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ABSTRACT

The CERN Large Hadron Collider (LHC) offers a unique opportunity to test the Standard
Model of particle physics. The Standard Model predicts the existence of a Higgs boson and
provides accurate estimates for the strength of the interactions of the Higgs boson with other
particles. After the discovery of the Higgs boson, the measurement of its properties, such
as its couplings to other particles, is of paramount importance. The projects described in
this thesis explore different aspects of one of such measurements — the search for the Higgs
boson decay into a pair of muons (H — pu), conducted by the CMS experiment at the LHC.
This decay plays an important role in elementary particle physics, as it provides a direct way
to measure the coupling of the Higgs boson to the muon. The first evidence of the H — uu
decay was reported in 2020 as a result of an elaborate statistical analysis of the dataset
collected by the CMS experiment during Run 2 of the LHC (2016-2018). The observed
(expected) upper limit on the signal strength modifier for this decay at 95% confidence level
was found to be 1.93 (0.81), constituting the most precise measurement to date. The details
of this analysis, along with studies to establish possible directions for the development of
the next iteration of the H — pu analysis using Run 3 data, are discussed in this thesis.
In addition, a novel machine learning-based algorithm for the muon high level trigger is
presented, which ultimately improves the data-taking efficiency of the CMS experiment, and
hence, helps to increase the sensitivity of future H — up searches. Finally, projections of
the H — ppu search sensitivity to the data-taking conditions at the High-Luminosity Large
Hadron Collider are presented, estimating the achievable precision for future measurements

of the Higgs boson properties.
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INTRODUCTION

Particle physics pursues one of the most ambitious goals among scientific disciplines — to
uncover the fundamental laws of the universe by studying phenomena occurring at subatomic
scales. Unsurprisingly, such an ambition requires highly sophisticated technology and a great
deal of ingenuity. It is not a coincidence that the largest scientific instrument on the planet
— the Large Hadron Collider (LHC) — is a particle accelerator.

Nowadays, the discoveries made with modern large-scale experiments are not accom-
plished by individual research groups, but through the combined efforts of large international
collaborations. I have had the privilege and pleasure to participate in such an experiment —
the Compact Muon Solenoid (CMS) experiment at the LHC — where I conducted research
and contributed to the experiment’s operations.

The focus of my research as a part of the CMS collaboration was on the search for the
Higgs boson decaying into a pair of muons (H — pp). I joined the H — pp analysis team
in 2018, and spent the following two years getting acquainted with the research methods,
and investigating potential improvements of the analysis. My main contributions during
that period include extensive studies of multivariate methods and event categorization ap-
proaches, improvements to the H — pu signal parameterization, and a fully independent
implementation of one of the analysis categories. An elaborate analysis using the full LHC
Run 2 dataset (2016-2018) concluded in 2019, and lead to the first evidence of the H— ppu
decay [1,2], which became one of the most important experimental results in Higgs physics.

In 2020, I focused on the computational aspects of the H— ppu analysis, and more gen-
erally, on new approaches for data analysis in high energy physics. Using state-of-the art
methods of array programming and distributed computing, I designed a software frame-
work [3], which allows to reduce the H — pp analysis throughput time by a factor of 100,
and hence significantly accelerates the rate at which new analysis ideas can be implemented
and tested [4].

In 2021, I made a technical contribution to the CMS experiment by developing a novel

machine learning-based algorithm for the muon reconstruction in the CMS high level trig-



ger [5,6]. The new algorithm has been deployed by the CMS experiment for Run 3 of the
LHC and has been used in data-taking since July 2022.

I have also contributed to the Snowmass 2022 initiative [7, 8], which aims to make a
comprehensive projection for various directions of particle physics research, and to estimate
the results achievable in the future, to the best of our current knowledge. For this project,
I prepared a thorough extrapolation of the H — pp analysis sensitivity for the data-taking
conditions at the High-Luminosity Large Hadron Collider (HL-LHC), which will operate in
the 2030’s-40’s [9, 10].

My work in the final year of the Ph.D. program focused on the preparation of the next
iteration of the H— pp analysis, which will be performed with data taken during the Run 3 of
the LHC (2022-2025). I have identified the most important factors that defined and limited
the analysis performance in the Run 2 H — pp search, and suggested possible directions of
improvement, accompanying them with preliminary studies [11]. T have also participated
in the CMS detector operations, controlling the quality of data acquisition during the first
months of the Run 3 data-taking.

The most important studies and experimental results obtained during the course of my
Ph.D. research are described in this thesis, along with the necessary theoretical and exper-
imental context. The dissertation is structured as follows. Chapter 1 gives an overview of
the Standard Model of particle physics, with a focus on the Higgs mechanism of the elec-
troweak symmetry breaking. The Higgs boson production and decay modes accessible at
the LHC are also described. Chapter 2 summarizes the design and specifications of the LHC
and the CMS detector. Chapter 3 discusses the basic concepts of the muon reconstruction
in the CMS experiment, in particular, in the trigger system. Improvements to the muon
trigger algorithms are described, including a novel approach to seeding optimization based
on machine learning. Chapter 4 describes in detail the search for the H— puu decay with the
LHC Run 2 data, which lead to the first evidence of this decay. Chapter 5 expands on this
subject, analyzing the most impactful factors affecting the H— 0 analysis performance, and
suggesting the directions of the analysis development. Finally, Chapter 6 features a study
that extrapolates the Run 2 analysis sensitivity to the future data-taking conditions at the

High-Luminosity LHC.



1. THEORETICAL OVERVIEW

The ultimate objective of physics research is to devise a theory that describes all observed
phenomena, and successfully predicts those which have not been observed yet.

Rather than developing a single explanation for everything, scientific theories focus on
describing the phenomena at a certain scale, or in a certain domain. Quantum mechanics,
fluid dynamics, astrophysics describe the same reality, but from different perspectives and
using different tools.

An important property of a theory is its agreement with other theories at the boundaries
of their domains (e.g. quantum mechanics should not contradict classical mechanics at larger
scales). A special place, therefore, belongs to the theory that aims to describe the world at
the most fundamental scale. A theory like that can only be based on mathematical abstrac-
tions and general principles, therefore an experimental validation becomes of paramount
importance: even the most elegant abstract theory is in danger of being speculative in the
absence of an experimental evidence.

At the moment, the most comprehensive fundamental theory describes the world as a
multitude of quantum fields interacting with each other following a set of probabilistic yet
well defined rules. The vast majority of the observed phenomena can be formulated in terms
of point-like objects, giving the name to the domain — particle physics. The theory itself is
called the Standard Model [12-18].

1.1 The Standard Model of particle physics

The Standard Model of particle physics (SM) includes all known elementary particles of
matter and three out of the four known fundamental interactions — electromagnetic, weak, and
strong, but does not include gravity. The effects of gravity on the scales of particle physics
are negligible, as the intensity of the gravitational interaction is 25 orders of magnitude
smaller than that of the weak nuclear force, the weakest of the SM interactions.

The matter particles in the SM are represented by fermionic fields satisfying the Dirac
equation, and the interactions are introduced as bosonic fields associated with gauge sym-

metries of the SM. Weak and electromagnetic forces are unified into a single electroweak



interaction, and the corresponding electroweak symmetry is spontaneously broken by the

scalar Higgs field, as shown in Figure 1.1. This procedure is called the Higgs mechanism,

and it provides the recipe for the SM particles to acquire their masses.
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Figure 1.1. Schematic representation [19] of the particles and interactions
in the Standard Model. In addition to the particles depicted here, the SM

The Standard Model can be formulated in terms of a Lagrangian — a single function

of the fields and their derivatives, describing the dynamics and the degrees of freedom of a

system. The evolution of the system can be derived using the stationary action principle,

but a more practical application of the Lagrangian is calculation of probability amplitudes

using Feynman diagrams.



The compact form of the SM Lagrangian density is shown in Eq. 1.1.
1 . :
L= —1FuwE" + WP + h.c. + yijhid + h.c. + |Dyol* — V(9) (1.1)

The first term describes the fundamental interactions between the SM particles, the second
and the third terms define the couplings between the matter and the gauge fields (h.c.
means hermitian conjugate of the preceding term); the fourth and the fifth terms describe
the interactions between the fermions and the Higgs field, through which they acquire their
masses, and the last two terms describe the Higgs field and its interactions with the gauge
bosons. The meaning and the implications of the Lagrangian components are discussed in

more detail in the following subsections.

1.1.1 The fundamental fermions

The fundamental particles of matter in the Standard Model are described by Dirac fields
(¢ in Eq. 1.1) that correspond to spin-% fermions. These fermions are classified according to
their interactions with the gauge fields, which are discussed in detail in the next subsection.

The fundamental fermions that participate in the strong interaction are called quarks,
while other fundamental fermions are called leptons. The quarks are further classified into
up-type quarks, which carry electric charge +2/3, and down-type quarks, with charge —1/3.
The leptons are classified into charged leptons with electric charge —1, and electrically neutral
neutrinos.

Spin and electric charge define the type of a fermion, but they do not uniquely identify a
particle. The Standard Model features three particles for each fermion type, with differences
only in their masses. The fermions are therefore arranged into three generations, each
containing an up-type quark, a down-type quark, a charged lepton, and a neutrino. The SM
fermions and their masses are listed in Table 1.1. The fermion masses are free parameters
in the Standard Model, and their particular values are not derived from any underlying
principles. The hierarchy of the three generations is defined by the masses of the fermions:
the first generation contains the lightest fermions, while the third generation contains those

with the highest masses. While the SM describes only three generations of fermions, it



does not prohibit additional generations; however, there has been no experimental evidence
suggesting their existence.

The neutrinos are assumed to be massless in the original formulation of the Standard
Model. However, an extension of the SM that includes massive neutrinos has found an exper-
imental evidence [20,21]. The exact values of the neutrino masses are yet to be determined,
but it has been measured that they would not exceed 0.8 eV [22].

For each of the fundamental fermions, the SM also contains an antiparticle with the
same mass and spin, but opposite physical charges (such as electric and color charge). The
existence of the antifermions is required by the Dirac equation. The antiparticles of bosons
are also included in the SM: the gluon, the photon, the Z boson and the Higgs boson are
their own antiparticles, while the two W bosons (W' and W™) are antiparticles to each

other.

Table 1.1. Masses of the SM fermions and experimental limitations on the
neutrino masses [23]. The neutrino mass states (v1, v, v3) do not correspond
to the flavor states, and the absolute values of their masses have not been
measured. The only known quantities are differences between the neutrino
mass states, but their order is unknown.

H 15 generation ‘ 2°d generation ‘ 3' generation
u-quark c-quark t-quark
Up-type quarks || o 15 oy 1.27 GeV 172.76 GeV
d-quark s-quark b-quark
Down-type quarks || 67 \jov 93 MoV 4.18 GV
electron (e) muon (f) T-lepton
Charged leptons | o 51 \iov™ | 105.6 MoV 1776.86 MeV
Ve v, vy
Am3, = (7.53 £ 0.18) x 10° eV~
Neutrinos || Am2, = (—2.524 +0.034) x 10% eV? (inverted order)
Am2, = (2.453 £ 0.033) x 10° eV* (normal order)
0.0 eV <m, < 0.8 eV [22]




1.1.2 Gauge fields

The fundamental interactions in the Standard Model arise from the requirement for the
Lagrangian to be invariant with respect to certain local transformations. Such an invariance
is referred to as gauge symmetry. The particular structure of the gauge symmetry in the
Standard Model is

SU3). @ SU(2), @ U(1)y, (1.2)

where ¢ refers to the color charges of gluons and quarks, which act as generators of the SU(3)
group, L denotes the coupling of the weak gauge field to the fermions with only left-handed
chirality, and Y refers to the weak hypercharge which is the generator of the U(1) group.
Since the U(1) group has one degree of freedom, and SU(N) groups have N% — 1 degrees
of freedom, the gauge symmetry group of the Standard Model has a total of 1 +3 + 8 = 12
degrees of freedom, and therefore twelve gauge bosons associated with it. All known gauge

bosons in the SM have spin 1.

Strong interaction

The eight bosons associated with the SU(3). symmetry group are called gluons, they
mediate the strong nuclear interaction. The quarks under the SU(3). symmetry transform
as triplets, with each of the three states characterized by a different color charge.

Multiple quarks and/or anti-quarks can produce bound states via the strong interaction;
it has been observed that only states with a net zero color charge are formed. The bound
states consisting of a quark-antiquark pair are called mesons, while the three-quark states
are called baryons*. All particles participating in the strong interaction, including gluons,
quarks, and their bound states, are collectively called hadrons.

An important property of the strong interaction is its asymptotic freedom [12,24]: the
strong coupling becomes weaker as the momentum transfer in the interaction increases. This
allows to study the strong interaction at high-energy hadron colliders such as the LHC (see
Chapter 2).

4Notable examples of baryons are the proton (consisting of u,u,d quarks) and the neutron (consisting of
u, d,d quarks).



Electroweak interaction

The SU(2) and the U(1) symmetries describe the two remaining interactions — weak and
electromagnetic [13-15]. However, the phenomenology of the Standard Model is described
more conveniently if these interactions are interpreted as a unified electroweak interaction
with SU(2), ® U(1)y symmetry group. The four generators of this groups correspond to
three weak boson fields Wy, W5, and W3, and the hypercharge boson field B. The charges
associated with these fields are called weak isospin T®) and weak hypercharge Yy, The
convenience of this representation is related to the (empirical) fact that the weak boson

fields interact only with the left-handed chiral components of the fermion fields. Specifically,

ur
the left-handed components of quarks of the same generation form a doublet under
dr,

e
the action SU(2)r, as well as the charged lepton and the corresponding neutrino: t
VL

The Wy, Wy, W3, and B bosons are not observed directly. Instead, the boson fields are
mixed, producing W=, Z° bosons, and the photon. The observable states of the fields can
be obtained from the Wy, Wy, W3, and B fields as follows:

1
W = — (W, FiW. 1.3
\/5( 1 FiWa) (1.3)
cos 0 sin 6 B
A —sinfy cosOy | \Ws

under the condition gsinfy = ¢’ cosfy = e, where g and ¢’ are the coupling constants of
the Wy, Wy, W3, and B fields, and e is the electric charge of an electron. 6y, is called weak
mixing angle, it is established empirically and can be measured as cos 6y = %

The weak isospin and the hypercharge are related to the electric charge @) of a particle

via the Gell-Mann-Nishijima formula [25, 26]:

1



The weak isospin and the hypercharge are conserved in all interactions, excluding the inter-

actions with the Higgs field. The electric charge is conserved in all SM interactions.

Couplings to fermions

The interactions of the gauge fields with fermionic fields of matter are encoded by the
covariant derivative, which appears in the second term of Eq. 1.1. The full form of the

derivative can be written as
Dy = 8, + igst" Gy (x) + igT" W, (x) + ig'Y B,(x), (1.6)

where 0, is a regular space-time derivative, g5, g, and ¢’ are the coupling constants of the
strong, weak, and hypercharge fields. G%(x), W (x), By(x) are the fields of the gluons and

the electroweak bosons, and t¢, T, Y are the generators of the respective Lie groups.

Kinetic terms

The dynamics of the gauge fields are described by the kinetic term — the first term in
Eq. 1.1. A kinetic term for a generic gauge field A}, is obtained as a commutator of the
corresponding covariant derivative:

F

I

v = ~[Dy, D,] = 9,A% — 8,A% + ig f AL A°. (1.7)
g

The structure coefficient f% here is a constant, totally antisymmetric tensor that vanishes

for the fields with abelian gauge groups, such as U(1), but does not vanish for non-abelian

groups, such as SU(2) and SU(3). Consequently, third and quartic vertices can be con-

structed for the weak and strong boson fields, but self-interactions of photons are not al-

lowed.



1.2 The Higgs sector of the Standard Model

The gauge theory based on the SU(3).® SU(2),®@U(1)y symmetry group does not allow
adding explicit mass terms for fermions or gauge bosons without breaking the gauge invari-
ance. However, it has been observed that both the fundamental fermions and the electroweak
bosons (excluding the photon) are massive. The solution to this problem is provided by the
Higgs-Brout-Englert mechanism [16-18, 27-29], which introduces spontaneous electroweak

symmetry breaking via an additional scalar field.

1.2.1 The Higgs mechanism

The Higgs field is introduced as a complex scalar field that is a doublet under the SU(2)

symmetry group:

ot
¢ = . (1.8)
bo
The corresponding boson — the Higgs boson — is the only fundamental particle in the

Standard Model with spin 0. Its electric charge is zero, and its weak hypercharge is 1/2.
The potential of the Higgs field has the form

V(g) = —u*¢'o + A\(¢'¢), (1.9)

where \ and p are real constants. The value of A has to be positive in order to avoid an
unphysical behavior of the potential for large values of ¢. The shape of the potential depends
on the value of p?: if u? < 0, the potential has a trivial minimum at Gground = 0. However,
if 12 > 0, the potential takes the Mezican hat shape, shown in Figure 1.2. For this shape,
there is an infinite number of the states that minimize the potential, they are defined to

satisfy the following requirement:

2 2

ol = % _v (1.10)

where the parameter v is called the vacuum expectation value.
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Figure 1.2. The shape of the Higgs potential for the case of u? > 0 [30].

An arbitrary state around the minimum can be expanded in the following form:

o 0
Lefzmﬂ (z)/2 , a= 1, 27 3’ (111)

¢ground($) = \/§ "t h(x)

where h(z) is a massive scalar field corresponding to the Higgs boson, 093 are the Pauli
matrices, and 6 2 3(x) are massless scalar fields that appear as a consequence of the Goldstone
theorem? [31]. The 6, 5 3(z) fields can be absorbed through an SU(2);, transformation of the

Higgs field without a loss of generality, leading to a simpler expression:

1 0

Peround (T) = VoA M) (1.12)

The existence of the non-zero vacuum expectation value is a unique feature of the Higgs
field: other fields in the SM do not exhibit the same behavior. In the lowest energy state,
the Higgs field is forced to settle in one of the infinite number of minima, and the resulting
Lagrangian does not satisfy the requirement of gauge invariance (specifically, that of the
SU(2)r, ® U(1l)y group). This phenomenon is called spontaneous electroweak symmetry

breaking, and it triggers the mechanism by which the bosons associated with the broken

24 The Goldstone theorem states that a spontaneous breaking of a continuous symmetry gives rise to as
many massless bosons (Goldstone bosons) as there are broken generators of the symmetry.
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symmetries become massive. This mechanism is discussed in more detail in the following
subsection.

The vacuum state preserves invariance with respect to U(1)e,, therefore the electric
charge remains conserved, and the photon does not acquire mass. The SU(3), symmetry is

also unaffected, therefore the gluons remain massless as well.

1.2.2 Couplings to gauge bosons

The kinetic term for the Higgs field has the following form:
K(¢) = Du¢' D"o (1.13)

Taking the terms of the covariant derivative from Eq. 1.6 that correspond to the electroweak

gauge bosons, in can be expanded to:
1 1
S0 (W2 +W2) (0 h(@)? + 507 (W — 9B (04 h))?, (L14)

and then rewritten using the transformations outlined in Eq. 1.3 and 1.4:

(mWWjW“ + ;mzzz’) (1 + 2h<f> + hi€)2> , (1.15)

where the constants my = ¢g*v?/4 and mz = (¢ + ¢’*)v?/4 can be interpreted as masses

of the W* and the Z bosons, respectively. The right factor in the equation above contains
the terms involving h(z) that represent the couplings between the Higgs boson and the weak
gauge bosons, therefore the Higgs mechanism predicts triple and quartic vertices describing

interactions between the Higgs field and the weak boson fields. The coupling constants of

such interactions can be derived from the same equation:

2
2my,

gHVV = —
v

v (1.16)

v
JHHVV = —5 -
v
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Thus, for gauge bosons, the coupling to the Higgs field is proportional to the mass of the

boson squared.

1.2.3 Couplings to fermions

While the explicit mass terms for the SM fermions

my(Yrr + Urir) (1.17)

cannot be included in the Lagrangian due to violation of the gauge symmetry, similar terms
arise as a consequence of the interactions between the SM fermions and the Higgs field.

These couplings are constructed as follows:

“(u) 7(d d YV (d) ,(d Y, 7(d) ,(d
vr (Vi 017) ovi + hee. = <ﬂw£>w&)+ﬂhw2> §8>+h-c. (1.18)

T(u) (AN T (u YU —(u u Yt ; 7(u u
Ys (1/’(L), (L)> o) + h.c. = <\/§ (L)wgz)Jrﬁh@/)(L) J(Q)> + h.c. (1.19)

Eq. 1.18 describes the interactions of the Higgs field with down-type quarks and charged
leptons, while Eq. 1.19 describes the same for the up-type quarks and the neutrinos. In the
latter, the conjugate field ¢(z) = io2¢(z) is used.

The first terms in the parentheses on the right side of Eq. 1.18 and 1.19 together with
their hermitian conjugates have exactly the same form as Eq. 1.17, therefore they can
be interpreted as mass terms for the fermionic fields, and the masses of the fermions are

proportional to the corresponding Yukawa couplings:

my = 2Ly, (1.20)

V2

Therefore, the fermions acquire their masses as one of the consequences of their inter-
action with the scalar Higgs field, and their masses are proportional to the corresponding
coupling constants. On the other hand, the masses of the fermions can be treated as free

parameters of the Standard Model, in which case the conclusion can be reformulated as
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follows: the coupling constants of the interactions of SM fermions with the Higgs field are
proportional to the fermion masses.

Since the masses of most of the SM fermions have been measured long before the discovery
of the Higgs boson, this property of the Standard Model allows to predict the branching

fractions of the Higgs boson decays into fermions with high precision.

1.2.4 Limitations and prospects of the Higgs sector

The SM has been unexpectedly successful in describing with high precision the results of
the grand majority of particle physics experiments. Yet despite of this success, the SM leaves
important questions unanswered and its extrapolation to very high energies is unsatisfac-
tory. In particular, the SM does not include gravity, dark matter [32-34] (the reason for the
discrepancy between the cosmological observations of gravitational effects and the observed
amount of detectable matter), dark energy [35,36] (non-zero vacuum energy density), the
matter—-antimatter asymmetry in the universe [37], the strong CP problem [38], and neutrino
masses [20,22] (the SM predicts that, like photons, neutrinos should have no mass). Addi-
tionally, the SM does not provide an adequate explanation for some of its properties, such
as the hierarchy of the particle masses, the number of generations of fermions, and the scale
of the Higgs boson mass and the vacuum expectation value. The SM is usually formulated

using 18 free parameters:

3 gauge couplings (gs, g, ¢') describing the strong and electroweak forces;

3 mixing angles (02, a3, 013) of the Cabibbo-Kobayashi-Maskawa (CKM) matrix [39,
40] describing the mixing between quarks of different flavors, and the CP-violating

phase d13;
« the Higgs boson mass my and the Higgs potential vacuum expectation value v;

e 9 Yukawa couplings describing the Higgs couplings to the massive fermionic fields of

the SM (quarks and charged leptons).

Most of these parameters (the 9 Yukawa fermion mass terms, the Higgs mass, the Higgs

potential vacuum expectation value, and the four CKM values) are related to the Higgs

14



sector, and inclusion of SM extensions that address some of the limitations mentioned above
would further increase the number of parameters. These considerations motivate the re-
search needed to be conducted to better understand the Higgs sector of the SM and possibly
construct a theory capable of describing a wider range of phenomena with fewer free param-
eters.

The outstanding versatility of the Higgs mechanism is in its ability to explain some of the
fundamental properties of the Standard Model via a relatively simple assumption about the
existence of a field satisfying only a few basic requirements. These requirements include the
existence of a non-trivial minimum of the potential, the invariance with respect to U (1),
and physical values at low energy scales. However, it might be that the approximation
given by these assumptions does not fully describe the real structure of the Higgs field. For
instance, the field could feature more than one set of local or global minima, which would
lead to new symmetry breaking mechanisms and unexplored implications for the Standard
Model.

In the SM, the Higgs boson is unique: it has zero spin, no electric charge and no strong
force interaction. The spin and parity were measured through angular correlations between
the particles it decayed to. The mass of the Higgs boson, as well as its self-interaction
coupling are directly related to the y and A parameters of the Higgs potential as defined in
Eq. 1.9. While the Higgs mass can be measured in a straightforward way by analyzing the
Higgs boson decays, the measurement of the self-coupling requires studying processes with
at least two Higgs bosons, which have significantly lower cross sections.

The Higgs mechanism by its design is expected to be connected to many of the theories
that aim to describe the physics beyond the Standard Model (BSM), such as dark matter or
supersymmetry [41]. The theories that predict the existence of additional massive particles
must imply their interaction with the Higgs field.

Such interactions may manifest themselves via processes with similar final states as those
predicted by the SM, leading to discrepancies between predicted and observed branching
fractions. On the other hand, some of the BSM theories predict processes with final states
prohibited by the Standard Model (e.g. those violating lepton flavor conservation), or states
with undetectable decay products (e.g. dark matter particles), which would not directly

15



interfere with the SM predictions. Some theories also predict the existence of additional
types of the Higgs boson, with different values of the Higgs mass and quantum numbers
(electric charge and spin).

Thus, the Higgs sector serves as a window to new physics, hinting at the directions of

possible expansions of the SM.

1.3 Higgs physics at the LHC

As shown in Sections 1.2.2 and 1.2.3, the strength of the interactions between the Higgs
field and the SM particles is larger for more massive particles. Therefore, the dominant
processes for the Higgs boson production must involve its interactions with the heaviest SM
particles — t or b quarks, and Z or W bosons — which can only be produced in high-energy
collisions.

Currently, the most powerful particle accelerator, and the only functioning accelerator
capable of producing the Higgs boson, is the Large Hadron Collider (LHC), described in
detail in the next chapter. At the LHC, the Higgs boson is produced in proton-proton
collisions at center-of-mass energies up to 14 TeV. This section describes the most common

Higgs boson production modes at the LHC, as well as its main decay channels.

1.3.1 Higgs boson production in proton-proton collisions

The cross sections of the Higgs production channels in proton-proton collisions depend
on the Higgs boson mass, as well as the center-of-mass energy of the protons (see Figure 1.3).
The fact that the Higgs mass happens to be O(100 GeV) is rather fortunate, as it makes
the Higgs boson production experimentally accessible at the LHC. The growth of the cross
sections with energy motivates the need for a high-energy collider such as the LHC, to
produce Higgs bosons at a higher rate.

For My = 125 GeV and /s = 13 or 14 TeV, the dominating production channels are
summarized below in decreasing order of cross section; their Feynman diagrams and cross

sections are listed in Table 1.2.
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Figure 1.3. Cross sections of Higgs boson production channels in proton-

proton collisions [42].

Table 1.2. Main production channels of the Higgs boson in proton-proton
collisions at a center-of-mass energy of 13 TeV.

Production channel Feynman diagram Cross section [43]
e 48.58 pb [44]
ggH ---- H N3LO QCD?3,
NLO EW*
g2 99009
%
il
\Y 3.748 pb
vVBF | 5 H NNLO QCD,
NLO EW
a2 N
%
h o h 1.380 pb (WH)
VH v 0.870 pb (ZH)
NNLO QCD, NLO EW
2 \Y
t
N 0.507 pb
v N H NLO QCD,
NLO EW
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t
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Gluon-gluon fusion (ggH). In the ggH production mode, the Higgs boson is produced
in an interaction of two gluons via a quark loop (the dominating contributions to the process
are from the heavy top and bottom quarks). The final state of a ggH event contains only
the decay products of the Higgs boson itself. However, it is possible that one or multiple
gluons are radiated from the initial state particles, leading to the presence of additional jets

in the final state (the same holds for the other production modes as well).

Vector boson fusion (VBF). In the VBF production mode, the Higgs boson is created
in an interaction of two vector bosons (two Z bosons, or Wt and W™), emitted by the initial
state quarks. In addition to the decay products of the Higgs boson, the final state of a
VBF event is characterized by a pair of quarks, which after undergoing hadronization can
be observed as a pair of hadron jets. These jets typically have a large invariant mass and
angular separation, which is useful for distinguishing VBF events from other events with a

similar final state topology.

Higgs-strahlung (VH). In the Higgs-strahlung process, the Higgs boson is emitted by a
vector boson (Z or W). The final state in this production mode includes the decay products
of the vector boson, which may be a pair of charged leptons (for Z boson decays), a charged
lepton and a neutrino (for W boson decays), or a pair of quarks (for both Z and W boson

decays).

Production in association with a top quark-antiquark pair (ttH). In the ttH
production mode [45,46], each of the top quarks in the final state instantly decays into a
bottom quark and a W boson, and each of the W bosons then produces either a pair of
quarks, or a lepton and a neutrino. The ttH events therefore occur with a variety of final
state topologies, all of which include at least two hadron jets produced by bottom quarks

(b-jets). Due to their relatively long lifetime of ~ 10712 s, bottom quarks travel a sizeable

31N3LO QCD denotes that the cross-section is calculated at next-to-next-to-next-to-leading order in
perturbative QCD describing emissions of gluons by initial state, final state, or intermediate particles.

44INLO EW denotes that the cross-section is computed at next-to-leading order in perturbative QED
describing photon emissions.
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distance (up to several millimeters) before decaying, therefore the b-jets typically feature a

secondary vertex displaced from the location of the main interaction.

1.3.2 Higgs boson decay modes

With a lifetime of only ~ 10722 seconds, the Higgs boson decays almost instantly after its
production. The possible decay modes and their relative rates (branching ratios) are defined
by the strength of the Higgs field interactions with the SM particles. The channels with
the highest branching ratios are shown in Figure 1.4, and the values of branching ratios for
My = 125 GeV are given in Table 1.3. Once again, the fortunate fact that the SM Higgs
boson mass is close to 125 GeV makes all of the main decay modes accessible for analysis at

the LHC.
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Figure 1.4. Branching ratios of the Higgs boson decay modes [42].

For the fermion-antifermion decay modes, as well as for H - WW and H — ZZ, the cross
section of the decay depends only on one Higgs coupling — the coupling to the corresponding
SM field. This provides a direct way to establish the value of that coupling experimentally,
by measuring the cross section of the respective decay.

Other decay modes, like H — gg and H — =7, include more than one process contributing

to their total cross section in the leading order — for instance, the di-photon decay may
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Table 1.3. Branching ratios of the Higgs boson decay modes for My = 125 GeV [42].

Decay channel | Branching ratio | Latest experimental results

H— bb 5.824 x 1071 [47,48|
H—-WW 2.137 x 107! [49]

H— gg 8.187 x 1072

H— 77 6.272 x 1072 [50,51]

H — cc 2.891 x 1072 [52,53]

H—ZZ7 2.619 x 1072 [54,55]

H— vy 2.270 x 1073 [56,57]

H— Z~ 1.533 x 1073 [58,59]

H— pup 2.176 x 1074 [1,60]

occur via a top quark loop or via a W boson loop. In such cases, even the precise knowledge
of the cross section is not enough to derive the individual values of the Higgs couplings.
However, a combined measurement of multiple decay modes allows to establish the values
of the couplings indirectly.

The strength of the Higgs couplings to the SM particles defines the rates at which different
decays can be produced in an experiment, but the amount of experimental data is not the
only factor affecting the statistical power of the measurement. The efficiency of the detection
and identification of the decay products, measuring their parameters, and distinguishing the
Higgs decays from other processes with similar topologies depend strongly on the type of
particles in the final state. Stable and long-lived particles like photons, electrons, and muons
are relatively easy to detect, therefore the Higgs decay modes containing these particles in
the final state can be efficiently distinguished from other processes. On the other hand, the
hadron jets produced by quarks and gluons are notoriously hard to model and reconstruct,
thus, the decay modes containing them in the final state are subject to a less efficient event
identification and higher uncertainties. Neutrinos, which appear in many of the final states
of the Higgs decays, cannot be directly detected at all.

The statistical significance of the Higgs boson discovery at the LHC in 2012 [61,62] was
dominated by the decay modes with high branching ratios and clean final state signatures:
H—> 77 -4, H— WW — 202v, H — 7. The measurements performed in these decay
channels allowed to establish the Higgs couplings to W and Z bosons, and to the top quark.
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The discoveries of the Higgs boson decays into a pair of bottom quarks [47,48], and into
a pair of 7-leptons [63,64] have completed the measurements of the Higgs couplings to the
third generation fermions.

The first evidence of the H — up decay with an observed significance of 3.0 standard
deviations [1] has marked the beginning of the measurements of the Higgs couplings to second
generation fermions. The low branching ratio of the H — ppu decay is compensated by the
clean signature of the final state, featuring a pair of muons with high transverse momenta,
which could be detected and identified with a very high efficiency.

The Higgs boson coupling to ¢ quarks is more challenging to establish due to a limited
efficiency of reconstruction and identification of charm jets, despite the H — c¢ branching
ratio being two orders of magnitude higher than that of the dimuon decay. However, the
CMS and ATLAS experiments at the LHC are already achieving a considerable sensitivity
in the H — c¢ channel [52,53], hinting at a statistically significant result in the near future.
Another decay mode approaching a significant sensitivity at the LHC experiments is the
Higgs boson decay into a Z boson and a photon [58,59].

Establishing the remaining second generation Higgs couplings through a search for the
H — ss decay does not benefit from either a clean final state signature, or from a high
branching ratio, therefore it is even more challenging and not realistically possible with
currently operating experiments.

The branching ratios of the Higgs boson decays to the first generation fermions are
orders of magnitude lower than those for the second generation fermions. Assuming that the
Standard Model description of the Higgs couplings is correct, the cross sections of the Higgs
boson decays into electrons or first generation quarks are so low that in all years of the LHC
operation such events have occurred no more than several times. The studies of such decays
may be possible only in the far future with experiments producing Higgs bosons at much

higher rates.
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1.3.3 Natural width of the Higgs boson

The width of the Higgs boson in the SM is predicted to be approximately 4 MeV [43],
while the limited resolution of the CMS and ATLAS detectors allows to experimentally
measure the Higgs boson mass with ~ 1% (~ 1 GeV) precision at best. Therefore, a direct
measurement of the natural Higgs width is not possible with the existing detectors. However,
the width can be measured indirectly, by exploiting the correlation between on-shell and off-
shell® production of the Higgs boson.

The dependency of the on-shell and off-shell production on the strong and weak coupling
constants g, and g, and on the Higgs width I'y is as follows:

2.2
9s9 2 2
T 3 Ooff—shell X g9 -
H

Oon—shell X

Therefore, the Higgs natural width can be measured from the ratio of the on-shell and
off-shell cross sections. The invariant mass of the off-shell Higgs boson is distributed in the
200-1000 GeV range, where the total background is smaller than that at My = 125 GeV,
which allows to detect the off-shell signal even though it does not form a peak in the mass
spectrum.

In a recent analysis [65] by the CMS collaboration, a combined fit of the on-shell and
off-shell signals in the H — 4/ channel was performed, and the Higgs width was measured

to be 3.2%1%7 MeV, in agreement with the SM prediction.

51 in off-shell production, the kinematic relation E? = p? 4+ m? is not satisfied for the virtual Higgs boson,
therefore the invariant mass of its decay products is not required to be ~ 125 GeV.
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2. EXPERIMENTAL SETUP

As our understanding of the fundamental structure of the world progresses, the experimental
equipment needed to probe new hypotheses becomes increasingly more complex and expen-
sive. Since the second half of the 20*" century, many of the particle physics experiments have
been conducted using particle colliders, where high-energy interactions can be produced at
high rates. Some of the most ambitious projects in high energy physics have been carried
out by the Furopean Organization for Nuclear Research (CERN), founded in 1954 by twelve
European countries. CERN has hosted numerous experiments, which produced some of the
key discoveries in particle physics, such as the discoveries of the W and Z bosons [66—69] at
the Super Proton Synchrotron (SPS) in 1983. However, the most notable achievement of
CERN was the discovery of the Higgs boson [61,62] in 2012 at the Large Hadron Collider
(LHC), which has been CERN’s main accelerator complex since the late 2000’s.

The data used for the studies presented in this thesis has been collected in 2016-2018
by one of the four particle detectors at LHC — the Compact Muon Solenoid (CMS). The
following sections describe the design, specifications and the performance of both the LHC

and the CMS detector.

2.1 The Large Hadron Collider

The Large Hadron Collider [70,71] is a proton-proton collider situated at the Swiss-French
border in the vicinity of Geneva. The original LHC design proposal was approved in 1994;
the construction began in 1998 and concluded in 2008. As of 2022, the LHC is the most
powerful particle accelerator in the world, and the only collider powerful enough to produce
and study processes involving the Higgs boson.

The LHC is a circular accelerator with 27 km in circumference, located in an underground
tunnel formerly occupied by the Large Electron-Positron Collider (LEP) [72]. The accelerator
ring consists of 1232 superconducting dipole magnets used to curve the trajectories of the
proton beams, 474 quadrupole magnets used to focus the beams, and 16 radiofrequency

cavities that accelerate the protons. Along the accelerator ring, there are four points in
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which the proton beams intersect and collide, and the collisions are recorded by four particle
detectors — ATLAS, CMS, ALICE, and LHCb.

Two of the detectors — ATLAS (A Toroidal LHC ApparatuS) [73] and CMS (Compact
Muon Solenoid) [74] — are general-purpose detectors designed to probe a wide range of
particle physics theories. The most important scientific result achieved with the ATLAS
and CMS detectors was the discovery of the Higgs boson [61,62]. The LHCb experiment
(Large Hadron Collider beauty) [75] is focused on b-physics, measuring CP-violating effects
in processes involving b-quarks, while ALICE (A Large Ion Collider Experiment) [76] studies
the collisions of heavy ions. The schematic depiction of the LHC and its main experiments

is shown in Figure 2.1.

{llustration Philippe Mouche

Figure 2.1. Overall view of the LHC [77].
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2.1.1 The CERN accelerator complex

The LHC was designed to accelerate either protons or heavy ions (such as Pb, Xe) and
collide them at center-of-mass energies up to 14 TeV. In the original design, the protons
originated from a container with hydrogen gas, after which they were separated from elec-
trons by an electric field, and then injected into the linear accelerator LINAC2 [78]. Since
the commissioning of LINAC4 [79] in 2020, the source of the protons has changed to neg-
ative hydrogen ions (H™, a hydrogen atom with an extra electron). The negative ions are
accelerated by LINAC4 to 160 MeV, and the nuclei are separated from the electrons only at
injection to the next stage, the Proton Synchrotron Booster (PSB). After that, the protons

go through a sequence of accelerators with increasing energy:
« the Proton Synchrotron Booster (PSB): 160 MeV — 2 GeV,
o the Proton Synchrotron (PS): 2 GeV — 26 GeV,
« the Super Proton Synchrotron (PS): 26 GeV — 450 GeV,

and finally get injected into the LHC, where their energy can be increased up to 7 TeV. The
full scheme of the CERN accelerator complex is shown in Figure 2.2 (the scheme depicts the
design as of 2013, without LINACA4).

The LHC design allows to simultaneously accelerate up to 2808 proton bunches, with
around 115 billion protons in each bunch. The acceleration and grouping into bunches is
performed by radiofrequency cavities (RF). The electric field in the RFs oscillates with a
given frequency, tuned such that the protons of a particular energy pass through an RF
undisturbed, the protons with lower energies are accelerated, and the protons with higher
energies are decelerated. The proton bunches are grouped into “trains” (typically, 48 bunches

per train), which travel through the LHC ring with temporal separation of 25 ns.

25



CERN's Accelerator Complex

CMS

LHCb

TT41

AWAKE

East Area

LHC Nort{hﬂArea
ALICE o
TT40
SPS
T2
TT10
L\ ATLAS
HiRadMat
2011 | TT60
I
AD
1999 (182 m)
m} T BOOSTER
1972 (157 m)
T ECAETN ) |SOLDE
=
5% <>
n-ToF g PS
2001 1959 (628 m)
LINAC 2
neutrons » LEIR
ath )
Tons 2005 (78 m)
D p (proton) P ion ) neutrons P p (antiproton) ) electron

LHC Large Hadron Collider SPS Super Proton Synchrotron

AD Antiproton Decelerator  CTF3 Clic Test Facility =~AWAKE Advanced WAKefield Experiment

LEIR Low Energy lon Ring  LINAC LINear ACcelerator

n-ToF Neutrons Time Of Flight

)~ proton/antiproton conversion

PS Proton Synchrotron
ISOLDE Isotope Separator OnlLine DEvice

HiRadMat High-Radiation to Materials

Figure 2.2. Accelerator complex at CERN (as of 2013) [80].

26



2.1.2 Instantaneous and integrated luminosity

The collision rate of the proton beams at the LHC is characterized by instantaneous
luminosity, defined as follows:
. Ngnbff}/r

=_P " F 2.1
£ de,B* (21)

where N, is the number of protons per bunch, n; is the number of bunches, f is the revolution
frequency of the bunches, and ~, is the relativistic factor. Parameters ¢, and g* characterize
the focusing of the proton beam, while F' is a factor that accounts for the luminosity reduc-
tion due to the crossing angle of the beams at the interaction point. The values of these

parameters for the nominal LHC design are given in Table 2.1.

Table 2.1. Nominal parameters of the LHC accelerator.

Symbol ‘ Parameter ‘ Nominal value
L Instantaneous luminosity 1 x10% cm=2s7!
N, Number of protons per bunch 1.15 x 10!
ny Number of bunches per beam 2808
f Revolution frequency 11245 Hz
€n Transverse emittance 3.75 mm pm
5* Beta function 0.55 m

The expected event rate 9N/0t for a given process can be obtained from the instantaneous

luminosity £ and the process cross section ¢ using the following relation:

86];[ =L xo. (2.2)

Integration over time yields the total number of events produced by a process in a given
time period:

N:/Edtxa:LXa (2.3)

The parameter L is called integrated luminosity, it characterizes the amount of data produced
by the LHC, and it is usually expressed in units of inverse picobarns (pb™') or femtobarns
(fb™'), where 1 barn = 10~2® m?. The integrated luminosity recorded by the CMS experiment
in each data-taking year from 2010 to 2022 is illustrated in Figure 2.3.
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Figure 2.3. Integrated luminosity recorded by the CMS detector during LHC

Runs 1 and 2 [81].
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Figure 2.4. Distributions of the number of pile-up interactions in each data-

taking period [81].

2.1.3 Pile-up

Due to the large number of protons in the colliding bunches, the collision events in

the LHC detectors typically involve more than one interaction at a time.

The particles

originating from these additional collisions are referred to as pile-up. The pile-up is quantified
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by the average number of interactions per collision, which can be derived from the LHC

parameters as follows:

Eginel.
(PU) = (2.4)
ny f
where 0;7;61' is the inelastic proton-proton cross section, which amounts to approximately

69 mb at /s = 13 TeV [82]. High amounts of pile-up present a challenge for the analysis of
the collision data, as they increase the occupancy of the detectors, and the response from a
pile-up particle can be indistinguishable from that of a particle from a hard collision. The
distributions of the number of interactions per collision event for the CMS experiment are

shown in Figure 2.4.

2.1.4 The LHC timeline

Since the beginning of its operation in 2010, the LHC has completed two data-taking
periods, Run 1 and Run 2, each spanning over several years, and in July 2022 the Run 3 has
started. With the start of the LHC Run 3, the center-of-mass energy of the proton beams
was increased to the highest value ever, 13.6 TeV. After several years of data collection at
this energy (see Figure 2.5), the LHC will be stopped again to undergo an upgrade aimed
to increase the instantaneous luminosity by a factor of 5 or more. The upgraded High

Luminosity LHC' (HL-LHC) will operate at /s = 14 TeV for the Runs 4 and 5.
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Figure 2.5. LHC timeline for Run 3 and HL-LHC (Runs 4 and 5 [83)].
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2.2 The CMS Experiment at the LHC

The Compact Muon Solenoid (CMS) detector [74] is one of the four major experiments
at the LHC. The multi-purpose CMS detector was designed to probe a wide range of physics
theories, from precise measurements of SM parameters, to supersymmetry searches, and dark
matter searches.

The schematic view of the CMS detector is shown in Figure 2.6. The central part of
the detector is a superconducting solenoid, with various subsystems layered both inside and
outside of it. The subsystems cover almost the entire solid angle, with the exception of the
regions directly adjacent to the beam pipe.

The layers of the detector, as well as the respective readout electronics, are arranged into
three separate parts, which makes it possible to access the inner layers for diagnostics and
upgrades without the need to take apart the entire machine. The central cylindrical part
is referred to as barrel, while the cone-shaped volumes aligned perpendicularly to the beam

axis are referred to as endcaps.
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Very-forward Pixel Detector

Calorimeter

Hadronic
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Muon
Detectors

Figure 2.6. A view of the CMS detector and its subsystems [74].
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2.2.1 The coordinate system

The coordinate system in the CMS detector is defined based on the LHC ring geometry.
The z-axis points towards the center of the LHC ring, the y-axis points upwards, and the
z-axis points counter-clockwise along the beam direction. Due to the cylindrical design of
the CMS detector, the polar coordinate system is also widely used. In polar coordinates, the
azimuthal angle ¢ is measured in x — y plane from the x-axis, the polar angle # is measured
from the z-axis, and the radial distance r is defined as r = /22 + y2.

Although both of the colliding proton beams at the LHC have the same nominal energy,
the center-of-mass reference frame does not necessarily coincide with the laboratory frame for
a given collision. This happens due to the fact that the protons are not fundamental particles,
and the primary interaction in fact occurs between partons — quarks and/or gluons, which
may have different energies. As a consequence, the parton-parton subsystem is often subject
to a Lorentz boost along the z-axis.

Instead of cartesian and polar coordinates, it is more convenient to measure quantities
that are by definition invariant with respect to Lorentz transformations. Such quantities
include the transverse component of the momentum (denoted as pr), as well as the azimuthal
angle ¢. The third component in this coordinate system is rapidity y, defined as

11 E+p,
= —In .
y 2 E—p,

Rapidity is not Lorentz invariant by itself, but it is simply additive; therefore, the Lorentz
invariance condition holds for the rapidity gap Ay between two particles subjected to the
same boost. For ultra-relativistic particles (E = p), the rapidity can be approximated by
pseudorapidity n:

= —Intan —.
n n tan o

Another useful Lorentz invariant quantity is the angular distance between two objects,
which is defined as AR = \/A¢? + An?. The angular distance is commonly used to define

isolation of collision products, and to group collimated particles into jets.
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2.2.2 The magnet

The name of the CMS detector refers to its central part — a superconducting solenoid
made from niobium-titanium alloy and weighing 200 tons. With 12.5 m in length and 6 m
in diameter, the magnet is the largest of its kind.

The solenoid generates an almost uniform magnetic field of 3.8 T inside its volume, which
is instrumental for determining the charges and momenta of the particles traveling through
the detector, since a charged particle in a magnetic field is subjected to the Lorentz force
Fp = q(v x E) A stronger field leads to a more curved particle trajectory, which allows to
measure the momentum more precisely.

Outside of the magnet, the iron support structure of the detector acts as a return yoke,
returning the magnetic flux and reducing the stray magnetic field. The magnetic field in the
outer layers of the detector is around 2 T. A detailed map of the magnetic field strength is

shown in Figure 2.7.
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Figure 2.7. The map of the magnetic field strength (left), and the field lines
(right) in the CMS detector [84].

32



2.2.3 The tracker

The innermost subsystem of the CMS detector is the tracker system [85,86]. It is designed
to accurately reconstruct the trajectories of charged particles in the close proximity of the
collision point, where the detector occupancy is the highest. Another important purpose
of the tracker is to reconstruct the secondary vertices displaced from the collision points in
the transverse direction; such vertices are characteristic for heavy-flavour processes involving
b-quarks or T-leptons.

The tracker system covers the pseudorapidity range up to |n| = 2.5 and consists of two
main parts: the pizel tracker, and the silicon strip tracker. The layout of the tracker in the
original design is shown in Figure 2.8. Both the pixel and the strip detectors use silicon
semiconductors for particle detection, due to their compact size and fast readout. In such
detectors, a charged particle passing through the sensor creates an electron-hole pair, which
then generates a readout signal as the electrons drifts towards the electrodes. The main
difference between the pixel and the strip trackers is in their geometry: a single pixel module
provides three-dimensional spatial information, whereas a single silicon strip provides only
two-dimensional information. However, two silicon strips overlapping at an angle can provide

three-dimensional information as well.
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Figure 2.8. Original layout of the CMS tracker [87].
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The pixel detector is located closest to the collision point, where a higher granularity
is necessary. In the original design, the pixel detector featured three barrel layers and two
endcap disks on each side, with a total number of readout channels around 66 million. After
the Phase-1 upgrade in March 2017 [88], the number of readout channels was increased to
124 million, and the number of layers was increased as well (see Figure 2.9). In the upgraded
detector, the pixels are arranged into four cylindrical barrel layers, with radii ranging from
2.9 to 16 cm, and three endcap disks on each side, which cover radii from 4.5 to 16.1 cm.
The endcap disks are located at a distance of 21.9-51.6 cm from the collision point in the
longitudinal direction. Due to the high granularity (a single sensor is 100 x 150 um? in size),
the pixel detector features an excellent spatial resolution of 10 yum in the transverse direction,
and 15 pm in the longitudinal direction, while the overall efficiency of the hit reconstruction

is around 99.95% [89].
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Figure 2.9. Geometry of the pixel detector before and after the Phase-1 upgrade [88].

The silicon strip tracker is positioned outside of the pixel detector, and consists of two
parts: the inner strip tracker, and the outer strip tracker. The inner strip tracker consists of
tracker inner barrel (TIB), which features four layers covering radii from 20 to 55 cm from
the beam, as well as three layers of tracker inner disks (TID) on each side. The outer strip
tracker features the tracker outer barrel (TOB), containing six layers with radii up to 1.1 m,

and the tracker endcaps (TEC), containing nine disks on each side. Both inner and outer
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parts of the strip detector contain single-sided and double-sided strips. In the double-sided
modules, the strips are rotated by 100 prad with respect to each other, which allows to
obtain a three-dimensional position of a hit.

The spatial resolution of the strip tracker in transverse direction ranges from 23 to 34 um
in TIB and TID, and from 35 to 52 um in TOB and TEC. The resolution in the longitudinal
direction is approximately 10 times larger than that, while the overall hit efficiency of the

strip tracker is 99.8%.

2.2.4 The electromagnetic calorimeter

The next detector layer outside of the tracker is the electromagnetic calorimeter (ECAL) [90],
the purpose of which is to measure the energy of electromagnetic showers induced by elec-
trons and photons. As the ECAL is the only CMS subsystem suitable for photon detection,
a high granularity and a good energy resolution are required.

The ECAL design features homogeneous scintillator modules made from lead tungsten
(PbWOy,) crystals. The lead tungsten acts as both absorber, inducing the electromagnetic
shower, and active material, producing the scintillation light. The scintillation signal is col-
lected and amplified by silicon avalanche photodiodes in the barrel and by vacuum phototri-
odes in the endcap regions. The benefits of PbWQO, are its high density (p = 8.28 g/ cm3),
low radiation length (X, = 0.89 cm), and fast light yield (signal readout takes 5-10 ns).
Each crystal covers a solid angle of approximately 0.0174 x 0.0174 radians, and the entire
ECAL, with 61200 crystals in the barrel and 7324 crystals in the endcaps, covers the pseu-
dorapidity range up to |n| = 3. The depth of the crystals equals around 25X, which ensures
that the electromagnetic showers with energies up to 1 TeV are on average 98% contained
for both electrons and photons. The axes of the crystals are tilted by up to 3° with respect
to the direction to beamspot, in order to avoid loss of data due to possible gaps between the
modules. In the endcap region, the ECAL is augmented by a lead/silicon-strip preshower
(ES) detector, covering the pseudorapidity range 1.6 < n < 2.6. The schematic view of the
ECAL and ES is shown in Figure 2.10.
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Figure 2.10. Schematic view of the CMS ECAL [91].

The energy resolution of the ECAL can be parameterized as

where a characterizes electronics noise and pile-up, b is a stochastic term characterizing
fluctuations in event-by-event measurements, and c is a constant term related to the energy

scale calibration. For PbWOQ, crystals, the measured energy resolution is
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2.2.5 The hadron calorimeter

® 0.3%.

The last detector layer inside the solenoid is the hadron calorimeter (HCAL) [92]. The
HCAL is used to measure the energies of hadron showers induced by both charged and
neutral hadrons. Unlike ECAL, the HCAL does not use a homogeneous scintillator design,
as the volume that is required to contain a typical hadron shower would be too large to fit
inside the magnet. Instead, the HCAL features layered modules, where brass absorber plates

alternate with plastic scintillators.
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The main part of the HCAL consists of the barrel (HB) and endcap (HE) hadron calorime-
ters, which cover the pseudorapidity range up to || = 3, and provide a material budget of
around 7 radiation lengths in HB and 11 radiation lengths in HE. The scintillator layers
are arranged into towers, providing coarse granularity of 0.087 x 0.087 radians in HB, and
0.17 x 0.17 radians in HE. The readouts of scintillators from the same n — ¢ tower are
combined together, recording only the total energy response without depth granularity.

To improve the hermeticity of HCAL, it is augmented by two more subsystems: the
forward calorimeter (HF) and the outer calorimeter (HO). The HF is located 11.2 m away
from the collisions point along the z-axis, and covers a pseudorapidity range up to |n| = 5.2.
The HO is positioned outside of the magnet, using the magnet material as an absorber. This
additional layer increases the HCAL material budget in the barrel up to 11 radiation lengths,
making it comparable to that of HE.
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Figure 2.11. Schematic view of the CMS HCAL [93].

The combined energy resolution of ECAL and HCAL was measured to be [94]

84.7
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which is significantly worse than the energy resolution of the ECAL alone. Despite the

modest spatial and energy resolution, the wide pseudorapidity coverage of the HCAL allows
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to infer the transverse energy carried by undetected particles such as neutrinos, making it
instrumental in many physics analyses.

During the Phase-2 upgrade of the CMS detector after Run 3, the ECAL and HCAL
modules in the endcaps will be replaced by the High Granularity Calorimeter (HGCAL) [95],

which will improve the spatial and energy resolution, as well as add depth granularity.

2.2.6 The muon system

As the name of the CMS detector suggests, efficient detection of muons is one of the
experiment’s core specifications. Muons produced in the proton-proton collisions have mo-
menta ranging from a few GeV to several hundreds GeV. For such muons, the energy loss
as they travel through the detector layers is much lower, in comparison to other particles.
This property makes detection and identification of muons quite easy, as no other particles
are capable of penetrating the material of the calorimeters and the magnet without losing
all energy due to strong or electromagnetic interactions.

The detection of muons in CMS is performed by the muon system [96] layered outside of
the solenoid. Since the muon system must cover a large surface area, the choice of the type
of sensors was made towards gas ionisation chambers, which provide a decent performance at
a reasonable price. There are three types of gaseous detectors featured in the muon system:
drift tubes (DT), cathode strip chambers (CSC), and resistive plate chambers (RPC). As
shown in Figure 2.12, the DTs are used in the barrel region, the CSCs are used in the
endcaps, and the RPC modules are present in both barrel and endcaps.

The DT chambers feature 1.3 x 4.2 cm? cells filled with a mixture of Ar (85%) and CO,
(15%). A muon traveling through the gas induces ionisation, and the electrodes located at
the top and the bottom of a DT cell provide an electric field through which the knocked-off
electrons move at a constant drift velocity of 55 pm/s towards an anode wire. The muon
position and angle are then be derived from the drift time, with spatial resolution ranging
from 80 to 120 pm.

The CSC chambers feature trapezoidal modules with alternating layers of anode wires

and cathode strips, oriented orthogonally to each other. The CSC modules are filled with a
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Figure 2.12. Schematic view of the CMS muon system [97].

mixture of Ar (40%), COs (50%), and CF4 (10%), which gets ionized upon a muon traverse,
and the combined signal from strips and wires provides a precise muon position with spatial
resolution of 40 — 150 pym. The CSC modules cover the pseudorapidity range up to |n = 2.4|.

The RPC modules are placed in both barrel and endcap regions. They feature pairs of
resistive plastic plates, with the gap between them filled with a mixture of CoHsFy4 (95.2%),
Iso-C4Hyg (4.5%) and SFg (0.3%). The RPCs operate in avalanche mode, with signal col-
lected by metallic strips located on the outer surface of the plates. Unlike DTs and CSCs,
the RPCs provide only a coarse (~ 1 cm) spatial resolution. However, their advantage is
in excellent time resolution, as the timing precision is better than 3 ns. Thus, RPCs are
primarily used for fast muon triggering, whereas the muon trajectory reconstruction relies
on the DT and CSC signals.

Overall, the CMS muon system allows to reconstruct and identify muons with > 96%
efficiency and = 1.4 ns timing resolution. The combined momentum resolution of the muon
system and the tracker is approximately 3% in the endcaps and 1% in the barrel for muons
with momenta up to 100 GeV [97]; the resolution is dominated by the performance of the

inner tracker.
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2.2.7 The trigger system

At the design luminosity of 103* cm=2s~!, the LHC collides 2544 bunches with temporal
separation of 25 ns, which translates to a collision rate of 40 MHz. The size of the total
raw detector readout for one collision event is of the order of 1 MB, therefore, to accept all
collisions, the CMS would need to have the ability to record data at 40 TB/s rate, which is
far beyond the capabilities of the existing technologies.

On the other hand, the “interesting” event signatures do not occur in the majority of
the proton-proton collisions. The total cross section of a proton-proton interaction at /s =
13 TeV is ~ 10 pb, while the cross sections of the most common SM interactions —
production of W and Z bosons — are ~ 10° pb [98], and the Higgs boson production cross
section is ~ 44 pb [43].

The CMS trigger system is designed to quickly select the “interesting” events out of
the ongoing collisions, and to bring the rate of data recording down by several orders of
magnitude. The system consists of the level-1 (L1) trigger and the high level trigger (HLT).

The L1 trigger [99] operates on raw detector readouts, and has a latency of 3.8 us.
Within this time interval, the trigger performs a rough reconstruction of particles using
the information from the calorimeters and the muon system. The signals are combined
into trigger primitives, which are used to build trigger candidates, such as muons, photons,
electrons, jets, and 7-leptons. The total event information is also used to compute the
missing transverse energy. After the trigger candidates are built, a set of selections is applied
to accept or reject an event based on its topology and the kinematics of the L1 primitives. In
order to keep the total L1 rate under control, the L1 trigger paths corresponding to different
event topologies are prescaled, which means a certain share of events is discarded even if they
pass the L1 kinematic selections. In Run 2, the CMS L1 trigger was configured to reduce
the event rate from 40 MHz to under 100 kHz.

The high level trigger [100] is used to further reduce the rate to ~ 1 kHz, at which point
the CMS data acquisition system is capable of writing the events to permanent storage.
Unlike the L1 triggers, the HLT is software-based, it uses a computing farm with 32 000

CPU cores to process the events accepted by the L1 trigger, reconstruct the particles more
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precisely, and apply an additional set of selection. Due to the reduction of the event rate by
the L1 trigger, the HLT has more time to process each event — up to 320 us. This allows
to perform the reconstruction of the event objects using the information not only from the
calorimeters and the muon system, but also from the tracker. After applying the improved
reconstruction sequences, the HLT takes a decision either to reject the event, or to save it
into one or several HLT paths, which correspond to different topologies and kinematics. In
Run 2, the CMS HLT menu contained around 600 trigger paths to save the “interesting”
events for various physics analyses.

The muon triggers are of a particular interest: the CMS detector has an exceptional muon
detection capability, as well as an excellent muon pr resolution, thus efficient triggering
algorithms are essential to use the detector to its full potential. Additionally, the muon
selection is an integral part of the H — ppu analysis, which is the focus of this thesis. The
next chapter describes in detail the design of the CMS muon HLT and the developments
that have been made to its algorithms in view of the LHC Run 3.

2.2.8 FEvent reconstruction

The particles detected by the CMS experiment are identified by the signals they produce
in different detector layers. For instance, both a photon and an electron deposit all of their
energy in the ECAL, but the electron also leaves a signal in the silicon tracker, while the
photon does not. Hadrons and hadron jets are identified by the signals in the silicon tracker
and the HCAL, while muons are detected by the muon system in addition to the tracker
signals.

The trajectories of charged particles are reconstructed from individual detector signals by
grouping them based on spatial and kinematic compatibility. The curvature of the trajectory,
along with the knowledge of the magnetic field distribution in the detector, allows to infer
the charge of the particle and its momentum!. The changes in the trajectory curvature after

crossing the detector layers also allow to determine the direction in which the particle travels,

4The trajectory of a charged particle in a uniform magnetic field is a helix; in realistic detector conditions,
the irregularities of the magnetic field must be taken into account, as well as the energy losses when the
particle crosses detector layers.

41



therefore the particles from the proton-proton collisions can be distinguished from cosmic
ray particles.

Once the trajectories of all charged particles are built, they are grouped based on spatial
vicinity and form wvertices — points, in which multiple trajectories intersect. A collision event
typically has no more than one vertex corresponding to a “hard” collision in which particles
with high transverse momenta are created. At the same time, there may be up to several
dozen additional vertices — pile-up — which complicate the event reconstruction.

In the H — ppu search, naturally, the most important reconstructed particles are muons.
Additionally, since some of the Higgs production modes feature quarks in the final state
(see Section 1.3.1), the H — pu search strategy relies on the reconstruction of hadron jets
produced by them.

The muon trajectories are reconstructed by combining signals from the silicon tracker
and the muon system using the Kalman filter algorithm described in Section 3.1. The
kinematic properties of the muon are then established by fitting the trajectory according to
the theoretical knowledge of the muon propagation in the magnetic field.

The values of the fitted parameters are imprecise due to the limited spatial resolution
of the muon system, as well as an imperfect knowledge of the magnetic field distribution
and the alignment of the subdetectors. The muon transverse momentum resolution is shown
in Figure 2.13. The limited momentum resolution is particularly relevant for the H — upu
searches, as it translates into the limited dimuon mass resolution. As a result, the Higgs
peak in the dimuon mass spectrum with a natural width of &~ 4 MeV appears several GeV
wide in the detector.

The hadron jets in the CMS detector are built by clustering the reconstructed tracks
located at a close angular distance from each other. In the H — pu analysis, as well as in
numerous other searches, the anti-k7 algorithm [101] with a distance parameter of R = 0.4
is used.

In addition to the jets produced by quarks in the final states of the Higgs production
processes, there are typically jets from other sources. In particular, additional jets may
be generated by gluons radiated by the hardons participating in the hard collisions. A

considerable amount of jets is also produced by the pile-up interactions, or misreconstructed

42



)

o
-
[iS]

E T T T T TTT | T T T T T TTT T T T T T TTT 1
S [cwms :

a - cosmic ray data 2015 1

= 0.1 ! -
E - -

— - .|

—

o S 4
@ 008 | Inner tracker |
g = ——e—— Inner tracker + muon system (Tune-F) —
o | |

0.06— —
= nl < 0.9 ]
0.04— ) :t _
= — u

——

i an |
0.02- - -
B . i
= & -

0_ l [ | 1 1 | | 1 1 [ | _l

10 10° 10°

p; (GeV)

Figure 2.13. The transverse momentum resolution of muons: RMS of ¢/pr
residuals distribution as a function of pr measured using cosmic rays [97].

from the detector noise. The pile-up jets typically have lower transverse momenta, and
populate the forward region of the detector; however, a presence of a high-pr pile-up jets is
also possible in all pseudorapidity regions.

The reconstruction of jets and determining their kinematic properties is challenging due
to the presence of neutral hadrons which cannot be tracked to a particular vertex, and
the small angular distance between the tracks of charged particles, which complicates their
reconstruction. Because of this, the reconstruction of jets in the detector is usually associated
with high uncertainties on their kinematics, which contribute to the systematic uncertainties
in the analyses where the jets are used. This is especially important for analyses in which
the jets are expected to be in the forward pseudorapidity region, as the contribution of the

pile-up there is the highest.
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3. CMS MUON HIGH LEVEL TRIGGER

The properties of the muon, such as its relatively high mass and long lifetime, make it
the only charged particle capable of passing through large volumes of dense material with
minimal energy loss. This allows to detect and identify muons at particle colliders with an
exceptional efficiency, by placing a sufficient amount of material between the collision point
and the muon detectors.

At the same time, muons are integral for many of the SM interactions — primarily,
through the Z — p*p~ and W — v, decays, which, in turn, occur in the processes that
involve heavy quarks or 7-leptons. The Higgs boson decay into a muon pair (H— pp) provides
a direct way to measure the Higgs coupling to muons, which is required for the validation
of the Standard Model. Various theories attempting to describe the physics beyond the
Standard Model (BSM) also frequently include processes with muons in the final state.

As mentioned in Section 2.2.7, the rate of the proton-proton collisions at the LHC exceeds
the rate at which the collision event data can be recorded by the CMS experiment by several
orders of magnitude. By quickly identifying the collisions with muons in the final state, it is
possible to ensure that the “interesting” events, which feature the SM and BSM processes
mentioned above, are not discarded during the unavoidable rate reduction.

The CMS muon trigger uses the signals from both the muon system and the silicon tracker
to reconstruct and identify the muons. The signals induced by a muon in the detector layers
are combined into a trajectory using pattern recognition algorithms, and then fitted with a
helical function to extract the kinematic properties. After the muons as well as other objects
used for triggering are reconstructed, the event topology is identified and a decision is made
whether to keep or discard the event. This general approach is applied twice, first using a
hardware level-1 trigger (L1), and then using a software high level trigger (HLT).

This chapter provides an in-depth discussion of the muon HLT algorithms used in Run 2,

as well as a description of a novel approach developed for Run 3.
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3.1 Muon tracking, reconstruction and triggering algorithms

All tracking and reconstruction algorithms used in CMS [102] are formulated in terms of

the basic concepts, the definitions for which are given below.

Hit.

A charged particle traveling through the detector induces an analogue charge signal each
time it crosses a layer of the silicon tracker or one of the muon detectors in the CMS muon
system. If the charge exceeds a given threshold, the precise location of the corresponding
signal is saved into an object referred to as hit. A hit contains either 2D or 3D position
information, depending on the geometry of the particular layer. One dimension is associated
with the distance from the layer at which the hit was registered to the center of the detector.
The additional dimensions are associated with the position of the hit on the layer, which is
known either in only one dimension (for example, for the silicon strips in the tracker), or
in two dimensions (for example, for the pixel detector, or stereo layers of the silicon strip
detectors).

The signals from the muon system are perfect for muon identification, as it is unlikely
for any other charged particle to penetrate through the material of the calorimeters and the
CMS magnet. In turn, the unparalleled precision of the tracker is crucial for the accurate
estimation of the 4-momentum of a muon. However, the tracker is crowded with hits pro-
duced by other charged particles, which are indistinguishable from those generated by the
muons of interest. The large amount of hits in the silicon tracker, often caused by pile-up,

constitutes one of the main challenges in muon reconstruction.

Trajectory.
The trajectory of a charged particle is described by a parametrization of the path it took
through the CMS detector as well as an associated collection of hits that are assumed to be

produced by this particle. A trajectory can combine hits from different subdetectors.
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The trajectory of a charged particle in a magnetic field is determined by Maxwell’s
equations, in particular the following differential equation:

&F g di

d  pds (r), (3.1)

where 7(s) is the position of the particle along its trajectory, which is parameterized with

27
J d82

the arc length parameter s is the curvature of the trajectory, and Z—i is the unit tangent
to the trajectory. ¢/p is the particle charge divided by the magnitude of its momentum, and
B(r) is the magnetic field. The solution to this equation is a helix parameterized with five
variables. The particular choice of the parameters depends on the purpose and the point
of the trajectory where the parameters are defined [103]. Two approaches to the trajectory
parameterization are usually considered: using global parameters, defined at the point of the
closest approach of the trajectory to the beamline, and local parameters, defined at the point
where the trajectory crosses a detector layer.

The global parameters are dy, 29, cot@, ¢ and pr. The first two, dy and zy, are the
transverse and longitudinal distances from the point of the closest approach of the trajectory
to the assumed position of the particle production point. The parameters ¢ and 6 are
the azimuthal and polar angles of the momentum vector, and pr is the magnitude of the
transverse component of the momentum.

The local parameters (q/p, A, ¢, v and yr) are defined in the curvilinear frame. Here X is
the dip angle of the particle’s 3-momentum, x1 and yr are defined in the plane perpendicular
to the trajectory of the particle at a given point, such that xr also lies in the global zy-plane,
and ¢ is the azimutal angle in the global zy-plane. The local parameterization at a given
detector layer is referred to as a trajectory state on surface (TSOS).

Uncertainties on the trajectory parameters (in any parameterization) and the correlations

between them are provided as a 5 X 5 covariance matrix associated with the trajectory.
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Trajectory building.
Trajectories are built using a Combinatorial Track Finder (CTF) algorithm [102] based
on the Kalman filter method [104]. The process includes the following steps:

1. Seed generation. The initial estimate of the trajectory parameters is provided as
a seed — an object that contains an estimate of the trajectory parameters and their

uncertainties, as well as any hits used in the creation of the seed.

2. Trajectory candidate building. A procedure that starts from a seed and iterates
over the detector layers compatible with the assumed trajectory. At each iteration,
the layer is scanned for compatible hits, with the search window defined by the un-
certainties on the trajectory parameters. If there are compatible hits, each of them
is used to create a trajectory candidate by updating the original trajectory with that
hit, and then proceeding to the next iteration. If no compatible hits are found, the
building of the candidate is aborted. However, the algorithm may be configured to
allow skipping one or several layers if no compatible hits were found. The maximum

number of compatible hits to try is also a configurable parameter in the algorithm.

Once all trajectory candidates in the event have been built, they are compared with
each other to determine whether any trajectories share the same hits. The trajectories

are then cleaned to ensure that each hit belongs to only one trajectory.

3. Track producer. Once a trajectory is fully reconstructed and cleaned, the final fit is
performed in an iterative way using the Kalman filter approach again, and the resulting

parameterization of the trajectory is referred to as a track.

4. Track filtering. The tracks are required to pass a set of quality selections, such as a

minimum number of hits in the respective trajectory, or a limit on the normalized y?

of the fit.
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Stages of muon reconstruction.

In CMS, both hardware and software triggers are used to reconstruct muons. The hard-
ware trigger (L1 trigger) uses only the signals from muon system (DTs, CSCs, RPCs, as
well as GEMs since Run 3). The software trigger (high level trigger, HLT) contains two

stages:

o L2 reconstruction: building trajectories seeded by filtered L1 muons and using only
information from the muon system. A Kalman filter approach similar to the track
reconstruction in the silicon tracker is used. While this reconstruction uses the same
detector information as the L1 trigger, this approach results in a more precise estimate
of the properties of the muon candidates. For prompt muons, these estimates can be

further improved by using the beam spot position as a constraint.

e L3 reconstruction: combines information from muon system and tracker. The trajec-
tory building in the tracker is seeded by either L2 or L1 muons, and the reconstruction
is performed using the Kalman filter approach described above. If the seeding is based
on .2 muons, the hits from the tracker track and the matching L2 muon are used to
perform a global fit of the track parameters, analogous to “global muons” in the offline
reconstruction. If the seeding is based on L1 muons, the tracker tracks are matched to
muon segments and if at least one matching segment is found, the track is tagged as
a “tracker muon”, again analogous to the approach in the offline reconstruction. The
reconstruction can be performed in two ways, depending on the order in which the

tracker layers are considered:

— Outside-in (OI) reconstruction: a L2 muon is reconstructed in the muon
system, its trajectory is propagated to the outer tracker, and the L3 trajectory
is built using the Kalman filter algorithm, which iterates over the tracker layers

going from the outer layers inwards.

— Inside-out (I0) reconstruction: initial estimate of the trajectory is given
by either L1 or L2 muon reconstructed in the muon system, but the trajectory

building in the tracker starts from the innermost layer.
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Efficiency definitions for L3 studies.
The reconstruction of muons at each level is not guaranteed to always be successful.

There are multiple factors that can lead to a failed reconstruction:

e A muon did not produce a hit on a detector layer.

o A muon produced a hit, but it was not found by the trajectory builder due to inaccurate

parameters of the track seed.

e A muon produced a hit, but pile-up hits were more geometrically compatible with the

trajectory.

The combined effect of these factors affects the performance of any reconstruction algorithm,
which is quantified by efficiency of the algorithm — the fraction of successfully reconstructed
muons. Two different efficiency measurement techniques were used in the measurements

presented in the following:

1. AR matching. In this approach, the efficiency of the outside-in reconstruction of the
muon trajectory in the tracker, “L3(OI) efficiency”, is measured with respect to L2

muons matched to generated muons. The approach is summarized below:

o All L2 muons used in the efficiency calculation are required to have at least one
generated muon within AR < 0.3. This ensures that fake 1.2 muons are excluded

from the efficiency calculation.
o In the requirement above, only generated muons with || < 2.4 are considered.

e A L2 muon passes the L3 reconstruction if there is at least one L3 muon track

within AR < 0.3 from it.

e The efficiency is calculated as the number of L2 muons passing L3 reconstruction

divided by the total number of L2 muons.

The benefits of the AR matching approach are its speed and simplicity of implemen-
tation, which makes this efficiency definition convenient to use in various automated
optimization studies. This approach cannot be used to compute the L3 efficiency on

real data, so it is only used for MC.
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2. Tag-and-probe technique. To evaluate the efficiency in real data we use a “tag-
and-probe” technique [105], which works under the assumption that the event contains

a pair of muons from a Z boson decay.

In this approach, one offline muon (“tag”) is required to pass tight selections, and to
have fired the isolated single-muon trigger, while another muon from the same event
(“probe”) is used to measure the L3 reconstruction efficiency. The invariant mass of

the two muons is restricted to a window around the mass of the Z boson.

The implementation of the method closely follows that used in Ref. [106]. The selec-

tions for “tag” and “probe” muons are summarized below:

o Tag requirement:

— Offline reconstructed muon

— pr > 26 GeV

In| < 2.4

Tight ID and isolation

Matched to Iso(Tk)Mu24
« Probe requirement:

— Offline reconstructed muon

— pr > 24 GeV

In| < 2.4

Tight ID

Tight PF isolation

— 81 GeV < m(tag, probe) < 101 GeV

— AR(tag, probe) > 0.3

— Matched to at least one L1 muon with pr > 22 GeV and quality >12 with
AR < 0.3

« Passing probe requirement:

— Probe matched to an L3 muon track within AR < 0.3
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It is important to note that the A R-based method computes the efficiency with respect
to L2 muons, which is needed to correctly estimate the algorithmic efficiency of the recon-
struction of L3 muons seeded by L2 muons. In turn, the tag-and-probe method computes the
L3 efficiency with respect to L1 muons, which is convenient for calculation of the efficiency
of the full HLT sequence, as it contains reconstruction steps seeded by L2 and L1 muons. In
practice, the efficiency values obtained with the two methods are close to each other due to

the high efficiency of L2 reconstruction, as shown in Figure 3.1.
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Figure 3.1. L2/L1 efficiencies in the Run 2 data [106].
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Trajectory seeds in L3 reconstruction.

As mentioned above, the Kalman filter algorithm requires an initial estimate of the
parameters at some point of the trajectory. This estimate is referred to as seed. The starting
point for seed generation is the L2 TSOS at the innermost muon station.

The outside-in L3 reconstruction in Run 2 used two types of seeds: hitless and hitbased.
For Run 3, a new type of seeds, hitbased doublets has been developed (see Section 3.3.2).
The ideas behind different types of seeds are illustrated in Figure 3.2.
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Figure 3.2. Left: a hitless seed is created by propagating the L2 trajectory to
a detector layer. Center: a hitbased seed is created by updating the propagated
trajectory with the most compatible hit. Right: a hitbased doublet is created
by updating the trajectory with two hits on consecutive layers.

A hitless (HL) seed is generated by propagating a L2 TSOS to a given tracker layer, and
using the parameters and uncertainties of that TSOS. Hitless seeds can be created either
starting from a L2 TSOS updated at the interaction point (IP), or, alternatively, from the
TSOS at the innermost muon station without the IP constraint. In both cases, the TSOS is
propagated to the outer tracker surface, and then to the inner-more layers (hence the name
“outside-in”).

A hitbased (HB) seed is created in a similar way, but when a TSOS is propagated to a
layer, it is updated with the most compatible hit on that layer; the figure of merit for the
compatibility of hits is the normalized chi-squared test statistics x? [107], with a requirement
that 2 < 40. In the trajectory building stage, the hit used to create a HB seed is included
in the trajectory. The efficiency achieved with hitbased seeds is generally lower than that
for HL seeds (see Figure 3.3), due to a significant amount of pile-up hits in the tracker.

A trajectory reconstructed from a HB seed may be diverted from its true position if it is
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updated with a pile-up hit, which does not happen to HL-seeded trajectories at this stage

of the reconstruction.
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Figure 3.3. L3(OI)/L2 efficiency for trajectory building seeded with a single
HB or single HL seed.

The pile-up hits also affect the trajectory building itself. As mentioned earlier, the
Kalman filter algorithm searches for compatible hits at each iteration and uses them to
create trajectory candidates. In the presence of pile-up it is possible that at a certain step
all of the most compatible hits will be from pile-up, leading to eventual failure of trajectory
building. This effect can be partially suppressed by creating multiple seeds on different
tracker layers. Even though hitless seeds created from the same L2 muon carry the same
information, the probability of successful L3 reconstruction for them is slightly different due
to the different distribution of pile-up hits at each layer. Figure 3.4 shows the L3 efficiency
as a function of pile-up (characterized by the number of reconstructed vertices in the event
nVtx); it can be observed that creating seeds on more layers leads to a larger increase in
efficiency in events with more pile-up. The scaling of the efficiency with the number of HLL

seeds as a function of other variables is shown in Figure 3.5.
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Figure 3.4. L3(OI)/L2 efficiency as a function of pile-up. The increase
in efficiency from additional seeds is correlated with the number of pile-up
vertices.

TSOS error scale factors.

When the CTF algorithm is initialized using a HL seed, the search window for the
compatible hits is defined by the uncertainties on the trajectory parameters, which are stored
in a covariance matriz associated with the seed. However, these uncertainties do not always
correspond to the optimal size of the search window needed for successful performance of the
trajectory builder. Unlike HB seeds, the HL seeds are not based on any tracker information,
and therefore their precision can not be improved by the inclusion of tracker hits. Instead, the
possible inaccuracy of the initial estimate can be compensated by enlarging the uncertainties,
which allows the CTF algorithm to search for compatible hits in wider search windows. This
is implemented by introducing TSOS error scale factors, which in the Run 2 strategy were
defined in bins by n and pr, and ranged from 2 to 10 (see Table 3.1).

While the enlarged uncertainties help to find compatible hits in case of an inaccurate

initial estimate, it does not mean that any trajectory can be successfully reconstructed from
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Figure 3.5. L3(OI)/L2 efficiency for trajectory building seeded with various
numbers of hitless seeds.
Table 3.1. Error scale factors used in Run 2 [108].
| pr:0—13 GeV | pr: 13 —30 GeV | pr : 30 — 70 GeV | pr > 70 GeV
0-0.2 3 5 2 10
0.2-0.3 3 5 7 10
0.3-1.0 3 5 2 10
1.0 -1.2 3 4 3 7
12-14 3 4 3 7
1.4-1.6 3 4 3 7
>1.6 3 5 10 10

a HL seed as long as the error scale factor is large enough. The CTF algorithm is designed
to avoid high costs in timing, therefore it aborts if failing to build a trajectory after trying
several (by default, five) compatible hits on each iteration of the Kalman filter. When the
search window is enlarged, it includes more pile-up hits, so the CTF algorithm that initiates
trajectory building for only five of the compatible hits may exhaust all of the attempts before
finding the “true” hit.

Therefore, the optimal scale factors for each seed are finite, and empirical observations

show that the optimal values for the scale factors are of the order of 1-10.
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Seeding strategy.

For a given seed created from an L2 muon in the outer tracker, it is not guaranteed
that the Kalman filter will succeed in the L3 reconstruction. The main reason for this is
a substantial amount of tracker hits that are not produced by the considered muon (such
as pile-up or detector noise). At each iteration of the Kalman filter, the search window for
finding compatible hits is determined by the parameters and uncertainties obtained at the
previous iteration. If at some iteration the trajectory was updated with a pile-up hit, the
new trajectory may get diverted so much that the “true” muon hits are not compatible with
it anymore, and trajectory reconstruction for the chosen seed will eventually fail.

In order to maximize the chance of success, multiple HL. and/or HB seeds on different
tracker layers can be generated for each L2 muon. A particular placement of seeds is referred
to as seeding strategy.

In Run 2, multiple seeds of the same type could be created only on multiple consecutive
outer tracker layers; strategies with other seed placements (e.g. with seeds on non-consecutive
layers) were not considered. Therefore, a seeding strategy in general could be described by
two parameters, the number of HB and the number of HL seeds. The details of the Run 2
seeding strategy are listed in the next section.

The new developments for Run 3, described in the following sections, use a similar ap-
proach to the seed placement, creating the seeds only on consecutive outer layers, unless

stated otherwise.

3.2 L3 muon reconstruction in Run 2

The muon HLT in the Run 2 setup was implemented via an iterative algorithm [108]

containing three sequences in increasing order of complexity:
1. Outside-in reconstruction seeded by L2 muons (OI)
2. Inside-out reconstruction seeded by L2 muons (IOFromL2)

3. Inside-out reconstruction seeded by L1 muons (IOFromL1)
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The inside-out reconstruction seeded by L2 muons is only performed for those L2 muons
for which no tracker track was reconstructed in the outside-in step, while the inside-out from
L1 step is seeded by all L1 muons. The resulting track collections from each of the three
steps are merged and matched with the information from the muon system, producing the
final L3 muon objects. Loose muon ID criteria are then applied to filter the resulting muon
collection to suppress misreconstructed muons and control the trigger rate. The efficiency

of all three steps of the Run 2 strategy is shown in Figure 3.6.
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Figure 3.6. L3/L1 efficiencies in Run 2 [106].

3.2.1 Outside-in seeding in Run 2

The seeding strategy in Run 2 was chosen based on a manual optimization of the strategy
parameters (number of seeds of each type), as well as some fine-tuning aimed to boost the
performance in various regions of the phase space. The definition of the Run 2 outside-in

seeding strategy is summarized below:
o The baseline strategy contained 1 HB seed and 5 HL seeds per L.2 muon.

« In the barrel region (|n| < 1), the HB seeds were disabled.
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o If a trajectory intersected the tracker layers in both barrel (TOB) and endcap (TEC),
the seeds of each type were counted in TOB and TEC independently, thus allowing to
create up to 2 HB and 10 HL seeds in the barrel-endcap overlap region. In practice,
the creation of the maximum allowed number of seeds in the overlap is never observed;

the total number of seeds in the overlap is at most 8.

 In the forward region (|n| > 2.1) and for muons with less than 20 valid hits in the
muon system, the number of hitless seeds was doubled. The additional hitless seeds
were created using an alternative L2 trajectory, not constrained at the interaction
point. This lead to creating 11 seeds (1 HB + 10 HL) in the forward region and for

muons with only a small number of valid hits.

o The errors associated with hitless seeds were rescaled by factors ranging from 2 to 10,

depending on pr and 7.

As a result, the number of seeds per L2 muon in Run 2 ranged from 5 to 11, depending on
the L2 muon quality and location in the detector. In the overlap region, where the barrel
and endcap layers were considered independently, the total number of seeds created for a
single L2 muoun could be as high as 15; however, the number of such events was low. The

distribution of number of seeds for the Run 2 strategy is shown in Figure 3.7.

3.3 Outside-in seeding developments for Run 3

The overall design of muon HLT in Run 3 (Figure 3.8) is similar to that used in Run 2,
featuring the three steps (OI, IOFromL2, IOFromL1) described in Section 3.2. However, the
seeding algorithms used in the OI and IO steps have been updated.

The changes to the outside-in reconstruction for Run 3 (seed types, treatment of L2
trajectories, etc.) are described in this section. The optimization of the OI seeding strategy

is described in the next section.
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Figure 3.8. Proposed muon HLT design for Run 3.

3.3.1 Changes to the ad hoc features remaining from the Run 2 strategy

In the Run 2 strategy, the efficiency in the forward n region and for low-quality L2
muons was boosted by considering two L2 trajectories for the same muon: one trajectory
reconstructed only using the information from the muon system, and another one updated
at the interaction point. Using this additional L2 information has indeed lead to improved
efficiency, but achieving it by doubling the number of hitless seeds came with a large cost
in terms of CPU time. This approach is therefore discarded for Run 3, given that the main

objective of the Run 3 developments is to improve the timing of the OI sequence.
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In the new approach, the seeds created from the two L2 trajectories are considered as
separate types of seeds. The trajectories and corresponding seeds are labeled “MuS” (L2
trajectory containing only the hits from muon system) and “IP” (L2 trajectory updated at
the interaction point). The seeds of the new types can be generated independently from each
other, allowing a more flexible control over the number of seeds.

Another feature of the Run 2 approach was a veto on hitbased seeds in the |n| < 1 region,
which was enabled in an attempt to improve the timing. In the new developments, the veto
has been removed in favor of more flexible and automatized ways to control the efficiency

and timing of the seeding strategies (see Section 3.4).

3.3.2 Hitbased doublet seeds

Hitbased seeds in the Run 2 algorithm were created by choosing the hit most compatible
with the L2 trajectory. The compatibility was quantified by x? for the trajectory updated
with the new hit, provided that x? < 40. The TSOS updated with the most compatible hit
was used as a starting point for the L3 trajectory building sequence.

The problem with this approach appeared when the L2 trajectory propagated to the
outer tracker diverted too much from the real muon trajectory. In this scenario, it was
possible that at the outermost tracker layer a pile-up hit was more compatible with an L2
trajectory than a “real” muon hit. A L2 trajectory updated with a pile-up hit would then
give a wrong estimate of the parameters, leading to the failure of the L3 reconstruction.

It has been observed that the Kalman filter algorithm seeded by a TSOS with wrong
parameters tends to fail in the first iteration. In other words, it is unlikely that the tracker
would contain two or more pile-up hits on multiple consecutive outer tracker layers, such
that those hits would all be compatible with a given L2 trajectory.

An improvement to the hitbased seed definition has been developed based on this ob-
servation. As illustrated in Figure 3.9, in the new implementation a L2 trajectory is only
updated with a tracker hit if there is another compatible hit on the adjacent tracker layer;
otherwise the hit is skipped and the next most compatible hit is considered. If two hits

compatible with the L2 trajectory are found, they are both used to update the trajectory
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and create a seed for the L3 trajectory builder. Essentially, this approach implements the
first step of the Kalman filter at the seed generation stage, which allows to reject bad hits

early and with only a small timing cost.

Taye’

el

muon hit

L3 reco fails

[ Regular HB seed |

Figure 3.9. Left: a regular HB seed constructed from the most compatible
hit which can be from pile-up. Center: a seed is not generated if there are no
compatible hits after update. Right: a HB-doublet seed is generated if there
are compatible hits on two layers.

The new type of hitbased seeds is referred to as hitbased doublets. A single HB-doublet
uses approximately the same information as two regular HB seeds, and gives a comparable
performance in terms of efficiency (see Figure 3.10), but the timing is reduced, as shown in
Figure 3.11, since the full trajectory building using the Kalman filter is only run once in case

of the doublet, and twice in case of the two regular seeds.
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Figure 3.10. Efficiency with a single HB-doublet seed is similar to that of
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. 10 CMS Internal 14TeV . 10 CMS Internal 14TeV
3 B Run-3 Simulation 3 g Run-3 Simulation
: — 1 HB, mean time=0.350818 ms : — 1 HB, mean time=1.249297 ms
1 E 2 HB, mean time=0.395097 ms 1 E 2 HB, mean time=1.483353 ms
E 1 HB doublet, mean time=0.439572 ms E 1 HB doublet, mean time=1.384639 ms
107 107
E = = E F=—
= o L
102 = 1072 E =
F | =
[ B -
10° —L 0% |_ ’_‘
b Lo T T Fuol PR ENAR N
16 18 2 3 35 4 45 5

0.2 0.4 0.6 0.8 1 1.2 14
Outside-In Seed Generation step Processing Time (ms)

11 L1l | 111l J 111l ‘ 111l ‘
05 1 15 2 25
Outside-In Trajectory Building step Processing Time (ms)

Figure 3.11. Processing time of seed generation and trajectory building for

regular and doublet-like HB seeds.
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3.4 DNN-based seeding strategy optimization

As described in Section 3.2, the OI seeding strategy developed for Run 2 featured a
certain flexibility: the input L2 muons were categorized according to their pseudorapidity
and the number of valid hits in the muon system, and a separate seeding strategy was defined
for each category. The new approach aims to expand this flexibility by defining the seeding
strategy independently for each L2 muon, rather than, or in addition to considering muons

in broad categories.

3.4.1 Problem definition

If L2 muons are considered independently, the optimization of the outside-in seeding can

be parametrized in the following way:

o A set of input features z = {Z1, T, ...Zy} characterizing each of the N L2 muons in a

given dataset.

« A set of parameters 6; characterizing the seed generation strategy for i-th L2 muon®.
These parameters include the number of seeds of each type, as well as the value of

TSOS scale factors for HL seeds.

o Figures of merit that quantify the performance of the method on a given dataset D:

algorithmic efficiency ¢(D, ) and the time for trajectory building 7(D, ).

The optimization problem is then defined as follows: for each set of features x; corre-
sponding to the i-th L2 muon in a given dataset D, obtain a set of strategy parameters 6},
such that the figures of merit (D, 0) and T(D, ) are optimized.

In the developments for Run 3, the trajectory parameters are defined as follows:

0 = {nHBd, nHL(IP), nHL(MuS), SF},

41n this section, the indexing of the variables is defined as follows: lower indices i = {1,2, ..., N} enumerate
L2 muons in the dataset, and upper indices j = {1,2, ..., K'} enumerate considered seeding strategies.
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where nHBd is the number of HB-doublet seeds (as described in Section 3.3.2), nHL(MuS)
is the number of HL: seeds from L2 trajectory based only on the muon system information,
nHL(IP) is the number of HL seeds from L2 trajectory updated at interaction point, and SF
is the error scale factor used for HL seeds — the same for both HL(IP) and HL(MuS). In
principle, different scale factors can be used for different types of seeds, but it was not done

in order to avoid increasing the dimensionality of 6.

3.4.2 A new optimization approach

The solution of the optimization problem is implemented using a deep neural network
(DNN) — a machine learning method, described in more detail in Appendix B. Given a
set of K seeding strategies © = {0,602, ..., 0%}, the network is trained to select the strategy
that is more likely to lead to the successful L3 reconstruction for a given L2 muon, which is
parameterized by a set of input features z. The schematic depiction of the network design

is shown in Figure 3.12.
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Figure 3.12. DNN classifier used to predict the seeding strategy with highest
probability of success.
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In order to train the classifier to choose between the seeding strategies in ©, the training

dataset is constructed as follows:

1. The L3 reconstruction algorithm is run K times on the same set of input L2 muons

(once for each seeding strategy).

2. An attempt is made to match each of the reconstructed L3 muons to the generated
muons in the same event, in order to determine whether the L3 reconstruction was
successful. The successfully reconstructed L3 muons are matched to the respective L2

muons. In both cases, the matching is performed by checking if the angular separation

between the two objects is AR < 0.3, where AR = VAn? + A¢?.

3. After the matching, there is a set of K numbers S; = {s!,s?, ..., 55} for each of the
input L2 muons, which encodes the success of each seeding strategy for that L2 muon:
sz = 1 if j-th strategy for i-th muon led to a successful L3 reconstruction, 3{ =0

otherwise.

4. In addition to the sz values, the training dataset includes the set of input features z;

for each muon.

If a given set of strategies © = {éj, | = 1...K'} is considered, the optimization problem
can be reformulated in terms of multi-class classification: a L2 muon “belongs” to the j-th
“class” if the seeding strategy 67 associated with that class leads to successful L3 reconstruc-
tion; each muon can belong to multiple classes, since multiple strategies can succeed for the

sale Imuoin.

3.4.3 Input features

The input features for the classifier are chosen to use as much available information about

the L2 muons as possible:
e Global pr, n and ¢ of the L.2 muon

o Number of valid hits in the muon system
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e pr, n and ¢ of the TSOS defined at the IP
e pr, n and ¢ of the TSOS defined at the innermost muon station

« Diagonal elements of the 5 x 5 covariance matrices defined at the IP and at the inner-

most muon station

The correlations between the considered input features are shown in Figure 3.13. Most of

the variables are uncorrelated with each other, with several exceptions:

o The kinematic parameters of the TSOS at interaction point are 100% correlated with
the corresponding global kinematics of the L2 muon. Therefore, they are removed from

the set of input features in the training dataset.

 Uncertainties on trajectory parameters (variables labeled errx) for both TSOS at the
interaction point and the innermost muon station are correlated between each other.
All of these variables are used in the training and no additional steps are taken to

decorrelate them.

For any given seeding strategy, the success of the L3 reconstruction is correlated with the
input features. As an example, the distributions of the input features for events passing and
failing L3 reconstruction seeded by a single HL(IP) seed are shown in Figure 3.14. Such
correlations are slightly different for various seeding strategies (see Figure 3.15), and the

DNN classifier is trained to learn these subtle differences.

3.4.4 DNN architecture and training settings

The network contains two fully connected hidden layers with 512 neurons each, as well as
the output layer with K nodes. The hidden layers are subjected to tanh activation functions
to constrain the values of the weights, and the sigmoid function [109] is applied to the output
nodes, which ensures that the values of the outputs are between 0 and 1.

The output of the network for a given muon yields a set of values P, = {p},p?, ..., pX},
0< p{ < 1, which can be interpreted as predicted probabilities of success for each seeding

strategy. The predicted probabilities P, are compared to the “truth” S;, and the binary
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Figure 3.13. Correlations between the DNN input features.
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cross-entropy loss function is constructed. During the training process, the loss function
is minimized using the Adam optimization method [110]. At each training iteration, 20%
of weights between the hidden layers are removed in order to improve the stability of the
training and prevent overfitting.

The trained network can be applied to a new L2 muon, producing a set of predictions

P*. The optimal strategy #* is then selected out of © by picking the strategy with index

j* = argmax P (3.2)
j

An example of the strategy prediction by the DNN classifier is shown in Figure 3.16, where
only the strategies with two seeds were considered.

Since each seed used in the L3 reconstruction covers a slightly different region of the phase
space, the strategies with a higher number of seeds overall tend to show better efficiency.
However, the timing of the trajectory building scales almost linearly with the total number
of created seeds. Therefore, the method that optimizes efficiency of a seeding strategy does
not necessarily minimize the timing; the DNN optimization tends to pick the strategies with
the higher number of seeds, which leads to slower trajectory building.

To overcome this issue, the training was done using sets of strategies with a fixed total
number of seeds. The performance of the strategies with the total number of seeds ranging
from 1 to 7 is shown in Figure 3.17. In this case, the error scale factors were not optimized.

It can be seen that the efficiency scales differently with the number of seeds in the barrel
and endcap regions. For the final setup, the 5-seed strategy was chosen in the barrel (|n| < 1)
and the 7-seed strategy was used in the endcaps (|n| > 1).

The training was then repeated with scale factor optimization included. The evolution of
training and validation loss for the two trained network is presented in Figure 3.18, showing

no signs of overfitting.
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Figure 3.14. Distribution of some L2 parameters for events passing and fail-
ing L3 reconstruction seeded by a single HL(IP) seed. Variables labeled “err”
are square roots of diagonal elements of covariance matrices corresponding to
the L2 trajectories, i.e. uncertainties on global trajectory parameters.
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3.4.5 Performance

The L3 efficiency when using the strategy optimized with a DNN classifier is compared
to that for the default Run 2 strategy in Figure 3.19. The efficiency obtained using the DNN
classifier is the same or higher than that for the Run 2 strategy in almost all regions of phase
space, while the number of created seeds is smaller on average.

Timing comparison of these options is shown in Figure 3.20. Evaluation of the classifier
at runtime adds & 0.3 ms per muon to the seed generation time, while the trajectory building
time is on average 3 ms (23%) faster compared to that for the Run 2 strategy. Therefore,
the overall timing is decreased.

The novel DNN-based seed generation algorithm for the outside-in L3 muon reconstruc-
tion has been deployed to the CMS detector after the beginning of the LHC Run 3 in
July 2022. For the final implementation, the model was re-trained with low-pr muons
(pr < 24 GeV) added to the training dataset, and the model architecture was once again

optimized using the KERASTUNER package [111].
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Figure 3.16. Example of seeding strategies predicted by the DNN classifier
trained to choose between 2-seed strategies without error scale factor opti-
mization. In this example, the strategy with 1 HB-doublet and 1 HL(IP) seed
is preferred for high-quality muons, while strategies with only hitless seeds are
preferred for lower quality muons.
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4. FIRST EVIDENCE OF THE H— upy DECAY

The decay of the Higgs boson into a pair of muons (H— pp) provides a direct way to establish
the Higgs coupling to muons, which is one of the free parameters in the Standard Model.
The branching ratio predicted by the SM for the H — puu decay is small in comparison to
other Higgs decay modes (see Section 1.3.2), therefore the rate of such decays at the LHC is

expected to be relatively low.

Figure 4.1. Feynman diagram of the H— ppu decay.

Achieving a statistically significant measurement of the H — puu cross section is a chal-
lenging task that requires an accurate modeling of the SM interactions, a sufficient amount of
experimental data, an exceptional performance of the detector hardware and reconstruction
algorithms, and a powerful analysis approach to extract the H— uu signal. By the end of
the LHC Run 2, the progress of the CMS experiment in these aspects had reached a point
at which the sensitivity of the H — ppu search was sufficient to witness an evidence of this
decay for the first time [1].

The search performed using the full Run 2 dataset (L = 137 fb™") features an elaborate
analysis strategy that allowed to observe an excess of events over the background, consistent
with the SM prediction for the H— uu decay, with an observed (expected) signal significance®
of 3.0 (2.5) standard deviations. This result had become the first precise measurement of
a Higgs boson coupling to the second generation fermions, opening a new chapter in Higgs
physics. In the following sections, the analysis of the Run 2 H — puu search by CMS is

described in detail.

11 Expected significance denotes the degree of disagreement between the null (background-only) and the
signal-plus-background hypotheses, while observed significance quantifies the disagreement of the observed
data with the null hypothesis. More details on the statistical methods used in the H— puu analysis are given
in Sections 4.6.3, 4.7.4, and 4.10.
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4.1 Analysis strategy

A novel approach to the Run 2 H — pupu search by the CMS collaboration, as compared
to the earlier searches, was to split the data into mutually exclusive categories targeting
different Higgs production modes — gluon-gluon fusion (ggH), vector boson fusion (VBF),
production in association with a pair of top quarks (¢¢tH), and production in association with
a vector boson (WH and ZH). A separate analysis strategy was developed for each category,

based on two different approaches to background modeling, as described below.

Parametric background fit approach.

In the parametric fit approach, used in the ggH, tH, WH, and ZH categories, both signal
and background are modeled with functions describing their invariant mass spectra. The
background model is obtained from a fit of the observed data in the control region (mass
sidebands?), while the signal model is obtained by fitting the mass spectrum of the H— upu
signal MC. The benefit of this approach is that the background model is not subject to
any systematic uncertainties associated with the MC simulation. On the other hand, the
“true” parameterization of the background is unknown, and the limited number of events
in the sidebands allows to describe the background with a variety of functions resulting
in a comparable fit quality in the control region, but with slightly different background
predictions in the signal region®. These differences may considerably bias the sensitivity to
the signal, especially when the expected signal rate is low, as it is for the H— upu decay.

The sensitivity of the parametric fit approach is further improved by splitting the data
into subcategories with different signal-to-background yield ratios and different widths of the
signal mass peak. In the Run 2 analysis, this categorization was performed using multivariate
analysis (MVA) techniques, such as boosted decision trees (BDT) and deep neural networks
(DNN). Since in each subcategory the assumption of the smoothness of the background mass
spectrum must be respected, it is crucial to ensure that the MVA models are completely

uncorrelated with the dimuon mass. Otherwise, it the signal-to-background ratio could be

29 Mass sidebands are defined as m,,, € [110,120) U (130, 150] GeV.
31Signal region is defined as my,, € [120,130] GeV.
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artificially improved by selecting data specifically in the signal mass range. However, in that
case a parametric background fit in the sideband region would no longer be possible.
The details of the parametric fit approach specific in each of the analysis categories are

further discussed in Sections 4.7-4.9.

MC template-based approach.

An alternative approach is used in the VBF category. Here both the signal and the
background models are estimated using the prediction of the MC simulation. In order to
achieve a high level of sensitivity, a one-dimensional observable is constructed using a DNN,
which takes as input the kinematics properties of the decay products, as well as other event
properties that have discriminating power. The events in both data and MC are split into
multiple non-overlapping bins based on the DNN score, such that the signal-to-background
ratio is different in different bins. The resulting histograms are referred to as templates.
The signal significance and other statistical parameters are then obtained by fitting the MC
templates to the templates obtained from the observed data, using the signal normalization
as a floating parameter, and taking into account statistical and systematic uncertainties.
The fit procedure is described in more detail Section 4.6.3.

Since the smoothness of the background mass spectrum is not assumed in this approach,
the DNN models are not required to be uncorrelated with the dimuon mass. On the contrary,
the dimuon mass is used as one of the inputs for the DNN;, since it provides the highest level
of signal-background discrimination among the event properties.

The MC template-based method is advantageous in the regions of the phase space where
the signal-to-background ratio is high, and a considerable sensitivity to the signal is achiev-
able even in the presence of large uncertainties on the background MC. The main sources of
the systematic bias in this approach arise from inaccuracies in the MC modeling; therefore,
ensuring a high level of agreement between data and MC, as well as a good understanding
of the discrepancies, is of a particular importance.

The details of the MC template-based strategy in the analysis category targeting the

VBF production mode are discussed in Section 4.6.
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4.2 Datasets

The full Run 2 dataset used in the H— ppu analysis corresponds to an integrated lumi-
nosity of L = 137 fb~'. The starting point is a SingleMuon dataset, a collection of events
passing at least one of the software triggers that require a presence of at least one muon in
the event*. The dataset combines three data-taking periods of the CMS experiment — 2016,
2017, and 2018 — which feature slightly different data-taking conditions, and thus must be
analyzed separately.

Various MC datasets were produced to model all known SM processes that have a non-
negligible contribution to the backgrounds in the analysis categories. In addition, MC
datasets were produced for all signal processes of interest. To ensure an accurate modeling,
MC samples were generated separately for each period, taking into consideration different
calibration and alignment conditions of subdetectors, different pile-up conditions, and other
aspects.

The MC simulation is performed in multiple steps. First, events are generated at the ma-
trix element level using either the MADGRAPH5__ aMC@QNLO [112] or the POWHEG [113]
generator. Then, the events are processed by either PYTHIA [114] or HERWIG [115] gener-
ators, which model fragmentation and hadronization of the partons in the simulated events.
Finally, the generated events are processed through a full simulation of the CMS detector
implemented using GEANT4 [116,117], in order to obtain a realistic detector response in
the same format as that from collision data. The trigger algorithms, object reconstruction
and identification algorithms, and other processing sequences are then applied in exactly the
same way to both collision data and MC simulation events. The full list of the MC datasets

used in the analysis can be found in Appendix A.

49Tt is certainly possible to select the events for the H — pu analysis using dimuon triggers. However, the
offline algorithms reconstruct muons with a higher efficiency, as compared to the online reconstruction in
the trigger algorithms. Therefore, the H — pp event selection efficiency is higher if only one of the muons
is required to pass the single muon trigger, while the other one is thoroughly reconstructed by the offline
algorithms.
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4.3 Event selection and categorization

The events pre-selected for all categories of the analysis are required to contain a pair
of oppositely charged muons within the pseudorapidity coverage of the CMS muon system
(In| < 2.4), and with transverse momenta exceeding 20 GeV. The transverse momentum of
the leading muon is additionally required to exceed 26 GeV (29 GeV for the 2017 data-taking
period) in order to reach the efficiency plateau of the HLT IsoMu24® trigger (HLT_IsoMu27 for
2017). Both muons are required to be isolated in order to reject non-prompt or misidentified
muons, by requiring the summed momenta of particles located at a close angular distance
from a muon to not exceed 25% of the muon momentum in the transverse direction.

The hadron jets considered in the analysis are reconstructed using the anti-ky algo-
rithm [101] with a distance parameter of R = 0.4; they are required to be within the
pseudorapidity acceptance range of the HCAL and HF (|n| < 4.7), and only the jets with
the transverse momentum exceeding 25 GeV are considered. Situations in which one of the
selected muons is considered a part of a selected jet are already largely avoided by the muon
isolation requirements, however, it is additionally enforced that all selected jets are at an
angular distance of at least AR = 0.4 from each of the selected muons.

The categorization of the selected events is based on the topology and kinematics of the
final state, as illustrated in Figure 4.2. The events in the ttH category are required to have
either one b-tagged jet passing the “medium” working point of the DeepCSV tagger [118],
or two jets passing the “loose” working point. The VH category includes events without
b-tagged jets, but with at least one lepton (muon or electron) in addition to the main muon
pair. Out of the events not included in the ttH and VH categories, those containing a pair of
jets passing the selection criteria mentioned above with invariant mass of at least 400 GeV,
pseudorapidity separation An,; > 2.5, and the leading jet pr exceeding 35 GeV, are classified
into the VBF category. The rest of the events are included in the ggH category.

Such a categorization allows for a considerable share of the H— ppu events to be correctly
classified by their production modes. However, due to the limited knowledge of the nature

of jets in an event, there is a possibility for an overlap between different categories (for

S1HLT_IsoMu24 trigger requires an event to have at least one isolated muon with pt > 24 GeV.
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example, when a pile-up jet is mistaken for a jet produced in the VBF process). Thus, each
analysis category is also expected to include a certain amount of the H — ppu events from

the production channels that are not specifically targeted by that category.

| Single-muon trigger events |

| Dimuon baseline selection |

YES
NO two loose or
one medium b-jet — | ttH-tag |
additional
ele or muon
NO additional
ele or muon

VH-tag | NO YES

2-jets my; > 400 Ge
and An; > 2.5

<
NO / \YES

two additional HH- ) ttH-leptonic
ele or muon hadronic
YES
ggH NO \

VBF
category category WH ZH category

category

Figure 4.2. Event categorization in the Run 2 H— pp analysis [1].

4.4 Corrections to data and MC

While the simulated MC datasets provide an adequate description of the SM processes,
there are certain differences between the distributions of the observed data and simulation,
which may bias the results of the analysis. Therefore, it is essential to apply corrections to
some of the observables in data and MC, in order to suppress various biases in detector re-
sponse, mismodeling of physical observables in simulation, and to ensure that the simulation
correctly models the key features of the signal and background processes. Some of the most

important corrections applied in the H— pu analysis are described below.

e« Muon momentum scale and resolution correction (Rochester correction).
The scale and resolution of the reconstructed muon momentum differs between the
MC simulation and the observed data. The imperfections in muon reconstruction
translate into a shift in the scale of the dimuon mass resonances, as well as a difference

in the dimuon mass resolution between data and MC. The Rochester correction [119]
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is derived from the assumption that the dimuon invariant mass peak corresponding
to the Z boson in the Drell-Yan process should be aligned with its PDG value of
91.19 GeV [120] for both data and MC. Additionally, the difference in the dimuon
mass resolution between data and MC is mitigated by smearing the muon momenta in

the MC.

Final state radiation (FSR) recovery. In approximately 8% of the H— pu events,
at least one of the muons radiates a photon in the final state. Because of this, the
reconstructed momentum of the muon decreases, and the dimuon invariant mass is
shifted towards the low-massregion of the spectrum. The effect of the FSR radiation
is corrected by recovering the original 4-momentum of the muon before the photon
emittance. This is done by searching for an isolated photon compatible with the ex-
pected FSR kinematics within a close angular distance from the muon, and adding
the 4-momenta of the two particles. The procedure is done before applying the muon
isolation requirement, in order to prevent a situation in which a muon fails the iso-
lation requirement solely due to the FSR photon emittance. The updated isolation
requirements lead to ~ 2% increase in the signal yield, while the overall improvement

to the dimuon mass resolution due to FSR recovery is around 0.5%.

GeoF'it correction. One of the reasons for the deteriorated muon pr resolution is the
fact that the muon tracks are produced by fitting the detector hits from the tracker
and the muon system, but without an explicit constraint on the vertex from which the
muon originates. In the H— pu events, due to the short lifetime of the Higgs boson,
both muons are expected to originate from the collision point. Thus, the distance
from the point of closest approach of the muon track to the beamspot is expected
to be correlated with the muon momentum resolution: the farther the muon track is
displaced from the beamspot, the more its reconstructed momentum is expected to
deviate from its true value. The GeoFit correction [121] aims to improve the muon
pr resolution by correcting the muon pr in a way to decrease its correlation with the
distance to the beamspot in the transverse plane. Effectively, this approach is similar

to including the beamspot location into the muon trajectory fit, but the computation
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of the GeoFit correction is much faster, and it does not require re-fitting the trajectory.
The application of the GeoFit correction improves the muon pr resolution by 8-15%,

and the dimuon mass resolution by 4-11%, depending on the muon pseudorapidity [2].

Lepton scale factors. Another method to improve the agreement between data and
MC is derived using the efficiencies of the muon identification and isolation require-
ments, as well as the efficiency for a given muon to pass a single muon trigger. These
efficiencies, measured on both data and MC, are used to compute the corresponding
MC/Data scale factors in pr and 1 bins, which are then applied as weights to the MC

events, improving the agreement between data and MC.

b-tag weights. The probability distribution for a jet to come from the hadronization of
a bottom quark is derived in CMS using a supervised machine learning algorithm [118]
trained on MC simulation. The b-tagging efficiency is calculated for data and MC in
bins of jet pr, 1, in event samples enriched either in jets from b-quarks or in “light
flavour” jets (light quarks and gluons). The b-tag weights are then derived using
the bin-by-bin ratios of these efficiencies, and applied to MC in order to reduce the

disagreement between data and MC.

Pile-up weights. The MC simulated event samples are produced with a pile-up
profile that is approximately similar to that measured in data, but does not exactly
match it. A reweighting procedure is applied in order to correct for the remaining
differences, using the distributions of the number of reconstructed vertices in data and

MC as a reference.

Other corrections. Other corrections used in the H — pp analysis include the
corrections to jet energy scale and resolution, weights used to correct the data and
MC efficiencies of the “pile-up ID” and “quark-gluon likelihood” jet classifiers, as well
as various corrections developed to account for the limitations of the H — ppu signal

simulation.
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4.5 Systematic uncertainties

The modeling of the signal and background processes used in all analysis categories is
subject to systematic uncertainties, which translate into the final uncertainties on the results
of the H— e search. Most of these uncertainties are modeled as nuisance parameters with
log-normal or Gaussian external constraints. Some of the leading sources of systematic

uncertainty are described in this section.

4.5.1 Theoretical uncertainties

The Higgs boson production cross section for the various production modes, and their
corresponding uncertainties, are taken from Ref. [43]. These include uncertainties in the
choice of the parton distribution function (PDF), uncertainties on the QCD renormalization
and factorization scales, and the uncertainty in the prediction of the branching ratio B(H—
up). For the ggH process, seven independent additional sources are included to account for
the uncertainty in the modeling of the p4" distribution, the number of jets in the event,
and its contamination in the VBF selected region, as described in Ref. [43]. The magnitude
of these uncertainties for ggH events in the VBF category varies from about 15% to 25%,
while in the ggH category the total uncertainty in the ggH yield ranges from 6% to 12%
depending on the subcategory. Similarly, for the VBF process, uncertainties in the modeling
of the pht*, pit? | jet multiplicity, and m; distributions are considered, accounting for a total
uncertainty on the VBF signal prediction of about 2-4% in both ggH and VBF categories.

The leading source of uncertainty in the VBF category arises from the limitations of the
parton shower (PS) modeling. This uncertainty is assessed by varying several parameters
that control the properties of the jets produced by the PYTHIA generator. A conservative
PS uncertainty is assigned to the Zjj-EW background and VBF signal, defined as the abso-
lute difference between PYTHIA (dipole shower) and HERWIG (angular-ordered shower)
predictions in each bin of the DNN output score in that category.
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4.5.2 Experimental uncertainties

Several sources of experimental uncertainty are taken into account for both signal and
background processes. These include the uncertainty in the measurement of the integrated
luminosity, in the modeling of the pile-up conditions during data taking, in the measurement
of the muon selection and trigger efficiencies, in the muon momentum scale and resolution,
in the efficiency of vetoing b-quark jets, and in the jet energy scale and resolution.

The integrated luminosities of the 2016, 2017, and 2018 data-taking periods are individ-
ually known with uncertainties in the 2.3-2.5% range [122-124], while the total integrated
luminosity has an uncertainty of 1.8%. The effects of other uncertainties are measured sep-
arately in all event subcategories in the ggH, #H and VH channels, as well as in the VBF
category, as listed in Table 4.1.

Table 4.1. Experimental uncertainties in the H— pp event (sub-)categories.

Source of uncertainty Uncertainty per (sub-)category
Muon and electron selection efficiencies 0.5-3%

Jet energy scale and resolution 0.5-6%

Muon momentum scale and resolution 0.1-0.8%

modeling of the pile-up conditions 0.2-2%

Efficiency of identifying and vetoing b-quark jets 0.1-3%

In the category targeting the VBF production mode, there is an additional source of
uncertainty arising from the limited size of the simulated samples. It is taken into account
by allowing each bin of the total background template to vary within the corresponding
statistical uncertainty using the Barlow—Beeston lite technique [125]. These uncertainties
are uncorrelated across the bins of the DNN templates used in the fit.

In the categories where the data-driven method of background estimation is used, a
systematic uncertainty associated with the choice of the parametric background fit function
is considered. A discrete profiling method [126] is employed to estimate this uncertainty,

treating the choice of the fit function as a discrete nuisance parameter in the signal extraction.
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4.6 VBF category

The analysis in the VBF category of the Run 2 H— pp search was implemented indepen-
dently by multiple research groups, in order to ensure the robustness of the approach and
avoid errors in the final results. One of the implementations, developed by the author of this
thesis, is described in this section. It has been verified that this implementation is consistent
with the implementation featured in Ref. [1] to a high degree, and the remaining differences
are understood. The comparison between the results obtained with the two implementations

is given at the end of the section.

4.6.1 Event selection and Data/MC agreement

The phase space of the category targeting the VBF production channel is defined by
the pre-selection of the muon pair, mentioned in Section 4.3, a requirement for the event
to not contain additional leptons or b-jets, and a requirement for the presence of a jet pair
that passes the VBF kinematic selections (mj; > 400 GeV, An;; > 2.5, pit > 35 GeV).
Such a selection allows to suppress a substantial share of the Drell-Yan and ¢t backgrounds,
however, the amount of the remaining backgrounds is still significant. The main backgrounds

in the phase space of the VBF category are:

o Drell-Yan (DY) events in which the jets are either produced via initial state radiation

of gluons, or picked up from pile-up, or misreconstructed from the detector noise;

« Events with electroweak production of a Z boson through a VBF process with a topol-
ogy similar to that of the VBF H — pu process (denoted as Zjj-EW or EWK in the
following text and plots).

The analysis sensitivity is enhanced by considering the differences in the distributions
of event properties between the VBF H — ppu signal and the backgrounds. Although each
individual distribution does not have enough discriminating power to achieve a high signal
significance, a combination of multiple properties can provide a higher sensitivity than each
of its constituents. At the same time, the amount of observed data is not sufficient to

perform a fit in multiple dimensions, therefore the combined sensitivity must be extracted
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from a one-dimensional observable. Such an observable is constructed using a deep neural
network (DNN), which takes event properties as inputs, and is trained using signal and
background MC to produce a one-dimensional output score which maximizes the signal-
background discrimination. The use of the DNN score as a sensitive observable is motivated
by the fact that it approximates the likelihood ratio distribution, which is the most sensitive
test statistics for hypothesis testing (see Section B.1.1 for a more detailed discussion).
Before training the DNN model, it is important to ensure that the distributions of input
features in the background MC match the corresponding distributions for the observed data
in the phase space region of interest; otherwise, the observable constructed using the DNN
may be subject to a systematic bias. The comparison of data and MC distribution for some
of the kinematic parameters of the muon pair and the jet pair are shown in Figures 4.3 — 4.5.
While the agreement between MC and observed data is improved by applying the corrections
described in Section 4.4, certain discrepancies remain in the distributions of some of the
variables. Most of the discrepancies were tracked down to the imperfections in modeling and
reconstruction of the hadron jets. Such imperfections affect not only the distributions of the
jet-related variables, but also the kinematic distributions of the muons, due to the fact that
all events selected for the VBF category are required to pass the selections defined using
the jet pair kinematics. The discrepancies in the distributions are taken into account by
considering the variations of the jet kinematic properties, which arise from the uncertainties
on the jet energy scale and resolution in the MC, and propagating them to the variations of

the DNN output score distributions.
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Figure 4.4. Distributions of pr and 7 for the leading jet (top two rows), and
for the subleading jet (bottom two rows) and subleading muon pr (bottom)
for 2016 (left), 2017 (center) and 2018 (right).
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4.6.2 DNN classifier

The input variables for the DNN are defined in a way to describe an event in the VBF
category as comprehensively as possible. In addition to the kinematics of the dimuon and
dijet pairs, their combined properties are considered, such as the pr-balance ratio R, that
quantifies the relation between transverse momenta of the jets and the dimuon pair, and the
Zeppenfeld variable z* [127], which quantifies whether jets are located within the pseudora-
pidity gap between the two muons. For each of the two jets, aside from their kinematics, the
value of the quark-gluon likelihood discriminator (QGL) [128] is considered, which allows
to extract a certain degree of sensitivity using jet substructure. Finally, the sensitivity is
enhanced by considering the soft jet activity in an event. In order to achieve a more stable
training, the datasets corresponding to the different data-taking periods are combined, and
the “year” variable denoting these periods is added as an input in order to take advantage
of the subtle differences due to the changing run conditions. The full list of features is given

below, and the relative importance of these features is discussed in Section 5.2.1:
e Dimuon system kinematics: m,,, pr, logpr, n
e Angles in the Collins-Soper frame [129]: cosfcs, ¢cs
o Absolute and relative per-event dimuon mass resolution
o For each of the two selected jets: pr, n, ¢, QGL

 Dijet system kinematics: m;;, logm;;, An;;

« pr-balance ratio: R, = 545
PE i g
. ® . + .
 Zeppenfeld variable [127]: z* = Ty, Where gt =y, — PSR
J1 J2

« Angular separation between the dimuon pair and the closest jet: minAn,, ;
o Soft activity variables: N3 (pr > 5 GeV), H®(pr > 2 GeV)

jets

e Year (2016/2017/2018)

90



A variety of different DNN architectures were considered in different implementations
of the VBF H — pp analysis. The DNN architecture used to produce the final results in
Ref. [1] contains five sub-networks with different input features and training datasets, while
the network used in the implementation illustrated in this chapter features a simpler, three-
layer architecture. The details of the DNN architecture and the training settings are given

in Section 5.2.1. The discriminating power of the DNN is illustrated in Figure 4.6.
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Figure 4.6. Receiver operating characteristic (ROC) curve for the DNN
used in the VBF category. Signal (background) efficiency is defined as signal
(background) yield below a given DNN score cutoff, divided by the total signal
(background) yield. The point (0,0) corresponds to the lowest DNN score,
while (1,1) corresponds to the highest score. Blue markers correspond to the
bin boundaries used in the Run 2 analysis.
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4.6.3 Fit procedure

The trained DNN is evaluated on signal and background MC datasets, as well as on the
observed data. Two regions are defined based on the dimuon invariant mass (note that the

definition is different from that in other categories):
+ Sidebands (VBF-SB): m,, € [110,115) U (135, 150] GeV.
« Signal region (VBF-SR): m,, € [115,135] GeV.

Events belonging to the VBF-SR region are divided into non-overlapping bins based on
the DNN score, independently for each data-taking period. These bins are defined to achieve
optimal sensitivity, while minimizing the total number of bins. The total number of bins
for each data-taking period is fixed to 13, the highest-score bin is required to contain an
expected VBF H— pp yield of 0.6, and the yields in other bins are required to scale linearly
with the bin number. During the evaluation of the DNN in the VBF-SB region, the value of
the dimuon invariant mass is set to 125 GeV for all events. Since the dimuon mass is largely
uncorrelated with other DNN inputs, this method allows to achieve an output distribution
similar to that in the VBF-SR region, which makes it possible to use the same binning
scheme as the one defined for the VBF-SR region.

The signal and background yields in the MC temlpates are subject to systematic un-
certainties, as described in Section 4.5. These uncertainties are quantified with nuisance
parameters, which allow for variations of the MC yields either by the same amount in all
bins (rate variations), or by a different amount in each individual bin (shape variations).
In order to constrain the values of the nuisance parameters, the background MC templates
are fit to data in the VBF-SB region, where the signal contribution is negligible. The fit
is performed using a profile likelihood approach [130], which allows to obtain the optimal
values of nuisance parameters. These values are then used to constrain the uncertainties in
the VBF-SR regions, since most of the systematic uncertainties are assumed to be fully cor-
related between VBF-SR and VBF-SB. The MC templates before and after this procedure

are referred to as pre-fit and post-fit, respectively.
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The distributions of the binned DNN score before and after the fit are shown separately
for each data-taking period in Figures 4.7-4.9. In all cases, a tanh™' transformation is
applied to the DNN output scores, in order to show the features of the distributions. This
transformation has no effect on the results of the statistical analysis, as long as the bin
boundaries are adjusted accordingly. The post-fit distributions for the combination of all
three data-taking periods are shown in Figure 4.10.

Another fit is performed using the updated templates in the VBF-SR region to extract
the signal. In this case, the background-only and signal-plus-background hypotheses are fit
to the observed data, with signal strength as a free parameter. The signal strength denotes
the ratio of the observed signal rate to the rate predicted by the SM (see definition in
Eq. 4.6). Because of significant variations in the detector response to forward jets during
different data-taking periods, the fit is performed separately for data collected in 2016, 2017,
and 2018, but the signal strength parameter is shared across all three periods.

A significant fraction (about 30-35%) of the DY background populating bins with low
DNN score is comprised of events in which either the leading or the subleading jet is in the
forward region of the detector (|| > 3.0) and not matched to a generator-level jet. These
jets originate either from the soft emissions produced by the parton shower or from pile-up
interactions. The normalization of this component of the Drell-Yan background is assigned
a flat prior and left floating during the fit, which allows it to be directly constrained by
the observed data events with low DNN score. The normalization of the remaining DY
component with at least two matched jets is taken from the simulation and constrained

similarly to the other background processes.
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Figure 4.7. Pre-fit (top row) and post-fit (bottom row) DNN score templates
in VBF-SB region (left) and VBF-SR region (right) shown for the 2016 data-

taking period.
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Figure 4.9. Pre-fit (top row) and post-fit (bottom row) DNN score templates
in VBF-SB region (left) and VBF-SR region (right) shown for the 2018 data-

taking period.
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Figure 4.10. Post-fit DNN score templates in VBF-SB region (left) and VBF-
SR region (right), combined for all three data-taking periods.

Figure 4.11 illustrates the effect of the main systematic uncertainties on the signal
strength after the nuisance parameters are constrained. The highest impacts correspond
to the selection of the generator settings to model the parton shower uncertainties for the
VBF signal and Zjj-EW background, as well as the normalization of the Drell-Yan back-

ground and the uncertainties related to jet energy scale and resolution.
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Figure 4.11. Impacts of the most important systematic uncertainties on the
signal strength fit in the VBF category.

4.6.4 Comparison between implementations

The implementation of the VBF category of the H— pu analysis illustrated in this section
is synchronized with the implementation featured in Ref. [1] to a high level of precision. The
event yields for all MC processes and observed data in all data-taking periods are consistent in
the two implementations, with differences not exceeding 1%. The DNN models and training
settings are different between the setups, but the binning of the output score is defined such
that the signal yields in all DNN bins are exactly the same in both implementations. This

ensures that the differences in the final results are caused only by the choice of the DNN
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model, but not by any other steps of the analysis. The implementation of the systematic
uncertainties is also synchronized.

During the synchronization process, the observed data yields in the high-score DNN bins
were not considered, in order to avoid the possibility of biasing the observed results. Thus, the
figure of merit for the quality of synchronization was the expected post-fit significance. The
comparison of the results obtained witgh the two implementations for the my = 125.0 GeV
and my = 125.38 GeV are quoted in Table 4.2.

Table 4.2. Expected and observed significance for two implementations of
the VBF H— pp analysis.

Ref. [1] This thesis
Expected (post-fit) | 1.81c 1.770
Observed 1.720 1.920

Expected (post-fit) | 1.770 1.760
Observed 2.400 2.500

my = 125.38 GeV

The expected results at my = 125.38 GeV show negligible difference, while at my =
125.0 GeV the difference is more substantial. This difference was tracked down to the method
of DNN model selection, described in more detail in Section B.1.6. After synchronizing the
model selection method, the expected significance at myg = 125.0 GeV was also synchronized
between the implementations.

The difference in the observed results is caused primarily by the event migration between
the bins of the DNN output score. This is illustrated in Figure 4.12, where the two DNN
setups are evaluated on the same sets of the observed data. The two DNN models are highly
correlated, and the migration of events in most cases occurs in 2-3 neighboring bins, which

suggests that the models learn the same information during training.
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4.7 ggH category

The category targeting the ggH production mode includes the pre-selected events that
do not feature additional leptons or b-jets, and do not pass the VBF selection criteria. The
analysis strategy in this category employs a data-driven method of background estimation,
using the dimuon invariant mass as a sensitive observable. The background is dominated by
the off-shell production of the Z boson in the Drell-Yan process, which follows a smooth,
monotonically falling distribution. The signal, in turn, forms a peak centered at m,, =
125 GeV in the dimuon mass spectrum, with a width of several GeV, defined by the detector
resolution. Both signal and background models are constructed using parametric functions,
fitting the mass sidebands in the observed data for the background models, and fitting the
MC prediction for the signal models. The parameters of the signal model are fixed in the

final fit to data, and only the total signal normalization is left floating.

4.7.1 BDT categorization

The sensitivity of the data-driven approach is enhanced by splitting the events into
subcategories with different levels of sensitivity to the signal. For this purpose, a multivariate
discriminant based on boosted decision trees (BDT) is trained using the MC simulation of
both signal and background. To account for the evolution in the detector response during
the data-taking periods, the BDT discriminant is trained separately for the 2016, 2017,
and 2018 simulated samples using the TMVA package [131], resulting in three independent
BDT outputs. The input variables are chosen such that the BDT discriminants are effectively
uncorrelated with m,,. As mentioned in Section 4.1, this is done in order to ensure that
the background mass spectrum remains smooth in the subcategories defined using the BDT
score.

The BDT discriminants include input variables that describe the production and decay of
the dimuon system, namely pi*, y,.,., ¢cs, and cosfcs. In addition, the n and pr/m,,, of each
of the two muons are also included. In order to increase the signal-to-background separation
for events in which the ggH signal is produced in association with jets, the BDT discriminants

also take into account the pr and n of the leading jet in the event with pr > 25 GeV and
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the absolute distance in 17 and ¢ between the jet and the muon pair. For events with two
or more jets with pr > 25 GeV in the final state, additional inputs are included: the m;;,
An;j, and A¢;; of the two highest py jets. Furthermore, the Zeppenfeld variable defined in
Section 4.6.2, and the angular separation (An, A¢) between the dimuon system and each of
the two leading jets are also included, which target residual VBF signal events in the ggH
selected region. Lastly, the total number of jets in the event with pp > 25 GeV and |n| < 4.7
is also used as input to the BDT.

Only events with m,,, in the range 115-135 GeV are included in the training. Signal
events in the BDT training are assigned a weight inversely proportional to the expected
mass resolution, derived from the uncertainties in the pr measurements of the individual
muon tracks. This weighting improves the average signal o,,,/m,,, in the high-score BDT
region by assigning increased importance to the high-resolution signal events, as shown in
Figure 4.13 on the right.

Figure 4.13 (left) shows the BDT score distribution, comparing data to the prediction
from simulation in events with 110 < m,, < 150 GeV, where the outputs of the individual
BDTs obtained in each year are combined into a single distribution. The distributions for
various signal processes (ggH, VBF, and VH + ¢tH) are also shown. Five event subcategories
are defined based on the output of these BDT discriminants. The subcategory boundaries
are determined via an iterative process that aims to maximize the expected sensitivity of
this analysis to H— ppu decays of the SM Higgs boson. The optimized event categories are
labelled as “ggH-catl”, “ggH-cat2”, “ggH-cat3”, “ggH-cat4”, and “ggH-cat5” corresponding
to signal efficiency quantiles of 0-30, 30-60, 60-80, 80-95, and >95%, respectively. The grey
vertical bands in Figure 4.13 (left) indicate the small range of variation, among the data-

taking years, of the BDT boundaries for the optimized event categories described above.
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Figure 4.13. Left: distribution of the BDT score in the ggH category and
the subcategory boundaries. Right: comparison of signal mass resolution in a
low-score and a high-score BDT subcategories [1].

4.7.2 Signal modeling

The signal shape parameterization is required to correctly describe both the Gaussian-like
peak of the distribution, and its elevated low-mass tail caused by the final state radiation
(FSR). In the earlier iterations of the H — pp search, the shape was modeled either by
a sum of two or three Gaussians [132], or by a sum of a Gaussian and a Crystal Ball
function® [134]. The main disadvantage of these approaches is the use of more than one
Gaussian to describe the core of the distribution, as it could lead to unstable fits, interference
between fit parameters, and a lack of physical sense behind using more than two parameters
to describe the position and width of the peak. As an alternative, in the Run 2 H — uu
analysis, a double-sided Crystal Ball function defined in Eq. 4.2 was used. Similarly to
the regular Crystal Ball function, it uses a Gaussian core with power-law tails, but the
parameters of the left and right tails are defined independently, allowing to correctly model

the FSR tail without introducing an additional Gaussian.

61see Eq. 4.1 for the definition of the Crystal Ball function and Ref. [133] for the analysis in which it was
introduced.
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For a full comparison of different signal fit functions, the fits using various combinations

of Gaussians, Crystal Ball and double-sided Crystal Ball functions are shown in Figure 4.14.

Unlike other considered functions, the double-sided Crystal Ball function features only one

Gaussian at its core, while at the same time providing an adequate fit quality.
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Figure 4.14. Different signal models considered to parameterize the mass
spectrum of the ggH H — pup signal. Top row, from left to right: sum of two
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4.7.3 Background modeling

The background contribution in each subcategory is also modeled with parametric func-
tions. No prior knowledge of the shape parameters of these functions or the yield of the
total background is assumed. These parameters are therefore constrained directly by the
observed data in the signal-plus-background fit. Since the background composition expected
from the simulation is very similar across subcategories and largely dominated by the DY
process, the background shape in m,,, is similar in all event categories. There are, however,
variations in the overall slope of the m,, spectrum across the BDT score categories. The
function describing the background in each event category is therefore defined as the product
of a “core” shape that is common among all event categories, with parameters correlated
across categories, and a Chebyshev polynomial term (shape modifier) specific to each event
category that modulates the core shape. This background modeling approach is referred to
as the “core-pdf” method.

The core background shape is obtained from an envelope of three distinct functions, each

containing three freely floating parameters:

o The modified form of the Breit-Wigner function (mBW)

2
eag Myputas M FZ

(muu - mZ)al + (FZ/2)a1

BWZRedux(my,,; mz,I'z, a1, as,a3) = (4.3)

where the parameters my and I'; are fixed to the measured Z boson mass of 91.19 GeV

and width 2.49 GeV [23], and the parameters a;, az, and a3 are free to float.
o A sum of two exponentials.

o The product of a non-analytical shape derived from the FEWZ v3.1 generator [135]

and a third-order Bernstein polynomial.

In a given subcategory, each of the three core functions is modulated by either a third-
(ggH-catl and ggH-cat2) or a second-order polynomial, with parameters uncorrelated across

event categories.
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The following strategy is adopted to estimate the uncertainty in the measured signal
due to the choice of parametric function for the background model. In each event category,
background-only fits to the data are performed using different types of functions: the mBW,
a sum of two exponentials, a sum of two power-law functions, a Bernstein polynomial, the
product between the nonanalytical shape described above and a Bernstein polynomial, the

product between the “BWZ” function, defined as

crminT,
(muu - mZ)2 + (FZ/2)2

BWZ x Bernstein(m,,,) = x Bern,, (my,,) (4.4)

and a Bernstein polynomial, and the “BWZ~” function defined as

et Mun]y, e Mup

(Myy — mz)? + (I'z/2)? T=A)

BWZry(my) = f - (4.5)

My

Pseudo datasets are generated across all event categories from the post-fit background
shapes obtained for each type of function in each subcategory, taking into account the
uncertainties in the fit parameters as well as their correlations, and injecting a given number
of signal events. Signal-plus-background fits are performed on the pseudo datasets using the
core-pdf method. The median difference between the measured and injected signal yields,
relative to the post-fit uncertainty in the signal yields, gives an estimate of the bias due to
the choice of the background model. The bias measured in each BDT subcategory, as well as
from pseudo datasets in which the signal is injected simultaneously in all event categories,
is smaller than 20% of the post-fit uncertainty on the signal yield. The core-pdf method
employed in this analysis yields an improvement in sensitivity of about 10% with respect to
the background functions used in the previous result [132], while the number of degrees of

freedom in the signal extraction fit is significantly decreased.
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4.7.4 Fit procedure

The signal extraction is performed using a maximum-likelihood fit of background-only
and signal-plus-background hypotheses to the observed data. The fit is performed simul-
taneously in all BDT subcategories with the signal strength modifier as a common floating
parameter. Figure 4.15 shows the m,,, distributions in each of the ggH subcategories, in
which the signal is extracted by performing a binned maximum-likelihood fit using a DCB
function to model the signal contribution, while the background is estimated with the core-

pdf method.
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Figure 4.15. Signal-plus-background fits in the ggH subcategories [1].
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4.8 ttH category

The ttH process has the smallest cross section among the targeted Higgs boson production
modes at the LHC. However, the presence of a top quark-antiquark pair in addition to the
Higgs boson helps to reduce the background to a level that is comparable to the expected
signal rate. The top quark decays predominantly into a b quark and a W boson, therefore a
sample of events enriched in t#H production is selected by requiring the presence of at least
two jets passing the loose working point of the DeepCSV b-tagging algorithm [118], or at
least one b-tagged jet passing the medium working point.

The ttH signal events may contain additional charged leptons, depending on the decay
of the top quarks. Events with one or two additional charged leptons in the final state are
grouped in the ttH leptonic category. An event in the ttH leptonic category containing three
(four) charged leptons is further required to have the net sum of the lepton electric charges
equal to one (zero). In the case of events with more than one pair of oppositely charged
muons with 110 < m,, < 150 GeV, the pair with the largest dimuon pr is chosen as the Higgs
boson candidate. The invariant mass of each pair of same-flavour, opposite-sign leptons is
required to be greater than 12 GeV to suppress backgrounds arising from quarkonium decays.
An event is vetoed if it contains a pair of oppositely charged electrons or muons with an
invariant mass in the range 81-101 GeV, consistent with the decay of an on-shell Z boson.
In contrast, events with exactly two oppositely charged muons with 110 < m,, < 150 GeV,
no identified electrons, and at least one combination of three jets in the final state with
invariant mass (m;;;) between 100 and 300 GeV belong to the ¢¢H hadronic category.

The dominant background in the ##H hadronic category comes from fully leptonic ¢t de-
cays, while the main backgrounds in the ttH leptonic category are the ttZ and tt processes.
In order to obtain an optimal discrimination between the ttH signal and the expected back-
grounds, BDT-based multivariate discriminants are trained in both the hadronic and leptonic
categories.

The input variables are chosen to account for both the kinematic properties of the dimuon
system and the properties of the top quark decay products, while ensuring that the BDT

outputs remain uncorrelated with m,,. A common set of observables is used as input to the
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two BDT discriminants. These include variables that characterize the production and decay
of the Higgs boson candidate, namely p4’*, y,,., ¢cs , and cosfcs. In addition, the 7 of each
of the two muons and the ratio of each muon’s pr to m,, are also considered. To account
for the large hadronic activity in t#H signal events, the pp and 7 of the three leading jets,
the maximum DeepCSV value of jets not overlapping with charged leptons (AR(¢, j) > 0.4),
the number of jets, and the scalar (vectorial) pr sum Hp (HZ®>) of all identified leptons
and jets (pr > 25 GeV, |n| < 2.5) are included. The p2> is also considered along with the
A( variable, which is defined as the projection of the p™* on the bisector of the dimuon
system in the transverse plane. Signal events are weighted during the BDT training with
the inverse of the per-event mass resolution, following the same approach used in the ggH
categories.

In the ttH leptonic category, several additional variables are used in the BDT discrim-
inant that target the kinematic properties of a leptonic top quark decay. These include
the azimuthal separation between the Higgs boson candidate and the highest pr additional
charged lepton, the invariant mass formed by the leading additional lepton and the jet with
the highest DeepCSV score, and the transverse mass formed by the additional lepton and
ERss- in the event. In the t¢H hadronic category, the resolved hadronic top tagger (RHTT),
which combines a kinematic fit and a BDT-based multivariate discriminant, is used to iden-
tify top quark decays to three resolved jets. The jet triplet with the highest RHTT score
is selected as a hadronic top quark candidate. The corresponding RHTT score is used as
input to the BDT discriminant. Furthermore, the pt of the top quark candidate and the
pr-balance ratio of the top quark and the muon pair are also considered.

Figure 4.16 shows the output of the BDT discriminant in the ¢ZH hadronic (left) and
leptonic (right) categories.

Based on the BDT output, events in the t#H leptonic category are further divided into two
subcategories, labelled as “ttHlep-cat1l” and “ttHlep-cat2”, corresponding to signal efficiency
quantiles of 0-52 and >52%, respectively. Similarly, events in the ¢#H hadronic category are
divided into three subcategories labelled “ttHhad-catl”, “ttHhad-cat2”, and “ttHhad-cat3”,

corresponding to signal efficiency quantiles of 0-70, 70-86, and >86%, respectively.
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Figure 4.17 shows the m,, distributions in the ¢/H hadronic and leptonic event cate-
gories. The signal is extracted by performing a binned maximum-likelihood fit to these m,,
distributions (bin size of 50 MeV), where signal is modeled using the DCB function (Eq. 4.2)
and the background is modeled using a second-order Bernstein polynomial in ttHhad-catl
and ttHhad-cat2, a sum of two exponentials in ttHhad-cat3, and a single exponential in the
ttH leptonic event categories. Similarly to how it is done in the ggH category, the potential
bias arising from the choice of the background fit function is taken into account by generat-
ing pseudo datasets and fitting them with various parametric functions. The corresponding
bias is observed to be smaller than 20% of the post-fit uncertainty on the signal yield and is

therefore neglected in the signal extraction.
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Figure 4.16. BDT score distributions and subcategory boundaries in ttH-
hadronic (left) and ttH-leptonic (right) categories [1].
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Figure 4.17. Signal-plus-background fits in the ttH subcategories [1].

4.9 WH and ZH categories

Events selected for the WH and ZH categories are required to pass the pre-selection
criteria and to contain at least one additional charged lepton (electron or muon), which is
expected from the leptonic decay of the W or Z boson. The additional muons (electrons) must
have pr > 20 GeV, |n| < 2.4 (2.5), and pass certain isolation and identification requirements
with an average efficiency of 95 (90)%. Furthermore, all muons and electrons in these
categories are required to pass the medium working point of a multivariate discriminant [136]
developed to identify and suppress non-prompt leptons, with a selection efficiency of about
95 (92)% per prompt muon (electron).

Events containing exactly one additional charged lepton belong to the WH category,
which targets signal events where the Higgs boson is produced in association with a lepton-
ically decaying W boson. If the additional lepton is a muon, the two pairs of oppositely

charged muons are required to have m,, > 12 GeV to suppress background events from
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quarkonium decays. Moreover, neither of the two oppositely charged muon pairs can have
an invariant mass consistent with myz within 10 GeV. Finally, at least one of these two muon
pairs must have m,, in the range 110-150 GeV. If both m,,, pairs satisfy this criterion, the
pair with the highest p4" is considered as the Higgs boson candidate. If the additional lepton
is an electron, the only requirement imposed is that 110 < m,, < 150 GeV.

The ZH category targets signal events where the Higgs boson is produced in association
with a Z boson that decays to a pair of electrons or muons. Events in the ZH category
are therefore required to contain four charged leptons, with a combined lepton number and
electric charge of zero. As in the WH category, the invariant mass of each pair of same-
flavour, opposite-sign leptons is required to be greater than 12 GeV. An event is rejected if it
does not contain exactly one pair of same-flavour, opposite-sign leptons with invariant mass
compatible with the Z boson within 10 (20) GeV for muon (electron) pairs. In addition,
each event must contain one oppositely charged muon pair satisfying 110 < m,,,, < 150 GeV.
For events with four muons, the muon pair with m,, closer to my is chosen as the Z boson
candidate, while the other muon pair is selected as the Higgs boson candidate.

Two BDT discriminants are trained to discriminate between signal and background events
in the WH and ZH categories. The input variables are selected such that the BDT outputs
are not significantly correlated with the mass of the Higgs boson candidate. This is required
by the chosen analysis strategy, which is analogous to that adopted for the signal extraction
in the ggH category. The impact of the m,,, resolution, which evolves as a function of muon
pr and 7, is taken into account during the BDT training by applying weights to the simulated
signal events that are inversely proportional to the per-event mass resolution.

The BDT discriminant used in the WH category takes as inputs several variables that
exploit the kinematic features of the three charged leptons in the event, as well as the p&iss:,
These variables include the full kinematic information, apart from the invariant mass, of the
dimuon system corresponding to the Higgs boson candidate. In addition, the A¢ and An
separations between the additional lepton (¢y) and the Higgs boson candidate, between fyw
and both muons from the Higgs boson candidate, and between /v and ﬁ%iss' are considered.
The ﬁ%‘iss' is defined as the negative vector pr sum of all jets in the event with pr > 30 GeV

and |n| < 4.7. Finally, the transverse mass of the combined fw and Ijlzf“iss' system, the
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flavour of /v, and the pr of fy are added as inputs to the BDT. The particular kinematic
properties in signal events of the lw and ﬁ%iss' enable a large suppression of the residual
DY background. The BDT discriminant trained in the ZH category considers several input
observables constructed from the lepton pair associated with the Z boson decay and the muon
pair considered as the Higgs boson candidate. The flavour of the lepton pair associated with
the Z boson decay is also included as an input variable.

Figure 4.18 shows the output of the BDT classifiers in the WH (left) and ZH (right)
categories. Based on these outputs, events in the WH category are further divided into
three subcategories termed “WH-catl”, “WH-cat2”, and “WH-cat3” corresponding to signal
efficiency quantiles of 0-22, 22-70, >70%, respectively. Similarly, events in the ZH category
are divided into two subcategories, labelled “ZH-cat1” and “ZH-cat2” corresponding to signal

efficiency quantiles of 0-52 and >52%, respectively.
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Figure 4.18. BDT score distributions and subcategory boundaries in WH
(left) and ZH (right) categories [1].
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Figure 4.19 shows the m,, distributions in the WH and ZH event categories. The signal
is extracted via a binned maximum-likelihood fit in each event category, where the signal
is modeled with a DCB function (Eq. 4.2) and the background is modeled with the BWZ~
function (Eq. 4.5) in WH-cat1, and the BWZ (Eq. 4.3) function in the remaining subcate-
gories. Similarly to how it is done in the ggH category, the potential bias arising from the
choice of the background fit function is taken into account by generating pseudo datasets
and fitting them with various parametric functions. The corresponding bias is observed to
be smaller than 20% of the post-fit uncertainty on the signal yield and is therefore neglected

in the signal extraction.
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Figure 4.19. Signal-plus-background fits in the VH subcategories [1].
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4.10 Combined results

The combined fit in all analysis categories is performed using the signal strength modifier
(1) as a floating parameter. The signal strength modifier is defined as the ratio of the
observed H— ppu rate to the rate predicted by the SM:

(o BH= ).

1= GBHS a1 (46)

The relative contributions from the different Higgs boson production modes are fixed to the
SM prediction within uncertainties. Confidence intervals on the signal strength are estimated
using a profile likelihood ratio test statistic [130], in which systematic uncertainties are
modeled as nuisance parameters following a modified frequentist approach [137]. The profile

likelihood ratio is defined as A
| L(datalu, 6,)
n 2\erel Ya)

T L (datalp, 0)

where [i represents the value of the signal strength that maximizes the likelihood L for the
data, while 0 and éu denote the best fit estimate for the nuisance parameters and the estimate
for a given fixed value of u, respectively.

The local p-value quantifies the probability for the background to produce a fluctuation
larger than the apparent signal observed in the search region. Figure 4.20 (left) shows the
observed local p-value for the combined fit, and for each individual production category, as a
function of my in a 5 GeV window around the expected Higgs boson mass. The solid markers
indicate the mass points for which the observed p-values are computed. Figure 4.20 (right)
shows the expected p-values computed for the combined fit, and for each production category,
on an Asimov data set [130] generated from the background expectation obtained from the
S+B fit with a my = 125.38 GeV signal injected. The observed p-values as a function my

are compatible, within the statistical variation, with the expectation for the Higgs boson

with myg = 125.38 GeV.
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Figure 4.20. Left: observed local p-values as a function of my, extracted
from the combined fit as well as from each individual production category, are
shown. The solid markers indicate the mass points for which the observed
p-values are computed. Right: the expected p-values are calculated using
the background expectation obtained from the signal-plus-background fit and
injecting a signal with my = 125.38 GeV and =1 [1].

The observed (expected for 1 = 1) significance at my = 125.38 GeV of the incompatibility
with the background-only hypothesis is 3.0 (2.5) standard deviations. The 95% CL upper
limit (UL) on the signal strength, computed with the asymptotic CLs criterion [130,138,139],
is also derived from the combined fit performed across all event categories. The observed
(expected for p1 = 0) UL on p at 95% CL for my = 125.38 GeV is 1.9 (0.8).

The best fit signal strength for the Higgs boson with mass of 125.38 GeV, and the
corresponding 68% CL interval, is i = 1.19 fg:ié(stat.)fgjig(syst.). Assuming SM production
cross sections for the various modes, the H— ppu branching fraction is constrained at 95% CL
to be within 0.8 x 107 < B(H— up) < 4.5 x 10~%. The statistical component of the post-fit
uncertainty is separated by performing a likelihood scan as a function of p in which nuisance
parameters associated with systematic uncertainties are fixed to their best fit values. The
systematic uncertainty component is then taken as the difference in quadrature between the

total and the statistical uncertainties. The individual contributions to the uncertainty in the
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measured signal strength from experimental uncertainties, the limited size of the simulated
samples, and theoretical uncertainties are also evaluated following a similar procedure.
Figure 4.21 reports a summary of the best fit values for the signal strength and the
corresponding 68% CL intervals obtained from a profile likelihood scan in each production
category. The best fit signal strengths in each production category are consistent with the
combined fit result as well as the SM expectation. A likelihood scan is performed in which
the four main Higgs boson production mechanisms are associated to either fermion (ggH
and ttH) or vector boson (VBF and VH) couplings. Two signal strength modifiers, denoted
as fggm i and pyppvh, are varied independently as unconstrained parameters in the fit.
The best fit values for these parameters are flggp gy = 0.66708 and fivprvh = 1.8470%7
consistent with the SM expectation.
137 b (13 TeV)

. P 0.44
Combined fi =1.197);)

—— Combined best fit g
- --- SM expectation
I 68% CL
[ Jos%mcL

m,, = 125.38 GeV

VBF-cat. | M=1367%
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Figure 4.21. Signal strength modifiers measured for my = 125.38 GeV in
each production category (black points) are compared to the result of the
combined fit (solid red line) and the SM expectation (dashed grey line) [1].

These results are combined with those obtained from data recorded at centre-of-mass
energies of 7 and 8 TeV. The 7+8 TeV search described in Ref. [140] has been updated using
the values reported in Ref. [43] for the Higgs boson production cross sections and branch-

ing fractions. Systematic uncertainties in the inclusive signal production cross sections and
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branching ratios are correlated across the 7, 8, and 13 TeV analyses. Experimental uncer-
tainties affecting the measured properties of the various physics objects (muons, electrons,
jets, and b-quark jets), the measurement of the integrated luminosity, and the modeling of
the pile-up conditions are assumed to be uncorrelated between the 7+8 and 13 TeV analyses.
Table 4.3 reports the observed and expected significances over the background-only expecta-
tion at my = 125.38 GeV and the 95% CL ULSs on u in each production category, as well as
for the 13 TeV and the 7+8+13 TeV combined fits. The combination improves, relative to
the 13 TeV-only result, both the expected and the observed significance at my = 125.38 GeV
by about 1%. Figure 4.22 shows the observed (solid black) and the expected (dashed black)
local p-values derived from the 748413 TeV combined fit as a function of myg in a 5 GeV
window around the expected Higgs boson mass. The expected p-value is computed on an
Asimov data set generated from the background expectation obtained from the S+B fit with
amy = 125.38 GeV signal injected. The best fit signal strength, and the corresponding 68%
CL interval, obtained from the 74+8+13 TeV combination for the Higgs boson with mass of

125.38 GeV is 1.19J_r8j§8(stat.)fgzii(syst.).

Table 4.3. Observed and expected significances for the incompatibility with
the background-only hypothesis for myg = 125.38 GeV and the corresponding

95% CL upper limits on p (in the absence of H— ppu decays) for each produc-
tion category, as well as for the 13 TeV and the 748413 TeV combined fits.

Production category Obs. (exp.) signif. Obs. (exp.) UL on p
VBF 2.40 (1.77) 2.57 (1.22)
ggll 0.99 (1.56) 1.77 (1.28)
ttH 1.20 (0.54) 6.48 (4.20)
VH 2.02 (0.42) 10.8 (5.13)
Combined /5 = 13 TeV 2.95 (2.46) 1.94 (0.82)
Combined /s =7, 8, 13 TeV 2.98 (2.48) 1.93 (0.81)

118



4.9 fo (7 TeV) + 19.7 tb™ (8 TeV) +137 fb™ (13 TeV)

o I e e e e e e g
=) o 3
ftS T 7
= C
D- - —
< lo
S 107F
4 E
: 420
102 -
---------------------------------------------------------------------- 30
10°F E
E — Observed =
. CMS ]
e Expected m, =125.38 GeV 7
ot s b b L L
120 121 122 123 124 125 126 127 128 129 130
m, (GeV)

Figure 4.22. Observed (solid black) and expected (dashed black) local p-
values as a function of my, extracted from the combined fit performed on
data recorded at center-of-mass energies of 7, 8, and 13 TeV, are shown. The
expected p-values are calculated using the background expectation obtained
from the S+B fit and injecting a signal with my = 125.38 GeV and p =1 [1].

The result presented here is the most precise measurement of the H — pu decay rate
reported to date, and provides the best constraint of the coupling between the Higgs boson
and the muon. The signal strength measured in the H— pp analysis cannot be translated
directly into a measurement of the Higgs boson coupling to muons because it is also sensitive
to the interactions between the Higgs boson and several SM particles involved in the produc-
tion processes considered, primarily the top quark and vector boson couplings. These Higgs
boson couplings to other particles are constrained by combining the result of this analysis
with those presented in Ref. [141]. Under the assumption that there are no new particles
contributing to the Higgs boson total width, Higgs boson production and decay rates in each
category are expressed in terms of coupling modifiers within the s-framework [142]. Six free
coupling parameters are introduced in the likelihood function (kw, Kz, K¢, K7, Kb, and k)
and are extracted from a simultaneous fit across all event categories.

The best fit value for s, (k, = 1.07), as well as those for the other couplings, are

found to be compatible with the SM prediction. The 68% CL interval for the , parameter
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is 0.85 < K, < 1.29, corresponding to the total symmetrized uncertainty of approximately
22%, while the 95% CL interval is 0.59 < x,, < 1.50.

In the SM, the Yukawa coupling between the Higgs boson and the fermions (Ar) is propor-
tional to the fermion mass (mg), while the coupling to weak bosons (gv) is proportional to the
square of the vector boson masses (my). The results from the k-framework fit can therefore
be translated in terms of reduced coupling strength modifiers, defined as yyv = \/kyv my /v for
weak bosons and ygp = kg mp /v for fermions, where v is the vacuum expectation value of the
Higgs field of 246.22 GeV [120]. Figure 4.23 shows the best fit estimates for the six reduced
coupling strength modifiers as a function of particle mass, where lepton, vector boson, and
quark masses are taken from Ref. [120]. The compatibility between the measured coupling
strength modifiers and their SM expectation is derived from the —2 Aln(L) separation be-
tween the best fit and an alternative one, performed by fixing the six coupling modifiers to

the SM prediction (kw = kz = Kkt = kr = Ky = K, = 1), yielding a p-value of 44%.
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Figure 4.23. The best fit estimates for the reduced coupling modifiers ex-
tracted for fermions and weak bosons from the resolved k-framework compared
to their corresponding prediction from the SM. The error bars represent 68%
CL intervals for the measured parameters. In the lower panel, the ratios of
the measured coupling modifiers values to their SM predictions are shown [1].
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5. NEW DEVELOPMENTS FOR THE H— uu ANALYSIS
STRATEGY

In this chapter, the key aspects of the MC template-based analysis strategy used in the VBF
category of the Run 2 H— ppu search are reviewed, and possible directions of improvement are
suggested. Section 5.1 describes the studies related to the object selection and categorization
in the VBF phase space, while Section 5.2 focuses on the MVA methods used in the MC-
based analysis approach. The suggested ideas for the analysis optimization can be utilized
in the next iteration of the H — pu analysis with the data collected during Run 3 of the
LHC.

5.1 Studies for the MC template-based strategy

The analysis category targeting the VBF production mode is based on the topology of
the events of interest. Such events are required to have a pair of muons and a pair of jets
satisfying the requirements mentioned in Section 4.6. The sensitivity to the signal events is
extracted from the kinematics of the muon pair and kinematics of the jet pair, as well as
their relative position and topology in an event.

The dimuon kinematics provides a separating power between signal and background
because the H— ppu signal forms a peak in the dimuon mass spectrum, while the background
processes follow a smoothly falling distribution. The jet pair kinematics characterizes the
distinctive topology of the VBF H — puu events, allowing to discard a significant portion of
the background.

The studies exploring the possible directions of improving the sensitivity by using the
kinematic features of the dimuon and dijet pairs are presented in this section. The studies
described in Sections 5.1.2 and 5.1.3 use deep neural networks (DNN) as an optimization
tool to extract useful information; more details about DNN design and parameters can be

found in Appendix B.
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5.1.1 Dimuon mass resolution

The shape of the invariant mass distribution of the H— pu signal is completely defined
by the dimuon mass resolution of the detector (several GeV), as the width of the H — uu
decay is much smaller (several MeV). In the data-driven analysis strategy, used in the ggH,
ttH and VH categories, the MVA models are required to be uncorrelated with the dimuon
mass to avoid the mass sculpting, because the mass distribution is used as an observable.
In the VBF category, decorrelation of the DNN with dimuon mass is not required. On the
contrary, the dimuon invariant mass is used as one of the inputs to the DNN, providing
the highest discriminating power among the event properties. Thus, the detector resolution
has a direct impact on the analysis sensitivity, as the separating power of the dimuon mass
distribution would be higher for a narrower signal.

The invariant mass resolution can be computed on a per-event basis, using the uncer-

tainties of the transverse momenta of the muons:

- <%>2 +<%>2 (5.1)
e S o\ ), e )

H2

where we neglect the uncertainties on the angular coordinates of muons, as they are typically
insignificant in comparison to the pp uncertainties.

As shown in Figure 5.1, the events with good mass resolution are signal-like for the events
with my, ~ 125 GeV and background-like in the mass sidebands, while for the events with a
worse mass resolution this correlation is inverted. Although the discriminating power of the
mass resolution is low, it does provide a small improvement to the DNN performance when
used as an input in addition to m,,,, as illustrated in Figure 5.8.

The distribution of the per-event mass resolution derived using the uncertainties of the
muon momenta may be different between the simulation and the observed data due to
imperfections in muon reconstruction. This may lead to a bias in the DNN sensitivity if
the mass resolution is used as a DNN input feature. Therefore, one must ensure that the

per-event resolution is properly calibrated before using it in training. As shown in Figure 5.2,
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Figure 5.1. Correlation between the dimuon mass and the VBF DNN score
for VBF H— e events. The color represents the relative event-by-event mass
resolution ,,/m,,.

in the Run 2 analysis, a difference of about 10% was observed between data and MC in the
per-event mass resolution distributions, while the overall level of agreement was adequate.
The effect of a potential improvement of the analysis sensitivity due to an improved
dimuon mass resolution was evaluated by altering the invariant mass values for the signal
events during evaluation of the DNN score templates. The nominal dimuon mass resolu-
tion as a function of the muon pseudorapidity! is shown in Figure 5.3 (right). For an 2%

improvement, the dimuon invariant mass was updated as follows:

my, — 125 GeV + (my, — 125 GeV) * (100% — 2%),

such that for z = 0 the value of the mass would remain unchanged, and for z = 100 all
signal events would have dimuon mass 125 GeV.
The values of the event-by-event mass resolution are not updated, as their correlation

with the DNN score is non-trivial, and naive scaling does not lead to a realistic estimate. The

11 The largest absolute pseudorapidity between the two muons is used, since the invariant mass resolution
is dominated by the muon with the worse pr resolution. The pr resolution deteriorates at higher |n| values,
due to a decrease in the magnetic field strength.
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updated mass values were used to evaluate the DNN model described in Section 5.2.1 for the
signal datasets, without retraining the network. Then, the updated signal templates were
used to estimate the expected significance. The background templates remained unchanged
in all cases.

Figure 5.3 (left) shows the evolution of the expected significance for the mass resolution
improvements from 0 to 100%. The signal significance in the VBF category scales linearly
with the mass resolution improvement, until the improvement reaches approximately 70%.
The change of behavior for larger values can be attributed to artifacts due to DNN score
binning and the fact that the DNN was not re-trained with a narrow signal spectrum. In the
linear part of the plot, the slope indicates that 1% improvement in mass resolution would

lead to ~ 0.5% improvement in signal significance.
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Figure 5.3. Left: expected significance in the VBF channel as a function of
the mass resolution improvement. The improvement is estimated by varying
only the m,,, o,,, and o,,/m,,, inputs of the VBEF DNN. Resolution improve-
ment of 100% corresponds to m,, = 125 GeV for all ggH and VBF signal
events. Right: dimuon mass resolution for H— pupu events as a function of the
largest absolute pseudorapidity of the two muons.
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5.1.2 Jet pair selection

As described in Section 4.6, the events in the category targeting the VBF H— uu decay
channel in the Run 2 analysis were required to contain a pair of jets passing certain kinematic
selections (m;; > 400 GeV, An;; > 2.5, pjT1 > 35 GeV). After an initial pre-selection of jets,
the pair of interest was selected as the two leading-pr jets. While in most of the events the
method of selecting the jet pair does not make a difference because only one jet pair being
present, there is a considerable share of events in which there is more than one way to choose

a jet pair.

Jet pair selection methods

In most of the considered MC datasets, there is no more than two jets generated at
the matrix element level. Any additional generated jets are produced at the parton shower
simulation step, which is known to model the kinematics of the additional jets imperfectly.
Therefore, the agreement between data and MC is expected to be worse for those jets and
the discriminating power of their kinematics is reduced. The reconstructed jets in an event
originate from different sources; some of them may correspond to the generated jets, while
others stem from the pile-up, or mis-reconstructed from the detector noise.

The performance of the jet pair selection criteria can be assessed using geometrical match-
ing between the reconstructed and generated jets. Although this approach does not distin-
guish between the jets produced at different generator steps, it can provide an insight into
the effectiveness of the pile-up and detector noise rejection for different selection methods.

Tables 5.1 and 5.2 show the distribution of the number of reconstructed jets in the
VBF H — pp dataset, as well as the distribution by number of reconstructed jets that are
matched with a generated jet within AR < 0.4. In approximately 17% of events, there are
at least 3 reconstructed jets present, therefore there is more than one way to select a jet
pair. However, in about a half of those events, all of the reconstructed jets are matched to

a generated jet, therefore a “correct” pair cannot be easily chosen.
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Table 5.1. The distribution of the events in the total Run 2 VBF H — uu
dataset by the number of selected reconstructed jets, as well as by the number
of those jets matched with a generated jet.

Number of RECO jets matched to GEN

0 1 2 3 4 >5 | Total
£ 0 90353 - - - - - 90353
5’ 1 127620 409986 - - - - 537606
o 2 10906 353992 535786 - - - 900684
@ 3 1167 29349 112164 105783 - - 248463
=5 4 134 2910 10047 22339 17842 - 53272
# >5H |43 396 1090 2328 5127 3674 | 12658

Total | 230223 796633 659087 130450 22969 3674 | 1843036

Table 5.2. The distribution of the events in the in the total Run 2 VBF H—
pp dataset by the number of selected reconstructed jets, as well as by the
number of those jets matched with a generated jet.

Number of RECO jets matched to GEN

0 1 2 3 4 >5| Total
20 | 49% - - - - | 4.9%
S 1| 69% 222% - - - - | 29.2%
S 2 | 0.6% 192% 29.1% - - - | 48.9%
= 3 | 01% 16% 61% 57% - - | 13.5%
5 4 | 0.0% 02% 05% 1.2% 1.0% 2.9%
H#H >5

> 0.0% 0.0% 01% 01% 0.3% 02% | 0.7%
Total | 12.5% 43.2% 35.8% 7.1% 12% 0.2% | 100%

In order to understand how much can be gained from improving the jet selection, we

focus on the events that have

o at least 3 reconstructed jets;
o at least 2 of them matched to generated jets;

« but not all of the reconstructed jets are matched to the generated jets.

For such events, there is more than one way to select a pair, and there is at least one “true”
pair of generated jets which can be used to estimate the accuracy of the choice. According to
Table 5.2, these events account for approximately 8.3% of all VBF events. Multiple methods

to select a jet pair are considered:
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Select two leading-pr jets (used in the Run 2 analysis)

Select 274 and 3'¢ leading-pr jets (skip the jet with highest pr)

Select two jets with highest invariant mass m;;

Select two jets with highest angular separation An;;

The accuracy of these methods is shown in Table 5.3. The jet pair is considered correctly
selected if both of the selected jets are matched to a generated jet. Three of the considered
methods show only =~ 30% accuracy, while simply skipping the leading-pt jet increases the
accuracy up to 63%. This may be due to the fact that in many of the events with more than
two jets, the leading-pr jet originates from pile-up.

Table 5.3. Accuracy of jet pair selection methods evaluated using events with

at least 3 reconstructed jets, of which at least two are matched to generated
jets, but not all of them.

Pair selection method Accuracy
1%t and 2! leading-pr jets  30.6%
27 and 3'4 leading-pr jets  63.3%

Highest m;; 25.1%
Highest Anj; 32.0%

DNN-based jet pair selection

As there is room for improvement of the jet selection accuracy, a new method was devel-
oped based on machine learning. The events with at least three reconstructed jets, of which
at least two, but not all were matched to the generated jets, were used to train a DNN. The
inputs of the network (60 input features) included the kinematics of up to five selected jets,

as well as the dimuon pair. The full set of input features is listed below:
o dimuon system: pr, 1, ¢;

 for each of the two muons: pr, n, ¢;
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o for up to 5 jets: pr, n, ¢, quark-gluon likelihood score (QGL) [128], the working point
of the pile-up rejection criteria (PUID), and the working point of the jet selection
criteria (JetID);

o An and A¢ for each muon-jet pair;

o number of jets in the event.

The network featured a fully connected multi-layer architecture with three hidden layers
containing 64, 32, and 16 nodes, respectively, and an output layer with 10 nodes correspond-
ing to all possible pairs of the five leading jets.

The truth value for a given output node was set to 1 if both of the jets in the pair
corresponding to that node are matched with generated jets, and to 0 otherwise. Since more
than one pair of generated jets may exist in the event, multiple output nodes may be “true”
at the same time.

The input dataset contained the full Run 2 VBF H— uu sample, and was split into three
folds, with 50% of events used for training, 25% for validation, and 25% for evaluation. Four
networks were trained, each one with a different dataset splitting, in order to make use of
all events (see Section B.1.5).

The cross-entropy loss function was minimized using the Adam optimizer [110]. The
training was performed with batch size 4096 and lasted up to 10 epochs; the model with the
lowest loss was saved and used for final evaluation.

At the evaluation stage, the output node with the highest value was selected as the
“DNN prediction”. The pair selection accuracy achieved with this setup was 81.0%, which
significantly exceeds the accuracy of other methods shown in Table 5.3. However, as the jet
pair selection method affects only a fraction of events, the overall impact on the analysis is
not expected to be large.

The input features with the highest impact on the DNN output were found to be the
transverse momenta (pt) of all considered objects (jets, muons, and the dimuon pair), the
PUID working points of the considered jets, as well as the angular separation between the
jets and the leading muon. The DNN prediction for all considered events was either to pick

the two highest-pr jets, or the 2°¢ and 3' jets by pr.
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Results

The DNN-based jet pair selection was implemented in the analysis and propagated to the
templates in the VBF category. The categorization cuts on m;; and An;; were preserved,
which resulted in overall decrease in yields in the VBF category, as compared to Run 2, due
to the dijet mass being on average lower than before. The DNN in the VBF category was
retrained using the same settings as in other studies (see Section 5.2.1), and the binning by
the DNN score was defined to preserve the same VBF yields in the high-score bins as in the
Run 2.

The combined expected significance for the updated jet pair selection was calculated to
be 1.670, which is lower than the Run 2 significance of 1.80. The reason for that could be
a non-negligible impact of the events where one or both of the jets come from pile-up. In
these events, the dimuon invariant mass, which is one of the VBF DNN inputs, is still a
powerful feature for signal-background separation. Therefore, such events contribute to the
sensitivity even if the distributions of the jet pair kinematics are not as sensitive.

The studies described in this section indicate that in most of the events with > 2 gen-
erated jets, these jets can be found among the three highest-pt reconstructed jets. At the
same time, using all three of the leading jets in the DNN training will necessarily result in
a degraded data vs. MC agreement, since at least one of these jets is reconstructed from
either pile-up, detector noise, or parton shower. A possible strategy can be to take into con-
sideration multiple jets before the event categorization, use a pre-trained method to select a
pair of jets that is believed to provide the best signal-background discrimination power and

the best agreement between data and MC, and use that pair for the DNN training.

5.1.3 Event categorization in 2-jet phase space

In the Run 2 analysis, the boundary between the categories targeting ggH and VBF
production modes was defined such that the events with a jet pair with invariant mass
mj; > 400 GeV, angular separation An;; > 2.5 and leading jet pr > 35 GeV would be
included into the VBF category. The choice of this boundary was motivated by the fact that

the VBF H— ppu events are characterized by a jet pair with high invariant mass and angular
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separation. To estimate the efficiency of the categorization, we have calculated the share of
ggH and VBF H— pup events that end up in the category targeting the respective production
mode. With the Run 2 approach, the categorization efficiency for ggH was 86.7%, while for
VBF it was 62.8% (the values are computed only for events with at least two reconstructed
jets).

In an attempt to construct a category containing the VBF events with a cleaner sig-
nature, a new categorization method was developed. The approach implements a DNN
classifier trained to distinguish between ggH and VBF events containing two jets based on
the kinematics of those jets. The jet pair selection is the same as in the original Run 2
analysis, without using the developments considered in the previous section.

To validate the approach, the DNN was first tested with only three inputs — m;;, An;;,
pr, and a trivial architecture with one hidden layer containing three nodes. Then, the
same setup was trained with a deep 3-layer architecture containing 64, 32, and 16 nodes,
respectively. Finally, the 3-layer architecture was tested with an extended set of input

features, which included 15 variables:
e pr, 1, ¢, QGL for each of the two jets;
e pr, 1, ¢, mass, An, A¢ of the dijet system;
o number of jets in the event.

The ROC curves for these setups are shown in Figure 5.4. The setups with 3 input
features provided similar efficiencies to the Run 2 cuts, while the training with the full set
of features has improved the efficiency. With the new approach, for a fixed Run 2 VBF
efficiency value (63%), the ggH efficiency increased by 5% from 87% to 91%. For a fixed ggH
efficiency (87%), the VBF efficiency increased by 10% from 63% to 69%.

To estimate the effect of the new categorization on the sensitivity in the VBF category,
the category boundary was defined as a cut on the MVA categorizer score, such that the VBF
efficiency is the same as in the Run 2 analysis. This way, the VBF H— pu yield in the VBF

category is preserved, which allows to use the same definition of binning for the templates (in
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Run 2, the bins were defined based on VBF yields). The VBF DNN was retrained using the
same settings as in other studies (see Section 5.2.1), and the new templates were produced.

The expected significance with this setup was calculated to be 1.57¢, which is consid-
erably lower than the significance in Run 2 (1.80). The primary reasons for decreased

sensitivity are:

o Decreased ggH yield in the high-score bins; the contribution of the ggH signal was
non-negligible, even though the category was meant to target the VBF production

mode.

 Increased background yields, due to MVA categorizer being trained without taking any

background information into consideration.

Lack of improvement in the VBF category sensitivity for a better ggH vs. VBF separation
indicates that the approach to categorization should be revised: the category in which the

template-based analysis strategy is used should target not only the VBF production mode,
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but more generally, the sensitive part of the 2-jet phase space, which includes both VBF
H— pp, as well as ggH H— pp signal with two additional jets.

At the same time, the trade-off between improving sensitivity in the template-based
category and potential loss of sensitivity in the remaining part of the 2-jet phase space
should be considered. Optimization of the combined sensitivity is not a trivial task, due to
the fact that the data-driven strategy requires the category boundaries to be uncorrelated
with dimuon mass, while the sensitivity in the template-based strategy is highly correlated

with the dimuon mass.

5.1.4 Breakdown of signal sensitivity in VBF phase space

Although, in principle, both of the studies described in Sections 5.1.2 and 5.1.3 were aimed
to achieve a purer VBF signature, they did not lead to an improvement in the sensitivity of
the VBF analysis category. One of the reasons for this stems from the fact that the signal
significance has non-negligible contributions not only from the “clean” VBF H— ppu events,
but also from the ggH H — pup evenets, and from the VBF events with at least one pile-up
jet misidentified as a jet from the VBF process. The DNN score distributions in Figure 5.5
correspond to the setup reproducing the VBF category sensitivity in Run 2, but the VBF
H — pp signal is split based on the number of the jets that were matched to generated jets.

The expected significance for the individual components of the signal, as well as for
their combination is shown in Table 5.4. The contribution from the ggH signal accounts for
approximately 20% of the total signal sensitivity, while the contribution of the VBF events

with one or more misidentified jets accounts for approximately 30%.

Table 5.4. Contribution of different components of the H— pp signal in the
VBF phase space.

Process Total

VBEF 0-1 matched GEN jets || 0.560

1.450
VBF 2 matched GEN jets 0.930 1.820
ggH 0.370
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5.1.5 Template-based strategy in 1-jet phase space

The possibility of extracting the signal using a template-based method was tested for
events containing exactly one reconstructed jet passing the general jet selection. The jet in

the event may originate from different sources:

« signal or background process itself, like in VBF H — pp or in EWK 7 — /¢4, if the

second jet is out of the detector acceptance range, or if the reconstruction of the jet

failed
« initial state radiation of a gluon (ISR)
e pile-up interactions
» detector noise

The kinematic differences between jets of different sources may provide a certain sensitivity
for signal-background separation. The list of input features was taken from the “VBEF”

category, and cleaned from the variables that require the presence of two jets:
« Dimuon variables: my,, log mu,., D1, N, Om, Om/Mpuu, cosbes, ées
o Jet variables: p”f, nj> &5, QGLy, Anyy.

o Other variables: N (pp > 5 GeV), H" (pp > 2 GeV), year (2016/2017/2018).

jets

The DNN architecture and training settings were similar to the DNN used for the studies
in the VBF category. The binning of the output score was defined such that each of 70 highest
bins contained 1 ggH event (after applying all analysis weights), and the rest of the events
were grouped in one low-score bin. The score distribution for different data-taking periods
is shown in Figure 5.6.

The expected signal significance computed with these templates is 1.1420. While in
the VBF category the S/B ratio in the highest-purity bin was approaching 1, in the 1-jet
category, the best S/B ratio was of the order of 1/100. To fully evaluate the performance of
the template-based method in the 1-jet category, it should be compared with the data-driven

method in the same phase space.
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5.2 MVA methods in the VBF phase space

The central part of the MC-based analysis strategy is a multivariate method used to
combine the sensitivity from multiple event properties into a one-dimensional observable. In
Run 2, a DNN was used for this purpose, while a boosted decision tree (BDT) was considered
as an alternative.

This section describes a DNN setup that was used to reproduce the Run 2 sensitivity, as
well as studies aiming to identify the key aspects that define the performance of the MVA

models.

5.2.1 Baseline DNN setup

DNN architecture and training settings

The expected pre-fit significance of the VBF channel in the Run 2 analysis was 1.770,
taking into account all considered systematic uncertainties. In order to speed up the studies
described in this chapter, several sources of uncertainties were omitted, such as jet energy
scale (JES) and resolution (JER) variations, and PDF uncertainties. Without these uncer-
tainties, the expected pre-fit significance is increased to 1.8¢, and this value is used as a
baseline for the studies.

This section describes the DNN setup that allows to achieve 1.80 sensitivity. Instead
of re-implementing the Run 2 architecture which featured five subnetworks trained with
different datasets and input features, our setup contains a single fully connected network
with three hidden layers.

The DNN is implemented using PYTORCH package [143]. The input to the network
contains 25 features, which are normalized to be in the same range by subtracting the mean

value and dividing by the standard deviation:
o Dimuon system kinematics: m,,, pr, logpr, n
« Angles in the Collins-Soper frame [129]: cosfcs, ¢cs

+ Event-by-event dimuon mass resolution: o, and o,,/m,,
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o For each of the two selected jets: pr, n, ¢, QGL

« Dijet system kinematics: m;, logm;;, An;;

|pt?? +pt]
[pT7t [+ P72 |+ pTHH|

« pr-balance ratio: R, =

o Zeppenfeld variable [127]: z* = where y* =y, — W

y*
|yj1 _ng‘ ’
« Angular separation between dimuon pair and the closest jet: minAn,,, ;

« Soft activity variables: N3t (pr > 5GeV), H¥"(pr > 2GeV)

jets

Year (2016/2017/2018)

The three hidden layers contain 128, 64, and 32 nodes, respectively, with batch normal-
ization and tanh activation applied after each layer. Randomly selected 20% of the weights
are dropped at each training iteration to prevent overfitting. The output layer consists of a
single node with a sigmoid function [109] applied to its value. The truth value for a given
event is 1 for signal and 0 for background events. The binary cross-entropy (BCE) loss func-
tion is used to update the network weights during back-propagation, and the minimization
of the loss is done using the Adam optimizer [110] with the learning rate parameter 107.

Two main backgrounds (Drell-Yan, EWK Z — ¢/) and two signals (VBF and ggH)? are
used for training; the VBF signal is a combination of three MC datasets (see details in 5.2.2).
The dataset is split into training (50%), validation (25%), and evaluation (25%) folds using
the k-fold approach described in Section B.1.5.

The batch size for the training is set to 65536, and the training is performed for 100
epochs for each of the four folds (the number of iterations in one epoch is equal to dataset
size divided by the batch size). The best model is saved as the one providing the highest
expected significance evaluated on the validation fold (this approach is discussed in more
detail in Section B.1.6).

The output of the DNN score is converted to templates (histograms) using the binning
that exactly replicates the per-bin yields of the VBF H — uu signal in the Run 2 analysis.

211t is worth noting that the ggH signal was not used for the DNN training used in the Run 2 analysis [1].
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This is done to exclude any effect of the binning procedure on the synchronization of sensi-
tivity between the two implementations. The DNN score templates for each year are shown
in Figure 5.7; the yields for all processes for these templates are synchronized with the Run 2
templates to under 1% precision.

The combined expected pre-fit significance obtained with the described setup is 1.820,
which closely reproduces the pre-fit significance in the Run 2 analysis for the same phase
space (1.780). The agreement of the post-fit sensitivity with the Run 2 result has also been
confirmed, the expected post-fit significance is 1.80¢ in both cases. In the studies described
in this chapter only the pre-fit significance is used as a figure of merit, assuming that most

of the general conclusions would hold for the post-fit results as well.

Importance of input features

The impact of individual input features on the separating power of the DNN output
score has been studied to identify the most sensitive variables. Three methods, illustrated

in Figure 5.8 were used to estimate the feature importance:

1. Use the distribution of a single input feature as an observable to compute the signif-
icance achievable without MVA. The reference significance value for this method is a
simple counting experiment where all events are grouped into a single bin. In the VBF
category for the full Run 2 dataset (137 fb™') the significance of the simple counting
experiment is equal to ~ 0.520. The significance achieved if the most sensitive feature,

the dimuon mass, is used as an observable is ~ 0.87¢.

2. Estimate the loss of sensitivity if the contribution of a given feature is suppressed in the
DNN output. This is implemented by shuffling the values for a given feature between
signal and background datasets, such that the distributions of values of this feature
would remain the same and not bias the DNN output, but no separating power could
be extracted from it. The reference value for this method was taken as the significance
achieved with nominal DNN setup with all features included (the significance was lower
than nominal 1.80 because only one model was evaluated on all events, instead of a

proper 4-fold procedure described in Section 5.2.1). The shuffling of the dimuon mass
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showed the largest impact, lowering the expected significance of the DNN score by
~ 50%.

3. Estimate the feature importance by evaluating the mean value of the gradients at the

input layer of the DNN for the VBF H — uu dataset.
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Figure 5.8. Relative importance of DNN input features estimated as their
individual sensitivity, a loss of overall sensitivity if impact of a given feature is
removed by shuffling its values between signal and background events, and an
average gradient at the DNN input node corresponding to the given feature.

All three methods showed consistent results, highlighting that the main contributions to
the analysis sensitivity are provided by:

e dimuon mass and dijet mass;

« momenta of dimuon system, jets, and correlation between them (R, );

« angular information of the dijet system (A7, Zeppenfeld variable).
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The low-level angular information (7, ¢ of dimuon pair and jets) does not provide a significant
sensitivity neither explicitly (when used as an observable outside of DNN), nor implicitly

(when used as DNN inputs together with other low-level variables).

5.2.2 Training datasets

For training of the DNN in the VBF category, the simulation of four processes was used,
including two main signal processes, and two backgrounds. These datasets were taken from
2016, 2017 and 2018 MC campaigns, and combined together for training. To increase the
signal statistics, three VBF datasets were used, with differences in generators. However,
only the powheg-pythia_dipole dataset was used to evaluate significance during training,
and later to create the DNN score templates, while other datasets were used to estimate
the uncertainty related to the parton shower modeling. The VBF H — pup datasets were
produced in the next-to-leading order precision in QCD, which means that in addition to
the two quark jets in the VBF process, at most one gluon jet was generated at the matrix
element level, while other generated jets, if any, were added at the parton shower generation
stage.

Each of the signal datasets contained around 1 million events per data-taking year at the
generation step, out of which around 240 thousand events were selected for training, making
the total size of the VBF H — uu training dataset ~ 240 - 103 - (3 years) - (3 datasets) ~

2 million events.
e Signal:

— VBF H— pup
VBFHToMuMu_M-125_TuneCP5_PSweights_13TeV_powheg pythia8
VBFHToMuMu_M-125_TuneCP5_13TeV-powheg-herwigpp
VBFHToMuMu_M-125_TuneCP5_13TeV-powheg-pythia_dipole

— ggH H—pp
GluGluHToMuMu_M125_ TuneCP5_PSweights_13TeV_amcatnloFXFX_ pythia8

» Background:
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— Drell-Yan
DYJetsToLL_M-105T0160_TuneCUETP8M1_13TeV-amcatnloFXFX-pythia8
DYJetsToLL_M-105T0160_VBFFilter_ TuneCUETP8M1_ 13TeV-amcatnloFXFX

-pythia8

— EWK Z —
EWK_LLJJ_MLL_105-160_SM_bf LO_TuneEEC5_13TeV-madgraph-herwigpp

_corrected

The differences in the generators used for different signal datasets were found to have
an effect on DNN performance due to differences in the kinematics and multiplicity of the
parton shower jets in the datasets with different generator settings. To illustrate this, the
training was repeated with identical settings, but using only one VBF dataset each time. In
all cases, the powheg_pythia_dipole dataset was used to evaluate significance and produce
templates. The left plot in Figure 5.9 (left) shows the evolution of significance computed on
the validation fold over 10 thousand training iterations.

As expected, the validation significance is higher when the generator settings are the
same for both training and validation datasets. However, since it is unknown which of the
signal datasets provides the most accurate description of the jet multiplicity and kinematics
in the H— pp decays, the differences in the DNN performance should not be used to conclude
that one of the datasets is preferable over the others.

Instead, the training with a combination of different signal datasets is considered (as
shown with the blue line in Figure 5.9 (left)), showing a consistent improvement in perfor-
mance as compared to the trainings with individual datasets. This indicates that regardless
of the generator settings used in the training dataset(s), the performance can still be im-
proved by increasing the size of the training dataset.

The dependence of the training process on the amount of signal data was also checked.
Figure 5.9 (right) shows the training with varied size of the VBF H— pu dataset, from 50%
to 100% of the number of VBF events in the baseline training setup. It can be seen that the
performance of the DNN improves on average with more training data, however, there is no

evidence that the maximum achieved significance is higher for a larger signal dataset.
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Figure 5.9. Left: significance evaluated on the validation fold for different
VBF H— upu datasets and their combination. Right: significance for trainings
with variable amount of events in powheg_pythia_dipole dataset (other VBF
datasets are not used).

In order to not compromise the DNN performance in Run 3, the number of signal events
used in training should be at least as large as the number of signal events in Run 2. Thus,
at least 3 million signal events should be generated per data-taking year.

The differences between the signal datasets are taken into account in the VBF H — uu
analysis by assigning a systematic uncertainty associated with the differences between the
signal templates produced using the datasets with different generator settings. This uncer-
tainty effectively accounts for the differences in the DNN performance shown in Figure 5.9
(left), and also suppresses possible improvements of fine-tuning the DNN hyperparameters.
In order to decouple the uncertainty on the signal model from the DNN model setup, in the
Run 3 H— pp analysis the MVA models should be designed to be less sensitive to systematic

variations.

5.2.3 Loss functions

As mentioned in Section B.1.1, a DNN score with statistical power similar to that of the
likelihood ratio, in principle, can be obtained by using standard loss functions like cross-
entropy and MSE. However, as shown in Section B.1.6, using the cross-entropy loss function

does not result in a monotonically increasing significance when the loss is monotonically
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decreased, therefore a longer training does not lead to an improvement. It would be beneficial
if a loss function was optimizing the significance directly, so that a longer training would lead
to a higher level of the signal-background discrimination. We have tested the performance
of different loss functions in the DNN used for the H— pp analysis, along with two custom
loss functions designed with particle physics analyses in mind (the definitions of these loss

functions are given in Section B.1.4):
 Binary cross-entropy (BCE)
« Mean squared error (MSE)
 “Significance loss” [144]
« “Likelihood loss” [145]

The plot in Figure 5.10 shows the evolution of the expected significance for these loss
functions for a large number of training iterations. The performance of BCE and MSE losses
is very similar, while the setups with “significance loss” and “likelihood loss” do not converge
to a high value of the validation significance.

Hence, at the moment there is no evidence that a significant improvement to the analysis

sensitivity can be expected from using a different loss function instead of binary cross-entropy.

5.3 Summary

In order to achieve the highest possible sensitivity in the H — pp analysis using Run 3
data, it is important to make use of the lessons learned from the analysis strategy and
performance in Run 2.

The gain in sensitivity in the Run 2 analysis, as compared to previous searches for H— i,
was achieved by isolating a high-purity region of the VBF H— uu phase space, and using a
simulation-based background estimation method instead of a data-driven one. This method
allowed to fully exploit the separating power of the event kinematics, primarily the dimuon
invariant mass, since the DNN model was not required to be uncorrelated with m,,,. Fitting

the DNN score has the disadvantage that the bump in the invariant mass distribution is not
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Figure 5.10. Evolution of the expected significance evaluated for the valida-
tion fold for different loss functions.

visible. An alternative approach to estimate the background is to perform a parametric fit
of the sidebands using MC simulation rather than data, and use the dimuon mass spectrum
as an observable instead of the DNN score. However, this approach was not considered in
the scope of this thesis.

There are multiple directions in which the analysis strategy can be improved in the Run 3
analysis.

A direct improvement to the sensitivity of the MC template-based strategy can be
achieved by enhancing the discriminating power of the DNN input features. For instance,
an improvement in the dimuon invariant mass resolution would lead to a greater separa-
tion power of the dimuon mass, while an improved jet selection would provide an additional
sensitivity to the jet-related training features.

A more flexible approach to the jet pair selection may help to reduce the effect of the
resolution loss due to pile-up. This can be achieved by considering more than just the two
leading jets in the event selection, and using a multivariate approach to select the jet pair

that provides the highest signal-background discrimination power. However, since the parton
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shower modeling is imperfect in the MC simulation, the agreement between data and MC
needs to be carefully controlled when considering more than 2 jets.

The category boundaries between the regions of the 2-jet phase space in which different
analysis strategies are used, can be optimized in such a way that the combined sensitivity
of both approaches is maximized. However, we suggest that the category in which the MC
template-based method is used should be interpreted not specifically as a category targeting
the VBF production mode, but more generally, as a high-purity region of the 2-jet phase
space. In this category, a non-negligible contribution is expected from “clean” VBF H— uu
events, as well as from the ggH H — pp events, and from VBF events in which one or both
jets originate from pile-up, mis-reconstruction, or parton shower.

It has been found that the discriminating power of an observable obtained using a DNN
classifier is not very sensitive to the DNN architecture: the performance of a relatively simple
three-layer model was found to be similar to that of a complex model used in the Run 2
analysis. The more important aspects of the DNN training were found to be the method of
the model selection during training, as well as the size and composition of the signal training
dataset. Nevertheless, the optimization of the DNN architecture and other hyperparameters
would certainly be beneficial at the fine-tuning stage. The choice of the parton shower model
was the main source of systematic uncertainty in the VBF channel of the Run 2 analysis. The
DNN performance was found to be dependent on the choice of the signal VBF dataset, which
indicates that at least part of the DNN sensitivity (2-3%) is learned from the kinematics
of the parton shower jets. Therefore, in the current design, fine-tuning the DNN training
settings is not expected to lead to an improvement of the analysis sensitivity, as most of the
sensitivity gain would be covered by the parton shower modeling uncertainty. In order to
decouple the DNN performance from this uncertainty in the Run 3 analysis, the DNN model
should be designed to be insensitive to the parton shower kinematics.

The developments in the directions suggested in this chapter will continue along with the
data-taking during the Run 3, and with a sufficient increase in sensitivity, it will be possible
to achieve a discovery-level significance of the H— ppu signal with the combination of Run 1,

Run 2 and Run 3 data.
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6. PROSPECTS FOR THE PRECISE MEASUREMENT OF
THE HIGGS BOSON PROPERTIES IN THE H — upu DECAY
CHANNEL AT THE HL-LHC

According to the planned LHC timeline (see Figure 2.5), after several years of data-taking
at /s = 13.6 TeV, the LHC will be upgraded to the High-Luminosity LHC (HL-LHC). The
HL-LHC will extend the LHC program to the first half of the 2040’s, conducting proton-
proton collisions at the center-of-mass energy of /s = 14 TeV. With the instantaneous
luminosity increased by a factor of 10 from the LHC design value of 1 x 10%* cm™2s7!, the
HL-LHC is expected to produce a large dataset corresponding to an integrated luminosity of
3000 fb~! for each of the ATLAS and CMS experiments. At the same time, the CMS detector
will undergo the Phase-2 upgrade [146], affecting most of its subsystems and significantly
improving the data-taking performance.

In this chapter, the expected precision for measurements of the Higgs boson properties
in the H— pu channel at the HL-LHC with an integrated luminosity of up to 3000 fb~! and
a center-of-mass energy of 14 TeV is presented. The precision is estimated by extrapolating
the Run 2 results obtained at a center-of-mass energy of 13 TeV and corresponding to an
integrated luminosity of 137 fb~! [1]. The extrapolation takes into account the increased
center-of-mass energy, as well as the changes to the CMS detector geometry and performance

after the Phase-2 upgrade.

6.1 Introduction

The first projections for the H — juu search sensitivity for L = 3000 fb~' [147] have
been made ahead of the Higgs boson discovery, when the mass of the Higgs boson was not
yet known. A generator-level analysis targeting the ggH and VBF Higgs production modes
predicted the significance at 3000 fb™' to be 7.1 (7.9) standard deviations, with a total
uncertainty on the signal strength of 13(14)% for myg = 120(130) GeV.

Upon discovery of the Higgs boson in 2012, the projections were revisited for the Snow-

mass 2013 project [148,149]. The extrapolation was based on the Run 1 H — pp analy-
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sis [150,151], which used a strategy containing a 0/1-jet category targeting the ggH pro-
duction mode, and a 2-jet category targeting the VBF production mode. The ggH category
was split into 12 subcategories by muon pr and 7, and the VBF category was split into 3
subcategories based on jet pair kinematics. In all categories, a strategy based on parametric
fits was used to extract the signal strength modifier. The results of the Run 1 analysis were
extrapolated by scaling the event yields to 3000 fb™', as well as by taking into account the
change in cross sections from 8 to 14 TeV. Two uncertainty scaling scenarios have been
considered: in scenario 1 (S1), the systematic uncertainties have been kept to their Run 1
values, and the statistical uncertainties have been scaled with integrated luminosity as 1/ VL
in scenario 2 (S2), both systematic and statistical uncertainties have been scaled with inte-
grated luminosity. The projected uncertainty on the signal strength was estimated to be 20
(14)%, and the uncertainty on the coupling modifier x, was estimated to be 8 (7.5)% for S1
(S2), respectively. An accompanying study [152] also estimated the projected significance
for 3000 tb~" to be 7.90.

The projections for the H— ppu sensitivity have been updated in the LHC Yellow Report
in 2018 [153] after analyzing the data collected at /s = 13 TeV during the 2016 data-
taking period, corresponding to an integrated luminosity of 35.9 fb™!. The updated analysis
strategy [132] benefited from a new categorization based on a multivariate score constructed
using a boosted decision tree (BDT), as well as additional categorization by pseudorapidity.
In addition to scaling the event yields according to integrated luminosity and changes in
cross sections from 13 to 14 TeV, the improvement in mass resolution due to the Phase-2
upgrade of the CMS tracker [154] has been considered. Again, two uncertainty rescaling
scenarios have been considered: fixing the systematic uncertainties to their 2016 values (S1),
and rescaling them as 1/+/L until the “floor” values are reached (S2). A detailed description
of the uncertainty scenarios are provided in Section 6.3.4 and in Ref. [155]. The projected
uncertainty on the signal strength was estimated to be 12.8 (9.6)%, and the uncertainty
on the coupling modifier x,, was estimated to be 6.7 (5.0)% for S1 (S2), respectively. The
uncertainties are dominated by the statistical component. The 2013 and 2018 projections

for the H— pp sensitivity are summarized in Table 6.1.
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Table 6.1. Previous projections made for L = 3000 fb™'.

Projection for 14 TeV, 3000 fb™' || Snowmass 2013 | LHC Yellow Report 2018

Expected significance 7.90 -
. . S1 20% 12.8%
Uncertainty on signal strength 99 14% 0.6%
Uncertainty on & 51 8% 6.7%
Y O Bu S2 7.5% 5.0%

6.2 The CMS Phase-2 detector

After the end of Run 3, the CMS detector will be substantially upgraded in order to
fully exploit the physics potential offered by the increase in luminosity, and to cope with
the demanding operational conditions at the HL-LHC [95,146, 154,156, 157]. The upgrade
of the first level hardware trigger (L1) will allow for an increase of the L1 rate and latency
to about 750 kHz and 12.5 pus, respectively, and the high-level software trigger (HLT) is
expected to reduce the rate by about a factor of 100 to 7.5 kHz. The entire pixel and strip
tracking detectors will be replaced to increase the granularity, reduce the material budget in
the tracking volume, improve the radiation hardness, and extend the geometrical coverage
and provide efficient tracking up to pseudorapidities of about |n| = 4. The muon system will
be enhanced by upgrading the electronics of the existing cathode strip chambers (CSC), re-
sistive plate chambers (RPC) and drift tubes (DT). New muon detectors based on improved
RPC and gas electron multiplier (GEM) technologies will be installed to add redundancy,
increase the geometrical coverage up to about |n| = 2.8, and improve the trigger and recon-
struction performance in the forward region. The barrel electromagnetic calorimeter (ECAL)
will feature the upgraded front-end electronics that will be able to exploit the information
from single crystals at the L1 trigger level, to accommodate trigger latency and bandwidth
requirements, and to provide 160 MHz sampling allowing high precision timing capability for
photons. The hadron calorimeter (HCAL), consisting in the barrel region of brass absorber
plates and plastic scintillator layers, will be read out by silicon photomultipliers (SiPMs).
The endcap electromagnetic and hadron calorimeters will be replaced with a new combined

sampling calorimeter (HGCal) that will provide highly-segmented spatial information in both
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transverse and longitudinal directions, as well as high-precision timing information. Finally,
the addition of a new timing detector for minimum ionizing particles (MTD) in both barrel
and endcap regions is envisaged to provide the capability for 4-dimensional reconstruction
of interaction vertices that will significantly offset the CMS performance degradation due to

high pile-up rates.

6.3 Extrapolation of the Run 2 H— uu results to the HL-LHC

The projections of the Run 2 H — ppu results to the HL-LHC are performed without
changing the analysis strategy described in Section 4.6, but only by manipulating the shapes
and normalization of signal and background models, and adjusting the systematic uncer-
tainties. Only the two most sensitive channels — ggH and VBF — are considered for this
extrapolation, as the impact of the other channels on the expected analysis sensitivity is
small.

The changes in the signal and background event yields from Run 2 to HL-LHC are
predominantly caused by two effects: an increase in cross section of the processes due to the
increased center-of-mass energy, and the extended muon acceptance of the Phase-2 detector.
The considered shape effects are related to the improvements in the dimuon mass resolution.
The two normalization effects are discussed in detail in Sections 6.3.1 and 6.3.2, while the
updated dimuon mass resolution is described in Section 6.3.3. The considered effects are
not evaluated separately for the ggH and VBF event categories, due to the fact that the
categorization is very sensitive to the jet kinematics, which are modeled imperfectly in the
simulated HL-LHC datasets.

The total effect on signal and background normalization is evaluated by comparing the
event yields after full event selection between the simulated Run 2 datasets produced using
full CMS detector simulation based on GEANT4 [116,117], and the simulated HL-LHC
datasets produced using DELPHES [158], fast parametric detector simulation package. For
Run 2, only the simulated datasets produced for the 2018 data-taking period are used, in

order to better reflect the detector conditions at the end of Run 2.
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The event selection for the DELPHES datasets closely follows that for Run 2, with a few
changes summarized in Table 6.2.

In the Run 2 selection for the 2018 datasets, events were required to contain a pair
of isolated oppositely-charged muons within |n| < 2.4 (detector geometry limitation), such
that at least one muon has transverse momentum exceeding 26 GeV (efficiency plateau of
HLT_IsoMu24). The categorization of events between the channels targeting different Higgs
production modes was based on the kinematics of jets present in the event (e.g. for the
VBF channel, the events were required to contain two jets with invariant mass greater than
400 GeV, angular separation |An| > 2.5, and pr > 35 GeV for the leading jet).

In the HL-LHC data-taking period, in addition to the increased /s, the detector con-
ditions will change as well, due to the improvements provided by the Phase-2 upgrade [95,
154,157] of the CMS detector. The updated detector geometry will allow to select muons in
the forward region up to |n| = 2.8, as opposed to the |n| < 2.4 limitation in Run 2, resulting
in a considerable increase of the event yields. The muon HLT performance at HL-LHC is
assumed to remain the same as in Run 2 [6], and the performance is assumed not to be
affected by the increased 1 coverage. Although the DELPHES datasets do not contain HLT
objects, the assumption of the unchanged trigger conditions is implemented by keeping the
leading muon selection at 26 GeV.

Additionally, the pseudorapidity cuts are extended for jets and electrons (the latter are
only used to veto the events containing electrons), and the jet pr selection is increased from
25 GeV to 30 GeV, as recommended by the upgrade performance group [159]. The updated
selections of jets and electrons do not significantly affect the results of the extrapolation.

The resulting event yields for the Run 2 MC (2018) and DELPHES HL-LHC datasets,
both scaled to L = 60 fb™ ', are given in Table 6.3.

Only the most important backgrounds are considered:
o the Drell-Yan process, which accounts for &~ 90% of the total background;

 the top quark-antiquark pair production (TTJets), which accounts for ~ 10% of the
background in the ggH category;
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Table 6.2. Event and object selections in Run 2 and HL-LHC

Variable ‘ Run 2 selections H HL-LHC selections
Muon ID working point Medium Medium
Muon |n| <24 <28
Muon pr > 20 GeV > 20 GeV
Leading muon pr > 26 GeV (29 GeV in 2017) > 26 GeV
Muon relative isolation <0.25 <0.25
Jet ID working point Loose (2016), Tight (2017/18) Tight
Jet |n| <47 <5
Jet pr > 25 GeV > 30 GeV
Pile-up suppression Loose PUID PUPPI
Jet cleaned w.r.t muons AR <04 AR <04
Electron ID working point WP90 Tight
Electron |n| <25 <3
Electron pr > 25 GeV > 25 GeV
HLT path [soMu24, IsoTkMu24, IsoMu27 || No changes assumed
Good primary vertex Required Not used
Event flags BadPFMuonFilter, etc. Not used

o the electroweak production of a Z boson (EWK_ZToLL), which is the leading background

in the sensitive regions of the phase space in the VBF category.

It has been observed that the changes in the event yields for other backgrounds (such as
diboson and single top processes) have a negligible effect on the analysis sensitivity: increas-
ing the event yields of these processes by 100% affects the expected significance by less than
0.1%. Therefore, in this extrapolation exercise, only the event yield changes for the three

main backgrounds are considered.

Table 6.3. Total change in event yields between Run 2 and HL-LHC analyses.
The yields are quoted for L = 60 fb™'.

Process H Run 2 yield HL-LHC yield Change

Drell-Yan (MG) 720623 900825 +25.0%

Backerounds TTJets Dilepton 62585 87592 +40.0%
EWK Z — W/ 1439 1865 +29.6%

Total background 784647 990282 +26.2%

H—s 1 signal ggH 383 477 +24.5%
VBF 30.7 37.8 +23.1%
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The effects on event yields described above are computed without identifying the specific

reasons for the changes.

6.3.1 Scaling of cross sections

During Run 2, the LHC operated at a center-of-mass energy of 13 TeV; however, for the
HL-LHC data-taking period the energy will be increased to 14 TeV. Hence, the cross sections
of the signal and background processes will increase, resulting in higher event yields for a
given integrated luminosity (see Figure 1.3). The increase due to cross section scaling for
the signal processes is expected to be &~ 12%, while for the main background (Drell-Yan) it
is slightly lower, ~ 8% (see Table 6.4).

Both Drell-Yan and signal cross sections are calculated at NNLO in perturbative QCD,
including electroweak effects at NLO. The Drell-Yan cross sections are computed in the
mass window 110 < my, < 150 GeV using the FEWz 3.1.b2 program [135] with the
LUXqged_plus_ PDF4ALHC15_nnlo_ 100 [160] PDF set. The Higgs production cross sections
are provided by the LHC Higgs Cross Section Working Group [43]. The cross sections for
TTJets and EWK_ZToLL are obtained from the available generator information (both datasets

were generated with the MADGRAPH [112] and PYTHIAS [114] generators).

Table 6.4. Cross sections at 13 TeV and 14 TeV.

Process H 13 TeV xSec, pb 14 TeV xSec, pb  Change

Drell-Yan M110-150 26.31 28.37 +7.8%

Backgrounds TTJets Dilepton 85.66 103.35 +20.7%
EWK Z+jets M-50 3.998 4.380 +9.6%

H— 1 signal ggH 0.01057 0.01187424 +12.3%
VBF 0.0008210722 0.00092442 +12.6%
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6.3.2 Detector acceptance

The normalization effects unrelated to updated cross sections are estimated by imple-
menting the event selections as described in Table 6.2, and then scaling the event weights
in the DELPHES datasets down by the factors corresponding to the cross section scaling
described in Section 6.3.1. The resulting event yields are given in Table 6.5.

Table 6.5. Effect of updated detector acceptance: total event yields for Run 2

and HL-LHC analyses with all cross sections scaled to their 13 TeV values. The
yields are quoted for L = 60 fb~ .

Process H Run 2 yield HL-LHC yield Change

Drell-Yan (MG) 720623 835645 +16.0%

Backgrounds | TTJets Dilepton 62585 72570 +16.0%
EWK Z — v 1439 1702 +18.3%

H—s uyt signal geH 383 424 +10.7%
VBF 30.7 33.6 +9.4%

The reasons behind the remaining yield differences can be explained by comparing the
distributions of various kinematic parameters. It has been found that the largest contribution
to these differences is caused by the extended pseudorapidity acceptance of the muons (the
In| cut was updated from 2.4 to 2.8). Limiting the pseudirapidity range to |n| < 2.4 for
both Run 2 and DELPHES datasets, in addition to fixing the cross sections to 13 TeV values,
leads to very close shapes of the distributions, as shown in Figure 6.1. Therefore, the
normalization effects other than the cross section scaling are referred to as “acceptance
effects”. The remaining ~ 3% yield difference can be attributed to small changes in muon
kinematics due to an additional boost associated with the increased LHC center-of-mass
energy.

Table 6.6 summarizes the effects of both cross section and acceptance changes, in order

to illustrate the relative contributions of each effect to the total yield increase.
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Figure 6.1. Pseudorapidity of the leading muon for ggH H — pu (left) and
VBF H— pp (right) datasets after full event selection.
Table 6.6. Relative change of the inclusive event yields due to changes to
cross sections and detector acceptance.
Process H Cross sections  Acceptance ‘ Total yield change
Drell-Yan (MG) +7.8% +16.0% +25.0%
Backerounds | L LJets Dilepton +20.7% +16.0% +40.0%
& EWK Z — 0 +9.6% +18.3% +29.6%
Total background +8.8% +16.0% +26.2%
. ggH +12.3% +10.7% +24.5%
H= pup signal VBF +12.6% +9.4% 1+23.1%

6.3.3 Dimuon mass resolution

In the ggH, ttH, WH, and ZH analysis categories, the signal and background shapes are
given by the dimuon invariant mass distributions, smoothly falling for the backgrounds and
forming a peak at M = 125 GeV for the signal processes. The shape of the signal peak is
completely dominated by the dimuon mass resolution of the CMS detector. After the Phase-2
CMS tracker upgrade [154], the mass resolution is expected to improve by approximately

30% in the phase space of the H— pu signal. Figure 6.2 shows the mass resolution in 2018
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MC and DELPHES datasets for the ggH H— puu signal scaled to L = 60 fb™! inclusively for

all selected events (left), and as a function of the max |n| of the two muons (right).
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Figure 6.2. Left: Inclusive ggH H— pu dimuon mass spectrum in Run 2 and
HL-LHC. Right: Full width at half maximum (FWHM) of the Higgs peak as
a function of the largest |n| of the two muons.

ggH category

The effect of the improved mass resolution has been taken into account in the ggH
category by manually narrowing the shapes of the signal models. The width parameter of
the double-sided Crystal Ball function [133] describing the signal models in the subcategories
of the ggH channel has been decreased by a factor of 0.685 (change in FWMH of the Higgs

peak evaluated inclusively for all selected signal events).

VBF category

Since the dimuon mass was used in the VBF category in a non-trivial way (as an input
feature to the DNN), it is not possible to exactly estimate the effect of the improved mass

resolution without retraining the DNN. Instead, an approximation approach has been devel-
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oped. In this approach, the signal events are reweighted using the ratio of the VBF signal
mass spectra at HL-LHC and Run 2, such that the events around 125 GeV are assigned
higher weights, events in the tails of the mass spectrum are assigned lower weights, and the
total event yield is left unchanged. Figure 6.3 shows the normalized mass spectra and their
ratio in 0.5 GeV bins, which was used as a look-up table for event reweighting. The elevated
shapes in the sidebands of the ratio plot are caused by the fact that muon corrections (final
state radiation recovery, Rochester scale correction, GeoFit correction) are applied for the
Run 2 datasets, but not applied for HL-LHC datasets. However, the number of events in

the sidebands is small and does not significantly affect the procedure.

CMS Phase-2 Projection Preliminary CMS Phase-2 Projection Preliminary
Fr T T T T

n
o
S

c T T s T ———
B 040 — VBFRun2 (13 TeV) g — HL-LHC / Run 2 ratio 1
304 VBFHLAHC (14TeV) | (@ 4 /ol i
[ [ L
S 0.35F 1 2 f
Wt Z 150 R
0.30f 4 = r
(D] L
; { 312sf ]
0.25- 1 &
i ] 1.00- 3
0.20 E N
E ] 0.75F .
0.15 ] N
[ I ] [
0.10F \ . 0.50|- .
0.0 J_.—'j 1 oasf .
A . e R S I
0-003%5 120 125 130 135 0.00735 120 125 130 135

Dimuon mass M(pp)

Figure 6.3. Left: Dimuon mass spectrum of the VBF H — pp signal in Run 2
and at HL-LHC. Right: Reweighting factors for estimation of the effect of
mass resolution improvement in the VBF channel.

The weights computed with this approach are used to reweight the DNN score distribution
and obtain the new signal templates, as shown in Figure 6.4. The reweigting procedure
provides a recipe to produce only the nominal templates; the systematic variations of the
signal shapes are constructed in such a way that the ratio of the modified and nominal shape
is the same for the reweighted templates as it was for the original ones. An example of the

modified shapes is shown in Figure 6.5.
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(bottom) data-taking periods.
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6.3.4 Uncertainty scenarios

The large amount of data set to be delivered by the HL-LHC will enable the measure-
ments of very rare phenomena with unprecedented accuracy and sensitivity. However, the
HL-LHC will also pose new challenges, such as a higher amount of pile-up (= 200 primary
vertices per collision event). In order to estimate the future physics potential of the up-
graded CMS detector at the HL-LHC, the projections are made under different systematic
uncertainty scenarios, both conservative and optimistic. The baseline, or the conservative
scenario assumes that the CMS upgrade will be able to overcome the HL-LHC challenges
and provide the same level of performance as in Run 2, while the optimistic scenario assumes
that the theoretical and experimental uncertainties will be further decreased by the future

research efforts.
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For the projections of physics analyses to the HL-LHC conditions, two scenarios are
considered [153]. In the first scenario (S1), all systematic uncertainties are kept at the same
values as in Run 2. In the second scenario (S2), all the systematic uncertainties are scaled
down proportionally to the square root of the integrated luminosity until a given lower limit
is reached, while the theoretical uncertainties are halved from their Run 2 values. The
lower limits for the systematic uncertainties are estimated from the expected accuracy of the
upgraded detector.

In S2, the systematic uncertainties on the electron and muon trigger and identification
efficiencies are expected to be reduced to 0.5%, and are fully correlated between the leptons
of the same flavour. About 20-50% reduction in the jet energy scale (JES) uncertainty is
expected due to the significant reduction of the pile-up uncertainty. Additional improvements
for the uncertainties in the forward detector region will come from the HGCAL and wider
tracker coverage. The uncertainty in the b-jet tagging efficiency is predicted to be 1% for
all operating points and pr. The uncertainty on the integrated luminosity is assumed to
be as low as 1% due to a better understanding of the detector calibration procedure, more
granular detector and more radiation tolerant electronics.

The uncertainty on the background model choice in the ggH category can not be scaled
with the integrated luminosity as it is done for most of the other systematic uncertainties,
as it stems from the choice of different probability distribution functions and is treated as a
discrete nuisance in the likelihood. In both S1 and S2, the background model is not allowed
to vary, therefore no uncertainty due to background modeling is taken into account. Instead,
the sensitivity of the ggH category was estimated for each of the considered background
models, and the variation in the expected significance was found to be within 5%. All the

uncertainties used in this projection study are summarized in Table 6.7.
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Table 6.7. Comparison between different uncertainty scaling scenarios.

Source of uncertainty Scenario 1 Scenario 2
(Run 2 syst.) (YRI1S syst.)
Jet energy scale 5-6% 1/5-1/2 x S1
Jet energy resolution 2-3% 3-5%
Muon ID; isolation, trigger 0.1-7.0% 0.5%
electron ID, isolation, trigger 0.1-0.5% 0.5%
b-tagging efficiency 5% 1%
L1 prefiring correction 20% 4%
Theory 9.4% 1/2 x S1
Integrated luminosity 2.5% 1%
Limited number of MC events | Barlow-Beeston method [125] -

6.4 Results

The expected significance, as well as the expected measurement precision for two Higgs
boson properties, namely the signal strength modifier r*#* and the coupling modifier for the
Higgs coupling to muons &, are estimated for the HL-LHC conditions — L = 3000 fb~! at
Vs = 14 TeV. The results are compared with the previous projections — the extrapolation
performed after the Run 1 (Snowmass 2013 [148,149]), and the extrapolation performed after
the 2016 data-taking period of the Run 2 (LHC Yellow Report 2018 [153]).

The total relative uncertainty on the signal strength as a function of the integrated lumi-
nosity is shown in Figure 6.6 on the left, while the projection for the x, uncertainty is shown
on the right. The breakdown of the uncertainties by source, as well as the comparison with
the previous projections, is shown in Tables 6.8 and 6.9. The extrapolated uncertainties are
improved by 30-35% with respect to the Yellow Report 2018 projections, due to the improved
analysis strategy implemented during Run 2, such as an advanced event categorization and
improved machine learning methods.

The largest impact on the analysis sensitivity improvement at the HL-LHC is expected
to be due to the improved dimuon mass resolution after the Phase-2 upgrade. This effect
is illustrated in Figure 6.7, where the uncertainties on r** and x, are shown for the ggH
category before and after modifying the signal models to take into account the mass resolution

improvement. In both plots, the measurements are shown for the S2 uncertainty scenario. A
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similar comparison for the expected significance of the ggH channel is shown in Figure 6.8 on
the right. At L = 3000 fb™ ', the relative improvement due to the improved mass resolution
in the ggH channel is approximately 25% for all considered parameters of interest.

The extrapolation of the total expected significance as a function of integrated luminosity
is shown in Figure 6.8 on the left. The significance is computed using an Asimov dataset
and assuming that the H — ppu signal strength is equal to the SM expectation. With the
projected analysis sensitivity, the observation-level significance of 50 can be achieved with
L ~ 300 fb! of data collected at /s = 14TeV. However, in combination with the existing
Run 1 and Run 2 measurements, and with further improvements to the analysis strategy,

this level of sensitivity will likely be achieved with even smaller amount of new data.

Table 6.8. Uncertainty on the signal strength modifier 7## at L = 3000 fb~ .

H Statistical Experimental Theoretical ‘ Total

Snowmass 2013 - — — 20.0%
S1 YR 2018 9.1% 7.6% 4.8% 12.8%
Snowmass 2021 6.4% 3.7% 4.2% 8.5%
Snowmass 2013 - - - 14.0%
S2 YR 2018 9.1% 1.7% 2.7% 9.6%
Snowmass 2021 6.4% 2.0% 2.0% 7.0%

Table 6.9. Uncertainty on the coupling modifier x, at L = 3000 bt

H Statistical Experimental Theoretical ‘ Total

Snowmass 2013 — — — 8.0%
S1 YR 2018 4.7% 2.7% 3.9% 6.7%
Snowmass 2021 3.2% 1.9% 2.2% 4.3%
Snowmass 2013 - — - 7.5%
S2 YR 2018 4.7% 1.5% 1.1% 5.0%
Snowmass 2021 3.2% 1.1% 0.8% 3.5%
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SUMMARY

The analysis described in this thesis presents the first evidence for the Higgs boson decay
to second generation fermions, specifically to a pair of muons [1]. The search is performed
using the proton-proton collision data corresponding to an integrated luminosity of 137 fb™!,
produced at center-of-mass energy of /s = 13 TeV, and recorded by the CMS experiment
during Run 2 of the LHC (2016-2018). The observed results are in agreement with the
Standard Model prediction, and they provide the best constraint on the coupling between
the Higgs boson and the muon to date.

This analysis largely improves on the previous H — pp measurement published by
CMS [132], which was obtained using only the 2016 data corresponding to an integrated
luminosity of 35.9 fb~!. The improvements are due to both the larger amount of data an-
alyzed, and an improved analysis strategy. The previous measurement targeted mainly the
ggH production mode, and failed to exploit the characteristic properties of other production
channels. In contrast, the Run 2 search features dedicated analysis strategies for different
Higgs production channels, leading to a significant increase in the overall analysis sensitivity.

The improvement to the H — pu analysis strategy is driven by a conceptually different
approach used in the category targeting the VBF production mode. The main differences
between this approach and the ones used in other analysis categories are the background
modeling method, and the choice of the observable to extract the H — ppu signal. In the
VBF category, the background model is based on MC simulation, and the observable is
constructed using a deep neural network, while in other categories the background model is
obtained using parametric fits of the observed data in the dimuon mass sidebands, and the
dimuon mass spectrum is used as an observable. As a result, the VBF channel turned out
to be the most sensitive one in the Run 2 analysis, accounting for approximately half of the
total signal significance.

The observed (expected) significance of the H — pp decay in the Run 2 search is 3.0
(2.5) standard deviations, which is the best result to date, but not yet sufficient to claim the
discovery of the decay. The observed (expected) 95% CL upper limit on the signal strength
modifier is 1.93 (0.81), while the total uncertainty is 42%, dominated by the statistical
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component. The 95% CL interval on the coupling strength modifier , is 0.59 < x,, < 1.50
with a total uncertainty of 22%.

It will not take too long until either the H — ppu decay, or a disagreement of the obser-
vations in the dimuon channel with the Standard Model is observed with a discovery-level
significance of 5 standard deviations or more. The upcoming LHC data-taking periods are
set to provide a sufficient amount of data to increase the sensitivity of the H— pu search to
this level in the next several years. In July 2022, the LHC has started the Run 3 data-taking
period, which will continue through 2025. The center-of-mass energy in Run 3 is increased to
13.6 TeV, while the integrated luminosity will be comparable to that in Run 2. After Run 3,
the LHC will prepare for the High-Luminosity LHC (HL-LHC) project, which is planned to
start in 2027 and aims to collect 3000 fb~! of collision data at /s = 14 TeV.

If the H— pp analysis strategy remains unchanged from that in Run 2, the 50 level of
significance will be achieved already in the early stages of the HL-LHC data-taking, and by
the end of the HL-LHC program the uncertainty on the Higgs coupling to muons will be as low
as 3-4% (after Run 2, this uncertainty is approximately 22%). With future improvements of
the analysis methods, and by combining the results of the CMS and ATLAS collaborations,
the precision of the coupling measurement can be improved even further, and the H — pu
decay can be discovered even earlier, unless new experimental results emerge to challenge

the Standard Model.
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A. DATASETS

Table A.1. Signal simulated samples for the 2016 data taking era. The (*) stands
for PUMoriond17_94X_mcRun2_ asymptotic_ v3.

Process Sample o X BR (pb)
ggH /GluGlu_HToMuMu_M125_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v2/MINIAODSIM 0.01057 pb
/GluGlu_HToMuMu_M125_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*ext1-v2/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M120_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/*-v1/MINAODSIM 0.012653 pb
/GluGluHToMuMu_M130_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/*-v1/MINAODSIM 0.008505 pb
/GluGluHToMuMu_M125_TuneCP5up_PSweights_13TeV_amcatnloFXFX_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M125_TuneCP5down_PSweights_13TeV_amcatnloFXFX_pythia8/RunIISummer16MiniAODv3%-v1/MINIAODSIM 0.01057 pb
VBF /VBFHToMuMu_M-125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M120_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/*-v1/MINIAODSIM 0.000953 pb
/VBFHToMuMu_M130_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/*-v1/MINIAODSIM 0.000683 pb
/VBFHToMuMu_M125_TuneCP5up_PSweights_13TeV_amcatnlo_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M125_TuneCP5down_PSweights_13TeV_amcatnlo_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M-125_TuneEEC5_13TeV-amcatnlo-herwigpp/RunIISummer16MiniAODv3%-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M-125_TuneEEC5_13TeV-powheg-herwigpp/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0008228 pb
WH /WPlusH_HToMuMu_M125_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v2/MINIAODSIM 0.0001858 pb
/WplusH_HToMuMu_WToAll_M120_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000232 pb
/WplusH_HToMuMu_WToAll_M130_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000139 pb
/WPlusH_HToMuMu_WToAll_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0001858 pb
/WPlusH_HToMuMu_WToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0001858 pb
/WMinusH_HToMuMu_M125_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v2/MINIAODSIM 0.0001164 pb
/WminusH_HToMuMu_WToAll_M120_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000148 pb
/WminusH_HToMuMu_WToA1ll_M130_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000088 pb
/WMinusH_HToMuMu_WToA1l_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0001164 pb
/WMinusH_HToMuMu_WToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0001164 pb
ZH /ZH_HToMuMu_M125_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v2/MINIAODSIM 0.0001923 pb
/ZH_HToMuMu_ZToA11l_M120_TuneCP5_PSweights_13TeV_powheg_pythia8/*3-v1/MINIAODSIM 0.000241 pb
/ZH_HToMuMu_ZToA11l_M130_TuneCP5_PSweights_13TeV_powheg_pythia8/*3-v1/MINIAODSIM 0.000148 pb
/ZH_HToMuMu_ZToAll_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0001923 pb
/ZH_HToMuMu_ZToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0001923 pb
ttH /ttHToMuMu_M125_TuneCP5_PSweights_13TeV-powheg-pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM 0.0001103 pb

/ttHToMuMu_M120_TuneCP5_PSweights_13TeV-powheg-pythia8/*-v1/MINIAODSIM
/ttHToMuMu_M130_TuneCP5_PSweights_13TeV-powheg-pythia8/*-v1/MINIAODSIM
/ttHToMuMu_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM
/ttHToMuMu_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIISummer16MiniAODv3*-v1/MINIAODSIM

0.000138 pb
0.000085 pb
0.0001103 pb
0.0001103 pb
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Table A.2. Signal simulation samples for the 2017 data taking era. The (*) stands
for PU2017_12Apr2018_ 94X mc2017_realistic_ v14.

Process Sample o X BR (pb)
ggH /GluGluHToMuMu_M-125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIFalli7MiniAODv2%-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M-125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIFall17MiniAODv2*ext1-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M-125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M-125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/RunIIFall17MiniAODv2*ext1-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M120_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/*-v1/MINIAODSIM 0.012653 pb
/GluGluHToMuMu_M130_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/*-v1/MINIAODSIM 0.008505 pb
/GluGluHToMuMu_M125_TuneCP5up_PSweights_13TeV_amcatnloFXFX_pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M125_TuneCP5down_PSweights_13TeV_amcatnloFXFX_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.01057 pb
VBF /VBFHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/RunIIFall17MiniAODv2*ext1-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M120_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/*-v1/MINIAODSIM 0.000953 pb
/VBFHToMuMu_M130_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/*-v1/MINIAODSIM 0.000683 pb
/VBFHToMuMu_M125_TuneCP5up_PSweights_13TeV_amcatnlo_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M125_TuneCP5down_PSweights_13TeV_amcatnlo_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M-125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M-125_TuneEEC5_13TeV-amcatnlo-herwigpp/RunIIFalli7MiniAODv2*-v1/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M-125_TuneEEC5_13TeV-powheg-herwigpp/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.0008228 pb
WH /WplusH_HToMuMu_WToAll_M125_13TeV_powheg_pythia8/RunIIFall17MiniAODv2*-v3/MINIAODSIM 0.0001858 pb
/WplusH_HToMuMu_WToAll_M120_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000232 pb
/WplusH_HToMuMu_WToA1ll_M130_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000139 pb
/WplusH_HToMuMu_WToA1ll_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIIFalli7MiniAODv2%-v1/MINIAODSIM 0.0001858 pb
/WplusH_HToMuMu_WToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.0001858 pb
/WminusH_HToMuMu_WToAll_M125_13TeV_powheg_pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.0001164 pb
/WminusH_HToMuMu_WToAll_M120_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000148 pb
/WminusH_HToMuMu_WToAll_M130_13TeV_powheg_pythia8/*-v1.MINIAODSIM 0.000088 pb
/WminusH_HToMuMu_WToAll_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIIFalli7MiniAODv2%-v1/MINIAODSIM 0.0001164 pb
/WminusH_HToMuMu_WToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.0001164 pb
ZH /ZH_HToMuMu_ZToA11l_M125_13TeV_powheg_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.0001923 pb
/ZH_HToMuMu_ZToA11_M120_13TeV_powheg_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.000241 pb
/ZH_HToMuMu_ZToA11_M130_13TeV_powheg_pythia8/RunIIFall17MiniAODv2%-v1/MINIAODSIM 0.000148 pb
/ZH_HToMuMu_ZToAl1l_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.0001923 pb
/ZH_HToMuMu_ZToAl1l_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIFalll7MiniAODv2*-v1/MINIAODSIM 0.0001923 pb
ttH /ttHToMuMu_M125_TuneCP5_PSweights_13TeV-powheg-pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM 0.0001103 pb

/ttHToMuMu_M120_TuneCP5_PSweights_13TeV-powheg-pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM
/ttHToMuMu_M130_TuneCP5_PSweights_ 13TeV-powheg-pythia8/RunIIFall17MiniAODv2* -v1/MINIAODSIM
/ttHToMuMu_M125_TuneCP5up_PSweights_13TeV-powheg-pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM
/ttHToMuMu_M125_TuneCP5down_PSweights_13TeV-powheg-pythia8/RunIIFall17MiniAODv2*-v1/MINIAODSIM

0.000138 pb
0.000085 pb
0.0001103 pb
0.0001103 pb

Table A.3. Signal simulation samples for the 2018 data taking era. The (*) stands
for 102X__upgrade2018_ realistic_ v15.

Process Sample o X BR (pb)
gegH /GluGluHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/RunITAutumni8MiniAOD*-v2/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M120_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/*-v1/MINIAODSIM 0.012653 pb
/GluGluHToMuMu_M130_TuneCP5_PSweights_13TeV_amcatnloFXFX_pythia8/*-v1/MINIAODSIM 0.008505 pb
/GluGluHToMuMu_M125_TuneCP5up_PSweights_13TeV_amcatnloFXFX_pythia8/RunIIAutumn18MiniAOD*-v2/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M125_TuneCP5down_PSweights_13TeV_amcatnloFXFX_pythia8/RunITAutumn18MiniAOD*-v2/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M-125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIAutumn18MiniA0OD*-v2/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M-125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIIAutumn18MiniAOD*-v2/MINIAODSIM 0.01057 pb
/GluGluHToMuMu_M-125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.01057 pb
VBF /VBFHToMuMu_M125_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/RunITAutumni8MiniAOD*-v2/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M120_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/#-v1/MINIAODSIM 0.000953 pb
/VBFHToMuMu_M130_TuneCP5_PSweights_13TeV_amcatnlo_pythia8/*-v1/MINIAODSIM 0.000683 pb
/VBFHToMuMu_M125_TuneCP5up_PSweights_13TeV_amcatnlo_pythia8/RunITAutumni8MiniAOD*-v2/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M125_TuneCP5down_PSweights_13TeV_amcatnlo_pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.0008228 pb
/VBFHToMuMu_M-125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunITAutumn18MiniAOD*-v1/MINIAODSIM 0.0008228 pb
WH /WplusH_HToMuMu_WToAll_M125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIAutumn18MiniAOD*-v2/MINIAODSIM 0.0001858 pb
/WplusH_HToMuMu_WToA1l_M120_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000232 pb
/WplusH_HToMuMu_WToA1ll_M130_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000139 pb
/WplusH_HToMuMu_WToAll_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunITAutumn18MiniAOD*-v2/MINIAODSIM 0.0001858 pb
/WplusH_HToMuMu_WToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.0001858 pb
/WminusH_HToMuMu_WToAll_M125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunITAutumn18MiniAOD*-v2/MINIAODSIM 0.0001164 pb
/WminusH_HToMuMu_WToAll_M120_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000148 pb
/WminusH_HToMuMu_WToAll_M130_TuneCP5_PSweights_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.000088 pb
/WminusH_HToMuMu_WToAll_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.0001164 pb
/WminusH_HToMuMu_WToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIAutumn18MiniAOD*-v2/MINIAODSIM 0.0001164 pb
ZH /ZH_HToMuMu_ZToAll_M125_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.0001923 pb
/ZH_HToMuMu_ZToAl11_M120_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.000241 pb
/ZH_HToMuMu_ZToAl1_M130_TuneCP5_PSweights_13TeV_powheg_pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.000148 pb
/ZH_HToMuMu_ZToAll_M125_TuneCP5up_PSweights_13TeV_powheg_pythia8/RunITAutumn18MiniAOD*-v2/MINIAODSIM 0.0001923 pb
/ZH_HToMuMu_ZToAll_M125_TuneCP5down_PSweights_13TeV_powheg_pythia8/RunIIAutumni18MiniAOD*-v2/MINIAODSIM 0.0001923 pb
ttH /ttHToMuMu_M125_TuneCP5_PSweights_13TeV-powheg-pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM 0.0001103 pb

/ttHToMuMu_M120_TuneCP5_PSweights_13TeV-powheg-pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM
/ttHToMuMu_M130_TuneCP5_PSweights_13TeV-powheg-pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM
/ttHToMuMu_M125_TuneCP5up_PSweights_13TeV-powheg-pythia8/RunIIAutumni8MiniAOD*-v2/MINIAODSIM
/ttHToMuMu_M125_TuneCP5down_PSweights_13TeV-powheg-pythia8/RunITAutumn18MiniAOD*-v2/MINIAODSIM

0.000138 pb
0.000085 pb
0.0001103 pb
0.0001103 pb
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Table A.4. Background simulation samples for the
taking  era. The (*) stands for RunlISummerl6MiniAODv3-
PUMoriond17_94X_mcRun2_ asymptotic_ v3.

2016 data

Process Sample Cross Cross section
section (pb) Precision
Drell-Yan /DYJetsToLL_M-50_TuneCUETP8M1_13TeV-amcatnloFXFX-pythia8/*_ext2-v1/MINIAODSIM 5954 NNLO (QCD)
NLO (EWK)
/DYJetsToLL_M-105To160_TuneCUETP8M1_PSweights_13TeV-amcatnloFXFX-pythia8/#-v1/MINIAODSIM 47.12 NNLO (QCD)
NLO (EWK)
/DYJetsToLL_M-105To160_VBFFilter_TuneCUETP8M1_PSweights_13TeV-amcatnloFXFX-pythia8/*/MINIAODSIM 1.774 NNLO (QCD)
NLO (EWK)
/EWK_LLJJ_MLL-50_MJJ-120_13TeV-madgraph-herwigpp/*/MINIAODSIM 1.611 LO
/EWK_LLJJ_MLL-105_160_SM_5f_LO*madgraph-herwigpp/*/MINIAODSIM 0.0464 LO
Top /TTTo2L2Nu_TuneCUETP8M2_ttHtranche3_13TeV-powheg-pythia8/*-v2/MINIAODSIM 86.61 NNLO (QCD)
/TTToSemilepton_TuneCUETP8M2_ttHtranche3_13TeV-powheg-pythia8/*-v2/MINIAODSIM 358.57 NNLO (QCD)
/ST_tW_top_bf_inclusiveDecays_13TeV-powheg-pythia8_TuneCUETP8M1/*_ext1-v1/MINIAODSIM 35.9 NNLO (QCD)
/ST_tW_antitop_5f_inclusiveDecays_13TeV-powheg-pythia8_TuneCUETP8M1/*_ext1-v1/MINIAODSIM 35.9 NNLO (QCD)
/ST_t-channel_antitop_4f_inclusiveDecays_13TeV-powhegV2-madspin-pythia8_TuneCUETP8M1/*-v1/MINIAODSIM 80.95 NLO (QCD)
/ST_t-channel_top_4f_inclusiveDecays_13TeV-powhegV2-madspin-pythia8_TuneCUETP8M1/*-v1/MINIAODSIM 136.02 NLO (QCD)
/ST_s-channel_4f_leptonDecays_13TeV-amcatnlo-pythia8_TuneCUETP8M1/*-v1/MINIAODSIM 3.40 NLO (QCD)
/tZq_11_4f_13TeV-amcatnlo-pythia8/*_ext1-v1/MINIAODSIM 0.0758 NLO (QCD)
/TTWJetsToLNu_TuneCUETP8M1_13TeV-amcatnloFXFX-madspin-pythia8/*_ext2-v1/MINIAODSIM 0.2001 NLO (QCD)
/TTZToLLNuNu_M-10_TuneCUETP8M1_13TeV-amcatnlo-pythia8/*_ext2-v1/MINIAODSIM 0.2529 NLO (QCD)
/TTTT_TuneCUETP8M2T4_13TeV-amcatnlo-pythia8/*-v1/MINIAODSIM 0.0091 NLO (QCD)
/TTTW_TuneCUETP8M2T4_13TeV-amcatnlo-pythia8/*_ext1-v1/MINIAODSIM 0.00073 NLO (QCD)
/TTWW_TuneCUETP8M2T4_13TeV-amcatnlo-pythia8/*_ext1-v1/MINIAODSIM 0.0070 NLO (QCD)
/TTTJ_TuneCUETP8M2T4_13TeV-amcatnlo-pythia8/*_ext1-v1/MINIAODSIM 0.000039 NLO (QCD)
Diboson /WWTo2L2Nu_13TeV-powheg/*-v2/MINIAODSIM 12.178 NNLO (QCD)
/WZTo3LNu_TuneCUETP8M1_13TeV-powheg-pythia8/*_ext1-v1/MINIAODSIM 4.102 NLO (QCD)
/WZTo2L2Q_13TeV_amcatnloFXFX_madspin_pythia8/*-v2/MINIAODSIM 5.606 NLO (QCD)
/ZZTo2L2Nu_13TeV_powheg_pythia8_ext1/*-v2/MINIAODSIM 0.5644 NLO (QCD)
/2ZTo2L2Q_13TeV_amcatnloFXFX_madspin_pythia8/*-v3/MINIAODSIM 3.224 NLO (QCD)
/ZZTo4L_13TeV_powheg_pythia8/*-v1/MINIAODSIM 1.256 NLO (QCD)
/GluGluToContinToZZTo (2e2mu, 2mu2tau, 2e2tau) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.003185 LO
/GluGluToContinToZZTo (4mu,4tau) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.00157 LO
/GluGluToContinToZZTo (2mu2nu) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.001493 LO
Triboson /WWW_A4F_TuneCUETP8M1_13TeV-amcatnlo-pythia8/*-v2/MINIAODSIM 0.2086 NLO (QCD)
/WWZ_TuneCUETP8M1_13TeV-amcatnlo-pythia8/*-v2/MINIAODSIM 0.1651 NLO (QCD)
/WZZ_TuneCUETP8M1_13TeV-amcatnlo-pythia8/*-v2/MINIAODSIM 0.05565 NLO (QCD)
/ZZZ_TuneCUETP8M1_13TeV-amcatnlo-pythia8/*-v2/MINIAODSIM 0.01398 NLO (QCD)
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Table  A.5. Background  simulation samples for the 2017
data  taking era. The (*) stands for RunlIFalll7MiniAODv2-
PU2017_12Apr2018 94X mc2017_realistic_ v14.
Process Sample Cross Cross section
section (pb) Precision
Drell-Yan /DYJetsToLL_M-50_TuneCP5_13TeV-amcatnloFXFX-pythia8/*v1/MINIAODSIM 6225.4 NNLO (QCD)
NLO (EWK)
/DYJetsToLL_M-105T0160_TuneCP5_PSweights_13TeV-amcatnloFXFX-pythia8/*-v1/MINIAODSIM 47.12 NNLO (QCD)
NLO (EWK)
/DYJetsToLL_M-105To160_VBFFilter_TuneCP5_PSweights_13TeV-amcatnloFXFX-pythia8/*/MINIAODSIM 2.043 NNLO (QCD)
NLO (EWK)
/EWK_LLJJ_MLL-50_MJJ-120*madgraph-herwig7/*/MINIAODSIM 1.700 LO
/EWK_LLJJ_MLL-105_160_SM_56f_LO*madgraph-herwig?7/+/MINIAODSIM 0.0492 LO
Top /TTJets_TuneCP5_13TeV-amcatnloFXFX-pythia8/*-v1/MINIAODSIM 831.76 NNLO (QCD)
/TTTo2L2Nu_TuneCP5_PSweights_13TeV-powheg-pythia8/*-v1/MINIAODSIM 86.61 NNLO (QCD)
/TTToSemiLeptonic_TuneCP5_PSweights_13TeV-powheg-pythia8/*-v2/MINIAODSIM 358.57 NNLO (QCD)
/ST_tW_top_5f_inclusiveDecays_TuneCP5_PSweights_13TeV-powheg-pythia8/*-v1/MINIAODSIM 35.9 NNLO (QCD)
/ST_tW_antitop_5f_inclusiveDecays_TuneCP5_PSweights_13TeV-powheg-pythia8/*-v2/MINIAODSIM 35.9 NNLO (QCD)
/ST_t-channel_antitop_5f_TuneCP5_PSweights_13TeV-powheg-pythia8/*-v1/MINIAODSIM 80.95 NLO (QCD)
/ST_t-channel_top_5f_TuneCP5_13TeV-powheg-pythia8/*-v1/MINIAODSIM 136.02 NLO (QCD)
/ST_s-channel_antitop_leptonDecays_13TeV-PSweights_powheg-pythia/*-v1/MINIAODSIM 1.293 NLO (QCD)
/ST_s-channel_top_leptonDecays_13TeV-PSweights_powheg-pythia/*-v1/MINIAODSIM 2.069 NLO (QCD)
/tZq_11_4f_ckm_NLO_TuneCP5_PSweights_13TeV-amcatnlo-pythia8/*-v1/MINIAODSIM 0.0758 NLO (QCD)
/TTWJetsToLNu_TuneCP5_PSweights_13TeV-amcatnloFXFX-madspin-pythia8/*-v1/MINIAODSIM 0.2001 NLO (QCD)
/TTZToLLNuNu_M-10_TuneCUETP8M1_13TeV-amcatnlo-pythia8/*/MINIAODSIM 0.2529 NLO (QCD)
/TTTT_TuneCP5_13TeV-amcatnlo-pythia8/*-v1/MINIAODSIM 0.0091 NLO (QCD)
/TTTW_TuneCP5_13TeV-amcatnlo-pythia8/*-v1/MINIAODSIM 0.00073 NLO (QCD)
/TTTJ_TuneCP5_13TeV-amcatnlo-pythia8/*-v1/MINIAODSIM 0.0070 NLO (QCD)
/TTWW_TuneCP5_13TeV-amcatnlo-pythia8/*-v1/MINIAODSIM 0.000039 NLO (QCD)
Diboson /WWTo2L2Nu_NNPDF31_TuneCP5_PSweights_13TeV-powheg-pythia8/*_ext1-v1/MINIAODSIM 12.178 NNLO (QCD)
/WZTo3LNu_13TeV-powheg-pythia8/*-v2/MINIAODSIM 4.658 NLO (QCD)
/WZTo2L2Q_13TeV_amcatnloFXFX_madspin_pythia8/*-v1/MINIAODSIM 6.321 NLO (QCD)
/ZZTo2L2Nu_13TeV_powheg_pythia8/*-v1/MINIAODSIM 0.601 NLO (QCD)
/ZZTo2L2Q_13TeV_amcatnloFXFX_madspin_pythia8/*-v1/MINIAODSIM 3.696 NLO (QCD)
/ZZTo4L_13TeV_powheg_pythia8/*-v1/MINIAODSIM 1.325 NLO (QCD)
/GluGluToContinToZZTo (2e2mu, 2mu2tau,2e2tau) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.003185 LO
/GluGluToContinToZZTo (4mu,4tau) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.00157 LO
/GluGluToContinToZZTo (2mu2nu) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.001493 LO
Triboson /WWW_4F_TuneCP5_13TeV-amcatnlo-pythia8/*-v2/MINIAODSIM 0.2086 NLO (QCD)
/WWZ_4F_TuneCP5_13TeV-amcatnlo-pythia8/*-v2/MINIAODSIM 0.1651 NLO (QCD)
/WZZ_TuneCP5_13TeV-amcatnlo-pythia8/*-v1/MINIAODSIM 0.05565 NLO (QCD)
/2ZZ_TuneCP5_13TeV-amcatnlo-pythia8/*-v2/MINIAODSIM 0.01398 NLO (QCD)
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Table A.6. Background simulation samples for the 2018 data taking era. The (*)
stands for RunlIAutumnl18MiniAOD-102X_upgrade2018_realistic_ v15.

Process Sample Cross Cross section
section (pb) Precision
Drell-Yan /DYJetsToLL_M-50_TuneCP5_13TeV-amcatnloFXFX-pythia8/*v1/MINIAODSIM 6225.4 NNLO (QCD)
NLO (EWK)
/DYJetsToLL_M-105To160_TuneCP5_PSweights_13TeV-amcatnloFXFX-pythia8/*-v1/MINIAODSIM 47.12 NNLO (QCD)
NLO (EWK)
/DYJetsToLL_M-105To160_VBFFilter_TuneCP5_PSweights_13TeV-amcatnloFXFX-pythia8/*/MINIAODSIM 2.029 NNLO (QCD)
NLO (EWK)
/EWK_LLJJ_MLL-50_MJJ-120*madgraph-herwig7/*/MINIAODSIM 1.700 LO
/EWK_LLJJ_MLL-105_160_SM_5f _LO*madgraph-herwig?7/*/MINIAODSIM 0.0492 LO
Top /TT_DiLept_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 86.61 NNLO (QCD)
/TTTo2L2Nu_TuneCP5_13TeV-powheg-pythia8/*-v1/MINIAODSIM NNLO (QCD)
/TTToSemiLeptonic_TuneCP5_13TeV-powheg-pythia8/*-v1/MINIAODSIM 358.57 NNLO (QCD)
/ST_tW_top_5f_inclusiveDecays_TuneCP5_13TeV-powheg-pythia8/*_ext1-v1/MINIAODSIM 35.9 NNLO (QCD)
/ST_tW_antitop_5f_inclusiveDecays_TuneCP5_13TeV-powheg-pythia8/*_ext1-v1/MINIAODSIM 35.9 NNLO (QCD)
/ST_t-channel_antitop_5f_TuneCP5_13TeV-powheg-pythia8/*-v1/MINIAODSIM 80.95 NLO (QCD)
/ST_t-channel_top_5f_TuneCP5_13TeV-powheg-pythia8/*-v1/MINIAODSIM 136.02 NLO (QCD)
/ST_s-channel_4f_leptonDecays_TuneCP5_13TeV-madgraph-pythia8/*_ext1-v4/MINIAODSIM 3.40 NLO (QCD)
/tZq_11_4f _ckm_NLO_TuneCP5_13TeV-madgraph-pythia8/*_ext1-v2/MINIAODSIM 0.0758 NLO (QCD)
/TTWJetsToLNu_TuneCP5_13TeV-amcatnloFXFX-madspin-pythia8/*_ext1-v2/MINIAODSIM 0.2001 NLO (QCD)
/TTZToLLNuNu_M-10_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.2529 NLO (QCD)
/TTTT_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.0091 NLO (QCD)
/TTTW_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.00073 NLO (QCD)
/TTWW_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.00698 NLO (QCD)
/TTTJ_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.00039 NLO (QCD)
Diboson /WWTo2L2Nu_NNPDF31_TuneCP5_13TeV-powheg-pythia8/*-v1/MINIAODSIM 12.178 NNLO (QCD)
/WZTo3LNu_TuneCP5_13TeV-powheg-pythia8/+*_ext1-v2/MINIAODSIM 4.658 NLO (QCD)
/WZTo2L2Q_13TeV_amcatnloFXFX_madspin_pythia8/*-v1/MINIAODSIM 5.606 NLO (QCD)
/ZZTo2L2Nu_TuneCP5_13TeV_powheg_pythia8/*_ext1-v2/MINIAODSIM 0.5644 NLO (QCD)
/ZZTo2L2Q_13TeV_amcatnloFXFX_madspin_pythia8/*-v1/MINIAODSIM 3.659 NLO (QCD)
/ZZToAL_TuneCP5_13TeV_powheg_pythia8/*_ext1-v2/MINIAODSIM 1.256 NLO (QCD)
/GluGluToContinToZZTo (2e2mu, 2mu2tau,2e2tau) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.003185 LO
/GluGluToContinToZZTo (4mu,4tau) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.00157 LO
/GluGluToContinToZZTo (2mu2nu) _13TeV_MCFM701_pythia8/*-v2/MINIAODSIM 0.001493 LO
Triboson /WWW_4F_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.2086 NLO (QCD)
/WWZ_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.1651 NLO (QCD)
/WZZ_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.05565 NLO (QCD)
/ZZ7_TuneCP5_13TeV-amcatnlo-pythia8/*_ext1-v2/MINIAODSIM 0.01398 NLO (QCD)
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B. MACHINE LEARNING METHODS IN PARTICLE
PHYSICS

High energy physics (HEP) studies processes of a probabilistic nature, many of which are
quite rare, and therefore require to analyze large datasets with advanced statistical methods.
Therefore, adoption of state-of-the-art techniques is necessary to extract as much useful
information as possible from the available data. In recent years, the use of machine learning
methods has become widespread in the HEP community. In particular, some of the methods
used in the CMS collaboration include boosted decision trees (BDT) [161], deep neural
networks (DNN) [162-164], as well as convolutional neural networks (CNN), graph neural
networks (GNN), and numerous other methods [165].

In the scope of this thesis, the two methods used for the studies were DNN and BDT.

The details and applications of these methods are discussed in this chapter.

B.1 Deep Neural Networks (DNN)

A deep neural network, similarly to other machine learning tools, is essentially an analytic
function that maps a multidimensional space of input parameters to one or multiple output
values in such a way that the output values closely approximate given target (“truth”)
values for each set of input values. The specific structure of such a function in case of DNN
is represented with a network containing a large number of nodes (neurons) organized in
multiple layers, such that a value assigned to each node is a linear combination of the values
of the nodes in the previous layer, transformed using a non-linear activation function. The
coefficients in the linear combination are called weights, and their values are obtained using
an iterative training procedure.

The training procedure starts with randomly initializing all weights in the network. In
order to evaluate the correctness of the network output, a loss function is defined, which
takes the DNN output values (predictions) and the truth values as arguments. The loss
function is typically chosen such that it is differentiable with respect to the network inputs,

and the value of the loss function (called simply loss) is minimized when the DNN predictions
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exactly match the truth values. During the training, the backpropagation approach is used,
in which the gradients of the loss function with respect to the values in different nodes are
computed, and the corresponding weights are updated based on these gradients in order to
minimize the loss. The methods used to minimize the loss are typically based on gradient
descent, where the updated value of a weight is obtained by taking a step in the direction
opposite to the corresponding gradient. This procedure is repeated until the loss converges
to a certain value which is assumed to be the minimum of the loss, at which point the values
of weights are fixed, and the network can be evaluated on new data.

The dataset used for training is required to be different from the dataset on which the
DNN score is eventually calculated, in order to prevent owverfitting — a bias caused by the
DNN “memorizing” the features of the training dataset rather than learning the correlations
in data.

In the studies described in this thesis, deep neural networks are used in two different
ways. In the first approach, DNN is used to reduce the dimensionality of data, in such a way
that a one-dimensional observable produced by the DNN preserves as much discriminating
power of the input features as possible. This approach is discussed in Section B.1.1. In
the second approach, DNN is used as a tool for exploratory research, in order to find and
utilize the correlations between a set of input features and an arbitrary set of parameters of

interest. This approach is discussed in Section B.1.2.

B.1.1 DNN as a method to approximate a likelihood ratio

According to the Neyman—Pearson lemma [166], the most powerful statistical test for

two hypotheses is given by the [ikelihood ratio test statistics

where T is the observed data, Hy and H; are the null and the alternative hypotheses, re-
spectively, and P denotes probability. Although in particle physics, in principle, P(Z|H;)
are well defined by the theory, in practice their computation is rarely possible. Instead, the

approximate probability distributions are obtained using Monte Carlo simulation (MC).
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In HEP analyses like H— pp, the dimensionality of & can be high (e.g. directions and
momenta of all decay products), and the amount of data in the sensitive regions insufficient
to perform a multidimensional likelihood-ratio test explicitly. Therefore, it is a common
practice to reduce the dimensionality by applying a function that maps = to a scalar value.

An example of such function is a deep neural network with the number of input nodes
equal do dimensionality of z, and a single output node yielding a scalar DNN score for each
input. It can be shown [167] that a DNN trained by minimizing a binary cross-entropy
(BCE)! loss function or mean squared error (MSE) loss function produces an output score
which is monotonically related to the likelihood ratio distribution.

The considerations described above suggest that obtaining the most powerful test statis-
tics should be a straightforward task. However, there are multiple assumptions to be made

and limitations to be taken into account:

o The MC modeling of signal and background PDFs may be affected by systematic
biases due to imprecise knowledge of the theory, therefore it may not always correctly

represent the true probability distributions.

« The MC distributions are also subject to statistical and systematic uncertainties, which

limit their statistical power as compared to “true” PDFs.

o Although the trained DNN is supposed to yield an output with statistical power similar
to that of the likelihood ratio, in practice its performance depends on many factors,
such as the DNN architecture, amount of training data, and the choice of the optimizer

to find the global minimum of the loss function.

The DNN application described here was used to produce a sensitive observable in the
MC template-based strategy of the Run 2 H— pu search (Section 4.6) and the related studies
(Section 5.2).

4 BCE and MSE loss functions are defined in Section B.1.4
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B.1.2 DNN as a tool to exploit correlations between parameter spaces

Another application of neural networks considered in this thesis is automatic identifica-
tion of useful correlations in data, and using them for optimization of the analysis methods.

In many cases, an analysis method can be described with a set of discrete or continuous
parameters, such as the number of seeds in the muon HLT reconstruction (Section 3.4), or
indices of a pair of jets in the VBF selection in the H — pp search (Section 5.1.2). The
optimal configuration of the parameters for a given method may be different depending on
the event properties such as particle momenta and pseudorapidities. The goal of the DNN-
based optimization approach is to construct a model which yields an optimal configuration
of the method parameters for a given set of event properties. If the parameters of interest
are discrete, the DNN can be used as a classifier; if the parameters of interest are continuous,
the DNN can be designed to perform regression.

A trained DNN which provides an optimal configuration of parameters for a given event
can be used as an explicit step in the data processing. However, it can also be used only as
a research tool, in order to obtain general insights into the correlations between the input
and output parameters. In this case, if the specific DNN output values are not used in
further analysis, it is not required that the input features are thoroughly controlled for the

agreement between data and MC.

B.1.3 Architecture

In most of the DNN applications featured in this thesis, a relatively simple fully connected
architecture is used. An example of a fully connected network is illustrated in Figure B.1.
In this design, all nodes in a given hidden layer are connected to all nodes in the previous
and the next layers. The nodes within the same layer are not connected, and neither are the
nodes in non-consecutive layers. The activation function applied to the hidden layers is tanh
in all considered applications, as no difference was observed when using other functions.

All networks used in the studies contain either two or three hidden layers with an “in-

verted pyramid” layout, in which the number of nodes in a given hidden layer is less than

or equal than that in the preceding hidden layer. The DNN architectures are optimized by

176



() () ()

= N \\
N

NN

N

N

WS A RS N\,

NG\ N\,

AT S S\
0

\\ , Val AN
N /A W/ RN\
S\ VA s, XX YW A NN/
NS 710 S\ Wi B S —
BN K725 VGRS R4
O o~ O~ O R NN
s @ N=tari @ Nete i G N e
SO SOOI Qe Nes BN
I = SR I ISR M) SO
SR SV G S S § USRS § (S e NI 0N
S RHINRXS Ot 5 O SIS Pt 5 R SISt T 7 ORKY
ODBORASR ARG JROmiONal ™ o7 KX
R P T RSP TS DO IR
KX 4_5‘%““&‘\\“‘» 4,;',1,;\5,;.\ RS I RS LN
OO J55

7

@i SOl
SRR /7
U7 X757 SN 757 S
AL XS E SR
7 SN \W/// s\
"\§\§\~\. .@’/’)X‘X\‘Q‘% /

PR ,
////Z‘, AN RN /

AN\
N\

Figure B.1. An example of a fully-connected DNN architecture [168].

performing a grid search, allowing the number of nodes in each hidden layer to be equal
to a power of 2 in a reasonable range (32-2048). The optimization is performed for the
applications in which the quality of the DNN performance is of a particular importance
(Sections 4.6.2, 3.4), but not in the studies where the DNN is used for exploratory purposes
(Sections 5.1.2, 5.1.3). In the latter, a generic 3-layer architecture with 64, 32, and 16 nodes
in the hidden layers is used, as it is sufficient to demonstrate an improvement over more
traditional methods. The implementation of the DNN models was done using KERAS [169]

and PYTORCH [143] packages.
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B.1.4 Loss functions

The DNN applications in this thesis used a supervised learning approach, in which for
every training event the true value of the target parameter is known. Multiple options were

considered for the loss function, as listed below. In all cases, the loss function is a function

true

of the DNN prediction yP* and corresponding true values 3¢, computed for a given batch

of N events.

e Binary cross-entropy (BCE):

N
L(yf)red’yltrue _ Z ( true IOg ypred + (1 true) log(l yzpred)> (Bl)
=1

e Mean squared error (MSE):

LOP™ 37 = 3 S0 ) (B2)

« Significance loss [144]:

Ly, yie, W, W) = (s + b) /07,
s = W Zypred « ;nrue’ (B3)

b= WS x (1 i),

=1

where W and W, are signal and background weights that scale the yields to their

expected values. This loss was designed to directly optimize the signal significance.

 Likelihood loss [145]:

N pred

L™ g™ W) = 3 (Wl = i) e

i=1

— 1) =y ey (B4)

This loss function is supposed to explicitly produce the logarithm of the likelihood

ratio as a DNN score.
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The BCE and MSE losses are the general purpose functions widely used in machine learning
applications, while the “significance loss” and “likelihood loss” were specifically designed
to optimize the figures of merit specific to HEP analyses. In a study aimed at the signal
significance optimization in the VBF channel of the H— pp search (Section 5.2.3), the four
loss functions were compared, but no improvement was found when “significance loss” or
“likelihood loss” were used. Therefore, in all DNN applications mentioned in this thesis, the

cross-entropy loss was chosen.

B.1.5 Cross-validation

An important requirement in the training of machine learning methods is not to use the
same data for training, hyperparameter optimization, and application of the trained model,
in order to avoid biasing the results. In the DNN applications described in this thesis,

this requirement was taken into account by implementing the k-fold approach, illustrated in

Figure B.2.
train train validation test test
train validation test train test
—_—
validation test train train test
test train train validation test
TRAINING APPLICATION

Figure B.2. Splitting into training, validation and evaluation dataset in the
k-fold procedure with four folds [2].

The training data was split into four subset of equal size, based on the event number
— a unique identifier of an event within the same data or MC dataset. In each DNN
implementation, four models were trained with identical settings, but using different training
folds, each containing 50% of the training dataset (grey blocks in Figure B.2). The loss and /or
other figures of merit used for hyperparameter tuning were evaluated using the validation

folds, each containing 25% of the dataset (green blocks in Figure B.2), and the final evaluation
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was performed using testing folds, each containing 25% of the dataset (orange blocks in
Figure B.2). Since the event number is fixed for each event, training, tuning, and evaluation

of all DNN models were always performed on different events.

B.1.6 Criterion for the best model choice

Although in the MC template-based strategy of the H— pu search the DNN is designed
to maximize the separation between signal and background, it has been found that the model
corresponding to the global minimum of the loss function does not necessarily produce the
most sensitive output score. This may happen when the training datasets do not have
exactly the same feature distributions as the datasets used for evaluation. For instance, in
our implementation of the VBF H — pupu analysis, a mix of signal MC datasets generated
with PYTHIA [115] and HERWIG [114] generators is used for training to increase the number
of training events, while only the PYTHIA dataset is used in evaluation.

The selection of the best model is done by explicitly evaluating a figure of merit that
approximates the model sensitivity. After each training iteration, the model is evaluated on
the validation fold of the dataset (25% of events), and the output score distribution is used

to evaluate the expected significance. The significance is defined as

-\ (0) &

where S; is the expected signal yield in i-th bin, B; is the expected background yield, and
both signal and background yields are computed using events from exactly the same MC
samples which are later used in the actual statistical analysis in the template-based category.

Equation B.5 is an approximation of Asimouv significance

i

rm. = JZ 5+ Bytog (1- 5) - 5]

for S < B, and it has been checked that this approximation does not have a significant

impact on the model selection method.
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The binning scheme used in the significance calculation is based on the VBF H — uu signal
MC distribution, and configured to not significantly deviate from the binning scheme used in
the Run 2 analysis. The number of VBF H — 1 events is required to be uniformly distributed
in 13 bins ranging from minimal to maximal DNN score values in the validation dataset,
and the highest bin boundary is later increased to a very high number to prevent losing
the possible overflow events. The event yields in this case are computed using unweighted
events, because evaluating simple quantiles is much faster from a computational point of
view, as compared to weighted quantiles. This approximation may be one of the reasons
for the fluctuations of the significance (see Figure B.3). However, it allows to update the
binning at each iteration, which helps to avoid a bias that is introduced when a fixed binning
is used.

The evolution of both validation loss and validation significance for one of the training
folds is shown in Figure B.3 (left). The training is intentionally performed for an excessive
number of iterations (training batches), in order to illustrate the behavior of the figures
of merit. It is evident that the values of loss and significance evaluated on the validation
dataset are not fully correlated, and the minimum of the loss does not correspond to the
maximal significance.

Another illustration of this fact can be seen in Figure B.3 (right), where three train-
ings with identical settings but different random seeds are shown. While the evolution of
the validation loss is very similar for all considered options, the evolution of the expected
significance shows considerable differences in behavior, not entirely explained by statistical
fluctuations.

The approach of choosing the model with the highest significance has been further vali-
dated by training the DNN for 10000 iterations, and evaluating the total analysis sensitivity
with a model taken at the point of lowest validation loss, and with a model taken at the
point of the highest validation significance. The expected significance for the model with the
lowest loss was evaluated to be 1.740, while for the model with highest significance it was
1.830 (5% higher). Since the DNN score templates are produced using the “test” fold of the

dataset, which does not overlap with the training and validation folds by design (see Sec-
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Figure B.3. Left: evolution of the training and validation losses, as well as the
expected significance computed for the validation dataset (25% events). Right:
validation loss and significance for three trainings with identical settings.

tion B.1.5), this result confirms that the differences in the evolution of loss and significance

are not caused by overfitting or statistical fluctuations.

B.2 Boosted Decision Trees (BDT)

Boosted decision tree (BDT) is another machine learning method widely used in high
energy physics. Although in general the popularity of BDTs has declined in favor of neural
networks, some of the qualities of the BDTs make them still useful for application in HEP
analyses.

The BDTs in particle physics are used for classification tasks, distinguishing between two
or more classes of events. Instead of computing an analytic function of the input features,
as it is done in case of a neural network, a decision tree provides a boundary which splits the
dataset into the regions enriched with events of different classes. The boundary is defined
using a tree-like approach, illustrated in Figure B.4.

The boundary is updated iteratively, at each step increasing the weights of misidentified
events (this procedure is called boosting), and the values in the BDT “leaves” are set based
on the composition of the events in them (i.e. a sequence of decisions which yields a higher

signal-to-background ratio would correspond to a higher output value). In order to decrease
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Figure B.4. Graphical representation of an example decision tree [170].

fluctuations in the BDT output, the final score can be obtained by averaging the results
yielded by multiple BDT models.

The disadvantage of BDT in comparison to DNN is its limited flexibility due to inability
of the BDT to model non-linear correlations with a high level of precision. Consequently,
BDT does not perform well in the tasks where the input features are low-level variables such
as kinematic properties of individual particles, which do not provide a high discriminating
power by themselves, but only in a complex non-linear combination. Deep neural networks
are usually show a superior performance in such problems.

However, a benefit of using BDT in the H— pp analysis is related to a more convenient
way of weighting the events, as the weighting is already a natural part of the boosting
procedure. This quality allows to easily design a BDT model which produces an output
score correlated with the dimuon mass resolution in the data-driven categories on the H— uu

search (see Section 4.7), which is an integral step in the analysis strategy.
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