used to quote a sufficiently good agreement. Very large p-values (p � 0.95)
indicate a too conservative uncertainty model.
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4.4.3 Higgs Pair Production Inference Tools

Higgs pair production analyses in the CMS experiment aim to measure the same coupling
strength modifiers based on the techniques described in the previous section. Therefore, a
common software package [18] with extensive documentation [19] called HH INFERENCE
TOOLS has been developed for use with all Higgs pair production analyses. The HH INFER-
ENCE TOOLS minimize the potential for individual errors, unify extraction and visualization
techniques, and automatically ease the process of combining multiple analyses.

This is achieved by a mutual data structure of inputs (“datacards”). From there on, a pipeline
of inference steps is applied with the LAW software package. The computational workload
is carried out by the Higgs combine package [177] developed by the CMS collaboration.
Defining standardized pipelines with LAW allows to scale these computations to distributed
computing clusters and reuse as many intermediate computations as possible.

This toolbox contains pipelines for the statistical methods described in Sec. 4.4.2 and more:
extracting one-sided confidence intervals (upper limits) from hypothesis tests, measuring
couplings and nuisance parameters (likelihood profiles), measuring discovery strengths (sig-
nificances), and many diagnostic measures for the quality of the fit performed. The latter
include goodness-of-fit tests, differences between priors and posteriors (“pulls” and “con-
strains”), impacts of nuisance parameters on fit results, and correlations between parame-
ters. In addition, the HH INFERENCE TOOLS provide a set of scripts for the manipulation of
datacards, and the visualization of systematic uncertainties and event counts. Finally, two
interactive browser-based viewers are provided to inspect potentially large datacards and
correlation matrices.

Currently, the HH INFERENCE TOOLS are actively used throughout (almost) all Run 2 Higgs
pair production analyses and their combination. They have already been successfully used
to produce parts of the results presented in Ref. [69].
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Analysis Strategy

The presented analysis searches for HH production in the dileptonic bbW+W� decay chan-
nel. The considered production modes are gluon-gluon fusion (HH(GGF)) and vector boson
fusion (HH(VBF)). The final state is composed of two leptons, two neutrinos, and two bottom
quarks. Only leptonic final states, including e and µ, are considered, which results in three
decay channels: µµ, ee, and eµ. Both neutrinos cannot be measured by the CMS detector;
instead, the missing transverse energy Emiss

T is used in this analysis.

This final state particle composition is the same as for the dileptonic tt + Jets process, which
constitutes for the most dominant background process in this search. Also, single top pro-
duction and Drell-Yan processes add large background contributions. The latter one and
backgrounds, which arise from misidentified leptons, are estimated with data-driven meth-
ods. These estimations are described in detail in Secs. 6.5 and 6.6.

The challenge of this analysis is the small number of signal events, which vanish under
an overwhelming amount of background events. In order to deal with this challenge, the
analysis strategy is based on four steps, which are depicted in Fig. 5.1 and described in the
subsequent paragraphs.

First, the general event selection is chosen to be as inclusive as possible, in order to keep as
many signal events as possible. Second, the remaining events are analyzed and characterized
by a deep learning based physics process classification [178]. Third, data-driven background
estimations are used to improve the modelling of background processes. In addition, a bin-
ning optimization of the distribution of the sensitive variable is employed to enhance the
sensitivity of the signal extraction. Finally, the measurement is performed with a binned
maximum likelihood fit, as described in Sec. 4.4.2.

The data size of each consecutive step is significantly reduced, starting from approximately
O(10 TB) in the first step to O(1 MB) in the last step. This is a common pattern for big data
analyses, which requires dedicated software to deal with such large amounts of data. In this
analysis, the reduction is facilitated using the techniques and tools as described previously
in Secs. 4.1 and 4.2.

This chapter describes the challenges of the HH ! bbW+W� process in this analysis. Then,
the physics process classification and the resulting event categorization is explained. After-
wards, the likelihood construction for Higgs pair production is explained. Finally, the analy-
sis steps used to measure signal strength modifiers and coupling modifiers are summarized
in order.
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Figure 5.1: Overview of the (simplified) four-step strategy of this analysis.

5.1 Challenges of the HH ! bbW+W� Analysis
The production cross sections of the signal and background processes of this search are multi-
ple magnitudes apart from each other (cf. Sec. 2.2.3). Figure 5.2 shows the latest cross section
measurement results and the corresponding theory prediction for selected SM processes, in-
cluding the inclusive HH process and the aforementioned background processes.

This leads to a large number of events originating from background processes, while only
very few signal events are expected considering SM predictions. Table 5.1 shows the ex-
pected number of signal events for the different data-taking periods and the different pro-
duction modes. In total, 4509 SM HH events are expected to be produced during the data-
taking periods from 2016, 2017 and 2018 with a total amount of recorded data of LRun 2 =
137.60 fb�1 [180–182]. These 4509 events are made of 4272 events coming from the HH(GGF)
production mode (sHH(GGF) = 31.05 fb at NNLO precision [183]), and of 237 events coming
from the HH(VBF) production mode (sHH(VBF) = 1.726 fb at N3LO precision [184]). This
search primarily considers the dileptonic final state of the HH ! bbW+W� process, which
corresponds to a B = 2.64%. Therefore, 112 signal events from the HH(GGF) production and
6 signal events from HH(VBF) production mode are expected to be recorded for the Run 2
data-taking period.

The expected amount of background events for the dileptonic tt + Jets process for the com-
bined Run 2 data-taking period amounts to 114.450.176 expected events (O(108)). The addi-
tional background processes contribute a smaller but still significant amount of events to this
analysis. The great difference in expected events between signal and background processes
has as a consequence that the modelling of the background processes needs to be extraordi-
narily accurate. Moreover, the event reconstruction is rather challenging to due the presence
of two neutrinos and the broad width of the H ! bb mass resonance peak.

The physics processes are grouped together based on kinematic similarities, which result in
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Figure 5.2: Latest cross section measurement results by the CMS collaboration and corre-
sponding theory prediction for the SM processes, including the inclusive HH
signal process and the main background processes of this analysis [179].

Table 5.1: Expected event numbers, considering SM cross sections, for the inclusive HH
signal and the dileptonic final state of the signal process HH ! bbW+W�

in the different data-taking periods of the CMS experiment. The values are
calculated using BHH!bbW+

`W�
`

= 2.64%, cross sections for HH(GGF) (at
NNLO precision) and HH(VBF) (at N3LO precision) from [183, 184] and the
luminosities of the data-taking periods [180–182].

Year (L[ fb�1]) Expected events
2016 (36.33) 1128.05
2017 (41.53) 1289.51
2018 (59.74) 1854.93
Run 2 (137.60) 4272.48

(a) sHH(GGF) = 31.05 fb.

Year (L[ fb�1]) Expected events
2016 (36.33) 29.82
2017 (41.53) 34.09
2018 (59.74) 49.04
Run 2 (137.60) 112.95

(b) sHH(GGF) ⇥ BHH!bbW+
`W�

`
= 0.82 fb.

Year (L[ fb�1]) Expected events
2016 (36.33) 62.71
2017 (41.53) 71.68
2018 (59.74) 103.11
Run 2 (137.60) 237.50

(c) sHH(VBF) = 1.726 fb.

Year (L[ fb�1]) Expected events
2016 (36.33) 1.66
2017 (41.53) 1.90
2018 (59.74) 2.73
Run 2 (137.60) 6.28

(d) sHH(VBF) ⇥ BHH!bbW+
`W�

`
= 0.046 fb.

similar distributions of the signal extraction with deep neural networks (see Sec. 7.5).
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A strategy to achieve a well-defined background modelling and signal extraction is based on
the physics process classification, which is described in the following section.

5.2 Physics Process Classification
The physics process classification helps to simultaneously identify signal events, separate
them from background events, and create regions in the phase-space mutually enriched by
particular physics processes. The method is shown in Fig. 5.3.
<latexit sha1_base64="8Fj6Jk1bnqssgo1/A0vTglFIT+I="></latexit>
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Figure 5.3: The physics process classification strategy.

The physics process classification analyzes each event as described in the following. Initially,
an event passes through the DNN, which uses a softmax activation function in the last layer.
The softmax activation function ensures that the DNN output is a normalized probability-
like distribution, i.e., it predicts the probability for each event to belong to a certain physics
process. The maximum probability is then used to assign an event to a physics process. This
assignment is unambiguous and thus avoids double counting of events.

The resulting categories are then further split based on the number of b-quark jets and
whether these b-quark jets are resolved or merged in case of a highly boosted event. This
way, more sensitive signal regions can be defined, which are suited towards the H ! bb
decay. In addition, categories with similar physics processes, i.e., resulting in similar DNN
distributions, are combined in order to reduce the total number of categories insensitive to
signal.

Finally, the DNN output prediction in these categories is used in a simultaneous fit in order
to extract the HH signal and measure its most interesting coupling modifiers.
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5.3 Likelihood Function for Higgs Pair Production
The analysis presented in this thesis considers two Higgs boson pair production modes
(HH(GGF) and HH(VBF)), whose cross sections and kinematic distributions depend on the
coupling modifiers as shown in Figs. 2.11, 2.14a and 2.14b. The signal hypothesis s con-
tributes to the expectation l together with the background hypothesis b as follows:

l = µ · s + b, (5.1)

! l = µ ·

2

64µHH(GGF) · sHH(GGF) (kl, kt)| {z }
HH(GGF) signal

+ µHH(VBF) · sHH(VBF) (kl, k2V , kV)
| {z }

HH(VBF) signal

3

75 (5.2)

+ bH (kl, kt, kV)| {z }
SM Higgs

+bother backgrounds. (5.3)

Here, the signal expectation is expressed by the HH(VBF) and HH(VBF) components, which
have individual signal strength modifiers µHH(GGF) and µHH(VBF). This allows to e.g. mea-
sure the signal strength of the HH(VBF) production mode by fixing the global modifier µ
and the corresponding other signal strength modifier µHH(GGF) to the SM expectation of one.
In addition, the single Higgs boson processes, which are considered as backgrounds in this
analysis, are also subject to the coupling modifiers kl (through higher order corrections), kt,
and kV ; the scaling of their cross sections and branching fractions is considered in the statis-
tical model. Finally, the parametrization of the expectation of the statistical model, shown in
Eq. 5.3, is used in the likelihood function in Eq. 4.20.

The signal hypotheses sHH(GGF) and sHH(VBF) do not exist for every combination of coupling
modifiers, as the computational effort to produce this large number of samples is too high.
Instead, every signal hypothesis can be analytically inferred with a continuous morphing
based on 3 (6) bases, s(i)

HH(GGF) (s(i)
HH(VBF)), with specific coupling modifier settings for the

HH(GGF) (HH(VBF)) production mode. The morphing strategy is defined as:

sHH(GGF) (kl, kt) =
3

Â
i=1

ai (kl, kt) · s(i)
HH(GGF), (5.4)

sHH(VBF) (kl, k2V , kV) =
6

Â
i=1

ai (kl, k2V , kV) · s(i)
HH(VBF), (5.5)

where the ai denote the morphing fractions. These fractions can be calculated through the
amplitude of the contributing Feynman diagrams (triangle loop: 4, box loop: ⇤) as:

sHH(GGF) (kl, kt) µ |A|
2 = k2

t k2
l |4|

2 + k4
t |⇤|

2 + k3
t kl |4

⇤⇤+⇤⇤
4|

2 , (5.6)

which can also be expressed as a vector product

sHH(GGF) (kl, kt) µ
⇣

k2
t k2

l, k4
t , k3

t kl

⌘T

| {z }
cT

·

⇣
|4|

2 , |⇤|
2 , |4⇤⇤+⇤⇤

4|
2
⌘

| {z }
v

. (5.7)
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This equation can be extended with three sets of coupling modifiers (ci) and three known
cross sections si using a matrix vector product, and solved for the vector v:

0

B@
s1

s2

s3

1

CA =

0

B@
c1

c2

c3

1

CA · v, (5.8)

s = C · v, (5.9)

$ v = C�1
· s. (5.10)

Finally, this relation can be used to substitute the vector v in Eq. 5.7 to

sHH(GGF) (kl, kt) µ cT
· C�1

| {z }
a(kl,kt)

·s. (5.11)

Here, the morphing factors a (kl, kt) can be identified. Both, C�1 and s are known by the
choice of bases (samples): their coupling modifiers are fixed and the cross sections can be
calculated for the given set of coupling modifiers. This calculation does not only work for
the overall cross section, but also for the morphing of the signal shapes s(i)

HH(GGF) from Eq. 5.5.
With this analytic morphing strategy, signal hypotheses for any combination of coupling
modifiers can be calculated.

Similarly, a morphing strategy for the HH(VBF) production mode can be constructed. As
the HH(VBF) production mode involves three coupling modifiers (see Fig. 2.11), more terms
arise in the calculations, which requires at least six bases (samples) to be used.

Now, the expectation of the statistical model can be expressed as a function of different signal
strength modifiers (µ, µHH(GGF), and µHH(VBF)), and different coupling modifiers (kl, kt, k2V ,
and kV). Therefore, the expectation can be evaluated for any set of modifiers. This allows
to measure any of these modifiers individually by fixing all others to certain values or to
measure arbitrary combinations of them simultaneously.

In this analysis, the first option is used to calculate upper limits on µ and µHH(VBF) for stan-
dard model coupling modifier expectations, and as a function of kl and k2V , respectively. In
addition, measurements of the kl and k2V coupling modifiers are performed through likeli-
hood profiling.

5.4 Analysis Steps Towards Measurements
The challenges of this analysis has become clear in the previous sections. The small num-
ber of expected signal events almost vanish under the overwhelming amount of background
events. A rather loose event selection is applied to keep as many signal events as possi-
ble. Isolating these signal events and controlling the major backgrounds is realized through
a deep learning based physics process classification. Some backgrounds need a dedicated
data-driven modelling to be well described. Finally, the resulting distributions are used
to measure the signal strength modifiers and the coupling modifiers, which may affect the
model expectation of the likelihood function as shown in Eq. 5.3.
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A short step-by-step description of the analysis and the corresponding section in this thesis
is given in the following:

1. Loose event selection for a high signal acceptance (Sec. 6.3).

2. Improved modelling of the Drell-Yan and Misid. leptons processes through data-driven
estimations (Secs. 6.5 and 6.6).

3. Physics process classification for an optimized event categorization and most sensitive
discriminant (chapter 7).

4. Measurements of the signal strength modifiers and the coupling modifiers (chapter 8).





Chapter 6

Datasets and Event Selection

The event selection for the search for the dileptonic HH ! bbW+W� process aims to keep
a high acceptance for this signal process. Thus, a rather loose selection criteria are applied,
leaving the separation of signal and background processes primarily to the physics process
classification. The event selection and reconstruction steps are described in the internal anal-
ysis note of this analysis [185].

First, the used data and simulation samples are presented. Then, the event selection based
on the identification and selection of final state particles and derived event-level quantities
is described. Finally, corrections to simulation are discussed, which aim to mitigate inaccu-
racies in the simulation.

6.1 Data Samples
Data events used for this analysis are collected in pp collisions at 13 TeV and a bunch cross-
ing period of 25 ns. Only data recording periods, so-called runs, are used where all detector
components were fully operational. These runs are selected with the help of JSON certifi-
cates, which are provided by the CMS collaboration [186]. The selected runs correspond to a
total integrated luminosity of 137.6 fb�1, comprising 36.3 fb�1 in 2016, 41.5 fb�1 in 2017, and
59.7 fb�1 in 2018. The used JSON certificates are listed in Tab. 6.1.

Table 6.1: List of JSON certificates [186] used to select run periods in the 2016, 2017, and
2018 data-taking periods.

Year JSON certificate

2016 Cert 271036-284044 13TeV 23Sep2016ReReco Collisions16 JSON.txt

2017 Cert 294927-306462 13TeV EOY2017ReReco Collisions17 JSON v1.txt

2018
Cert 314472-325175 13TeV 17SeptEarlyReReco2018ABC
PromptEraD Collisions18 JSON.txt

Datasets of these events are created with HLT triggers focussing on the presence of electrons
and muons with minimal selection criteria. In addition, reconstruction steps are applied
to all events. These steps are versioned by a reconstruction campaign used to identify all
reconstruction steps in a certain version of the CMSSW software. In the following table the
used datasets are listed including their availability in the three different data-taking periods.
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Table 6.2: List of datasets for the different lepton channels. These datasets have been re-
constructed with the 17Jul2018 / 31Mar2018 / [17Sep2018, 22Jan2019,
PromptReco] reconstruction campaigns using the 9 4 X / 9 4 X / 10 2 X ver-
sion of the CMSSW software, respectively (2016 / 2017 / 2018). In 2018 the
EGamma dataset is used instead of the DoubleEG and EGamma datasets, which
is a combination of both. The dataset availability is given for the three years,
in the form: 2016 / 2017 / 2018.

Channel Dataset name
Year availability

(2016/2017/2018)

e SingleElectron 3 / 3 / 7

ee DoubleEG 3 / 3 / 7

ee + e EGamma 7 / 7 / 3

µ SingleMuon 3 / 3 / 3

µµ DoubleMuon 3 / 3 / 3

eµ MuonEG 3 / 3 / 3

6.2 Simulation
The signal events have been simulated using the POWHEG V2 [187–189] generator up to NLO
precision of the hard interaction for the HH(GGF) process. The HH(VBF) process has been
simulated with MADGRAPH AMCATNLO [190] up to LO precision of the hard interaction.
Datasets for both signal processes have been produced for different sets of coupling modi-
fiers. This is needed for the morphing strategy as explained in Sec. 5.3.

The background events are simulated with POWHEG V2 and MADGRAPH AMCATNLO with
NLO precision of the hard interaction, except for the tH process, which is simulated using
LO matrix elements. For the training of deep learning algorithms and the evaluation of
the data-driven Drell-Yan process, samples are used, which are combined together using
“inclusive” samples and samples binned in different jet multiplicities in order to increase the
true number of generated events. The stitching procedure is documented in Ref. [191].

Parton showering and hadronization for all samples were simulated using PYTHIA 8 with
the CUETP8M1, CUETP8M2, and CUETP8M2T4 [192, 193] tune in 2016 and the CP5 [194]
tune in 2017 and 2018. The most often employed PDF sets to describe the proton structure
are the NNPDF3.0 [195] and NNPDF3.1 [196] sets. Systematic variations of thereof are all
calculated in terms of the NNPDF3.1 set only by reweighting all other PDF sets to this one
to avoid a mixture of PDF sets. All samples are produced assuming a top quark mass of
mt = 172.5 GeV and Higgs boson mass of mH = 125 GeV. The cross sections of the Drell-Yan
and the tt + Jets process are normalized to NNLO precision [53, 197, 198]. The GEANT4 [199]
detector simulation toolkit is used for a full detector simulation for all simulated datasets.

Each simulated event has a (technical) generator weight wgen,i associated with it. This weight
does not need to correspond to one. It is used by the event generator to correctly model
distributions of physical observables of the events. The generator weight is necessary in
a reweighting procedure to match N simulated events to data. This reweighting involves
wgen,i, the cross section of the process s and the integrated luminosity L, and is calculated as
follows:
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wi =
sL

ÂN
i wgen,i

· wgen,i . (6.1)

6.3 Event Selection
The event selection is applied to the events in data and simulation. These selection criteria
are based on event-level quantities, such as the number of reconstructed leptons or jets. This
section describes all selection criteria and the reconstruction of physics objects (leptons and
jet) tailored towards the search of the HH ! bbW+

`W�
` process.

First, baseline selection criteria are applied to reject events with (large) unphysical missing
transverse momentum or with an invalid primary vertex are described. Then, the recon-
struction and selection of different types of leptons is explained. These lepton types and a
selection of HLT triggers are used to define the three lepton channels ee, µµ, and eµ. Finally,
the jet reconstruction and selection is described, which concludes the event selection.

6.3.1 Missing Transverse Energy Filters and Primary Vertex Selection

Events with unphysical (typically too large) Emiss
T are removed by so-called Emiss

T filters. Un-
physical Emiss

T may originate from noise in detector parts (i.e., ECAL or HCAL), beam halo
scraping, or from a poor muon track reconstruction step [200]. A list of used Emiss

T filters
is given in Tab. 6.3. The selection of Emiss

T filters is based on recommendations of the CMS
collaboration for the Run 2 data-taking period.

Table 6.3: Emiss
T filters applied to events selected in data and to simulated events. A cross-

mark (7) indicates that the filter is not applied.

Emiss
T filter name Applied to data / simulation

Flag goodVertices 3 / 3

Flag globalSuperTightHalo2016Filter 3 / 3

Flag HBHENoiseFilter 3 / 3

Flag HBHENoiseIsoFilter 3 / 3

Flag EcalDeadCellTriggerPrimitiveFilter 3 / 3

Flag BadPFMuonFilter 3 / 3

Flag eeBadScFilter 3 / 7

In addition, events are required to have a valid primary vertex. The primary vertex is re-
quired to have four tracks associated, and to be within 24 cm longitudinal and 2 cm transver-
sal distance to the detector center.

6.3.2 Lepton Selection

In this analysis, only electrons and muons are considered as leptons in the final state. Two
types of leptons are defined: loose and medium. The medium leptons together with a dedi-
cated discriminant, from now on referred to as the “lepton MVA ID” [201], are later used to
estimate the background, which involves misidentified leptons in all physics processes. To
avoid potential biases in this background estimation, a modified definition of the transverse
lepton momentum is used:
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p`
T, cone =

(
0.9 · (p`

T + I`) if ` fails the tight lepton MVA ID and DR (`, jet) > 0.4,
p`

T otherwise.

where p`
T denotes the transverse lepton momentum, I` the relative lepton isolation, and

DR (`, jet) the distance between the lepton and the closest jet. This quantity is equal to the
original transverse momentum of leptons in the signal regions (the latter case), but differs
for leptons in the control regions of the background estimation method (first case).

Both lepton flavors are well identified by criteria provided by the CMS collaboration. In ad-
dition, they are required to be isolated, which means that no (or minimal) deposited energy
is found within a certain cone size around the lepton. This quantity is used to find leptons,
that are outside of jets. The isolation I` is defined as follows:

I` = Â
charged

pT + max

 
0, Â

neutrals
pT � r A

✓
R

0.3

◆2
!

, (6.2)

where r refers to the energy density of neutral particles reconstructed within the geometric
acceptance of the tracking detectors [202, 203], A is the effective area, and R is the cone size,
which varies for different transverse lepton momenta. Equation 6.2 is primarily based on
the sum of transverse momenta of all charged and neutral particles within a cone of size R
centered on the direction of flight of the lepton.

Detailed definitions of loose and medium leptons are described in the following paragraphs
for muons and electrons.

Muon Selection

As a starting point, muons are selected and reconstructed as global muons as described in
Sec. 3.2.8.2. The CMS collaboration provides a loose working point (cut based) identification
for PF muons (reconstructed by PARTICLE-FLOW), which is used in this analysis. Muons
are also required to pass several cuts based on distances d between the muon track and the
interaction point. A full list of selection criteria for loose and medium muons is shown in
Tab. 6.4.

The selection based on the b-tagging ID of the nearest jet is interpolated linearly from the
medium working point for muons with pT, cone = 20 GeV to the loose working point for
muons with pT, cone = 45 GeV. The interpolation has proven to yield an improved perfor-
mance for the estimation of misidentified muons [201].

Unless otherwise indicated, medium muons are used in this analysis.

Electron Selection

All electrons are identified using a multivariate algorithm, called FALL17NOISOV2 [204],
which has been trained to separate electrons from jets. The loose working point of this al-
gorithm is used, in order to retain the highest overall selection efficiency of electrons. In
addition, electrons might stem from photons conversions. These electrons are removed by
matching the electron track to a hit in each layer of the pixel subdetector. In total, only one
missing hit in all layers is allowed. Similar to muons, selection criteria based on distances (d)
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Table 6.4: List of selection criteria for loose and medium muons. The cut on the b-tagging
ID of the nearest jet is interpolated between muons with low transverse mo-
menta to high transverse momenta. The description of the b-tagging ID of jets
can be found in Sec. 6.3.4.

Observable Loose Medium

pT > 5 GeV > 10 GeV
|h| < 2.4 < 2.4
|dxy| < 0.05 cm < 0.05 cm
|dz| < 0.1 cm < 0.1 cm
d/sd < 8 < 8
Iµ < 0.4 · pT < 0.4 · pT

PF muon > loose working point > loose working point
b-tagging ID (nearest jet) 7 < interp. working point

between the electron track and the interaction point are imposed. A full list of selection
criteria for loose and medium electrons is given in Tab. 6.5.

Table 6.5: List of selection criteria for loose and medium electrons. The cut on the width
of the electron cluster (sihih) is distinguished between the barrel (< 0.011) and
endcap (< 0.030) regions. The description of the b-tagging ID of jets can be
found in Sec. 6.3.4.

Observable Loose Medium

pT > 7 GeV > 10 GeV
|h| < 2.5 < 2.5
|dxy| < 0.05 cm < 0.05 cm
|dz| < 0.1 cm < 0.1 cm
d/sd < 8 < 8
Ie < 0.4 · pT < 0.4 · pT

sihih 7 < { 0.011 / 0.030 }

H/E 7 < 0.10
1/E - 1/p 7 > �0.04
Conversion rejection 7 3

Missing hits  1 = 0
FALL17NOISOV2 > loose working point > loose working point
b-tagging ID (nearest jet) 7 < medium working point

Loose electrons are removed in case they overlap with loose muons within DR < 0.3. Unless
otherwise indicated, medium electrons are used in this analysis.

6.3.3 Decay Channel Selection

Based on the selection of a pair of opposite charged electrons and muons, three channels can
be defined: ee, µµ, eµ. Different compositions of HLT triggers are required to have fired
for the three channels. The leptons are required to have a minimal transverse momentum
of 25 GeV (15 GeV) for the leading (subleading) lepton. This cut ensures a phase-space, that
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avoids poorly modeled HLT trigger efficiency regions (turn-on and below). An overview of
the channel dependent HLT triggers is given in Tab. 6.6.

For the ee, µµ and eµ decay channels, the HLT trigger paths ee or e, µµ or µ and eµ or e or µ
must be triggered respectively. Single lepton triggers (e, µ) are added to increase the signal
acceptance. Datasets with recorded data are associated with specific HLT triggers that are
applied only to them. The assignment is as follows:

HLT trigger paths (e) : SingleElectron, EGamma
HLT trigger paths (µ) : SingleMuon
HLT trigger paths (ee) : DoubleEG, EGamma
HLT trigger paths (µµ) : DoubleMuon
HLT trigger paths (eµ) : MuonEG

In order to avoid selecting data events multiple times, a trigger logic is applied based on
an priority order of the datasets, since an event can be triggered by more than one of the
above mentioned triggers. The priority order is defined as follows (in decreasing order):
DoubleMuon, MuonEG, SingleMuon, SingleElectron / EGamma (for 2016 and 2017 /
2018). The order is chosen to favor muons over electrons, as muons are typically better
identified and reconstructed by the CMS detector. An example of this trigger logic is as fol-
lows: an event with two muons may be present in the DoubleMuon dataset and the MuonEG
dataset. If the triggers of both datasets have fired, the DoubleMuon dataset gets prevalence
over the MuonEG dataset. In this case, the event is selected for the µµ channel, and rejected
for the eµ channel.

Low mass resonances that are usually poorly modeled in simulation, as well as the Z boson
resonance, which is only part of background processes, are vetoed by requiring cuts on the
invariant mass of two loose leptons in each event:

m`` > 12 GeV (low mass resonances veto),
|m`` � mZ| > 10 GeV (Z resonance veto).

6.3.4 Jet Selection

Jets are reconstructed and calibrated as explained in Sec. 3.2.8.4. Two jet sizes are used with
a distance parameter of DR = 0.4 and DR = 0.8, respectively. These jets are referred to
as small radius and large radius jets. Both jet types are requited to pass the loose working
point identification in 2016, and the tight working point identification in 2017 and 2018 [205].
The identification is primarily based on cuts on the hadronic and electromagnetic energy
fraction of the jet as well as the number of constituents within a jet. Small (large) radius
jets are required to have a minimum transverse momentum of 25 GeV (200 GeV) and to be
within |h|  2.4. Large radius jets have to be composed of two small radius jets, which
are required to have at least 20 GeV transverse momentum and |h|  2.4. In addition, large



6.3. Event Selection 91

Table 6.6: List of HLT triggers used in the analysis. Checkmarks (3) and crossmarks (7)
are added after each HLT path to indicate whether the path was enabled or
disabled during the 2016, 2017, and 2018 data-taking periods.

Channel HLT trigger paths
Year availability

(2016/2017/2018)

e HLT Ele25 eta2p1 WPTight Gsf 3/7/7

HLT Ele27 WPTight Gsf 3/7/7

HLT Ele27 eta2p1 WPLoose Gsf 3/7/7

HLT Ele32 WPTight Gsf 7/3/3

HLT Ele35 WPTight Gsf 7/3/7

µ HLT IsoMu22 3/7/7

HLT IsoTkMu22 3/7/7

HLT IsoMu22 eta2p1 3/7/7

HLT IsoTkMu22 eta2p1 3/7/7

HLT IsoMu24 3/3/3

HLT IsoTkMu24 3/7/7

HLT IsoMu27 7/3/3

ee HLT Ele23 Ele12 CaloIdL TrackIdL IsoVL DZ 3/7/7

HLT Ele23 Ele12 CaloIdL TrackIdL IsoVL 7/3/3

µµ HLT Mu17 TrkIsoVVL Mu8 TrkIsoVVL 3/7/7

HLT Mu17 TrkIsoVVL Mu8 TrkIsoVVL DZ 3/7/7

HLT Mu17 TrkIsoVVL TkMu8 TrkIsoVVL 3/7/7

HLT Mu17 TrkIsoVVL TkMu8 TrkIsoVVL DZ 3/7/7

HLT Mu17 TrkIsoVVL Mu8 TrkIsoVVL DZ Mass8 7/3/7

HLT Mu17 TrkIsoVVL Mu8 TrkIsoVVL DZ Mass3p8 7/3/3

eµ HLT Mu8 TrkIsoVVL Ele23 CaloIdL TrackIdL IsoVL 3/7/7

HLT Mu8 TrkIsoVVL Ele23 CaloIdL TrackIdL IsoVL DZ 3/3/3

HLT Mu23 TrkIsoVVL Ele8 CaloIdL TrackIdL IsoVL 3/7/7

HLT Mu23 TrkIsoVVL Ele8 CaloIdL TrackIdL IsoVL DZ 3/7/7

HLT Mu8 TrkIsoVVL Ele23 CaloIdL TrackIdL IsoVL DZ 3/3/7

HLT Mu12 TrkIsoVVL Ele23 CaloIdL TrackIdL IsoVL DZ 3/3/7

HLT Mu23 TrkIsoVVL Ele12 CaloIdL TrackIdL IsoVL 3/3/7

HLT Mu23 TrkIsoVVL Ele12 CaloIdL TrackIdL IsoVL DZ 7/3/7
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radius jets need to have a softdrop mass [206] between 30 GeV and 210 GeV, and their “N-
subjettiness” [207] (t2/t1), which is a quality cut on the structure of the large radius jet to
be smaller than 0.75 favoring a di-jet substructure. Small (large) radius jets are removed in
case they overlap with medium leptons within DR < 0.4 (DR < 0.8). Jets arising from pileup
interactions are removed using a dedicated pileup jet identification (PUJETID) as described
in Sec. 3.2.8.4.

In order to enhance the sensitivity to the HH(VBF) production mode, additional jet selec-
tion criteria are applied. These jets are typically found in forward detector regions of large
pseudorapidity, which is why they have an relaxed cut of |h|  4.7. In addition, their trans-
verse momentum threshold is raised to be at least 30 GeV. For a pseudorapidity range corre-
sponding to the ECAL endcap region (2.7 < |h| < 2.0), the transverse momentum threshold
threshold is further raised to a minimum of 60 GeV to reduce unwanted jets from detector
noise. Jets for the HH(VBF) production mode are removed if they are found within DR < 0.8
of the two leading small radius jets, or DR < 1.2 of the leading large radius jet.

The DEEPJET algorithm, described in Sec. 3.2.8.6, is used to identify both b-quark jets, that
are part of the final state of the signal process. These jets are required to pass the medium
working point of the DEEPJET algorithm corresponding to a misidentification rate of 1% and
an identification efficiency of approximately 80% (cf. Sec. 3.2.8.6). In the case of large radius
jets, at least one small radius subjet is required to pass the medium working point with a
minimum transverse momentum of 30 GeV.

Each event in the ee, µµ and eµ decay channels is required to have at least one small (large)
radius jet, and at least one small (large) b-quark jet. Events selected by the number of small
or large radius jets are referred to as “resolved” or “boosted”, respectively.

6.4 Corrections to Simulation
Differences between simulation and data due to effects in the event generation, in the detec-
tor simulation, and in the reconstruction and identification algorithms, are corrected for in
simulation. These corrections are typically in the form of weight factors, also called “scale
factors”, on an event by event basis. The scale factors of multiple corrections are multiplied
all together, including the generator weight (see Eq. 6.1), into a single event weight. Each
correction, and the corresponding correction factors, are described in the following.

Pileup Correction

The pileup distribution of the simulation does not match the measured one of data [208].
Scale factors are derived to correct the pileup distribution of the simulation. This is achieved
by estimating the pileup per bunch crossing with the instantaneous luminosity of a single
bunch, the beam orbit frequency, and the total pp inelastic cross section of 69.2 mb. The
resulting pileup prediction is Poisson distributed for multiple bunch crossings. The scale
factors are then calculated by dividing the normalized pileup distribution of data and simu-
lation as a function of the number of pileup interactions.

Trigger Efficiency

The trigger efficiency between data and simulation may vary due to imperfect modelling of
event kinematics and HLT triggers. Thus, scale factors are derived to correct the trigger effi-
ciency in simulation [201, 209]. These factors are calculated with Z ! e+e� and Z ! µ+µ�
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events with the HLT PFMET120 PFMHT120 IDTight HLT trigger path. In order to mimic
the lepton selection for this measurement, two opposite sign leptons with a minimum trans-
verse momentum of 25 GeV (15 GeV) for the leading (subleading) lepton are required. The
scale factors are calculated by dividing the trigger efficiency curves of data and simulation.
It has been found that the trigger efficiency depends primarily on the pT, cone quantity of the
leading lepton, which is why the scale factors are calculated as a function of pT, cone.

Lepton Identification Efficiency

The identification, reconstruction, and isolation efficiencies of leptons (see Sec. 6.3.2) are dif-
ferent in data and simulation. Scale factors are measured in terms of the pseudorapidity and
transverse momentum of both leptons. The measurement is performed in two steps. First,
scale factors are calculated for loose leptons. Then, additional scale factors for medium lep-
tons, which also pass the tight working point of the lepton MVA ID, are derived. Details on
the measurement can be found in Ref. [209].

Jet Energy Corrections

The energy scale of jets is corrected in a factorized approach as described in Sec. 3.2.8.4. This
correction is the only one which affects simulation and data. They correct differences coming
from pileup effects, detector responses, and general differences between data and simulation,
and are applied in strict order. In addition, the energy resolution in simulation needs to be
smeared to match the resolution in data. The jet energy corrections correct the four momenta
of all jets before any selection and are provided by the CMS collaboration [210].

b-quark Identification Efficiency

The performance of the DEEPJET algorithm to correctly identify b-quark jets differs in data
and simulation. Scale factors are centrally provided by the CMS collaboration [211] to correct
the simulation for this difference. The corrections depend on the jet flavor, its transverse mo-
mentum, its absolute pseudorapidity, and the DEEPJET output prediction score. In addition,
the number of events before and after applying these scale factors should remain the same.
This is ensured by calculating additional scale factors as a function of the number of jets by
dividing the number of events before and after applying the scale factors. These additional
scale factors are measured before applying any jet or lepton selection.

Pre-firing of the L1 ECAL Trigger

In the 2016 and 2017 data-taking periods, a gradual timing shift of the ECAL was not prop-
erly propagated to the L1 trigger [212]. The ECAL information was therefore associated to
the previous bunch crossing, especially for energy deposits at 2.0 < |h| < 3.0. Since the L1
trigger forbids two consecutive bunch crossings to fire, sometimes the ECAL information of
an event comprises the information of two bunch crossings. This is called pre-firing. This
effect is not present in simulation, and thus is corrected for in simulation. The correction is
based on the product of probabilities of all physics objects in an event to not pre-fire. These
probabilities are centrally provided by the CMS collaboration [213].

Modulation Correction of Emiss
T

In theory, there should be no f dependency of Emiss
T due to the rotational symmetry around

the beam axis. However, the reconstructed Emiss
T shows a sinusoidal f dependency with a pe-
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riod of 2p in data and simulation, which originates likely from detector inhomogeneities. A
correction, provided by the CMS collaboration [214], as a function of the number of primary
vertices is applied to Emiss

T in both data and simulation.

t-quark Transverse Momentum Correction

It has been found that the transverse momenta spectrum of t-quarks in data is significantly
softer, i.e., t-quarks have smaller transverse momenta than in simulation [215]. This effect is
because of missing higher order calculations in the event generation. Scale factors based on
the transverse momenta of t-quarks are derived for the tt + Jets datasets. These scale factors
are parametrized by a function, which is obtained by fitting the ratio of the t-quark transverse
momentum of the NNLO calculation [216] and the simulated events. The resulting function
has been determined by the CMS collaboration to be:

SF(pt
T) = exp

✓
a + b · pt

Tc · (pt
T)2 +

d
pt

T + e

◆
,

where pt
T denotes the transverse momentum of the (generator-level) t-quark. The constants

(a, b, c, d, e) have been estimated with a fit. The event weight w for the tt + Jets process is
calculated using the scale factor of the t-quark and t-quark:

w =
q

SF(pt
T) · SF(pt

T) . (6.3)

6.5 Estimation of Misidentified Leptons
Due to the high multiplicity of leptons and jets in the final state of this analysis, the back-
ground from misidentified leptons, called “Misid. leptons”, plays a non-negligible role. Be-
fore the estimation procedure is explained, the concept of “lepton promptness” needs to be
introduced: leptons are labelled as “prompt”, if they origin from decays of H bosons, W
bosons, Z bosons, or t leptons, i.e., leptons of the signal and dominant background pro-
cesses of this analysis; otherwise leptons are labelled as “non-prompt” (e.g. produced in
hadronization process), and are usually misidentified jets. The background of remnant non-
prompt leptons is estimated from data by the following procedure as these events are typi-
cally poorly modeled in simulation.

The estimation technique is based on the “Fake-Factor method” [201]. First, events are sep-
arated into the prompt (signal) region (SR) and a non-prompt (“fake”) region (FR) based on
the lepton MVA ID. Additional selection criteria on top of the medium leptons, as described
in Sec. 6.3.2, are applied. These are listed for muons in Tab. 6.7, and for electrons in Tab. 6.8.

In addition, the truth information whether a lepton is prompt or not can be used in sim-
ulation to isolate the non-prompt part of the FR and the SR. The truth level matching of
reconstructed leptons to H bosons, W bosons, Z bosons, or t leptons yields generator lepton
candidates, which require additionally DR(gen, reco) < 0.3 and |preco

T � pgen
T | < 0.5 · pgen

T .
Four regions can be defined with the generator truth information and the lepton MVA ID.
These regions are shown in Fig. 6.1.

The background to be estimated is labelled as “non-prompt SR”. It is estimated using the
fake-factor (FF) to extrapolate events from the non-prompt FR into the non-prompt SR. The
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Table 6.7: List of selection criteria for prompt and non-prompt muons. These muons are
already selected as medium muons 6.3.2. The relative jet isolation (rel. I jet) is
defined as pjet

T /pµ
T � 1 if DR(jet, µ) < 0.4, or as the PARTICLE-FLOW relative

isolation for a cone with DR = 0.4 otherwise.

Observable non-prompt prompt

lepton MVA ID < 0.5 > 0.5
PF muon > loose working point > medium working point
b-tagging ID (nearest jet) < interp. working point < medium working point
rel. I jet < 0.8 7

Table 6.8: List of selection criteria for prompt and non-prompt electrons. These electrons
are already selected as medium electrons 6.3.2.

Observable non-prompt prompt

lepton MVA ID < 0.3 > 0.3
FALL17NOISOV2 > medium working point > loose working point
b-tagging ID (nearest jet) < tight working point < medium working point
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Figure 6.1: Sketch of the estimation procedure for the background of misidentified lep-
tons. The “fake” region (FR) and signal region (SR) are defined by the lep-
ton MVA ID, whereas the truth generator information is used to differentiate
prompt and non-prompt lepton in simulation. The non-prompt background
(non-prompt SR) can be estimated using the fake-factor (FF) and the non-
prompt FR. The size of the regions schematically represent their event yields.

application procedure is as follows:



96 Chapter 6. Datasets and Event Selection

non-prompt SR = FF · non-prompt FR , (6.4)

with non-prompt FR ⇡ Data FR � prompt FR , (6.5)

! non-prompt SR = FF ·

⇣
Data FR � prompt FR

⌘
, (6.6)

where the FF is defined using the probability fi of a medium lepton to pass the prompt
selection criteria for n leptons as follows:

FF(n) = (�1)n+1
n

’
i=1

fi
1 � fi

.

The probabilities fi are dependent on the pT, cone and |h| of medium prompt leptons. The
measurement of these probabilities has been done in a QCD multijet enriched region, which
is characterized by requiring exactly one prompt lepton and at least one jet (see Ref. [201]).
More details on this procedure and its technicalities can be found in Ref. [209].

The intrinsic uncertainty of the estimation procedure has been investigated by a closure test
performed in Ref. [209]. This uncertainty has been found to irrelevant for the presented
analysis.

6.6 Estimation of the Drell-Yan Process
The event selection described in Sec. 6.3.3 and Sec. 6.3.4 comprises a Z boson mass veto and
a minimum number of b-quark jets to be present in each event. These requirements reject the
majority of Drell-Yan events, which leads to a degraded modelling due to low event statistics,
i.e., large statistical fluctuations, and the remaining events to be present in the tails of the mll
distribution. In addition, this particular phase-space, i.e., including multiple b-quark jets, of
the Drell-Yan process is not well modeled in simulation by NLO matrix element calculations
and parton shower simulation.

Thus, the Drell-Yan process is estimated with a data-driven “ABCD” method (see e.g. [217]).
The ABCD method is characterized by two axes, which create four orthogonal regions. Here,
the number of b-quark jets per event and the invariant mass of the two leptons are used as
axes. The regions are shown in Fig. 6.2.

Each selection defines the Drell-Yan process in a certain phase-space region. The Drell-Yan
process in regions A, B, and C is estimated by subtracting all processes except Drell-Yan from
data in each region, respectively. The region of interest, or signal region (SR), is region D (Z
veto, � 1b). The Drell-Yan background is estimated by scaling Drell-Yan events from region
C to region D with the help of a transfer factor (TF). The scaling is defined as follows:

D = TF · C , (6.7)

with TF = D / C = A / B , (6.8)

! D =
⇣

A / B
⌘

· C . (6.9)
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Figure 6.2: Sketch of the estimation procedure for the Drell-Yan background. The size
of the regions represent schematically the number of events of the Drell-Yan
process.

The transfer factor is parametrized as a function of the scalar sum of the transverse momenta
of selected small radius jets (HT) for resolved event topologies, and as a function of the soft-
drop mass of the leading large radius jet for boosted jets.

The measurement of the transfer factor is done in an inclusive region, which incorporates all
three lepton channels (ee, µµ, eµ). This approach is valid, since the transfer factors of the ee
and µµ channel are numerically close to each other. The Drell-Yan process of the eµ channel
is highly suppressed as this particular lepton configuration can only be produced through
leptonically decaying tau leptons. The benefit of measuring the transfer factors inclusively
is a reduced systematic uncertainty of the transfer factors as the underlying event statistics
is maximized.

Mismodelling effects of this method have been investigated with a dedicated closure test.
The closure test is evaluated on the variable (DNN output prediction, see chapter 7), which
is used in the final measurement. The closure test compares the Drell-Yan distribution us-
ing directly simulation (“DY (from MC)”) and the Drell-Yan distribution estimated with the
ABCD method but only using simulation (“DY (est., from MC)”). For reference and compar-
ison the Drell-Yan distribution estimated with the ABCD method using data (“DY (est.)”) is
also shown. The results of the closure test are shown in Fig. 6.3 for the background control
regions (see Sec. 7.5) in 2018. The closure test for the other years can be found in the appendix
in Figs. 10.1 and 10.2.

The closure test reveals that the Drell-Yan background estimation introduces a slope, which
needs to be corrected for. The correction is derived by dividing “DY (from MC)” by “DY
(est., from MC)”, and then applied to the Drell-Yan background estimation with data (DY
(est.)). It has been found that the slope follows a linear function in the “Top+Other” regions,
while in the “DY+VV(V)” region a quadratic function is needed. A fit of these function to the
ratio of “DY (from MC)” and “DY (est., from MC)” is performed in each year and for each
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Figure 6.3: Closure test of the Drell-Yan background estimation for all background con-
trol regions in 2018. Shown are the Drell-Yan estimation itself (DY (est.)),
the Drell-Yan estimation using simulation only (DY (est., from MC)), and the
Drell-Yan distribution using simulation directly (DY (from MC)). The ratio
between “DY (from MC)” and “DY (est., from MC)” is shown as well. From
this ratio a correction is estimated by fitting a linear (quadratic) function to
the “Top+Other” (“DY+VV(V)”) region. The fit parameters are shown in the
legend.

region. The resulting fit parameters can be found in the legend of Figs. 6.3, 10.1, and 10.2.

This correction comes with systematic uncertainties, which are based on the uncertainties of
the fit parameters of the linear and quadratic functions. These parameters are correlated, and
need to be disentangled in order to obtain decorrelated uncertainties of this method. This is
done by diagonalizing the covariance matrix of the fit parameters:

f (x) = a + b · x

with cov(a, b) =

 
s2

a sa,b
sb,a s2

b

!
.

The matrix cov(a, b) is diagonalized with the eigenvalues l0, l1 and the associated eigenvec-
tors ~v0,~v1:
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(~v0,~v1) ·

 
s2

a sa,b
sb,a s2

b

!
·

 
~v0

~v1

!
=

 
l0 0
0 l1

!
.

The decorrelated uncertainties, estimated through the systematic shifts of the Drell-Yan his-
togram (h±

DY,i), are then given through this decomposition by:

h±

DY,0(x) =
⇣

a ±

p
l0 ·~v0,0

⌘
+
⇣

b ±

p
l0 ·~v1,0

⌘
· x ,

h±

DY,1(x) =
⇣

a ±

p
l1 ·~v0,1

⌘
+
⇣

b ±

p
l1 ·~v1,1

⌘
· x .

This method works for quadratic functions too, where the matrix cov(a, b, c) is a 3 ⇥ 3 matrix,
which then ultimately results in three systematic shifts of the Drell-Yan histogram h±

DY,0..2.

The signal categories (see Sec. 7.5) do not have enough statistics in simulation to perform a
closure test. Therefore, no correction is applied, instead the ratio of “DY (from MC)” and
“DY (est., from MC)” is calculated for each signal category from their total yields (instead
of each bin) and used as a decorrelated normalization uncertainty in the final measurement.
These ratios are listed in Tab. 6.9.

Table 6.9: Ratios of the histogram integrals between “DY (from MC)” and “DY (est., from
MC)” for the signal regions.

Year
HH(GGF) HH(VBF)

res. 1b res. � 2b boost. res. 1b res. � 2b boost.

2016 0.77 1.16 0.18 0.44 0.75 0.21
2017 0.89 0.54 0.23 0.78 1.48 0.41
2018 0.94 0.24 0.15 0.82 0.82 0.42

The normalization uncertainty is calculated by taking the absolute difference of each value
(ri) in Tab. 6.9 from one (Di

DY,sig = |ri � 1|), and use this difference as the width for a log-
normal prior in each signal region and year respectively.

6.7 Agreement Between Data and Simulation After Event Selec-
tion

The full phase-space region of the presented analysis consists of the sum of lepton channels,
and the different multiplicities and topologies of b-quark jets in an event. The resulting
analysis regions are: resolved (res.) = 1b, resolved (res.) � 2b, and boosted (boost.). The
event yields after selection for these three regions are shown in Tab. 6.10.

This table includes the HH(GGF) and HH(VBF) signal processes, where O(1 � 10) events
are retained after selection, most of them in the two resolved categories. The Drell-Yan and
Misid. leptons background processes are estimated as described in the previous two sections.
The Top and Other backgrounds are directly taken from simulation. S and B denote the
sum of signal and background processes respectively. The data yields are also shown in the
last row. The numbers in Tab. 6.10 include all statistical and systematic uncertainties, and
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Table 6.10: Event yields after selection for the resolved (res.) = 1b, resolved (res.) �

2b, and boosted (boost.) regions. The numbers include all statistical and
systematic uncertainties.

Process(es) res. = 1b res. � 2b boost.

HH(GGF) 7 ± 1 7 ± 1 1 ± 1
HH(VBF)  1  1  1

Top 861715 ± 25211 831972 ± 33597 18915 ± 1544
Drell � Yan + Multiboson 223851 ± 8142 30977 ± 6652 8399 ± 1137
Misid. leptons 10104 ± 497 4917 ± 554 339 ± 29
Other 8173 ± 142 7562 ± 177 818 ± 20

S 8 ± 1 8 ± 1 1 ± 1
B 1103842 ± 26498 875429 ± 34255 28471 ± 1918

Data 1062827 ± 1031 867894 ± 932 23936 ± 155

are extracted before a fit was performed (pre-fit). At this level it can be seen that data and
S + B are already compatible within the 1s uncertainties in the resolved � 2b region. Minor
deviations exist in the boosted and the resolved 1b categories, where the yields agree within
 2s of the pre-fit uncertainties.

In addition, pre-fit distributions of basic variables, such as the transverse momentum of the
leading lepton, are shown in the most inclusive analysis phase-space in Fig. 6.4. Good agree-
ment between data and the sum of background processes is observed in all distributions,
with no significant deviation. These distributions have been produced with a simplified
uncertainty model, where only rate-changing uncertainties are considered. The size of the
uncertainty band is primarily driven by the rate-changing systematic uncertainties.
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(a) Leading lepton pT. (b) Subleading lepton pT.

(c) Leading jet pT. (d) Leading jet h.

(e) Number of jets. (f) pmiss
T .

Figure 6.4: Pre-fit distributions of basic variables in the most inclusive analysis regions
after selection and corrections. A simplified uncertainty model is used, which
neglects shape-changing uncertainties, but includes rate-changing uncertain-
ties. The rate-changing uncertainties primarily determine the size of the un-
certainty band.





Chapter 7

Signal Extraction and Event Categorization

This chapter explains the categorization of events, and in particular the extraction of signal
events. Events are first categorized with respect to their jet topologies and b-quark jet multi-
plicities (cf. Sec. 6.3). In order to enhance the sensitivity, analysis regions are further divided
into categories with mutually enriched physics processes. This is achieved with a two-stage
deep neural network (DNN) trained as a physics process multi-class classification.

First, the neural network architecture is presented. Then, the input variables to the neural
network and their reconstruction are described. The training strategy and the evaluation of
the trained neural network is discussed subsequently. The output prediction of the DNN
is histogrammed in each region and the respective binning is optimized with an algorithm
described in the second last section. Finally, the resulting event yields and distributions are
presented before a fit to data is performed.

7.1 Neural Network Architecture
The DNN used for the physics process classification has two components. The first compo-
nent is the Lorentz Boost Network [158] (LBN) (see Sec. 4.3.3). The second component is a
fully connected deep neural network with residual shortcuts (cf. ResNet 4.3.3). The complete
architecture of the full network with its data flow from left to right is shown in Fig. 7.1.

Two sets of input features to the network exist: low level and high level features. Input to
the LBN are only the low level features. It takes the four momenta of the final state particles,
i.e., the neutrino via pmiss

T , one large radius jet, four small radius jets, and two leptons, as
input. From these particles the LBN creates twelve output particles resulting in 229 output
features (physics embeddings). The low level features, high level features, and the physics
embeddings are then concatenated and fed into the ResNet architecture. The ResNet consists
of three block with residual shortcuts. Each block comprises two layers of 229 nodes each
except for the last layer which consists of nine output nodes corresponding to the aforemen-
tioned list of output classes. Batch normalization is applied after each layer of the ResNet.
The used activation function is ReLU (see Fig. 4.3) except for the last layer, where the softmax
activation function is used. The ResNet architecture then predicts based on all input infor-
mation the probability of an event belonging to a certain physics process (output classes). A
list of output classes is given as follows:

• Gluon fusion production mode of Higgs boson pair production (HH(GGF))
• Vector boson fusion production mode Higgs boson pair production (HH(VBF))
• Top quark pair production (tt + Jets)

103
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high level
features

low level
features

LBN

ResNet

physics
embedding

HH(GGF)

HH(VBF)

 + Jetstt

Single -quarkt

Drell-Yan

Single Higgs

 + Jets + Vtt

VV(V)

Other

Figure 7.1: Sketch of the full network architecture including the LBN, the ResNet, and
the data flow through them. Rounded gray boxes denote event information,
colored boxes the LBN (orange) and the ResNet (blue) components, the black
arrows the flow of event information, and the circled plus symbol the con-
catenation of all incoming event information.

• Single t-quark (ST) production
• Drell-Yan
• Single Higgs boson (H) production
• Vector boson associated top quark pair production (tt + Jets + V)
• Multiple vector boson production (Multiboson / VV(V))
• Other: all other, including W boson production with additional jets (W + Jets)

The architecture design exploits as much information of an event as possible by including
basic information (low level), hand-reconstructed event information (high level), and au-
tonomously reconstructed event information (physics embeddings). Maximizing input in-
formation results in a maximized prediction performance given the large enough network
capacity of the ResNet.

7.2 Input Features and Event Reconstruction
The low and high level input features require the reconstruction of events. Events are con-
sidered as inputs to the neural network if they pass the event selection described in Sec. 6.3.
In the following all low and high level event features are listed and described.

Low level features

Low level features correspond to event and particle information, which do not involve ded-
icated reconstruction algorithms. They include the four momenta of the pT-leading two lep-
tons, of the pT-leading four small radius jets, of the pT-leading large radius jet, and of the four
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momentum representation of the missing transverse energy. These four momenta are the in-
put variables to the LBN. In addition, the PDG-ID, the charge, and the pT, cone of the leading
two leptons are included. The softdrop mass and the subjettiness variables ti(i = 1..4) are
also used as low level information.

High level features

High level features comprise event shape variables, features of intermediate resonances, and
multi-particle information. Features of intermediate particles are calculated by summing the
four momenta of a set of final state particles. Multiple intermediate particles are build with
this strategy:

• ``: sum of the two pT-leading leptons
• jj: sum of the two pT-leading small radius jets
• Hbb: sum of the two b-tagging probability leading small radius jets.
• HW+W� : sum of `` and pmiss

T

• HH: sum of Hbb and HW+W�

From these intermediate particle hypotheses different features can be extracted:

• DR between the two pT-leading leptons, the two b-tagging probability leading
small radius jets, `` and jj, and between `` and Hbb.

• minimum DR between the pT-(sub)leading lepton and all small radius jets, the b-
tagging probability (sub)leading small radius jet and both pT-leading leptons, and
between all small radius jets.

• |Df| between pmiss
T and ``, and between pmiss

T and Hbb.
• minimum |Df| between all small radius jets.
• invariant mass m of ``, Hbb (b-quark jet energy regression applied, see Sec. 3.2.8.6),

HW+W� , and HH (b-quark jet energy regression applied, see Sec. 3.2.8.6).
• HH(VBF)-tag: existence of two small radius jets selected for the HH(VBF) produc-

tion mode (see Sec. 6.3.4).
• boosted-tag: existence of a large radius jet with at least one b-quark subjet (see

Sec. 6.3.4).
• the data-taking era (2016, 2017, or 2018).

In addition, two event shape variables are used:

HT =
# jets

Â
j=1

pj
T (7.1)

and pmiss
T LD = 0.4 · pmiss

T + 0.6 · Hmiss
T , (7.2)

where Hmiss
T is the transverse momentum of the sum of four momenta of all loose leptons

and small radius jets in an event. The Hmiss
T quantity is less sensitive to pileup effects than

pmiss
T as no hadrons with low momenta, which predominantly arise from pileup, are included

in its calculation. The pmiss
T LD variable is a linear combination of pmiss

T and Hmiss
T . A subset of

high-level variables is shown in Fig. 7.2. Good agreement is observed between data and
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simulation in all variables. The uncertainty model for the variables in Fig. 7.2 is simplified,
neglecting shape-changing uncertainties.

(a) HT. (b) pmiss
T LD.

(c) Invariant mass m of HH. (d) Invariant mass m of Hbb.

Figure 7.2: Distributions (pre-fit) of high-level variables in the most inclusive analysis re-
gions after selection and corrections. A simplified uncertainty model is used,
which neglects shape-changing uncertainties.

The dileptonic H ! W+W� decay has the benefit of a narrow opening angle between the
direction of flight of the two leptons as described in Sec. 2.2.3. The main background process
(tt + Jets) does not have this feature as the W bosons originate from t-quark decays, which
has a spin of 1/2. The opening angle of the leptons are therefore significantly wider. Thus,
the distribution of DR between the two pT-leading leptons has strong discrimination power
between the signal process and the tt + Jets background process; the same argumentation
applies to the Drell-Yan process. In addition, other angles, such as the angle between the
pmiss

T and `` system, also include the effect of the spin correlation. Moreover, the kinematic
distributions of the two leptons, such as their transverse momentum and their invariant
mass, also show a trend towards lower values. Figure 7.3 shows the invariant mass of the
`` system and the azimuthal angle between the two leptons in the most inclusive analysis
regions.

The input variables are partly correlated with each other. The strength of their correlation
is shown in the appendix in Fig. 10.3a for the low-level (kinematic) features of the input
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(a) Invariant mass of both leptons. (b) Azimuthal angle f between both leptons.

Figure 7.3: Distributions (pre-fit) of high-level variables in the most inclusive analysis
regions after selection and corrections, which benefit from the spin correla-
tion effect in the fully leptonic H ! W+W� decay. A simplified uncertainty
model is used, which neglects shape-changing uncertainties.

particles, and in Fig. 10.3b for the high-level features.

7.3 Training Strategy
The neural network is trained with simulation only as described in Sec. 4.3.2, i.e., the Drell-
Yan and Misid. leptons background process are not estimated as described in Sec. 6.5 and
Sec. 6.6. Simulated events with negative event weights are removed as they effectively flip
the sign of their contribution in the loss function by a flip of their true label. The training
data is split in order to perform a 5-fold cross-validation, as described in Sec. 4.3.3, where the
splits are 60% for training, 20% for validation and 20% for testing.

The events are weighted according to the corrections and scale factors described in Sec. 6.4.
This removes potential biases when evaluating the neural network on real data and corrected
simulation. In addition to these weights, events are weighted based on their physics process
(wp). It has been found empirically that the best weighting strategy is to weight both signal
processes by a factor of 1/8 and all background processes by a factor of 1.

The cross-entropy loss function, which is used here for the classification problem, is extended
by the weights wp as follows:

L = �
1
N

P

Â
p

wp

Np

Â
i

ŷi,p log
�
yi,p
�

, (7.3)

where N denotes the total number of events in a batch, P the physics processes, Np the
number of events of a given physics process in a batch, ŷi,p the true label of event i, and yi,p
the predicted label of event i. In addition, the loss function is extended by an L2 penalty
term (see Eq. 4.16) with a regularization factor of 10�8 to prevent overfitting. The weights
of the LBN do not enter the L2 penalty term as they have a physical meaning and would be
artificially suppressed.
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The neural network is trained iteratively with the ADAM optimizer with a learning rate of
10�3, which is reduced by a factor of 0.5 in case the validation loss does not improve for at
least five epochs. A full epoch consists of 12000 batches with a batchsize of 256 events.

The hyperparameters of the training procedure and also of the neural network architecture
(described in Sec. 7.1) are optimized with a Bayesian optimization algorithm [218]. After
finding the optimal set of hyperparameters the process weights wp have been further tuned
by checking the effect of different combinations of process weights with respect to a mea-
surement with Asimov data including all systematic uncertainties explained in Sec. 8.1. The
chosen set of process weights is the one minimizing the expected upper limit on the total
signal strength modifier (µHH(GGF)+HH(VBF)) and on the HH(VBF) signal strength modifier
(µHH(VBF)).

7.4 Performance Evaluation and Introspection
Once the neural network is trained, it can be analyzed with respect to its performance and
further understood through introspection. For this, three key metrics are discussed in this
section: confusion matrices (performance), feature importances (introspection), and weights
of the LBN (introspection).

Confusion matrices

The confusion matrix shows the true process label on the y-axis and the predicted process
label on the x-axis. The entries of the matrix shows the fraction of events, which are predicted
correctly on the diagonal, and the fraction of events, which are predicted wrongly on the
off-diagonal elements. Two sets of matrices are produced, one with entries normed along
the predicted label axis (Fig. 7.4a) and one with entries normed along the true label axis
(Fig. 7.4b).

(a) Predicted labels are normed (columns). (b) Truth labels are normed (rows).

Figure 7.4: Confusion matrices for the nine output classes after training.

Most importantly it can be seen in both confusion matrices, that the main diagonal has the
largest numerical values. Figure 7.4a shows that the fraction of HH(GGF) and HH(VBF)
events in their corresponding output classes are 65% and 87%. However, Fig. 7.4b illustrates
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that only 26% of HH(GGF) events are categorized into the HH(GGF) output class, similarly
only 58% of HH(VBF) events into the HH(VBF) output class. This is due to the fact that the
signal processes are weighted down by a factor of 1/8. Although the down-weighting dimin-
ishes the number of signal events in their respective output classes, it has a clear benefit: the
confusion of background processes in the HH(GGF) and HH(VBF) signal output classes are
diminishingly small with approximately  1% . . . 2%. In addition, confusions between back-
ground can be identified in groups primarily due to their similar event topologies: single-top
(ST) and tt + Jets (TT), Drell-Yan and Multiboson (VV(V)), single Higgs boson processes, ttVX
(tt + Jets + V), and other rare processes.

Feature importances

The importance of all input features (see Sec. 7.2) can be estimated with the value of the
loss function. By permuting, or “shuffling”, the input position of a feature and re-evaluating
the loss function, it can be compared to the original loss value. It is expected that the re-
evaluated loss value is larger, because the relation between the input feature and the output
class is essentially lost. The difference between the original and the re-evaluated value of
the loss function is used as a measure of importance. The larger the difference, the more
important is the feature. This method is known as permutation importance [219]. Figure 7.5
shows the feature importance using the permutation importance method for the high level
features.

The feature importance of the high-level variables shows clear trends. The HT event shape
variable is ranked the highest in importance. The other event shape variable (pmiss

T LD) closely
follows on rank three. Invariant mass variables of the ``, the Hbb, and the HH system are the
second highest group of features. Especially, the invariant `` mass is a strong discriminant.
Other high-level features, such as angular relations between leptons, jets, and combinations
thereof benefit from the spin correlation effect, and thus rank also high. The boosted tag
and VBF related features rank lower as they describe unique event topologies, which rather
rarely occur.

The importances of the LBN inputs and the high-level variables cannot be shown together as
the order of the LBN inputs have an intrinsic relation: particles are boosted into rest frames.
The shuffling would break the Lorentz boosts of particles into rest frames resulting in arbi-
trary predictions of the neural network. The importances of these two sets of input variables
can therefore not be directly compared, and are analyzed independently. The feature impor-
tance for the LBN input variables can be found in the appendix in Fig. 10.4. For the LBN
input particles the pT-leading small radius jet and the missing transverse energy have the
largest importance for the classification. The least important features are the large radius jet
features as only few if any large radius jets exist in an event, and the z-component of the
missing transverse energy, which is always 0 by definition.

Weights of the Lorentz Boost Network

The weights of the linear combinations build by the LBN are shown in Fig. 7.6a for the parti-
cle combinations and in Fig. 7.6b for the rest frame combination. In both figures the weights
are normalized along each column to the absolute value of 100.

These two dimensional weight matrices depict the input particles on the y-axis and the com-
bined particles (or rest frames) on the x-axis. Particle combinations resulting in intermediate
particle candidates of the signal process can be identified in Fig. 7.6a. LBN particle number 0



110 Chapter 7. Signal Extraction and Event Categorization

Figure 7.5: Feature importances for the high-level features based on the permutation im-
portance method.

combines the four momenta of both leptons with pmiss
T , which resembles the leptonic branch

of the H ! W+W� decay. Furthermore, LBN particle number 7 combines the four small ra-
dius jets (with a focus on jet 2 and jet 3). This combination resembles the H ! bb candidate,
where two additional jets may stem from the VBF production mode. Other combinations
(LBN particle number: 2, 8, and 10), which involve leptons and jets, may resemble the main
background tt + Jets. Finally, it can be seen that a major focus in the other LBN particles is
on a single lepton or pmiss

T . The rest frame combinations (Fig. 7.6b) often involve all input
particle with similar fractions (i.e., LBN rest frames 0, 4, 6, 7, 9, and 10). Special focus on the
leptons and pmiss

T can be noticed in the LBN rest frames 1, 5, and 11.

7.5 Event Categorization
An event is categorized by selecting the maximum output of the probability-like DNN pre-
diction, its jet topology and its b-quark jet multiplicity. Some of the predicted physics pro-
cesses, listed in Sec. 7.1, are further grouped together based on their kinematic similarities,
resulting in similar DNN output distribution shapes. In addition, these similarities can also
be found in the confusion matrices (Fig. 7.4a and Fig. 7.4b) where similar processes often are
confused with each other. This grouping significantly reduces the computational cost of the
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(a) LBN weights (particle combinations).

(b) LBN weights (rest frame combinations).

Figure 7.6: Two dimensional matrices of LBN weights for particle and rest frame combi-
nations. The weights are normalized along each column to the absolute value
of 100.

analysis, while preserving its sensitivity. The list of (grouped) processes considered for the
event categorization is as follows:
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• HH(GGF)
• HH(VBF)
• Top + Other: tt + Jets, ST, H, tt + Jets + V, Other
• Drell � Yan + Multiboson: Drell-Yan, Multiboson

The second categorization scheme is based on the jet topology and b-quark jet multiplicity
(see Sec. 6.3.4). The resulting final categories are shown in Fig. 7.7.

resolved

res. 1b res. 2b� boost.

res. 1b res. 2b� boost.

boost.

inclusive

HH(GGF)

HH(VBF)

Top + Other

Drell-Yan + 
Multiboson

SR
C

R

Process(es) b-jet multiplicity / topology

Figure 7.7: The event categorization based on the physics process classification, and the
multiplicity and topology of the b-quark jets.

The HH signal regions (SR) are defined by the HH(GGF) and HH(VBF) production modes.
In addition, they are categorized by the number of b-quark jets and their topology (resolved
and boosted) resulting in six signal regions. The categorization into two b-quark jets en-
hances the sensitivity to the signal process as one of the Higgs bosons decays to a pair of
bottom quarks. Moreover, distinguishing between resolved and boosted event topologies
particularly enhances the sensitivity to k2V close to the SM expectation k2V ⇡ 1 (resolved)
and far away from the SM expectation |k2V | � 1 (boosted). The two control regions (CR)
are defined primarily by the two most dominant background process groups, namely the tt
+ Jets and the Drell-Yan process. The Top + Other control region is further split into two sub
categories, based on the b-quark jet topology.

7.6 Binning Optimization
Binning optimization is crucial for the final sensitivity, as the likelihood is defined as a prod-
uct of all bins. Thus, the signal to background ratio needs to be maximized while keeping as
few bins as possible to minimize computational costs without the loss of sensitivity as well
as having a sufficient statistical description in each bin.

At first, the output prediction of the physics process multi classification is histogrammed
with 400 equidistant bins between 0 . . . 1 per histogram. The number of initial bins (400)
is arbitrary and is chosen to be large enough to have enough flexibility for combining bins
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afterwards. The binning strategy for signal and background categories bases on a quantile
binning, but differs in their details. A quantile binning is constructed by calculating the
cumulative distribution of a reference histogram and then split it into equally sized portions.
In other words, a histogram is rebinned such that in each bin the same fraction of events is
found, essentially flattening the reference histogram.

The signal categories are rebinned iteratively using this procedure. The procedure starts by
rebinning the 400 bins to 15 bins where the number of signal events is the same in each bin.
If the total bin content of the last (most sensitive) bin is larger than 10 and has a statistical
uncertainty smaller than 30% the binning is applied. In case both conditions are not met the
procedure is repeated with 14 bins (one less as the iteration before). This is done iteratively
until either the conditions are met, or only one bin is left. The quantiles are calculated with
respect to the matching signal process of the respective category, i.e., the HH(GGF) process
in the HH(GGF) categories. This works well for neural network based classification scores,
as they are designed such, that signal is populated towards one and background towards
zero.

The background categories are expected to have a low signal to background ratio and a
high overall integral. Thus, a simple rebinning strategy is applied of five quantile bins. The
quantiles are calculated with respect to the sum of all background processes instead of the
signal histogram.

The number of bins within each category across all three eras are the same defined by the era
with the least number of bins.

7.7 Neural Network Predictions
The neural network is not only used for classifying events into physics processes. In addition,
the output score of the neural network is leveraged to build the most sensitive variable in
each category. The maximum prediction score of an event decides in which output class
the event will end up. The score itself is histogrammed in the respective output class. The
resulting neural network output distributions are shown in Fig. 7.8.

No significant deviations between data and the expectation is observed in these distribu-
tions. In the signal categories (Fig. 7.8a and Fig. 7.8b) the signal to background ratio improves
the closer the score is to one. The two Top + Other regions (Fig. 7.8c) are enriched with the tt
+ Jets and single t-quark production process. Likewise, the Drell � Yan + Multiboson region
is enriched with the Drell � Yan + Multiboson background process (Fig. 7.8d), especially for
the most right bins. These enriched and pure background regions allow to control the Top
and Drell � Yan + Multiboson processes in the measurement. This helps to precisely deter-
mine their normalization and shape in the signal regions in a simultaneous fit of all cate-
gories.
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(a) HH(GGF). (b) HH(VBF).

(c) Top + Other. (d) Drell � Yan + Multiboson.

Figure 7.8: Neural network output scores for the six signal and three background cate-
gories (see Sec. 7.5). The distributions include the full uncertainty model and
are shown before a fit was performed.



Chapter 8

Statistical Inference

This chapter presents the measurement procedure, the uncertainty model, and the results of
the search for the HH ! bbW+

`W�
` process. The measurement is based on a likelihood

model, which is parametrized by parameters of interest, such as the signal strength or cou-
pling modifier strengths. The likelihood model comprises the recorded data, the expectation
(estimated from simulation and data-driven methods), and statistical and systematic uncer-
tainties. The likelihood function (see Sec. 4.4.1 and Sec. 5.3) is as follows:

L (l, q|d) =
n

’
i

ldi
i (q)

di!
e�li(q)

· ’
j

pj
�
qj
�

, (8.1)

where n is the number of bins in the DNN output distribution, di the number of data events
in bin i, li the number of expected events in bin i, q the set of nuisance parameters, and
pj
�
qj
�

the penalty functions for the nuisance parameters. The expectation l(q) describes
the signal plus background hypotheses, which depends on a set of nuisance parameters q.
In addition, signal processes and single Higgs boson processes depend on different signal
strengths µ and coupling modifiers k:

with l(q) = µ ·

2

64µHH(GGF) · sHH(GGF) (kl, kt, q)
| {z }

HH(GGF) signal

+ µHH(VBF) · sHH(VBF) (kl, k2V , kV , q)
| {z }

HH(VBF) signal

3

75 (8.2)

+ bH (kl, kt, kV , q)| {z }
SM Higgs

+bother backgrounds. (8.3)

By performing a fit of the free yet potentially constrained parameters to the observed data,
which maximizes the likelihood function (Eq. 8.1), parameter of interests, such as the signal
strengths µ and coupling modifiers k, as well as all nuisance parameters can be measured.

The subsequent section first explains the different sources of uncertainties, that may modify
the expectation l through a set of nuisances parameters q. These uncertainties are split into
two different sources: experimental and theoretical uncertainties. Afterwards, the results of
the fit with the full uncertainty model is discussed. Finally, post-fit distributions and their
modelling quality, and impacts of the uncertainties are shown.
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8.1 Systematic Uncertainties
This section describes the different sources of systematic uncertainties. These uncertainties
may modify the model expectation l of Eq. 8.1, and are included in the likelihood function as
nuisance parameters q. These have typically prior values from theory prediction of auxiliary
measurements, and are constrained through penalty functions pj

�
qj
�

(Eq. 8.1). Two types
of systematic uncertainties are included which act as described: rate-changing nuisance pa-
rameters with a log-normal penalty term and shape-changing nuisance parameters. The
latter may also affect the rate. In addition, dedicated (unconstrained) rate-changing param-
eters for some of the background processes are included which are not constrained through
penalty functions. In total, 239 nuisance parameters are included in the likelihood function,
excluding nuisance parameters accounting for the limited number of generated events in
simulation.

All systematic uncertainties are described in the following. In addition, the correlation and
naming scheme for each type of uncertainty is explained, and exemplary distributions of
some of the leading systematic variations are shown.

8.1.1 Experimental Uncertainties

Experimental uncertainties primarily arise from measurement inaccuracies of the CMS de-
tector, differences between simulation and recorded data, and uncertainties related to anal-
ysis methods. The following paragraphs describe all experimental uncertainties considered
in this analysis in greater detail.

Integrated luminosity

The integrated luminosity is required to to scale the normalization of simulated background
contributions to to the expectation in 2016, 2017, and 2018 as described in Eq. 6.1. Table 8.1
shows the individual relative uncertainties of the integrated luminosity. They are given for
each year and for correlations between years.

Table 8.1: Correlation scheme of the integrated luminosity uncertainties.

Name 2016 2017 2018

Luminosity 2016 1.0% 7 7

Luminosity 2017 7 2.0% 7

Luminosity 2018 7 7 1.5%
Luminosity 2017 & 2018 7 0.6% 0.2%
Luminosity Run 2 0.6% 0.9% 0.2%

These uncertainties act as rate-changing nuisance parameters, whose expectations are mod-
eled with a log-normal distribution.

Pileup

The pileup distributions differs between simulation and recorded data [208]. The pileup
distribution of simulation is therefore corrected as described in Sec. 6.4. This correction pro-
cedure involves the minimum bias cross section, which is varied by ±4.6% [220] and prop-
agated through to varied event weights applied for the correction. This results in a shape-
changing effect on the DNN output distributions. This uncertainty is correlated among all
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years. It is named “Pileup” in the scope of this analysis. The up and down histogram varia-
tions are shown in Fig. 8.1.
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Figure 8.1: Systematic variations of the pileup uncertainty in the res. = 1b HH(GGF)
category in 2017 are shown. The histograms correspond to the sum of all
backgrounds. Green denotes the up variation, and red the down variation.
The ratio of the up and down variation to the nominal histogram is shown in
the ratio plot.

Trigger efficiencies

Corrections factors, depending on the pT, cone of leading lepton, are derived to correct differ-
ences between simulation and recorded data after applying triggers (described in Sec. 6.4).
The measurement of these correction factors comes with systematic uncertainties and are
provided by the ttH multilepton analysis [201, 209] of the CMS collaboration. These uncer-
tainties have a shape-changing effect on the DNN output distribution. They are decorrelated
across the different lepton channels (ee, eµ, µµ) (see Sec. 6.3.3) and years. The naming scheme
for these uncertainties is “Trigger (DL) {ee, eµ, µµ} {year}”, e.g., “Trigger (DL) ee 2016”.

Lepton efficiencies

Correction factors for the lepton reconstruction and identification efficiencies are derived to
remove differences between their performance on simulation and recorded data. The mea-
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surement procedure of these correction factors is described in Sec. 6.4. Uncertainties of this
procedure are provided by the ttH multilepton analysis [201, 209] of the CMS collaboration.
Similar to the trigger efficiency uncertainties, the ones for the lepton efficiencies have also a
shape-changing effect on the DNN output distribution, and are decorrelated across the dif-
ferent lepton channels (``) (see Sec. 6.3.3) and years. These uncertainties follow the naming
scheme “Lepton ({e, µ}) eff. ({loose,tight,ttH}) {year}”, e.g., “Lepton (e) eff. (ttH) 2016”.

Jet energy scales and resolution

The four momenta of jets are corrected in simulation and data as described in Sec. 3.2.8.4.
This correction comprises an adjustment of the energy scale and its resolution. The uncer-
tainties of the energy scale correction are factorized into eleven different sources [221] of
which some are decorrelated per year, correlated among all years, or both. Table 8.2 sum-
marizes the correlation scheme of the eleven different energy scale contributions. The un-
certainties for the jet energy scale follow the naming of “JES ({type}) {year}”, e.g., “JES (Abs)
2016”, where the year is omitted for correlated uncertainties in Run 2.

Table 8.2: Correlation scheme of the jet energy scale uncertainties. Run 2 denotes the
correlation across all three years.

Name 2016 2017 2018 Run 2

JES (Abs) 3 3 3 3

JES (BBEC1) 3 3 3 3

JES (EC2) 3 3 3 3

JES (FlavQCD) 3 7 7 7

JES (HF) 3 3 3 3

JES (RelBal) 3 7 7 7

JES (RelSample) 7 3 3 3

In addition, one uncertainty related to the resolution of the energy of jets is considered. This
uncertainty is estimated by varying the respective scale factors provided by the CMS col-
laboration [222]. The uncertainty for the jet energy resolution is decorrelated between all
three years and named “JER {year}” (e.g. “JER 2016”). Exemplary up and down histogram
variations are shown for the JES (Abs) and the JER uncertainties in Fig. 8.2.

Unclustered energy

The calculation of pmiss
T involves clustered objects (i.e., reconstructed particles), but also un-

clustered energy deposits [200]. An uncertainty on the unclustered energy is propagated to
the calculation of pmiss

T by varying these deposits within their energy resolution. This uncer-
tainty has a shape-changing effect and is labeled by the naming scheme “Unclustered energy
(MET) {year}” (e.g. “Unclustered energy (MET) 2016”). Exemplary up and down histogram
variations are shown for the unclustered energy uncertainty in Fig. 8.3.

Jet pileup identification efficiencies

The jet pileup identification [101, 102] is used to remove jets arising from pileup collisions
as described in Sec. 6.3.4. Uncertainties with respect to this identification are considered in
this analysis. They are estimated by varying the efficiency and mistag rates provided by
the CMS collaboration. These uncertainties vary the shape of the DNN output distributions,
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Figure 8.2: Systematic varations of the JES (Abs) (left) and JER (right) uncertainties in the

res. = 1b HH(GGF) category in 2016 are shown. The histograms correspond
to the sum of all backgrounds. Green denotes the up variation, and red the
down variation. The ratio of the up and down variation to the nominal his-
togram is shown in the ratio plot.

are decorrelated across the three years, and are named according to the scheme “Pileup Jet
({ID,mistag}) {year}” (e.g. “Pileup Jet (ID) 2016”).

b-quark identification efficiencies

b-quark jets are identified as described in Sec. 6.4. Uncertainties are estimated by varying the
respective scale factors within their uncertainties. This results in a multitude of uncertainties,
which can be roughly separated related to four different groups: heavy flavor, light flavor,
charm flavor, and subjets of large radius jets. Uncertainties related to the contamination
of heavy and light flavor jets are split into statistical uncertainties, which are decorrelated
per year, and a systematic uncertainty each, which is correlated among all years. The un-
certainties related to the charm flavor only consider a systematic effect correlated across all
three years; no statistical uncertainties are considered related to the charm flavor. Finally,
one uncertainty is included for the b-quark subjet identification of large radius jets decor-
related across the three years. All of these uncertainties introduce a shape-changing effect
of the DNN output distributions. These uncertainties are prefixed with “B-tagging”, (e.g.
“B-tagging (heavy flav. stats 1) 2017”). The up and down variations of the “B-tagging (light
flav.) Run 2” uncertainty are shown in Fig. 8.4.

t-quark transverse momentum correction

The pT spectrum of t-quarks on generator level are modeled too hard in simulation, and thus
these jets are corrected as explained in Sec. 6.4. An uncertainty of this correction is estimated
by not applying the correction at all, and by applying it twice. It is correlated among all
three years, and labeled “Top pT reweighting”. The up and down variations of the “Top pT
reweighting” uncertainty are shown in Fig. 8.5.

HEM issue

Due to power supply interruptions during the end of the 2018 data-taking period, two sec-
tors, namely HEM15 and HEM16, of the HCAL endcap detector system were not operating.
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Figure 8.3: Systematic variations of the unclustered energy uncertainty in the res. = 1b
HH(GGF) category in 2017 are shown. The histograms correspond to the
sum of all backgrounds. Green denotes the up variation, and red the down
variation. The ratio of the up and down variation to the nominal histogram
is shown in the ratio plot.

The energy of jets in these regions need to be varied to compensate for this effect. Jets with
transverse momentum of at least 15 GeV in the region of �1.57 < f < �0.85 passing the
tight working point identification are affected. Their energy is scaled down by 20% in the
region of �2.5 < h < �1.3, and down by 35% in the region of �3.0 < h < �2.5. This energy
variation is propagated to event-level quantities, such as pmiss

T , which are affected by the jets.
This variation affects the DNN output distribution with a shape-changing effect. It is named
“JES (HEM, 2018)”.

L1 ECAL trigger pre-firing

The pre-firing effect of the L1 ECAL trigger and its correction for simulation is described in
Sec. 6.4. An uncertainty for this is estimated by varying the pre-firing probabilities within
their own uncertainties. It has a shape-changing effect and only affects the data-taking pe-
riods of 2016 and 2017; thus it is decorrelated across these two years. It follows the naming
scheme of “L1 ECAL Prefiring ({year})”, e.g., “L1 ECAL Prefiring (2017)”.
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Figure 8.4: Systematic variations of the “B-tagging (light flav.) Run 2” uncertainty in the
res. = 1b HH(GGF) category in 2016 are shown. The histograms correspond
to the sum of all backgrounds. Green denotes the up variation, and red the
down variation. The ratio of the up and down variation to the nominal his-
togram is shown in the ratio plot.

Estimation of misidentified leptons

Misidentified leptons are typically not well modeled in simulation. Thus, a data-driven
method is used to estimate their contribution as explained in Sec. 6.5. It involves so-called
fake-factors to extrapolate events from the non-prompt “fake” region (FR) to the non-prompt
signal region (SR). The measurement of these fake-factors are subject to the statistical pre-
cision of their measurement. The fake-factors are provided by the ttH multilepton analy-
sis [201, 209] of the CMS collaboration and are varied according to their uncertainties. The
resulting uncertainties have a shape-changing effect on the estimation of the Misid. leptons
background. It has been found that their effect depends on the lepton flavor and pT, the
detector region (barrel or endcap), and the year. Thus, each combination of these parame-
ters contributes as an individual uncertainty. The uncertainties related to the Misid. leptons
estimation follow the naming scheme of “Fakes est. (DL) {e, µ}, {Barrel,Endcap} {pT region}

{year}”, e.g., “Fakes est. (DL) µ, Barrel 15 < pT < 20 2018”.
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Figure 8.5: Systematic variations of the “Top pT reweighting” uncertainty in the res. = 1b
HH(GGF) category in 2017 are shown. The histograms correspond to the tt
+ Jets process. Green denotes the up variation, and red the down variation.
The ratio of the up and down variation to the nominal histogram is shown in
the ratio plot.

Estimation of the Drell-Yan process

The Drell-Yan process is estimated with a data-driven method as described in Sec. 6.6. Uncer-
tainties related to the estimation procedure are twofold: one based on statistical uncertainties
in the calculation of transfer factors, and one based on the described closure correction of the
estimation. The former ones are decorrelated by the categorization, by the number and topol-
ogy of b-quark jets in an event and by each year. They introduce a shape-changing effect and
are named in the scheme “DY est., {category} {year}”, e.g., “DY est., res. � 2b 2018”. The
other type of uncertainties are related to the closure correction of the estimation method.
These are split into the background enriched categories, where shape-changing variations
of the fit parameters are estimated as explained in Sec. 6.6. They are labeled following the
scheme “DY est. ncc ({1,2[,3]}), {category} {year}”, e.g., “DY est. ncc (2), incl. DY + Multi-
boson 2017”. As the number of events is not sufficient for these fits in the signal regions the
total event counts are used to estimate a rate-changing uncertainty for the estimated Drell-
Yan process in these regions. These uncertainties are calculated as explained in Sec. 6.6 from
the values of Tab. 6.9. They are labeled in the scheme “DY est. ncc, {category} {year}”, e.g.,
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“DY est. ncc, boost. HH(GGF) 2017”.

Limited number of generated events in simulation

Simulated datasets are generated with finite amount of events resulting in a bin-wise un-
certainty for each physics process. Section 4.4.1 explains how statistical uncertainties for
limited number of generated events in simulation are included in this analysis based on the
“Barlow-Beeston”-lite [170] approach with a threshold of 10 events per bin.

8.1.2 Theoretical Uncertainties

Theoretical uncertainties are included in this analysis as they affect the cross section, branch-
ing fractions, or in general the simulation procedure of a physics process directly. The cal-
culations of a cross section depend for example on the strong coupling constant as, which is
measured with an uncertainty. Likewise, branching fractions of decays have uncertainties.
Furthermore, some physical processes, such as additional QCD jets from parton showering,
involve quantities with uncertainties. Finally, some physical phenomena, such as color flow,
are different in event generators when applying different sets of parameters, or even when
using different event generators.

Cross sections

The calculation of the cross section of a physics process depends on parameters, which are
known to certain precision. The uncertainty of these parameters is propagated through this
calculation to the cross section. These parameters are as, the QCD scale, and the parton
distribution function (PDF). In addition, the value of the t-quark mass mt used for the cross
section calculation introduces an uncertainty for processes, which involve the t-quark. For
the tt + Jets + V processes an additional uncertainty related to the electroweak correction
(EWK) is added [66]. An overview of all cross section related uncertainties is given in Tab. 8.3
for the different physics processes.

The uncertainty of the HH(GGF) process that is affected by the precision of the QCD scale
and mt depends on kl. In the case of kl = 1 the uncertainty is given in Tab. 8.3. The
uncertainty is calculated for different values of kl following Eq. 2.78. The PDF uncertain-
ties are correlated according to the initial state of the hard parton interaction, i.e., gg-, gq-
or qq-induced processes, but separated between Higgs boson and non-Higgs boson pro-
cesses (naming scheme: “PDF ({process})”, e.g., “PDF (gluon-induced)”). The as uncertain-
ties, labeled “Strong coupling constant (as)”, are correlated across all non-signal processes,
and decorrelated for HH(GGF) and HH(VBF). The QCD scale uncertainties are decorrelated
across all physics processes, except for t-quark related processes, i.e., tt + Jets (+ V) and
t-quark production, which are correlated (naming scheme: “QCD scale ({process})”, e.g.,
“QCD scale (VV)”). All uncertainties are correlated among the three years. The mt uncer-
tainty is labeled “Top mass unc.”, and the EWK related uncertainties “EWK corrections
({ttW,ttZ})”, e.g., “EWK corrections (ttW)”.

Higgs boson branching fractions

The branching fractions B of the different SM Higgs boson decays have uncertainties. Four
different decay modes are considered, of which two are of the signal process H ! bb and
H ! W+W�. An overview of the branching fractions and their relative uncertainties sB,rel.
are given in Tab. 8.4.
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Table 8.3: Cross section uncertainties for the different physics processes. The uncertain-
ties are split into different sources: PDF, as, QCD scale, mt, and EWK. A cross-
mark denotes that the uncertainty is not considered for a given process. The
last column gives the reference for the uncertainties.

Process PDF as QCD scale mt EWK Ref.

HH(GGF) (kl = 1) ±3.0% -23% / +6% 7 [223]
HH(VBF) ±2.1% -0.04% / + 0.03% 7 7 [223]

H(GGF) ±1.9% ±2.6% ±3.9% 7 7 [224]
H(VBF) ±2.1% ±0.5% -0.3% / +0.4% 7 7 [224]
ZH ±1.3% ±0.9% -3.0% / +3.8% 7 7 [224]
WH ±1.7% ±0.9% -0.7% / +0.5% 7 7 [224]
ttH ±3.0% ±2.0% -9.2% / +5.8% 7 7 [224]
tHq ±3.5% ±1.2% -14.7% / +6.5% 7 7 [224]
tHW ±6.1% ±1.5% -6.7% / +4.9% 7 7 [224]

tt + Jets ±4.2% -3.5% / +2.4% -2.7% / +2.8% 7 [225]
tt + Jets + Z ±2.8% ±2.8% -11.3% / 9.6% 7 -0.2% [226]
tt + Jets + W ±2.0% ±2.7% -11.5% / + 12.9% 7 -3.2% [226]
t-quark (s-chan.) ±2.6% -2.3% / +2.8% 7 7 [227]
t-quark (t-chan.) ±2.8% -2.1% / +3.1% 7 7 [227]
t-quark (tW-chan.) 7 7 ±2.5% 7 7 [227]
VV ±4.6% 7 -2.2% / +2.5% 7 7 [226]
VVV ±0.1% 7 7 [226]

Table 8.4: Branching fractions with their relative uncertainties for different Higgs boson
decays in the SM [228].

Decay B sB,rel.

H ! bb 58.24% -1.26% / +1.24%
H ! W+W� 21.37% -1.52% / +1.53%
H ! tt 6.27% -1.63% / +1.65%
H ! ZZ 2.62% -1.52% / +1.53%

The uncertainties sB,rel. have a rate-changing effect on the signal processes and the SM single
Higgs boson processes. Each uncertainty sB,rel. is fully correlated among all categories and
years. They are labeled “BR (decay)”, e.g., “BR (H ! bb)”, in this thesis.

Parton shower

Additional jets originating from the hard interaction in the generation of a physics process
are modeled by the parton shower. They are separated into jets which are radiated off the
initial state (ISR) and the final state (FSR). The parton shower depends on the value of as,
which is varied up and down [229] for an uncertainty estimate of the parton shower. This
results in a shape-changing effect of the DNN output distributions. These uncertainties are
only applied to the signal processes and the tt + Jets process, and are decorrelated between
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both. In addition, they are considered correlated among all three years. The uncertainties
are called “Parton shower ({ISR,FSR}) {HH,TT}”, e.g., “Parton shower (ISR) HH”, in this
thesis. Exemplary up and down histogram variations are shown for the parton shower FSR
uncertainty in Fig. 8.6.
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Figure 8.6: Systematic variations of the parton shower FSR uncertainty in the res. = 1b
HH(GGF) category in 2018 are shown. The histograms correspond to the tt
+ Jets process. Green denotes the up variation, and red the down variation.
The ratio of the up and down variation to the nominal histogram is shown in
the ratio plot.

The parton shower for the ISR of the HH(VBF) process is of great importance for its pre-
cise modelling, as the VBF production is characterized by two jets with large pseudora-
pidity in the initial state. The generation of these initial state jets involves a global recoil
scheme. An improved scheme, called “dipole recoil” [230], is used to generate more precise
HH(VBF) events. Due to technical reasons, only some HH(VBF) samples are generated with
this scheme. Thus, the difference of event counts between the global and dipole recoil scheme
in the analysis phase-space regions, in particular the signal regions, has been investigated for
the HH(VBF) process. It has been found, that the difference of event yields is approximately
10%. This difference is taken as a rate-changing uncertainty for the HH(VBF) process. It is
correlated among all categories and years, and labeled “HH (VBF) dipole-recoil”.
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Renormalization and factorization scale

The renormalization µR and factorization scale µF are part of calculations for proton-proton
collision cross sections as described in Eq. 2.75. Seperate variations of these scales are per-
formed, by varying both scales by a factor of two up and down independently and simul-
taneously. One shape-changing uncertainty is estimated by calculating the envelope of all
varied shape templates. The uncertainty is decorrelated between physics processes, but
correlated among all three years. It follows the naming scheme of “Renormalization scale
({process})”, e.g., “Renormalization scale (TT)”. The up and down variations for the “Renor-
malization scale (TT)” are shown in Fig. 8.7.
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Figure 8.7: Systematic variations of the “Renormalization scale (TT)” uncertainty in the
res. = 1b HH(GGF) category in 2018 are shown. The histograms correspond
to the tt + Jets process. Green denotes the up variation, and red the down
variation. The ratio of the up and down variation to the nominal histogram
is shown in the ratio plot.

Color reconnection

The color reconnection model [231] describes how multiple partons interact in a collision
with each other, which are beyond the hard interaction. These multi-parton interactions may
modify the color structure of the physics process until color-neutral hadrons are formed in
the final state through a mechanism called “color reconnection”. Three different models [231]
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exist to describe this effect: “QCD-inspired”, “Gluon move”, and “ERDon”. Dedicated sim-
ulation samples are generated for each model for the tt + Jets process. An uncertainty for
each model is estimated by taking the shape difference of the DNN output distribution be-
tween the nominal sample and the sample with the modified color reconnection model. In
order to obtain a two-sided uncertainty, the difference is symmetrized. These uncertainties
only exist for the tt + Jets process and are correlated among all three years. They are named
“Color reconnection (QCDbased)”, “Color reconnection (GluonMove)”, and “Color recon-
nection (erdON)”, respectively. Figure 8.8 shows the up and down variations for the “Color
reconnection (erdON)” uncertainty.
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Figure 8.8: Systematic variations of the “Color reconnection (erdON)” uncertainty in the
res. = 1b HH(GGF) category in 2018 are shown. The histograms correspond
to the tt + Jets process. Green denotes the up variation, and red the down
variation. The ratio of the up and down variation to the nominal histogram
is shown in the ratio plot.

Underlying event

The underlying event describes additional processes in a collision, which is not directly re-
lated to the hard interaction. These additional processes may be e.g. the interaction of other
partons in the pp collision. The underlying event is modeled by the event generators as de-
scribed in Sec. 6.2. An uncertainty is estimated by varying the corresponding parameters of
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the modelling in the event generators. This results in additional samples, which are used
to estimate a shape-changing uncertainty by calculating the difference to the nominal sam-
ple. The uncertainty is only applied to the tt + Jets process and is correlated among all three
years. It is labeled “Underlying event”.

Matching between parton shower and matrix element

Additional jets in the initial and final state of a physics process can be generated by the
parton shower as well as the matrix element in the event generator. A potential overlap
of these emission arises which has to be accounted for. The POWHEG V2 event generator
introduced a weighting function hdamp, which matches the parton shower and the matrix
element, to avoid double counting. Dedicated samples are generated where the value of
hdamp = 1.379+0.926

�0.505mt [232] is varied up and down within its uncertainties. This shape-
changing uncertainty is applied to the tt + Jets process and is correlated among all three
years. It is named “ME - PS matching scale”.

tt + Jets and single-top normalizations

The two largest backgrounds tt + Jets and single t-quark production need to be known as
precisely as possible to obtain a good sensitivity. The uncertainties, which affect both pro-
cesses and are listed above, may not be sufficient to control these backgrounds in the specific
phase-space of this analysis. Thus, unconstrained scaling parameters are introduced for both
processes. The scaling parameters are fully correlated among all categories and years and
named “TT norm.” and “ST norm.”, respectively. Two control regions (Sec. 7.5) are created
by the DNN to measure these to the highest precision. Additionally two rate-changing un-
certainties are added for the boosted regions with an effect of 20% each. These are labeled
“TT norm. boost. (DL, 20%)” and “ST norm. boost. (DL, 20%)”, respectively.

8.1.3 Overview of Uncertainties

All uncertainties considered in the presented analysis are summarized in Tab. 8.5. They
are split into experimental and theoretical uncertainties. For each uncertainty source the
number of nuisance parameters Np is given, their type is given, and a comment is added
to briefly explain correlations. In total 239 nuisance parameters are considered, 195 from
experimental sources, and 44 from theoretical sources. Uncertainties regarding the limited
number of generated events in simulation are not included in the table.

8.2 Quality Assessment of the Likelihood Fit
A fit of the signal plus background (S+B model) expectation, including all aforementioned
uncertainties, to recorded data is performed. The DNN output distributions of the S+B model
may be varied by the fit within uncertainties in order to maximize the likelihood function of
Eq. 8.1.

The quality of the fit has to be assessed and evaluated. For this, the DNN output distribu-
tions after the fit (post-fit) are shown. Furthermore, the event yields before and after the fit
are compared. In addition, the quantitative measure of a goodness-of-fit test is used (see
Sec. 4.4.2), to ensure good (post-fit) agreement between the S+B model and recorded data.

Figure 8.9 shows the post-fit DNN output distributions for the six signal and three back-
ground categories (see Sec. 7.5). No significant deviation between the S+B model and data is
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Table 8.5: Summary of all systematic experimental and theoretical uncertainties. In addi-
tion, the number of nuisance parameters Np is given, the type for each nuisance
is given, and a comment is added to briefly explain correlations.

Source Np Type Comment

Experimental 195
Luminosity 5 rate 1 per year, 1 for Run 2, 1 for 2017+2018
Pileup 1 shape correlated among all years
Trigger 9 shape 1 per year and ``-channel
Lepton eff. 18 shape 1 per lepton type, year, working point
Jet energy scales 21 shape correlation scheme in Tab. 8.2
Jet energy resolution 3 shape 1 per year
Unclustered energy 3 shape 1 per year
Jet pileup ID eff. 6 shape 1 per year and type (ID, mistag)
Small rad. b-quark ID eff. 16 shape decorr. by flavor, year, stat. and syst.
Large rad. b-quark ID eff. 3 shape 1 per year
t-quark pT correction 1 shape correlated among all years
HEM issue 1 shape only in 2018
L1 ECAL pre-firing 2 shape only in 2016 and 2017
Misid. leptons est. 60 shape 1 per lepton type, year, h & pT region
Drell-Yan est. 45

Method 9 shape 1 per region (Sec. 6.7) and year
Closure (sig.) 18 rate 1 per signal category and year
Closure (bkg.) 18 shape 1 per background category and year

Theoretical 44
Cross section 20 rate see Tab. 8.3
Branching fraction 4 rate 1 per decay mode
Parton shower 4 shape 1 per ISR & FSR, HH & tt + Jets
Dipole recoil 1 rate only for HH(VBF)
Renorm. & fact. scale 6 shape 1 per process
Color reconnection 3 shape 1 per model, only for tt + Jets
Underlying event 1 shape only for tt + Jets
ME - PS matching scale 1 shape only for tt + Jets
Background norm. 4

all categories 2 - 1 per single-top & tt + Jets
boosted categories 2 rate 1 per single-top & tt + Jets

Total 239

observed, i.e., they agree within  2s uncertainty. Most bins are compatible directly within
1s uncertainties. The ratio between the expectation and recorded data in the signal regions is
in the order of 1 � 10%, whereas the agreement in the control regions is a magnitude smaller
(0.1 � 1%) due to the high event yield in each bin.

In addition to the post-fit DNN output distributions, the event yields are shown in Tab. 8.6
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(a) HH(GGF). (b) HH(VBF).

(c) Top + Other. (d) Drell � Yan + Multiboson.

Figure 8.9: Neural network output scores for the six signal and three background cate-
gories (see Sec. 7.5). The distributions include the full uncertainty model and
are shown after a fit was performed.



8.3. Expected and Observed Exclusion Limits 131

before and after the fit has been performed. The tables compare the post-fit and pre-fit event
yields in the gray and white rows, respectively, for each physics process and category. The
event yield for data is listed separately at the bottom of each table. The post-fit event yields
of the S+B model agree within uncertainties with data. Additionally, one can see that the
uncertainties are significantly smaller for the post-fit yields compared to the pre-fit yields.
This is expected, as the fit may constrain the nuisance parameters (see Sec. 4.4.2).

The results of the saturated goodness of fit test are shown in Fig. 8.10. Reasonable agreement
between the S+B model and recorded data is observed when the p-value exceeds a value of
5%. Three hundred toy experiments have been performed for each year and their combina-
tion to ensure a reasonable c2 distribution, which is used to calculate the p-value. It can be
seen that in each individual year and for their combination (Run 2) the p-value is approxi-
mately between 10% and 50%.
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toysσ) / 
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µNormalized test statistic (t - 
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Data                 

CMS Work in progress  (13 TeV)-1138 fb

Figure 8.10: Saturated goodness of fit test for the individual years and their combination
(Run 2). The p-value is quoted in percentage below the year label. For each
year and their combination 300 toy experiments have been performed.

8.3 Expected and Observed Exclusion Limits
Upper exclusion limits at 95% confidence level are set on the global signal strength modifier
µ affecting the HH(GGF) and HH(VBF) processes simultaneously, and on the signal strength
modifier µHH(VBF) affecting only the HH(VBF) process. These limits are calculated as de-
scribed in Sec. 4.4.2. The expected exclusion limits are shown with their 1s and 2s uncertain-
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ties visualized by green and yellow color bands, respectively. Expected limits are calculated
by replacing observed data with an Asimov dataset corresponding to the background-only
hypothesis (µ = 0).

The expected and observed exclusion limits for the SM scenario, where all coupling modi-
fiers (kl, k2V , kt, kV) are set to one, are shown in Fig. 8.11 sorted by the value of the expected
exclusion limit.
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Figure 8.11: Upper exclusion limits at 95% confidence level for the SM scenario (kX = 1).
Limits are set on the global signal strength modifier µ, and on the HH(VBF)
modifier µHH(VBF). The one and two sigma uncertainties of the expected
exclusion limit are shown by the green and yellow color bands.

The observed (expected) upper exclusion limit for µ considering the “Combined”, i.e., Run
2, analysis is measured to be 19 (27). The observed (expected) upper exclusion limit for
µHH(VBF) is measured to 385 (424). No significant deviation between the observed and ex-
pected exclusion limits on µ and µHH(VBF) is seen for any data-taking period.

In order to constrain the allowed values of the coupling modifiers kl and k2V (see Fig. 2.11),
exclusion limits are calculated as a function of those. The results are presented in Fig. 8.12.

Fig. 8.12a shows the sensitivity of the analysis on µ as a function of kl. The strongest limit is
set close to the SM scenario (kl = 1) and the interference point (kl ⇡ 2.4) at roughly 500 fb.
Although the cross section is diminished in this region of kl, the sensitivity is enhanced due
to its unique differential mHH distribution (see Fig. 2.14), which tends towards higher val-
ues of mHH. This fact makes the signal more distinguishable from backgrounds. Vice versa,
larger absolute values of kl increase the total cross section of the HH signal, but the differen-
tial distribution of mHH tend towards lower values. These two properties keep their balance,
which leads to rather stable upper exclusion limits at around 1000 fb for larger absolute val-
ues of kl. The value of kl can be constrained with the observed (expected) limits towards
�8.64  kl  15.21 (�11.43  kl  17.83).

Likewise, the upper exclusion limits on µHH(VBF) as a function of k2V are shown in Fig. 8.12b.
The strongest limits are set for large absolute values of k2V to about 200 fb, while the weakest
are at the SM scenario (k2V = 1) and close to the SM scenario at around 500 fb. This is due
to the fact that the total cross section of HH(VBF) production can be factorized as follows:
sHH(VBF) µ k2V � k2

V [233]. Here, kV is set to one (SM expectation), which leads to a small
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Figure 8.12: Upper exclusion limits at 95% confidence level as a function of kl (left) and
k2V (right). Limits are set on the global signal strength modifier µ (left), and
on the HH(VBF) modifier µHH(VBF) (right). The one and two sigma uncer-
tainties of the expected exclusion limit are shown by the green and yellow
color bands.

theory cross section for k2V = kV = 1. This fact decreases the analysis sensitivity significantly
at the SM scenario. An observed (expected) constrain on k2V can be set towards �1.71 

k2V  3.84 (�2.22  k2V  4.37).

8.4 Likelihood Scans
The likelihood is profiled, as explained in Sec.4.4.2, as a function of kl and k2V in order to
measure their best fit values with uncertainties. The results are shown in Fig. 8.13.
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Figure 8.13: Likelihood profile of kl (left) and k2V (right). The SM expectation is shown
by the red line at one.

The best fit value is at the minimum of the likelihood profile. Its 1 (2) s uncertainty can be
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extracted, where the profile crosses �2D log L = 1 (4). The measured best fit values with
their 1s uncertainties are as follows:

k̂l = 3.17+6.19
�6.15, (8.4)

(8.5)

k̂VV = 1.04+1.56
�1.53. (8.6)

Both measured values are well compatible with the SM expectation of one within their 1s
uncertainties.

8.5 Impact of Systematic Uncertainties
The impact of all systematic uncertainties on µ is evaluated per nuisance parameter by re-
performing the likelihood fit for each uncertainty fixed to their post-fit value with uncer-
tainty. In addition, pulls and constrains of all systematic uncertainties are calculated. The
results are shown in Fig. 8.14 and Fig. 8.15 for all systematic uncertainties, except for uncer-
tainties related to the limited number of generated events in simulation.

The systematic uncertainties are sorted by their impact, visualized by the +1s (red) and �1s
(blue) bands, on the global signal strength modifier µ. The black point (or value) denotes the
pull, and the black line the constrain of each uncertainty, as defined in Eq. 4.33.

The leading uncertainties are mostly related to the largest backgrounds: tt + Jets and single
t-quark production. The leading uncertainty is the “ST norm.”. It controls the normalization
of the single t-quark production by an unconstrained parameter. Dedicated control regions
(res. Top + Other, and boost. Top + Other) have been produced with a DNN to control this
normalization parameter. Uncertainties affecting the tt + Jets process typically rank high,
such as “Renormalization scale (TT)”, “Color reconnection (erdON)”, and “Parton shower
(FSR) TT”. The theory uncertainty “QCD scale (ggHH + mtop)”, which directly affects the
signal process, ranks on the second place. Furthermore, uncertainties related to jets and
pmiss

T , such as “JES (FlavQCD)” and “Unclustered energy (MET) 2017”, are important, due to
the high jet multiplicity and the two neutrinos in the final state. The last set of uncertainties
among the leading 25 concern the closure of the data-driven Drell-Yan estimation in the
signal regions.

The pulls of the uncertainties are within 2s; most of them even within 1s. The constraint of
some nuisances can be observed, especially when these nuisances affect physics processes
for which dedicated control regions exist in this analysis (e.g. “TT norm. boost. (DL, 20%)”).

In order to estimate the total effect of all systematic uncertainties on the signal strength mod-
ifier µ, a dedicated fit has been performed without any systematic uncertainty, except for
those related to the limit number of generated events in simulation. In addition, a second fit
has been performed omitting also these uncertainties. The results are shown in Fig. 8.16.

Omitting the systematic uncertainties, except for those modelling the finite amount of gen-
erated events in simulation, results in an expected limit of µ = 20 for the Run 2 data-taking
period as shown in Fig. 8.16a. This shows that the systematic uncertainties do play a sig-
nificant role, however this analysis is still significantly limited by the amount of recorded
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data. In addition, uncertainties modelling the finite amount of generated events in simula-
tion are omitted in Fig. 8.16b. The limits are improved only slightly compared to Fig. 8.16a,
which shows that the modelling of physics processes with simulation is well described, and
no more simulated events are needed to improve the sensitivity of this analysis.
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Figure 8.14: Impacts, pulls and constraints are shown for the leading 50 uncertainties
sorted by their impact on µ for the Run 2 data-taking period.
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Figure 8.15: Impacts, pulls and constraints are shown for uncertainties (ranked 50 to 100)
sorted by their impact on µ for the Run 2 data-taking period.
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(b) No systematic uncertainties are considered.

Figure 8.16: Upper exclusion limits at 95% confidence level for the SM scenario (kX = 1)
for two sets of uncertainties: including only uncertainties related to the lim-
ited number of events in simulation (left), without any systematic uncertain-
ties (right). Limits are set on the global signal strength modifier µ. The one
and two sigma uncertainties of the expected exclusion limit are shown by
the green and yellow color bands.





Chapter 9

Combination with the Semi-leptonic
HH ! bbW+W� Analysis

Simultaneously to the presented analysis in this thesis, the semi-leptonic HH ! bbW+W�

analysis has been performed by the CMS collaboration. Both analysis have been designed to
be combined for a more sensitive measurement. The combination strategy and their results
are presented in this chapter. The combination has been published in Ref. [10].

The semi-leptonic HH ! bbW+W� analysis follows a similar strategy as presented in chap-
ter 5. Here, also a physics process classification is performed with the help of a DNN. Differ-
ent signal regions and control regions are defined with this DNN and further event informa-
tion, such as the number of b-quark jets and their topology. The major backgrounds of the
semi-leptonic decay of the HH ! bbW+W� process are again the tt + Jets and single t-quark
production. In addition, the W + Jets process plays a significant role, and marks one of the
largest background contributions depending on the analysis phase-space. The W + Jets pro-
cess is highly suppressed in the presented analysis in this thesis due to the presence of two
leptons. Also the Misid. leptons background process has a significantly higher contribution
as the higher jet multiplicity in the final state allow more possibilities for mis-reconstructed
leptons from jets. The estimation of the Misid. leptons background process is the same as
described in this thesis (see Sec. 6.5).

For the combined measurement of both analyses, the uncertainties have to be correlated
properly. Systematic uncertainties, which affect both analyses are fully correlated. The
only exception are the unconstrained parameters which affect the normalization of the ma-
jor background processes. Uncertainties, which are unique to each analysis, such as trigger
efficiencies, are fully decorrelated.

Finally, a fit including all regions from both analyses is performed. The results on the upper
exclusion limits are shown in Fig. 9.1 for the SM scenario, and in Fig. 9.2 as a function of kl

and k2V . The limits are set on the same signal strength modifier µ and µHH(VBF) as described
in the previous chapter.

The semi-leptonic HH ! bbW+W� analysis provides a similar sensitivity as the analysis
presented in this thesis. Their combination results in an observed (expected) upper exclusion
limit on µ of 14 (18), and on µHH(VBF) of 277 (301) at the SM scenario. The value of the
observed limit on µ is roughly improved by a factor of 1.36 and on µHH(VBF) by approximately
a factor of 1.39 compared to the analysis presented in this thesis.

More stringent constraints on the coupling modifier kl and k2V are set when combining both
analysis. The (observed) allowed range for kl is �7.22  kl  13.81, and for k2V the allowed
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Figure 9.1: Upper exclusion limits at 95% confidence level for the SM scenario (kX = 1)
for the combination of the dileptonic and semi-leptonic HH ! bbW+W�

analysis [10]. Limits are set on the global signal strength modifier µ, and on
the HH(VBF) modifier µHH(VBF). The one and two sigma uncertainties of the
expected exclusion limit are shown by the green and yellow color bands.
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Figure 9.2: Upper exclusion limits at 95% confidence level as a function of kl (left) and
k2V (right) for the combination of the dileptonic and semi-leptonic HH !

bbW+W� analysis [10]. Limits are set on the global signal strength modifier
µ (left), and on the HH(VBF) modifier µHH(VBF) (right). The one and two
sigma uncertainties of the expected exclusion limit are shown by the green
and yellow color bands.

range is �1.11  k2V  3.22. Especially the constrain on k2V benefits from the inclusion of
the semi-leptonic HH ! bbW+W� analysis.

In addition, two dimensional scans are performed in Ref. [10] as some of the coupling param-
eters are correlated. These two dimensional scans are shown in Fig. 9.3 for kl � kt, kl � k2V ,
and k2V � kV .

Upper exclusion limits are calculated in these two dimensional scans to measure the allowed
values (white area) of the coupling parameters. In addition, the best fit value (black cross) is
calculated by profiling the corresponding two dimensional likelihood function. In all scans,
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Figure 9.3: Two dimensional scans of different sets of coupling parameters for the com-
bination of the dileptonic and semi-leptonic HH ! bbW+W� analysis [10].
Upper exclusion limits are set on µ to measure the allowed (white) and ex-
cluded (blue) regions. The best fit value, calculated with a two dimensional
likelihood profile, is shown by the black cross. The SM expectation is shown
by the red diamond.

the best fit value is within the allowed region.





Chapter 10

Conclusion

This thesis presents a search for Higgs boson pair production in the dileptonic decay mode
of the HH ! bbW+W� process. Data from proton-proton collisions produced at the LHC
from 2016 to 2018 at a center-of-mass energy of

p
s = 13 TeV has been analyzed. This data

has been recorded by the CMS experiment and corresponds to an integrated luminosity of
138 fb�1.

The presented analysis sets upper exclusion limits on the signal strength modifier of the
inclusive and HH(VBF) production mode of Higgs boson pair production, and measures
and constrains the Higgs boson self-coupling and the direct coupling between two Higgs
bosons and two vector bosons. The analysis has been combined with the analysis of the
semi-leptonic decay mode of the HH ! bbW+W� process and published in Ref. [10].

The presented search for the dileptonic HH ! bbW+W� process is particularly challenging
due to the overwhelming amount of expected background events compared to the small
number of expected signal events. Careful control over these backgrounds is crucial for
reliable and precise measurements. A dedicated analysis strategy has been developed to
tackle these challenges.

At first, a loose event selection is applied to maximize the acceptance for signal events.
Events are selected if they contain a pair of opposite charged leptons, i.e., e+e�, µ+µ�, or
e±µ±. Additionally, more than two small radius b-quark jets or one large radius b-quark jet
are required. This selection criteria characterizes resolved and boosted event topologies. Two
backgrounds, namely the Drell-Yan process and the misidentified leptons process, are esti-
mated using data-driven methods to improve their modelling. Then, a deep learning model
is trained and used to create analysis regions mutually enriched by particular physics pro-
cesses. Signal enriched categories provide the main sensitivity to the measurements while
background enriched categories primarily constrain uncertainties related to the background
modelling. Finally, all categories are fitted in a maximum likelihood simultaneously to mea-
sure parameters of interest.

No evidence for Higgs boson pair production has been found in the dileptonic HH !

bbW+W� decay mode. Upper exclusion limits on the signal strength modifiers for the in-
clusive and HH(VBF) production modes are observed (expected) to be 19 (27) and 385 (424)
at 95% CLs , respectively. The Higgs boson self-coupling kl has been measured to be kl =
3.17+6.19

�6.15, and could be constrained in the range of �8.64  kl  15.21 (�11.43  kl  17.83)
based on observed (expected) upper exclusion limits at 95% CLs . Likewise, the coupling be-
tween two Higgs bosons and two vector bosons k2V has been measured to be k2V = 1.04+1.56

�1.53,
and is constrained in the range of �1.71  k2V  3.84 (�2.22  k2V  4.37). A combina-
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tion with the semi-leptonic HH ! bbW+W� analysis improved the sensitivity resulting in
an upper observed (expected) exclusion limit of the inclusive signal strength modifier of 14
(18).

The sensitivity of the presented analysis is limited by the amount of recorded data. Combin-
ing multiple Higgs boson pair production decay modes is necessary to approach its obser-
vation and to probe SM expectations with significant precision. The presented analysis will
contribute to the joined effort of the CMS collaboration aiming at such a combination.

Novel computing technologies have been developed during this thesis to handle the huge
amounts of data and complex analysis workflows. The processing of events is vectorized,
I/O latencies are reduced by caching data on SSDs [13], and complex pipelines of fit routines
are automatized [18, 19]. These novel technologies significantly shorten turnaround times,
lead to a more sustainable analysis, and improve its scientific results.

In summary, a search for Higgs boson pair production in the dileptonic HH ! bbW+W� de-
cay mode has been presented. Novel analysis technologies have been successfully developed
and applied to analyze sustainably and efficiently collision events, and to enhance the sci-
entific results of the presented search. Future analyses may benefit from these technologies.
The observation of Higgs boson pair production is a key measurement for the current and fu-
ture LHC physics program to test the SM to its limits and search for new physics beyond the
SM. The presented analysis contributes to this effort. The results presented in this thesis set
the most stringent and precise measurements to date in the search for the HH ! bbW+W�

process.



Editorial Tools

Different tools have been used for editorial help. These tools did not generate any content
of this thesis. Their only purpose was to assist the author in technical tasks, especially with
respect to the markup language LATEX, which has been used to write this thesis. A list of tools
is given in the following:

Visual Studio Code [234] has been used as code and text editor. The LATEX Workshop Ex-
tension has been used to simplify the building process, synchronize between .tex and
.pdf files, view the output .pdf on-the-fly, and leverage Visual Studio Code’s Intel-
liSense for code completion.

GitHub Copilot [235] is a code generating AI tool using the Codex language model from
OpenAI. This tool has been used as a “dynamic LATEX macro generator”, for e.g., LATEX
environments, such as \begin{figure}...\end{figure}. No content has been
generated with this tool.

Grammarly [236] is an AI writing assistance tool, which helps to identify spelling errors
and to improve the linguistic expression. This tool has been used primarily for the
identification of spelling errors and misplacements of commas.

DeepL [237] is an AI powered language translation tool. Is has been used to improve the
linguistic expression of this thesis and to assist the author translating the abstract into
German.
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Appendix

Drell-Yan Closure Test

Figure 10.1: Closure test of the Drell-Yan background estimation for all background con-
trol regions in 2016. Shown are the Drell-Yan estimation itself (DY (est.)), the
Drell-Yan estimation using simulation only (DY (est., from MC)), and the
Drell-Yan distribution using simulation directly (DY (from MC)). The ratio
between “DY (from MC)” and “DY (est., from MC)” is shown as well. From
this ratio a correction is estimated by fitting a linear (quadratic) function to
the “Top+Other” (“DY+VV(V)”) region. The fit parameters are shown in the
legend.
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Figure 10.2: Closure test of the Drell-Yan background estimation for all background con-
trol regions in 2017. Shown are the Drell-Yan estimation itself (DY (est.)), the
Drell-Yan estimation using simulation only (DY (est., from MC)), and the
Drell-Yan distribution using simulation directly (DY (from MC)). The ratio
between “DY (from MC)” and “DY (est., from MC)” is shown as well. From
this ratio a correction is estimated by fitting a linear (quadratic) function to
the “Top+Other” (“DY+VV(V)”) region. The fit parameters are shown in the
legend.



Correlation Matrices of DNN Input Features

(a) Correlations of the low-level features.

(b) Correlations of the high-level features.

Figure 10.3: Feature correlations of the low-level and high-level features of the input
particles. The numbering scheme of the particles denote the ranking with
respect to the transverse momentum.



DNN Input Feature Importance

Figure 10.4: Feature importances for the LBN input variables based on the permutation
importance method.
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Explizit namentlich möchte ich mich bei meinen engsten Kollegen bedanken, die mich durch
die gesamte Zeit sowohl fachlich als auch privat begleitet haben:
Benjamin Fischer und Dennis Noll danke ich für eine wundervolle Zeit während unserer
Forschung zu Higgs Boson Paar Produktion. Vielen Dank für die täglichen Diskussion im
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lichen Austausch. Namentlich möchte ich hier besonders Svenja Diekmann, Niclas Eich und
Yannick Rath danken.

I would like to thank the whole CMS HH ! bbWW group for the great collaboration and
the fruitful discussions in our weekly meetings, which finally lead to a great analysis.
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