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Introduction

The Higgs boson was discovered at the CERN LHC by both the ATLAS and CMS col-
laborations with a mass near 125 GeV in 2012. The measurement of the Higgs boson
properties has been one of the main targets of LHC experiments since the discovery.

In order to probe the mechanism giving mass to fermions and bosons, the Higgs
boson couplings have to be measured. The Standard Model Higgs couplings can be
extracted by measuring Higgs boson production and decay rates, Therefore a lot of
e�ort has been done to observe every single experimentally accessible decay in var-
ious production modes in the last few years. The bosonic decay modes of the Higgs
in γγ, ZZ, and WW have been established using data collected until 2012 (LHC Run
1) while the data collected in 2016 and 2017 allowed to measure the decays to the
third generation fermions. The decay of the Higgs boson into ττ has been observed
using 2016 data and it con�rmed the coupling of the Higgs with leptons. The de-
cay of the Higgs boson into bb̄ has been observed in 2018, hence establishing the
coupling with down-type quark. The t̄tH production mode has also been observed,
thus probing directly the coupling to up-type quarks.

So far, the Higgs boson couplings have been observed only with the third genera-
tion of fermions, thus, the next step would be the search for decays into the second
generation. Among those, the Higgs decay into c-quark pairs is the one with the
higher event rate. Probing the Standard Model expected event rate is notwithstand-
ing impossible at the LHC because of the large amount of irreducible background
and because of the low mass resolution in the dijet �nal state. Instead, the Higgs bo-
son decay into muons has smaller rates but it also has a clean �nal state that can be
reconstructed with high e�ciency and excellent mass resolution, thanks to the CMS
tracking and muon systems. However, since the branching fraction B(H→ µ+µ–) is
very small (2 · 10–4) and the LHC produces abundant backgrounds, an observation
of this decay has not been reached yet and upper limits only have been sets.

My work took part in the most recent search for the Higgs boson decaying to two
muons performed by the CMS collaboration. The analysis uses the full proton-
proton collision data collected by the CMS experiment at

√
s = 13 TeV during Run

2, corresponding to an integrated luminosity of 137.4 fb–1. The search of the Higgs
boson to muon decay targets each of the four main Higgs production channels at
the LHC. The four searches use orthogonal data and their results are combined in a
single measurement.

My work has been dedicated to the improvement of the search in the vector boson
fusion (VBF) production mode. In this work, we demonstrate that the VBF channel
is the most sensitive among the four H→ µµ searches. The VBF dedicated analysis
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is based on the �t of a multivariate discriminator, in contrast with the other three
dedicated Higgs searches where the �t is performed on the dimuon mass distri-
bution. Moreover, the background estimation is completely based on Monte-Carlo
simulations. These two aspects make the strategy to be very similar to the one
adopted by two important CMS measurements: the measurement of electroweak
production of two jets in association with a Z boson, and the measurement of the
Higgs boson decaying into b-quark pairs.

Machine learning is a fundamental tool to improve the sensitivity of this search.
Two di�erent machine learning techniques are tested for the H→ µµ search: boosted
decision tree (BDT) and deep neural network (DNN). The performance of the two
algorithms are compared and the results are extracted from the algorithm that sep-
arates better the signal from the background on simulated data.

The Higgs boson signal strength is extracted among several regions with a simul-
taneous maximum likelihood �t and the results are computed for a Standard Model
Higgs boson with a mass of 125.38 GeV. In the VBF channel, an excess of events is
observed with a strength of 1.36+0.69

–0.61, de�ned as the ratio between the expected and
the observed event rate σobs(pp→H→ µµ)/σSM (pp→H→ µµ). The observed excess
of events corresponds to a signal signi�cance of 2.4 standard deviations above the
background-only hypothesis. The excess of events observed from the combination
of the four dedicated searches corresponds to a signal signi�cance of 3.0 standard
deviations and it constitutes the evidence of the Higgs boson decay into muons.
The results obtained with the data collected at

√
s = 13 TeV are combined with the

ones obtained during Run 1 at the center of mass energies of
√
s = 7 and 8 TeV. The

�nal combination improves the results of about 1%, resulting in a signal strenght of
1.19+0.40

–0.30(stat)+0.15
–0.14(syst).

The thesis is structured as follows. The Standard Model and the Higgs mechanism
are introduced in chapter 1. Moreover, the most important measurements of the
Higgs boson properties are summarized in that chapter. In chapter 2 the exper-
imental apparatus is described. Firstly, the LHC machine is introduced, then the
CMS experiment and the various subdetectors are presented. The algorithms used
by CMS to reconstruct physics objects are introduced in chapter 3. In particular,
lepton reconstruction and identi�cation are described in the �rst half of the chap-
ter, while the second half is dedicated to jets. Chapter 4 introduces the search for
H→ µµ with CMS Run 2 data. An overview of the entire analysis is given and the
dedicated searches in the ggH, VH, and ttH channels are summarized. The VBF
analysis that I have carried out is described in detail in chapter 5. Finally, chapter 6
presents the results of the VBF dedicated search and the results obtained from the
combination with the other three dedicated searches and with the data collected
during Run 1.
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Chapter 1

The Standard Model and the
Higgs Boson

A brief overview of the Standard Model and of the spontaneous symmetry breaking is
given in this chapter. The theoretical introduction aims to build the frame in which the
analysis is set and to motivate the search performed in this work. Then, an overview
of the state of the art research on the Higgs boson properties and couplings is given.

1.1 The Standard Model
The Standard Model (SM) is a renormalizable non-abelian gauge theory that de-
scribes all known fundamental particles and their interactions. It has been built in
the latter half of the last century and, since then, a large number of experiments
con�rmed its predictions with great precision. Three of the four fundamental in-
teractions are described by the Standard Model: the electromagnetic, the weak, and
the strong interaction. The gravitational interaction is not described by the model,
however, gravity e�ects at the electroweak scale are much weaker than the other
interactions and their contribution is negligible in the processes currently investi-
gated in high energy physics.

1.1.1 The fermions
In quantum �eld theory, particles are described by �elds and they are divided ac-
cording to their spin: particles with integer spin are called bosons, and particles
with half-integer spin are called fermions. In the Standard Model, all fundamental
fermions have spin 1/2 and they are divided into two groups: quarks and leptons.
The quarks interact with the strong and the electroweak forces, while leptons in-
teract only with the electroweak force.

Quarks and leptons are further divided as a function of their electrical charge. Up-
type quarks have charge +2/3 while down-type quarks have charge -1/3. Leptons
are divided in neutrinos, which are electrically neutral, and leptons with charge
-1. Matter fermions are classi�ed in three generations or families. Each genera-
tion is composed of one charged lepton, one neutrino, one up-type quark, and one
down-type quark. Since members of di�erent generations have identical quantum



2 Chapter 1. The Standard Model and the Higgs Boson

numbers, the generations are three copies of the same structure. The only di�er-
ence between particles of di�erent generation is the mass: �rst generation fermions
are the lighter and third generation fermions are the heaviest. The exception are
the neutrinos, whose mass hierarchy has not been measured.

Each fermion has a corresponding antiparticle that has the same mass and opposite
quantum numbers. Moreover, fermion �elds of quarks and charged leptons can be
divided in a left-handed component and a right-handed one ψ = ψL + ψR1, the two
components interacts di�erently with the electroweak force.

1.1.2 The Higgs boson
The only scalar boson in the Standard Model is the Higgs boson. The Higgs boson
is a massive electrically neutral boson, it interacts via electroweak force, and it is
predicted to interact with all the Standard Model massive particles. Figure 1.1 shows
all the Standard Model particle with their quantum numbers.

1.1.3 The interactions
In gauge theories, the lagrangian is invariant under certain groups of transforma-
tions called gauge groups. The action of the groups on the �elds �xes the quantum
number and the interaction properties of each particle. Because of the Lorentz in-
variance, those transformations must be local and an additional �eld has to be added
in the theory for each generator of the group. The new �elds transform with the
adjoint representation of the Lie group and they correspond to spin-1 particles that
are the mediators of the forces.

The three forces described by the Stan-

Figure 1.1: Table of Standard Model particles
[2].

dard Model are carried by speci�c par-
ticles called gauge boson. The electro-
magnetic interaction is carried by pho-
tons (γ). The weak interaction is car-
ried by W+ and W– that are electrically
charged, and by Z that is neutral. The
strong interaction is carried by 8 gluons
(g). Photons and gluons are massless
mediators, while the weak bosons have
a mass of mW ' 80 GeV and mZ ' 91
GeV. The gauge bosons are shown in
Figure 1.1 together with the matter par-
ticles.

The symmetry group that describe the Standard Model interactions is

SU (3)c ⊗ SU (2)L ⊗ U (1)Y (1.1)

The dynamic that derives from the SU (3)c symmetry is called quantum chromody-
namic (QCD). The QCD de�nes the strong interaction and the corresponding force

1The experiment of Goldhaber [1] shown that there are no light right-handed neutrinos, therefore
they are not included in the Standard Model description
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mediators are called gluons. The quarks transform as a triplet under the action of
the SU (3)c group, therefore three equivalent copies of each quark exist. Each copy is
characterized by a di�erent state called color charge. This peculiar interaction has
some speci�c characteristic that forces the quarks to bond in colorless states. These
bound states are composed of two or three quarks and they are called hadrons. Free
quarks and gluons can not exist in nature. Leptons and the other bosons do not
interact via strong force and they do not have any color charge.

The electroweak interactions [3, 4, 5] are described by the action of SU (2)L⊗U (1)Y
on the matter �elds. The four generators correspond to the boson �elds W i

µ and Bµ.
The action of both SU (2)L and U (1)Y are di�erent on the two chiral components
of each fermion. The right-handed chirality components are singlet under SU (2)L
while left-handed ones are arranged in doublets and are mixed by the SU (2)L trans-
formations. Speci�cally, the left-handed components of up-type and down-type
quarks of the same generation form a doublet qL =

( uL
dL

)
as well as the left-handed

components of the leptons `L =
( eL
νL

)
. Since U (1) is an abelian group, its represen-

tations are identi�ed by a constant called hypercharge. The representations of the
three gauge groups are summarized in table 1.1.

qL uR dR `L eR
SU (3)c triplet triplet triplet singlet singlet
SU (2)L doublet singlet singlet doublet singlet
U (1)Y 1/6 2/3 -1/3 -1/2 -1

Table 1.1: Representations of the gauge groups on fermions.

In order to have local invariance under the gauge transformations, the gauge �elds
have to be added in the theory. Moreover, all the space-time derivatives ∂µ must be
promoted to covariat derivative

Dµ = ∂µ + igSt
aGa

µ(x) + igT iW i
µ(x) + ig′YBµ(x) (1.2)

where gS , g, and g′ are the coupling constant of the strong, weak, and hypercharge
�elds, Ga

µ(x) are the �elds of the gluons, and ta, T i, and Y are the generators of the
Lie group in the rappresentation required by the �eld. Such a substitution generates
coupling terms between the matter particles and the gauge bosons.

1.1.4 Gauge boson kinetic term
The local invariance requirement introduces the gauge bosons in the theory. The
kinetic term for the gauge �elds can be written as

Lg = –1
4G

a
µνG

a µν – 1
4W

i
µνW

i µν – 1
4BµνB

µν (1.3)

where Ga
µν , W i

µν , and Bµν are called �eld strength tensors and they are de�ned to
be the commutator of the covariant derivative Dµ associated to the corresponding
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�eld. For any generic �eld Aa
µ with coupling g, the �eld strength tensor Faµν can be

expanded as
Faµν = ∂µAa

ν – ∂νAa
µ + igf abcAb

µA
c
ν (1.4)

The constants f abc are called structure coe�cients, they are totally antisymmetric
and they are related to the algebra of the generators. The hypercharge group is
abelian, therefore its structure coe�cient is zero and its signal strength tensor does
not contain the third term of equation 1.4. Instead, SU (3) and SU (2) have several
non zero structure coe�cients, and the third term generates both third and quartic
vertices between strong and weak boson �elds.

A mass term for the gauge boson is not allowed because it would not be gauge
invariant. In the Standard Model, the weak boson masses, as well as the masses of
the fermions, arise from the Higgs mechanism.

1.2 The Higgs sector
Spontaneous symmetry breaking is a phenomenon in which a physical system is
described by a Lagrangian that is invariant under certain transformations, but the
lowest energy state does not exhibit the same symmetry. The actual implementa-
tion of the symmetry breaking in the Standard Model is realized through a complex
scalar �eld whose states are not invariant under SU (2)L ⊗ U (1)Y . This process is
called the Higgs mechanism [6, 7, 8, 9, 10, 11].

A new �eld H (x) that is a doublet under SU (2) and with hypercharge 1/2 is intro-
duced in the theory. A potential of the form

V (H ) = –µ2H†H + λ(H†H )2 (1.5)

and the kinetic term associated to the H (x) �eld

K(H ) = DµH
†DµH (1.6)

are added in the lagrangian. The potential produces a new ground state therefore
the lagrangian has to be expanded around the new minimum

H (x) = 1√
2
e–i θa(x)σa/2

(
0

v + h(x)

)
(1.7)

where v =
√
µ2/λ is called vacum expectation value. The covariant derivative

DµH (x) contains also the gauge boson �elds as seen in equation 1.2, therefore such
an expansion produces in the lagrangian the following quadratic terms

1
8g

2
(
W (1)
µ

2 + W (2)
µ

2
)

(v + h(x))2 + 1
8

(
gW (3)

µ – g′Bµ
)2

(v + h(x))2 (1.8)

The mass terms for the gauge bosons arise from this procedure. The �rst term of
the equation contains the �elds W (1)

µ and W (2)
µ which are combined in W–

µ and W+
µ
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and produce the mass of the W boson mW = g2v2/4. The �elds W (3)
µ and Bµ are

rotated to obtain the �elds of the Z boson and the photon. The last quadratic term in
equation 1.8 provides a mass for the Z boson mW = (g2 + g′2)v2/4 while the photon
remains massless. The massless photon corresponds to an unbroken generator that
is by de�nition the electrical charge.

The minimum produced by the Higgs potential is not invariant under the initial
symmetry, however, it is invariant under the transformation produced by Q. There-
fore, the pattern associated with this symmetry breaking is SU (2)L ⊗ U (1)Y →
U (1)em. The entire procedure does not a�ect the color symmetry SU (3)c .

This mechanism introduces in the lagrangian a scalar �eld h(x) that derived directly
from H (x) and it is the �eld associated with the Higgs boson. The Higgs mass can be
obtained from the potential V (H ) and it is a free parameter in the Standard Model.

1.2.1 Couplings with gauge bosons
The equation 1.8 can be rearranged in the following(

mWW+
µW

µ– + 1
2mZZ

2
)(

1 + 2h(x)
v

+ h(x)2

v2

)
(1.9)

The left factor is the mass term for the two weak boson �elds while the right factor
contains two terms in h(x) that form the couplings between the Higgs and the gauge
bosons. Therefore, the Higgs mechanism predicts the existence of triple and quartic
vertices of the Higgs and the weak bosons �elds. Moreover, it predicts also the
values of the corresponding coupling constant:

gHVV = 2m2
V

v

gHHVV = m2
V

v2

(1.10)

In particular, the triple couplings are very important for the Higgs boson studies
because they contribute signi�cantly to the Higgs production at hadron colliders.

1.2.2 Couplings with fermions
Mass terms for fermions m(ψ̄LψR + ψ̄RψL) are not allowed in the lagrangian because
they are not invariant under SU (2) transformations. However, such terms must be
present because fermions are observed to be massive. Such an issue is repaired by
exploiting the non-zero vacuum expectation of the �eld H (x). In fact, the coupling
between fermions and H (x) is gauge invariant and can be used to construct mass
terms for the fermions [12, 13]

yφ (ψ̄(u)
L , ψ̄(d)

L )H ψ
(d)
R + h.c. =

yφv√
2
ψ̄

(d)
L ψ

(d)
R +

yφ√
2
hψ̄(d)

L ψ
(d)
R + h.c. (1.11)
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The interaction term is called Yukawa coupling. Equation 1.11 produces the mass
term for down-type quarks and for charged leptons. For up-type quarks, the coni-
ugate �eld H̃ (x) = iσ2H (x) is used:

yφ (ψ̄(u)
L , ψ̄(d)

L )H̃ ψ
(u)
R + h.c. =

yφv√
2
ψ̄

(u)
L ψ

(u)
R +

yφ√
2
hψ̄(u)

L ψ
(u)
R + h.c. (1.12)

The di�erence between the original mass terms and the Yukawa couplings is the
interaction between the fermion and the Higgs �eld h(x). This interaction comes
directly from the requirement of gauge invariance.

Therefore, the Standard Model explains the fermion masses through the Yukawa
term and it predicts the existence of a coupling between the Higgs boson and each
fermion. The value of the coupling is expected to be proportional to its mass for all
fermions:

λf =
mf

v
(1.13)

1.3 The Higgs boson at the LHC
One of the main driving motivations for the Large Hadron Collider (LHC) construc-
tion was to �nd proves about the electroweak spontaneous symmetry breaking. In
2012, the ATLAS [14] and CMS [15] Collaborations descoverd a new particle with
mass around 125 GeV [16, 17, 18]. Subsequently, both the experiments established
that the properties of the new particle, including its spin and CP properties, are
compatible with those predicted by the SM for the Higgs boson.

1.3.1 Higgs production channels
The Higgs boson at the Large Hadron Collider is produced through four main mech-
anisms, called modes or channels. The exact values of the cross-sections of the four
channel productions depend on the center of mass energy of the proton-proton col-
lisions, however, the relative contribution to the total Higgs production is about
constant at the energies explored by the LHC. Figure 1.2 shows the cross-sections
of the main Higgs production channels for energies ranging from 7 to 14 TeV. The
accuracy of the theoretical calculations of the Higgs cross-section is reported in
Figure 1.2 for each process. The uncertainty due to strong interactions is domi-
nant in the calculation. Table 1.2 shows the predicted cross-sections of the main
Higgs production at

√
s = 13 TeV collisions for a Higgs boson mass of 125 GeV. The

cross-sections of the Higgs production at the Large Hadron Collider are smaller of
several order of magnitude than the cross-sections of strong processes. Therefore
the Higgs searches are performed in conditions where the signal over background
ratio is very small.
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Figure 1.2: Cross-sections of the main
Higgs production channels as a function
of the center of mass energy of the colli-
sions. The solid line indicates the central
values while the band shows the uncer-

tainties [19]

Channel σ(pp→ H )[pb]
ggH 48.58 +2.93

–3.77

VBF 3.782 +0.081
–0.080

ZH 0.884 +0.036
–0.031

W+H 0.840 +0.025
–0.026

W–H 0.533 +0.011
–0.011

ttH 0.507 +0.035
–0.050

Table 1.2: Cross-sections of the main
Higgs production channels at

√
s = 13

TeV proton-proton collisions for a Higgs
boson mass of 125 GeV [20].

The gluon-gluon fusion (ggH) is the Higgs production mechanism with the largest
cross-section at the LHC. In this process, the Higgs boson is produced by the fusion
of two gluons through a heavy quark loop. The quark that contributes mostly to
this process is the t-quark because of the proportionality between the mass and the
coupling with the Higgs. The ggH production has not any characteristic features
that can be used to identify these events, therefore it is not ideal for hadronic Higgs
decays searches. However, it contributes signi�cantly to Higgs searches because of
the high cross-section. The main diagram of the gluon-fusion Higgs production is
shown in Figure 1.3.

The vector boson fusion (VBF) is de�ned by the virtual collision of two gauge
bosons, which may be both Z or W bosons. It has a cross-section about ten times
smaller than the ggH one and it is the second most frequent Higgs production mech-
anism at the LHC. In the VBF channel, the initial partons exchange a transverse
momentum that is typically lower than the center of mass energy of the quarks,
therefore they hadronize in two separated high rapidity jets. Moreover, since the

(a) (b)

Figure 1.3: Main Feynman diagrams for the ggH (a) and VBF (b) Higgs productions.
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(a) (b) (c)

Figure 1.4: Quark initiated (a) and gluon initiated (b) Feynman diagrams for the Higgs-
strahlung production.

VBF is a pure electroweak process, low hadron activity is expected in the central
part of the detector where the produced Higgs boson is typically directed at. These
particular features are extremely important to tag this process and to reduce the
huge amount of QCD background that arises from proton-proton collisions. Fig-
ure 1.3 shows the main Feynmann diagrams for the VBF production at the LHC.

The Higgs-strahlung (VH) process consist in the emission of a Higgs boson from
a gauge boson. The �nal state consists of a Higgs boson and a gauge boson. The
presence of the gauge boson is an important signature that is exploited in Higgs
searches. In particular, the presence of charged leptons or neutrinos coming from
the gauge boson decay is extremely e�cient to reduce the QCD background. The
Higgs-strahlung process is divided into W+H, W–H, and ZH productions that have
about the same cross-section. The main diagrams of the three VH processes are
quark initiated, however, a small contribution of ZH production arises from gluon
initiated process. Figure 1.4 shows the main Feynmann diagrams for the VH pro-
duction, the quark initiated process contributes to about 90% of the total Higgs-
strahlung production at the LHC.

The top pair associate production (ttH) is the

Figure 1.5: Main diagram of the top
associated Higgs production.

production of the Higgs boson together with two
t-quarks. This channel allows the direct mea-
surement of the Higgs boson coupling with the
t-quark. The signature of this process consists
of having two t-quarks that can be identi�ed
from the presence of W bosons and b-quarks in
the events. Moreover, it is also characterized by
a high jet multiplicity. This signature makes the
ttH channel to be worth studying even if it has
a very small cross-section. The main Feynman
diagram of the ttH production is shown in Fig-
ure 1.5.

There are several other Higgs productions like bbH and tH and their contribution
to the total Higgs production has to be taken into account in Higgs measurement.
However, they have not been target of direct searches so far because of their small
cross-sections and weak signatures.
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1.3.2 Higgs decay channels
The Standard Model predicts the decay amplitude of the Higgs boson and its branch-
ing fraction in each possible �nal state. At 125 GeV, the total decay amplitude is
about 4 MeV, corresponding to a lifetime of the order of 10–22 seconds. In such a
short lifetime, the Higgs boson cannot travel signi�cantly in the detector, therefore
it is not directly measured but it has to be identi�ed from its decay products.

The Higgs boson can decay into each quark or charged lepton pair because of the
Yukawa interaction, the only exception is H→ t̄t which is kinematically forbidden.
The branching fractions B(H → f f̄ ) strongly depend on the fermion mass. The
dominant decay is H→ bb̄ with a branching fraction of about 58%. Other signi�-
cant decays are H→ ττ and H→ cc̄. The remaining Higgs decays into fermions are
very small because of the fermion masses.

The Higgs boson can decay also in gauge boson pairs. For the cases of W or Z,
one of the bosons has to be virtual since 2mV > mH . For the cases of gluon and
photon, the �nal state is reached via a fermionic loop because the Higgs boson does
not couple directly with them. In the case of H→ γγ, a loop of W is possible too.
Decays into di�erent neutral bosons, like Zγ, are also possible via a fermionic loop.
Table 1.3 shows the predicted branching fractions to fermions and to bosons for a
Higgs boson with a mass of 125 GeV.

Decay channel Branching fraction [%]
H→ bb̄ 58.24 +0.72

–0.74
H→ ττ 6.27 +0.10

–0.10
H→ cc̄ 2.89 +0.16

–0.06
H→ µµ

(
2.18+0.04

–0.04
)
· 10–2

H→WW 21.37 +0.33
–0.33

H→ gg 8.19 +0.42
–0.42

H→ ZZ 2.62 +0.04
–0.04

H→ γγ 0.227 +0.005
–0.005

H→ Zγ 0.153 +0.009
–0.009

Table 1.3: Main predicted branching fractions to fermions and to bosons for a Higgs boson
with mass 125 GeV [20].

1.3.3 Previous Higgs measurements
The �rst observation of the Higgs boson has been reached from both the ATLAS
and CMS experiments via the H→ 4` and H→ γγ decay channels. Immediately
after, both the decays have been observed independently by CMS and ATLAS [21,
22, 23, 24] as well as the H→ WW → 2`2ν decay channel [25, 26]. Moreover, the
�rst estimate of its mass [27], which was the missing parameter in the Standard
Model, has been given.
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Spin and parity quantum numbers of the Higgs boson have been extracted from the
angular distributions of the Higgs decay products in the H→ 4` and H→ γγ, and
H→ WW→ 2`2ν channels. Data are compatible with the Standard Model JP = 0+

quantum numbers, while they exclude alternative hypotheses [28, 29, 30].

Several studies have been performed from the CMS and ATLAS collaboration with
the data collected in 2011 and 2012, called Run 1. After Run 1, the data collected have
been used to perform tests about the overall consistency between the predicted and
measured properties of the newly discovered particle[31, 32]. Moreover, the two
experiments published two common papers to combine the measurements of the
mass and of the couplings [27, 33].

The large signi�cances obtained from the measurements of the decays to vector
bosons verify the spontaneous symmetry breaking in the electroweak sector pre-
dicted by the Standard Model. These observations close a big chapter in high energy
physics since they successfully con�rmed the electroweak uni�cation. However,
the Run 1 data was not su�cient to probe also the Yukawa couplings with the same
precision. In fact, none of the fermionic decays had reached the 5σ threshold in Run
1, leaving the entire fermionic sector still to be con�rmed.

The LHC started a new period of data-taking in 2015, called Run 2. The large amount
of data collected in Run 2 allowed to observe some decays and production modes
that were missing after Run 1. In particular, observing the Higgs to fermion cou-
plings was crucially important to end verifying Higgs sector in the Standard Model.

The 5σ signi�cance of the H→ ττ was reached by the combination of ATLAS and
CMS results obtained with Run 1 data [33]. However, the two collaborations ob-
served independently the decay in Run 2 using the 2016 data [34, 35]. The dedicated
studies of the VBF Higgs production channel contributed signi�cantly in obtaining
the observation of the ττ decay. Such a result con�rmed the coupling of the Higgs
with leptons.

The coupling of the Higgs boson with the t-quarks has been measured by observing
the ttH production mode. The Higgs to t-quark coupling could have been indirectly
extracted from the gluon-fusion Higgs production, instead, the observation of the
ttH production constitutes the �rst direct measurement of that coupling and it cer-
ti�cated the interaction between the Higgs and the up-type quarks. Both ATLAS
and CMS obtained the 5σ signi�cance over the background-only expectation during
Run 2[36, 37].

The observation of H→ bb̄ has been reached in 2018 by CMS and ATLAS using 2016
and 2017 data [38, 39]. The most sensitive production channel for this search is VH.
These measurements probed the coupling of the Higgs boson with the down-type
quarks, thus demonstrated that the equations 1.11, and 1.12 hold for all �avors of
the third generation fermion.
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The huge amount of data collected in Run 2 have been used to perform also several
other important measurements about the Higgs. In particular, its mass has been
�tted using H→ γγ and H→ ZZ decay channels [40, 41]. The combination obtained
with the Run 1 data is

mH = 125.38± 0.11(stat)± 0.08(syst) GeV (1.14)

and it is the most precise measurement of the Higgs boson mass up to date.

The total width of the Higgs mass peak has been measured in a model-dependent
way by comparing the on-shell and o�-shell production rates in the ZZ decay mode
[42]. The comparison between measured and predicted Higgs width is very im-
portant to spot physic beyond the Standard Model. In particular, the total width is
sensible to possible Higgs decays into dark matter particles. The Higgs width has
been measured to be 3.2+2.8

–2.2 MeV, in agreement with the expectation. The observed
width is shown with the 68% and 95% con�dence level in Figure 1.6.

Figure 1.6: Observed (solid) and expected (dashed) likelihood scans of the Higgs total width.
Results are shown using only the data collected in 2016 and 2017 (black) or from the com-

bination with the Run 1 (red) [42].

1.3.4 Previous H→ µ+µ– measurements
The Yukawa couplings of the Higgs boson with the third generation fermions have
been observed consistently with the Standard Model predictions. In order to prove
that the Higgs mechanism works with all fermions, the Higgs interaction with the
�rst and second generations has to be established. Measuring the Higgs decay to
�rst generation fermions is impossible at the LHC since only a few events are ex-
pected to be produced during Run 2. Therefore, particular attention is focused on
measuring the Higgs coupling to the second generation.

The coupling of the Higgs with the c-quark is the highest one among the second
generation fermions because of the higher mass. However, the Higgs decay to c-
quarks is di�cult to identify at hadron colliders because of the large amount of QCD
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background. For the same reason, the Higgs decay to strange quarks is even more
di�cult.

On the other hand, the Higgs decay into muons has the advantage of better signal-
to-background ratio, but the disadvantage of a low branching fraction. Moreover,
the dimuon invariant mass can be measured with great precision and it can be ex-
ploited in the H→ µµ searches. In addition, the measurement of the dimuon in-
variant mass is much more precise than the one of two jets. Therefore, the Higgs
decay into muons is the best decay channel to probe the coupling with the second
generation.

Higgs to muon decay searches have been performed by ATLAS and CMS collabo-
rations since Run 1. The observed upper limits on the production rate were found
to be about 7 times the Standard Model prediction [43, 44]. The data collected in
Run 1 proved the non �avor-universality of the leptonic couplings with the Higgs,
however, they were not su�cient to probe the expected coupling value.

During Run 2, both ATLAS and CMS collected enough data to obtain more signif-
icant results. The ATLAS collaboration published a �rst result obtained with the
data collected in 2016 and 2017 [45]. Subsequently, a reanalysis of the entire Run 2
dataset has been performed, resulting in an observed (expected) signal signi�cance
of 2.0σ (1.7σ). The obtained upper limit exclusion at 95% con dence level is 2.2 times
the Standard Model expectation [46]. The CMS collaboration �rst published a re-
sult using only the 2016 dataset, setting an upper limit of 2.9 the standard model
cross-section [47].

Subsequently, a great e�ort has been devoted to the analysis of the full CMS Run
2 dataset, which is the main topic of this thesis. Several improvements were added
to the search, allowing to reach a sensitivity previously not thought possible with
only the Run 2 data. Thanks to the excellent detector features of CMS and to the
strong analysis e�ort, the CMS result is signi�cantly better than all the previous
results for the channel.

1.3.5 Combined production and decay measurements
The observed rates of the Higgs productions and decays that are measured by CMS
and ATLAS collaborations have to be compared to the Standard Model predictions
in order to test the agreement between experiment and theory. Such a comparison
is described by the signal strength modi�er µ, de�ned as the ratio of the measured
Higgs boson rate to its SM prediction. For each production and decay channel the
signal strengths for productions µi and for decays µf are

µi = σ(i→ H )
σSM (i→ H ) and µf = B(H → f )

BSM (H → f ) (1.15)

where i is the Higgs production process and f is the �nal state. In the Standard
Model, all the signal strengths are equal to unity. Production and decay strengths
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cannot be individually measured without additional assumptions, therefore exper-
imental searches are sensitive to the product µfi = µi · µf .

All the results obtained from the various Higgs searches can be combined with a
simultaneous �t in order to better constrain the signal strength parameters. The
overall �t can be performed with several assumptions. All the signal strengths µi
and µf can be considered independent and they can be extracted simultaneously in
the overall �t. Otherwise, a single overall signal strength can be extracted varying
simultaneously all the signal strength modi�ers. Figure 1.7 shows the post-�t signal
strength modi�ers for productions and for decays. The production signal strengths
are extracted assuming the Standard Model branching fractions, while the decay
signal strengths are extracted assuming the Standard Model cross-sections. The
two simultaneous �ts have been performed using the results obtained at the begin-
ning of Run 2 [48]. All the obtained results are consistent with the Standard Model
expectations.

(a) (b)

Figure 1.7: Signal strength modi�ers for each production (a) and decay (b) channel. The
horizontal bars show the 1σ and 2σ uncertainties while the red bars indicates the 1σ sys-
tematic uncertainties. The overall signal strength is shown in the last point in (a). The signal
strengths shown in (a) and (b) do not includes the measurement of the Higgs boson decay

into muons described in this thesis [48].

The signal yields can also be expressed in terms of the coupling strength modi-
�ers within the κ-framework [49]. A set of coupling modi�ers ~k is introduced to
parametrize deviations from the Standard Model couplings. For any given produc-
tion or decay process j, the coupling modi�er kj is

k2
j =

σj

σSMj
or k2

j =
Γj

ΓSM
j

(1.16)
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The di�erence between signal strength and coupling strength parametrizations is
that the latter describe single processes either in production and in decay channels.
In fact, production and decay anomalies are described by the same set of parameters
in the κ-framework, while they are described by di�erent parameters in the signal
strength framework.

At tree-level, the coupling modi�er can be interpreted as multiplicating factors of
the Standard Model couplings:

yj = kjy
SM
j (1.17)

therefore they probe directly the consistency of the data with the Standard Model
vertices. Additional e�ective coupling modi�ers can be de�ned for gluons and pho-
tons kg and kγ , which describe the loop process for ggH production and for γγ
decay.

Similarly to the signal strength modi-

Figure 1.8: Coupling modi�ers and best �t
values as a function of particle mass. The
dashed blue line indicates the predicted de-
pendence on the particle mass in the case
of the SM Higgs boson. The couplings and
the �t shown in this plot do not includes the
measurement of the Higgs boson decay into

muons described in this thesis [48].

�ers extraction, a simultaneous �t among
all the Higgs results obtained by CMS
is performed to estimate the values of
the coupling modi�ers. Six free cou-
plings parameters are introduced in the
�t kW , kZ , kt , kτ , kb, kµ while the ef-
fective coupling kg is expressed in as a
function of kt and kb. Figure 1.8 shows
the Higgs couplings best �t with the data
collected at the beginning of Run 2. The
overall �t is in agreement with the Stan-
dard Model prediction. The �t shown
in Figure 1.8 takes into account the Higgs
to muon decay search of Ref. [47] while
it does not consider the results presented
in this thesis. In the Standard Model,
the Higgs coupling with the fermions
is proportional to the ratio m/v (equa-
tion 1.13) while the couplings with the
weak bosons are proportional tom2/v2 (equation 1.10). For this reason, anomalies in
the coupling modi�er with fermions kf and in the square of the coupling modi�ers
with bosons

√
kV are proportional to m/v.
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Chapter 2

The CMS experiment at the
LHC

The following chapter describes the Large Hadron Collider (LHC) and the CMS exper-
iment whose data have been used in the analysis presented in this thesis. The main
CMS subdetectors and their performance will be summarized.

2.1 The Large Hadron Collider
The large Hadron Collider (LHC) is a circular proton-proton accelerator, located at
CERN, on the Swiss-French border. It is currently the largest and most powerful
particles accelerator ever built. The LHC is built inside the tunnel previously used
for the Large Electron-Positron Collider (LEP). The tunnel is about 27 km in length,
it is located about 100 m [50] underground and the circle rests on a plane inclined
at 1.4% respect to gravity.

The LHC tunnel has not exactly a circular shape but is formed by 8 rectilinear sec-
tions and 8 circular portions. Arcs has an internal radius of 3.7 km and contains
magnetic dipoles that are used to curve the beams reaching a maximum magnetic
�eld of 8.33 T. The rectilinear sections in the tunnel are approximately 528 m long.
They are named from 1 to 8 and they host experiments or utilities. They also con-
tain magnetic quadrupole in order to compensate the transverse dispersion of the
protons in the bunches, caused by their mutual repulsion and by synchrotron radi-
ation.

Experimental insertions are located in the rectilinear section. ATLAS (A Toroidal
LHC Apparatus) and CMS (Compact Muon Solenoid) experiments are located at
Point 1 and 5 respectively. They are both multi-purpose experiments, designed to
investigate a wide range of scenarios. Their focus includes Higgs boson properties
study and new physics properties searches at TeV scale. They have similar struc-
tures and similar subdetectors in order to have comparable results and to have the
possibility to cross check each other’s studies. ALICE (A Large Ion Collider Ex-
periment) studies a phase of matter called quark-gluon plasma that is formed in
high energy nuclear collisions. Those studies are performed collecting heavy-ion
collisions. LHCb is an experiment designed to perform precision measurement of
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processes related to b-quark and CP-symmetry violation.

Point 2 and Point 8 contain ALICE and

Figure 2.1: LHC Layout[50].

LHCb experiments and the injection sys-
tems for Beam 1 and Beam 2. Points 3
and 7 contain two collimation systems.
Radio frequency systems are located at
point 4 and point 6 contains the beam
dump insertion. Points 3 and 7, as well
as 4 and 6, do not contain beam cross
interaction points. Figure2.1 shows LHC
Layout and the content of rectilinear sec-
tions.

Protons are accelerated and injected in the LHC by a chain of four accelerators.
The �rst one is a linear accelerator that injects particles in a chain of three circular
accelerators, and �nally, they are injected in the LHC with opposite directions in
two separate beam pipes with an energy of 450 GeV. The particles are accelerated
inside LHC by radio-frequency cavities in Point 4 from 450 GeV to 7 TeV, therefore
the center of mass energy of particles collision is 14 TeV. The particles circulate
grouped in bunches; each beam pipe contains about 2800 bunches in LHC and each
proton bunch 1011 protons. The bunches are spaced 25 ns in time in the nominal
design therefore collisions happen every 25 ns.

Figure 2.2: Peaks of istantaneous luminosity versus day delivered by CMS per day during
stable beams and for pp collisions[51].

The collision rate of an accelerator is measured by the luminosity. The luminosity
is the ratio of the rate of produced events to the interaction cross section

R = L · σ

Searching rare events requires a large number of collisions; for this reason, the
beams are "compressed" in the transverse plane just before entering in the exper-
iments, in order to increase the luminosity of each bunch crossing. The CMS de-
signed luminosity of 1034 cm–1s–1 has been achieved and exceeded in the last three
years of data taking. Figure2.2 shows the maximum istantaneous luminosity reached
by CMS during the Run 2. Integrated luminosity recorded by CMS and usable for
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physics analyses are 35.9 fb–1 for 2016, 41.53 fb–1 for 2017, and 60.0 fb–1 for 2018.

Rare events searches need high lumi-

Figure 2.3: Distribution of the average num-
ber of interactions per bunch crossing (pileup)
for pp collisions in Run 2, the overall mean

values are shown year by year[51].

nosity, but at high luminosity the rate
of minimum bias collisions exceeds the
bunch crossing rate and there is more
than one minimum bias interaction per
bunch crossing. This e�ect is known
as "pile-up". Pile-up interactions pro-
duce noise and tracks that makes object
reconstruction more di�cult, therefore
a compromise has to be found: the higher
the luminosity is, the rarest events can
be searched, but simultaneously the higher
luminosity is the worse the event re-
construction is. Figure2.3 shows the num-
ber of interactions per bunch crossing
per year. The distribution is di�erent year by year, average number of interactions
is related to luminosity and it is shown in the legend for every year.

2.2 The CMS Experiment

Figure 2.4: CMS and all its sub-detectors [52]

The Compact Muon Solenoid (CMS) is a barrel shaped detector, centered at the
nominal point where the beams collide. It consists of a central part called barrel
and two external parts called endcaps, placed at the ends of the cylindrical barrel.
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CMS weighs 12500 t, has a diameter of 14.6 m and a length of 21.4 m, Figure 2.4
shows the layout of the CMS experiment and all its subdetectors.

The heart of CMS is its superconducting solenoid that provides a magnetic �eld of
3.8 T with the axis aligned along the beams direction. The bore is 13 m long and
it has a radius of 3 m. The magnetic �ux is returned by an iron yoke composed by
3 wheel in the barrel and three disk in each endcaps. The �ux saturates the 1.5 m
of iron and ensures enough bending power to measure the muon momentum that
crosses the detector.

Starting from the interaction point a particle crosses the silicon tracker, the electro-
magnetic calorimeter (ECAL) and the hadron calorimeter (HCAL) before reaching
the coil. Outside the coil the muon detection system is imbibed in the iron of the
yoke of the magnet. The endcaps are shaped in layers perpendicular to the beam
line and they have ECAL and HCAL sections and the muon system imbibed in the
iron of the yoke like in the barrel.

The right-handed coordinate system of CMS has the center at the collision point
and is de�ned with the x̂ axis pointing towards LHC center, the ŷ axis pointing
upwards and the ẑ axis along the beam direction. The azimuthal angle φ is de�ned
in the x-y plane, it is measured from the positive direction of the x-axis and it varies
in (ϕ ∈ [–π,π)). The polar angle θ is measured from the positive direction of the
z-axis and r is the radial distance de�ned by r =

√
x2 + y2.

In hadron-hadron collision the center

Figure 2.5: Some pseudorapidity values [53].

of mass of the interaction is boosted along
the z-axis with respect to the labora-
tory frame. The rapidity

y = 1
2 ln
(
E – pz
E + pz

)
is additive under boost along the z-axis
and therefore rapidity di�erences are con-
stant in those reference frames. Pseu-
dorapidity, de�ned by

η ≡ –ln
[
tan
(
θ

2

)]
is an approximation of rapidity. The two match in the relativistic limit and pseudo-
rapidity is used as a coordinate in place of the polar angle.

Figure 2.5 shows some pseudorapidity values with the corresponding polar angle θ.

A brief description of CMS sub-detectors is given in the following sections, a more
detailed description can be found in reference [54, 52].
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2.2.1 The Silicon Tracker
The silicon tracker [55, 56] is the closest detector to the interaction point and it pro-
vides precise and e�cient measurements of the trajectories of the charged particles.
Proton-proton interactions produce order of 103 particle every 25 ns, therefore the
tracker has been designed to have high granularity and fast response in order to
identify reliably the particles and associate them with the correct bunch crossing.
These features have been achieved using as low material budget as possible in or-
der to minimize multiple scattering, nuclear interaction, photon conversion and
bremsstrahlung.

Charged particles crossing the detector have bended courses because of the intense
magnetic �eld generated by the superconducting solenoid. The tracker measures
the trajectory of each particle and its curvature is used to derive the momentum.
Moreover, trajectories are backward extrapolated in order to reconstruct the posi-
tion of the primary and secondary interaction vertices.

Figure 2.6: Longitudinal section of one quarter of the CMS tracker. The pixel detector is
shown in green. The single side strip modules are shown in red while the double side strip

modules are blue [57].

The silicon tracker is divided in two main sections: the closest to the beamline, made
of pixel modules (PIXEL), and the outer part, made of silicon strips. The Silicon
Strip detector, in turn, is divided in two: the inner one, called tracker inner barrel
(TIB) and tracker inner disks (TID), and the outermost one, calle tracker outer bar-
rel (TOB) and tracker endcaps (TEC).The total length of the tracker is 5.8 m and its
diameter 2.5 m, and it can detect particles up to |η| = 2.5. Figure 2.6 shows an r – z
section of the tracker.

The tracker is composed by several modules and the modules are arranged in cylin-
drical shape and in disks placed at the two endcaps in order to cover as most solid
angle as possible. Modules are made of pixel and strip shaped diodes. The charged
particles that cross the detector excite the electrons of the semiconductor liberating
electron-hole pairs. The charge carriers would normally follow the electric �eld but,
in the barrel, the magnetic �elds make the electrons and holes drift along a direction
that is tilted with respect to the electric �eld. The angle between the direction of
the electric �eld and the electron drift is called Lorentz angle. This angle depends
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on the module position and on the intensity of the electric and magnetic �eld, thus
it is not the same in all the modules of the traker.
In the pixel detector, the Lorentz an-

Figure 2.7: Drawing of the path of the elec-
trons and holes inside the pixel detector [58].

gle is about 25◦ (see Figure 2.7 ) there-
fore the collected charges are spreaded
among more than one pixel. In the mod-
ules of the strip detector, the Lorentz
angle is very high and this e�ect is com-
pensated by inclining properly the mod-
ules in order to obtain the optimal charge
sharing between adjacent strips.. The
particle position is measured by inter-
polating the charge read by adjacent pix-
els (or strips), reaching a precision much
greater than the pixel (strip) width.

Pixel detector

The pixel system [59] is the part of the tracker that is closest to the interaction re-
gion. The modules have silicon pixels with a surface of 100× 150 µm2 and 285 µm
thick. Their spatial resolution is 15-20 µm in the transverse coordinate (rφ for the
barrel) and 20-40 µm in the longitudinal one.

The pixel detector is exposed to large radiation and it su�ers most the radiation
damage due to proton-proton collision. CMS has substituted the original pixel de-
tector with a new one during the 2016-2017 shutdown, therefore the data analyzed
in this work have been taken with two di�erent pixel detectors. The original one
has been used for 2016 data taking, while the new one for 2017 and 2018 data. The
pixels that compose the detectors are identical, the di�erences lie in the electronics
and in the layer positions.

The pixel detector is divided in a barrel region (BPIX) and a forward region (FPIX).
The original BPIX had three cylindrical layers at radii 4.4, 7.2, and 10.2 cm while
the new BPIX has four cylindrical layers at radii 3.0, 6.8, 10.9, and 16.0 cm and 54.9
cm long. Adjacent modules overlap 0.5-1.0 mm in the φ direction and there is no
overlap in the z-direction.

The original FPIX consisted of four disks, two at each endcaps, located at z = ±34.5
and z = ±46.5 from 6 to 15 cm radius. The new FPIX is composed of three disks
in each encap and each disk is divided into inner and outer rings. The disks are set
at 29, 40, and 52 cm from the interaction point, they radially cover from 4.5 to 16.1
cm, and the modules are rotated of 20◦ and placed in a turbine-like geometry. The
modules of the inner rings are also tilted of 12◦ respect to the radial direction to
enhance the charge sharing above mentioned. New BPIX and FPIX together ensure
a four-hit measurement for all the tracks with |η| < 2.5. Figure 2.6 shows transverse
and longitudinal sections of the original and the upgraded detectors.
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Figure 2.8: (left) Transverse sections of the pixel detectors, the region under the beam line
shows the original detector while the region above shows the current one. (right) Longitu-
dinal sections of the pixel detectors, the left side of the drawing shows the original detector

while the right side shows the current one. [59].

Strip detector

The four subdetectors TIB, TID, TOB and TEC are made of microstrip modules and
surround the pixel detector. The strip shaped diodes have di�erent dimensions,
their width vary from 80 to 205 µm and their length from 8.5 to 20 cm. The strips
length runs along the beam in order to have a precise measurement of rφ at the
expense of the z coordinate.

The strip subdetectors are equipped with both single-side and double-side modules.
The latters are made of two modules mounted back-to-back with the strip tilted by
an angle of 100 mrad. This setting allows to measure the longitudinal coordinate and
improves the measurement of rφ. Moreover, when more than one particle crosses
the same module, the solution of the ambiguities in pairing the coordinates is sim-
pli�ed as shown in Figure 2.9. Figure 2.6 shows the single-side and the double-side
modules of the strip detectors.

The spatial resolution of the silicon microstrips is very di�erent from one module
to the other, depending on the strip dimensions and the location. The resolution of
the TIB and TID modules varies from 15 to 40 µm, while in TOB and TEC from 20
to 50 µm. The double-side modules can measure the longitudinal coordinate with a
resolution that is larger by a factor of 10.

2.2.2 The Calorimeters
The calorimeters are located outside the tracker and inside the solenoid. They are
used to measure the energy of the electromagnetic and hadronic showers and there-
fore they can detect photons and neutral hadrons. Therefore the tracker and the
calorimeters are able to provide an energy measurement of all known long living
particles that proton-proton interactions may produce.
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Figure 2.9: Two di�erent strips disposition possibilities. On the left two strips are tilted by
an angle of 90◦, on the right they are tilted by 100 mrad. Magenta �lled circles represent
the positions in which particles cross the detector. The left disposition produces ambiguous

results [60].

The electromagnetic calorimeter

The electromagnetic calorimeter (ECAL) [61] is the calorimeter closer to the interac-
tion point and it is divided into two parts: the barrel (EB) and the endcaps (EE). The
barrel covers up to |η| < 1.479, while the encaps cover the regions 1.479 < |η| < 3.0,
moreover a preshower is placed in front of EE covering the regions 1.653 < |η| < 2.6.
Figure 2.10 shows the longitudinal section of the Electromagnetic Calorimeter.

Figure 2.10: Section and coverage in η of the Electromagnetic Calorimeter [52]

The ECAL is made of lead tungstate (PbWO4) crystals, 61200 are in the EB while
14684 in the EE. The PbWO4 has been chosen because it has a high density ρ = 8.28
g/cm3, a short radiation length X0 = 0.89 cm, a sall Moliere radius1 RM = 2.2 cm,
and a very fast response. This properties allows the calorimeter to have a compact

1Moliere radius is the radius of the cylinder containing on average 90% of the shower energy.
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shape, �ne granularity and is radiation resistant.
The crystals are active materials, therefore they both induce electromagnetic shower,
and generate scintillation light to measure the energy. The scintillation light pro-
duced is in the visible range with a peak at 420-430 nm and it is detected by avalanche
photodiodes placed at one end of the crystals. Crystals reaction has to be very fast
in order to distinguish subsequent bunch crossings, about 80% of the light is emitted
in 25 ns.

The crystals have a truncated square pyramid shape with the smaller base posi-
tioned towards the interaction points. In order to avoid cracks to be aligned with
particle trajectories, the pyramid axis does not pass exactly through the interaction
point but it is tilted by a few degrees in both φ and η. The barrel crystals are 23 cm
long corresponding to 26 X0 while endcaps crystals are 22 cm which is 25 X0. The
angle coverage is approximately 0.0174 × 0.0174 in η – φ (about 1◦) therefore also
the cross sections are di�erent among barrel and endcaps. The bases are 22 × 22
cm2 and 26× 26 cm2 in the barrel while 28.6× 28.6 cm2 and 30× 30 cm2 in the en-
caps. Figure 2.11 shows a picture of a crystal with the photodetector at the rear end.

The preshower is a sampling calorime-

Figure 2.11: Endcap crystal with photodetec-
tor at the end. The crystal emits and it is

transparent to visible light [52].

ter made by two layers. Each layers is
composed by a lead radiator that initi-
ate the shower and a silicon strip de-
tector placed just after the radiator. In
total the preshower is 20 cm thick and
about 3X0. The preshower is used to
help distinguish high energy photons
from π0 that appear as two very close
photons.
The energy resolution of the electromag-
netic calorimeter has been measured with

electron beams with momenta between 20 and 250 GeV. The resolution can be
parametrized as the sum of three source

σE
E

= a
E
⊕ b√

E
⊕ c

The �rst term is the noise and it is due to electronics and pile-up, independently
of the energy. The second term is the stochastic term and it models the stochastic
processes of the electromagnetic shower and of the electronics readout. The last
term is the constant term and it is mainly due to energy scale calibration.
A typical energy resolution is shown in Figure 2.12 and it is

σE
E

= 0.28%
E
⊕ 12%√

E
⊕ 0.3%

with E in GeV.
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Figure 2.12: ECAL energy resolution as a function of the electron energy measured during
a test-beam [52].

Hadronic calorimeter

The CMS hadron calorimeter (HCAL) [62, 63] is a sampling calorimeter designed for
hadron measurements and it is the only detector available to measure the energy of
the neutral hadrons. It provides a wide angular coverage to allow a good measure-
ment of the missing transverse energy (see sec.3.2). The CMS hadron calorimeter
has four major sections: the HCAL barrel (HB), the HCAL endcaps (HE), the HCAL
outer (HO), and the HCAL forward (HF). Figure 2.13 shows the four main regions
of the hadronic calorimeter.

HB and HE are placed in between ECAL and the superconducting solenoid there-
fore it is essential to use non ferromagnetic materials. The absorber is made of brass
because brass has a short interaction length and it is easy to shape. Plastic scintil-
lators are used as active material and the light is converted by wavelength-shift
�bers to the silicon photomultipliers. HB covers the region |η| < 1.4 while HE is
in 1.3 < |η| < 3.0. The plastic scintillator tiles have di�erent dimensions in barrel
and encaps: the granularity is 0.087× 0.087 in HB and it is 0.17× 0.17 in HE in the
η – φ plane. The thickness of the calorimeter varies from 5.8 λI at η = 0 to 10.6 λI
at |η| = 1.3; the electromagnetic calorimeter adds about 1.1 λI of material.

The HO is arranged outside the magnetic coil, it covers |η| < 1.26 and it is made
of 10 mm thick scintillator with the HB angular segmentation. It is divided in 5
rings, each of them has one layer of scintillators, except the central ring which has
two of them. The HO uses the solenoid as an absorber therefore a dedicated ab-
sorber is not added. It has been installed in order to complement the central part
of the calorimeter and to ensure that hadronic showers are sampled with nearly 11
hadronic interaction lengths.
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Figure 2.13: Longitudinal section of HCAL showing the location of HB, HE, HO and HF
[63].

The HF is a Cherenkov calorimeter made of a steel absorber and quartz �bers, it
is located at 11.2 m from the interaction region and it covers up to |η| = 5.2. The
�bers are arranged longitudinally through the absorber with a spacing of 5 mm and
they are used to collect Cherenkov light generated from the shower. The �bers in
the same η×φ channel bring the light to multi-anode tubes that convert the optical
signal into an electrical one.

Figure 2.14: HCAL transverse energy resolution as a function of the measured jet divided
in pseudorapidity sections [62].

The resolution of the calorimeter is parametrized as

σ(E)
E

= A√
E(GeV )

⊕ B
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The resolution measurements have been �tted for di�erent range in pseudorapidity,
corresponding to di�erent parts of the HCAL and it is shown in Figure 2.14. The
coe�cients are about A ' 1 and B ' 0.1.

2.2.3 The Muon System
Electrons and photons produced in proton-proton interactions are absorbed by the
ECAL. Hadrons are almost entirely absorbed by the HCAL because of the high num-
ber of interaction lengths. Muons do not interact strongly and their energy loss due
to ionization is about 3-4 GeV when crossing the detectors. Therefore muons with
momentum larger than 3-4 GeV can be detected by dedicated chambers mounted in
the external part of the detector, those chambers are called muon chambers [64, 65,
66, 67].

Figure 2.15: An r-z cross section of the CMS detector, the interaction point is at the low left
corner. The various muon stations are shown in colors while the iron yoke is represented

in dark grey. M stands for Muon, B for Barrel and E for Endcap [67].

Four di�erent types of gas detector are used for muons: the drift tube chambers
(DT), the cathode strip chambers (CSC), the resistive plate chambers (RPC), and
the gas electron multipliers (GEM). The chambers are placed outside the solenoid
and they are interleaved with the iron of the return yoke to make full use of the
magnetic return �ux that is about 1.8 T. This arrangement allows a standalone mea-
surement of the muon momentum which is useful for the trigger and for the o�-line
matching between the muon chamber track and the tracker one. The presence of
electromagnetic showers due to the iron and the unavoidable cracks due to supports
and cabling complicates the track reconstruction. Therefore a highly redundant de-
sign has been chosen for the muon chambers setting. Figure 2.15 shows the layout
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of the muon system.

In the barrel, muons are measured by drift tube chambers composed by 2.4 m long,
13 mm high and 42 mm wide drift tubes (DT). The DT are gas detectors made by a
mixture of 85% Ar + 15% CO2 and they are organized in 4 stations. A DT chamber
is composed in two or three superlayers (SL), each one split in four layers of drift
tubes. The 3 innermost stations have three SLs: two SL have the wires parallel to
the beam line in order to measure the φ coordinate, one has the wire perpendicular
to the beam line in order to measure the z coordinate. The outermost station has
only the two SLs that measure φ. The SLs are the smallest independent unit of the
design. The resolution of a single tube is 250 µm on rφ coordinate and the resolu-
tion of one station is 100 µm. Figure 2.16 shows the structures of one chamber and
the sketch of a cell.

(a) (b)

Figure 2.16: (a) DT chamber inside the return yoke in the r – φ plane. The three SLs are
visible: the ones close to the RPC measure the φ coordinate while the third measure the z

coordinate.
(b) Drawing of a cell of the drift chambers [52]

The cathods strip chambers (CSC) are multiwire proportional chambers with trape-
zoidal shape covering the region 0.9 < |η| < 2.4. Each chamber consists in 6 layers
of anode wires interleaved by cathods strips as shown in Figure 2.17. The strips
run radially and they have widths from 3.2 mm and 16 mm. They measure the φ
coordinate by interpolating the induced charges, similarly to what is done for the
tracker measurements. The obtained resolution is in the range between 80 µm and
450 µm for one layer and between 75 µm and 150 µm for the chambers. The wires
are perpendicular to the strips in order to measure the pseudorapidity of the muons.
Their diameter is 50 µm and they are spaced by 2.5 or 3.175 mm. The pseudorapidity
resolution is 0.01-0.04.

The resistive plate chambers (RPC) and the gas electron multipliers (GEM) are gas
detectors that use an electric �eld to amplify the ionization. In both detectors the
signal is read by silicon strips with a coarse resolution and both RPCs and GEMs
measure the crossing time of a muon faster than the 25 ns between two consecutive
bunch crossings, therefore they are used as fast triggers.

Figure 2.18 shows the muon resolution as a function of the transverse momentum
in barrel and endcaps. The resolution is shown for muon system only, for tracker
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Figure 2.17: (left) Layout of a CSC. The cut-out reveals the anode wires and the cathods
strips, only few wires are shown. (right) Drawing of a cell of the drift chambers [52].

only, and for the combined measurement. Muon system became relevant for high
energy muons.

Figure 2.18: Momentum resolution for simulated muon tracks measured by the muon
chambers only, the tracker only and the full system [52].

2.2.4 The Trigger System
The high frequency collisions produce an amount of data impossible to store by
CMS therefore a drastic reduction has to be achieved. A trigger system performs the
event selection rejecting the events considered less important for physics analysis.
The selection is applied in two steps: the �rst one is called Level-1 trigger (L1)[68]
and it is made by programmable electronics, the second one is called High Level
Trigger (HLT)[69] and it is a software program.
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Level-1 Trigger

The task of the Level-1 trigger is to perform the �rst event selection. It reduces the
number of events from the bunch crossing rate 40 MHz to less than 100 kHz. During
the decision time, the information of the events is recorded in local bu�ers with 128
memory cells. Since the time between two bunch crossing is 25 ns, a decision has to
be taken in 3.2 µs. Taking into account signal propagation delays, L1 calculations
have to be made in less than 1 µs. L1 performs the skim mainly based on single
object events, if the event is accepted the information are read from every pipeline
memory and they will be used by the HLT.

The L1 trigger uses only coarsely segmented data from calorimeters and muon de-
tectors and it is organized in a tree level architecture. At the bottom end there are
the calorimeter trigger towers, which measure the energy deposit in the calorime-
ters, and the muon signal from DT, CSC and RPC, they are also called local triggers.
The second level is composed by the global muon trigger and the global calorimeter
trigger which combines the infomation from the local triggers. At the top, the L1
global trigger puts together all the information and performs the �nal decision.

Each muon system has its own trigger logic. The trigger front-end of the Drift Tubes
provides a rough measurement of η and φ. Muon segments are found separately in
anode and cathode electronics in Cathode Strip Chambers. Cathode signal is used to
measure the φ coordinate while anode signal is used to determine the exact bunch
crossing. Either DT and CSC are used to �t straight lines. The muons are assumed to
originate from proton-proton collisions and their curvature is computed using the
position of the beam interaction point and the line measured by the muon station.
This measurement of the muon curvature provides an estimate of the transverse
momentum. The multiple scattering strongly a�ects the pT measurement resulting
in an uncertainty of 10%. Figure 2.18 shows the transverse momentum resolution
of the muon measured by the muon system only. The uncertainties at low momen-
tum is dominated by multiple scatering e�ects. The RPC logic is based on spatial
and temporal coincidence of hits in four RPC muon stations. The RPC also helps in
resolving spatial and temporal ambiguities in multi muon events.

Tracks measured by DT, CSC and RPC are gathered by the global muon trigger,
which tries to correlate the measurements among each other, if two candidates
match their parameters they are combined to give optimum precision. It also ac-
cesses the calorimeter tower to compute the isolation of the muons and sort the
found tracks by pT and quality. The top 4 muons are sent to the global trigger. The
global trigger collects all the objects sent by the regional triggers. Every object con-
tains its coordinate (η,φ) so that di�erent thresholds can be applied as a function of
the location. It also handles triggers requiring objects to be close or opposite. The
�nal decision is passed to the Time and Trigger control system which transmits the
result to each subdetector and lets the events be read.
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High Level Trigger

The HLT is a software trigger executed on a multiprocessor farm placed aside the
experiment. It has access to the whole detector readout and therefore it can per-
form complex calculations. The HLT is made by chains of �lters and producers
called trigger paths. The producers compute physics objects (track, cluster, energy,
mass...) from the information of the event, the �lters decide if the event has to be
rejected or not based on the available information. HLT producer modules are pro-
grams similar to the ones used for the o�ine reconstruction, many of those are
simpli�ed in order to reduce execution time. If an event passes at least one trigger
path, it is recorded on disk. Thanks to the HLT, the recorded event rate is about 1
kHz.

Some trigger paths may select events with a rate which is too large for CMS. When
this happens only a fraction of selected events are recorded. This cut is random and
it is called prescale. Prescaled trigger paths are present in both L1 and HLT. Those
triggers are used to measure the e�ciency of triggers with tighter requirements
with respect to the prescaled one.
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Physics Objects
reconstruction

The interesting events for the H→ µµ search are identi�ed by the presence of two
muons in the �nal state. Moreover, the Higgs production via VBF channel is charac-
terized by the presence of two high energy quark-jets and low hadronic activity in the
rapidity gap among the two jets. In this chapter, it is described how the physical objects
of interest for the analysis are identi�ed and reconstructed in CMS.

3.1 Track Reconstruction
Each detector described in section 2.2 measures signals generated from speci�c par-
ticles crossings. Signals from all CMS detectors are collected and saved whenever
the event is triggered as explained in 2.2.4. Once data are stored, o�ine software
runs all over the events in order to reconstruct and identify all the detected parti-
cles. This section describes the algorithm that reconstructs the trajectories of the
charged particles from the tracker hits.

The �rst step of the reconstruction consists of processing the tracker readout to
build hits. The tracker hits are the best estimates of the points where the charged
particles have crossed the tracker modules. Each charged particle produces a se-
quence of tracking hits that identify the particle trajectory. The software used to
reconstruct particle trajectories at CMS is called Combinatorial Track Finder (CTF)
[70] and it is based on the Kalman �lter [71]. The �nal collection of tracks is pro-
duced by a multiple steps procedure called iterative tracking.

The iterative tracking consists of repeating several times the CTF track reconstruc-
tion sequence. The �rst iterations search for the easier tracks to �nd, tracks with
high transverse momentum and several pixel hits. The algorithm moves progres-
sively to searching for more complex tracks, loosening track quality criteria. At
each iteration, the hits associated with reconstructed tracks are not considered in
order to reduce the combinatorial complexity and simplify the next iterations.

Figure 3.1 shows the e�ciency of track reconstruction of CTF as a function of the
particle pT . All the iteration are visible in di�erent colors. Specialized tracking
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Figure 3.1: Tracking e�ciency as a function of the track pT in simulated events with the
new pixel detector. The iterations are shown in di�erent colors [72].

iterations are included in the plot as �nal steps but they are not included in the CTF
algorithm.

3.1.1 Tracking iteration
Each iteration of CTF is composed of four steps, the main di�erences between the
iterations lie in the con�guration of the seed generation (�rst step) and in the �nal
track selection (last step). The steps are the following:

• Seeding - The initial parameters of the tracks are de�ned by the seeding. The
helical paths are described by 5 parameters, therefore at least three hits are
needed to identify a candidate track (alternatively, two hits with additional
constraints on the origin of the track can be used). The seeding algorithm
generates all the possible combinations of initial hits that identify all the pos-
sible tracks. The initial hits used to generate the candidate tracks are called
seeds. To limit the number of hit combinations, the seeds are required to meet
certain conditions. In particular, in the �rst iterations of the CTF algorithm,
the seeds must have small curvature and they must be compatible with a track
originating from the proton-proton interaction region. The seed conditions
are gradually loosening at each iteration of the CTF algorithm. Pixel seeding
is preferred because of the lower occupancy and the better resolution. More-
over, nuclear interactions rise the number of tracks in the outer part of the
tracker and it would raise the number of seeding and the computational cost
in the outer tracker. Strips with double-side modules are also used in the last
iterations.

The current pixel detector has four layers and the best seeds have four hits
now. Seeding con�guration is shown in table 3.1 for all iterations.



3.1. Track Reconstruction 33

Iteration Seeding Target
1 4 pixel prompt, high pT (initial)
2 3 pixel prompt, high pT
3 4 pixel prompt, low pT
4 3 pixel prompt, low pT
5 4 pixel displaced
6 3 pixel displaced
7 3 pixel+strip displaced
8 3 inner strip displaced
9 3 outer strip displaced

Table 3.1: Seeding and target tracks of each tracking iteration.

• Track �nding - The track �nding procedure is based on the Kalman �lter
method. The tracks found by seeding are extrapolated to the external lay-
ers one by one. A new hit is searched in each layer, compatible with the
estimated crossing point, and if it is found the parameters of the track are
updated with the new measurement. After the parametrization update, the
procedure keeps extrapolating with the next layer. Because of tracker ine�-
ciencies, some tracker hits may be missing. Therefore, when no hits are found
in the next layer the track �nding algorithm proceeds searching for compat-
ible hits in the layer after.

More than one compatible hit cluster can be found during the procedure. In
this case, all the compatible hits are considered and a di�erent candidate track
is built for each one. The best candidate is chosen on the normalized χ2 and
the number of valid hits and it is promoted to track, while the other candi-
dates are discarded. When the outward extrapolation is completed, an inward
searched is performed from the outer hits to improve the hit collection e�-
ciency. Lastly, a trajectory cleaner is applied at each pair of tracks in order to
identify particles reconstructed more than once.

• Track �tting - After the track �nding stage, the complete set of hits is avail-
able for each track. A �t procedure is then performed in order to obtain an
optimal measurement of the track parameters. Hit positions and uncertainties
are also improved by the track �tting.

• Track selection - A �nal track quality selection is applied as the �nal step
in order to reduce fake rate. The selection is a function of pT , η, the number
of layers with valid hits, and the iteration number.

The tracking e�ciency and fake rate are shown in Figure 3.2 as a function of track
pseudorapidity. The 2016 performance is compared with 2017 one, the two are dif-
ferent mainly because of the pixel detector upgrade. The detector e�ciency is al-
most �at in the barrel region and it signi�cantly improves in the region 1.6 <|η|<
2.0 where the new disks provide one hit more than than the previous ones. Either
e�ciency and fake rate improved with the new pixel detector. E�ciency and fake
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(a) (b)

Figure 3.2: Vertex transverse resolution as a function fo the number of associated tracks
(a) and the number of reconstructed vertices as a function of the generated ones (b) [72].

rate have been also measured in data with similar results.

Charged particle tracks are identi�ed by �ve parameters: the momentum, polar and
azimuthal angles, and the transverse and longitudinal impact parameters. Figure 3.3
shows the resolutions of the transverse and longitudinal impact parameters in 2016
and 2017 in t̄t simulated events. The impact parameters resolutions are 100÷200
µm in the transverse plane and 100÷500 µm in the z-direction.

(a) (b)

Figure 3.3: Transverse (a) and longitudinal (b) impact parameter resolutions as a function
of the track pseudorapidity [72].

3.1.2 Primary vertex reconstruction
After the described reconstruction, all the tracks are extrapolated backward to �nd
the position of proton-proton interaction they originate from. In a bunch crossing,
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there are several proton-proton collisions, therefore not all tracks point back to the
same point. The interaction points, called primary vertices, are found using only
well reconstructed tracks with no displacement.

At �rst, a track clustering is performed in z using the annealing algorithm [73]. Then
the adaptive vertex �tter (AVF) [74, 75] is used to �nd the primary vertex from a
collection of tracks. The AVF is an algorithm that �ts the vertex position iteratively.
At each iteration, each track is weighted with a function of the χ2 obtained from
the previous iteration. The AVF consists of performing an initial �t to the primary
vertex using all the tracks in the collection. Then, at each iteration tracks with high
χ2 obtain smaller weights thus their contribution gradually vanishes. Instead, the
weights of the tracks that have good compatibility with the vertex go asymptotically
to one. Therefore only the tracks with low χ2 are used to �nd the vertex position.

The more tracks are used in the �t, the more precise is the vertex. Figure 3.4a shows
the vertex resolution in the transverse plane, longitudinal resolution is slightly
worse mainly because of the size of the pixels. Figure 3.4b shows the number of
reconstructed vertices as a function of the number of generated proton-proton col-
lisions.

(a) (b)

Figure 3.4: Vertex transverse resolution as a function of the number of associated tracks (a)
and number of reconstructed vertices as a function of the generated ones (b) [72].

Not all proton-proton collisions are studied in generic searches. One vertex in each
bunch crossing is chosen and studied, it is called primary vertex. All the others
are treated as noise and their products are not considered, those vertices are called
pile-up vertices. The primary vertex is chosen as the one with the largest

∑
p2
T

where the sum is performed over all the objects reconstructed with the particle
�ow algorithm described in the next section.
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3.2 Particle Flow
CMS, like many other high energy physics experiments, is composed of several
subdetectors. The subdetectors are made by di�erent technologies and they aim
to measure di�erent kinds of particles. As many other experiments do, also CMS
could merely use the only subdetectors information to particle measurement. Nev-
ertheless, in order to improve particles identi�cation and momenta resolution, an
algorithm that combine all the single subdetector measurements has been devel-
oped and used since Run 1. This algorithm is the particle �ow algorithm [76].

Particle �ow provides a global event reconstruction and it reconstructs a compre-
hensive list of �nal-state particles. This approach signi�cantly improves the mitiga-
tion of pile-up e�ects, moreover, it allows a much better reconstruction of jets (see
section 3.5), missing energy, and tau leptons, which are not covered in this thesis.
The �nal list of objects returned from the particle �ow algorithm is used to derive
composite physics objects. They are named PF candidates.

The �rst step of the object reconstruction is performed independently within each
CMS subdetector: silicon tracker reconstructs charged particles as described in 3.1,
ECAL and HCAL cluster energy deposits separately, and muon chambers detect
muons outside the solenoid. Then, signals in di�erent detectors that may be caused
by the same physic object are linked. The links are made if there is geometrical com-
patibility between the concerned objects and a link distance is de�ned to quantify
the quality of the link. In order to reduce the computational cost, only the nearest
neighbors are considered for the link building.

The particle �ow algorithm proceeds in steps. The steps are described below and
they run in the same order as follows.

Muon reconstruction
Muon reconstruction is the �rst step in the PF algorithm. In order to identify muons,
it associates segments in muon chambers with inner tracker hits and it checks the
compatibility of the two track momenta. Di�erent selection criteria are applied to
identify isolated muon and muons in jets, in order to deal with hadron misidenti�-
cation. Whenever a muon is identi�ed, the associated tracks in the tracker and in
the muon system are removed from the list of unassociated objects.

Electron and photon reconstruction
Tracks are extrapolated to the calorimeters in order to link them with energy de-
posits. The extrapolation is computed up to one radiation length in ECAL and one
interaction length in HCAL. If the extrapolation falls within the cluster area en-
larged by one cell in each direction the link is built and the relative link distance
is de�ned as the distance between the two objects in the η-φ plane. If one track is
linked with more than one calorimeter cluster, or one cluster is linked with more
than one track, the PF algorithm keeps only the link with the shortest distance.

Electrons and photons identi�cation is performed using tracks from the tracker and
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ECAL energy deposit. Photon candidates are identi�ed by a cluster in ECAL without
any linked track. Moreover, photons often convert into e+e– pair inside the tracker
material. In order to take care of photon conversion, a dedicated conversion �nder
has been developed. If the sum of the two tracks momenta are compatible with the
original photon direction, the tracks are removed from the PF element collections
and their sum is promoted to photon.

Electrons are identi�ed by a track linked to an electromagnetic cluster. Electrons
have non-negligible probability to emit bremsstrahlung photons inside the tracker
material, therefore tangents to the electron trajectory are extrapolated to the ECAL
from each intersection point between the track and the tracker layers. An ECAL
energy deposit is linked to the track as a potential bremsstrahlung photon if it is
compatible with any tangent to the electron trajectory. Bremsstrahlung photon
clusters have enlarged φ windows in order to take into account photon conversion
at the edge of the tracker material.

The energy of the electrons is measured by combining the information of ECAL
and the tracker, while the direction is taken from the track direction. Photon energy
is measured by ECAL and its direction is taken as the direction from the primary
vertex.

Hadron reconstruction
After muon, electron and isolated photon are identi�ed and removed from the PF
element lists, PF proceeds with hadron identi�cation. Energy deposits in HCAL
with no linked tracks are identi�ed with neutral hadrons while energy deposits in
HCAL with associated tracks are identi�ed with charged hadrons. In the latter case,
the energy cluster is compared with the track momentum. If the two energies are
compatible, a charged hadron is identi�ed and its momentum is determined by a
weighted average of the HCAL energy and the track momentum. If the two en-
ergies are not compatible, a neutral hadron is identi�ed out of the cluster energy
excess. Similarly, if an energy excess is found in ECAL that is not compatible with
charged hadron identi�ed deposit, a new non-isolated photon is identi�ed. This is
very common in jets, where about 25% of the energy is carried by photons. Outside
the tracker acceptance, there is no way to recognize charged particles, therefore
ECAL+HCAL are simply tagged as hadronic shower.

Secondary vertices reconstruction
Prompt hadrons can have nuclear interactions with the tracker material. These in-
teractions are reconstructed and the tracks coming from the secondary vertex are
linked by the PF algorithm. Then, the secondary charged particles are replaced by
a single primary charged hadron.

Event post processing
The particle identi�cations described above are the result of an optimized combi-
nation of the information of all subdetectors, however particle misreconstructions
and misidenti�cations are inevitable. In general, these errors in reconstructions are
di�cult to identify, however in rare cases, they are detectable by looking at global
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Figure 3.5: Resolution of the missing transverse momentum in t̄t events [76].

event variables, like the missing transverse momentum pmiss
T . The missing trans-

verse momentum is de�ned by the negative sum of all the PF object momenta and
it should be compatible with zero if neutrinos are not present in the event. Some-
times very high pmiss

T events are due to cosmic muon matching with a tracker parti-
cle, sometimes they are due to misreconstruction or misidenti�cation of a genuine
muon. Figure 3.5 shows the pmiss

T resolution when PF algorithm is run and when
calorimeters information only are used.

3.3 Muons
Muon reconstruction [77] is almost independent of the particle �ow algorithm.
Muon tracks are reconstructed independently in the tracker as explained in sec-
tion 3.1 and in the muon chambers. Therefore three di�erent kinds of muon objects
are built.

Standalone muon tracks are build using muon chambers information only. Their
reconstruction is performed from CSC and DT segment used as seeds and using
Kalman �lter similarly to what is done for the tracker.
Tracker muon tracks are built "inside-out" from the tracker. Tracker tracks with
pT > 0.5 GeV and p > 2.5 GeV are propagated from the tracker outside the solenoid.
Tracks are matched to the segments in the muon chambers if the relative distance
is less than 3 cm in the rφ or its relative uncertainty is smaller than 25%.
Global muon tracks are built "outside-in", matching standalone muon tracks with
the associated tracker track. A �nal �t is performed using the Kalman �lter in order
to provide a better measurement of the muon parameters.

Muon momentum is computed from a simultaneous �t of the standalone muon track
and the tracker track by the Tune-P algorithm [78]. The Tume-P algorithm performs
several di�erent �ts and chooses the pT measurement from the one with the best
quality of the �t. The algorithm has been validated with cosmic rays, in proton-
proton collisions, and in simulated events with di�erent misalignment scenarios.
Moreover, momentum and invariant mass distributions have been studied in order
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to ensure than the algorithm does not bias the momentum measurement.

Several muon variables have been studied to de�ne di�erent selection criteria to
identify muons. Those criteria divide muons in several identi�cation types with
di�erent e�ciency and purity so that any analysis can choose the more convenient
muon collection. The main indenti�cation types are "loose", "medium", and "tight".
Loose muons are PF muons that are either tracker or global muon. Medium muons
are loose muons that have valid hits in at least 80% of the tracker layer they traverse.
Moreover, medium muons must have χ2/dof < 3 and a position compatibility be-
tween the tracker track and the standalone muon trajectory ofχ2 < 12. Tight muons
are loose muons with at least 6 associated hits in the inner tracker. The muon must
be compatible with the primary vertex and the global �t must have χ2 < 10.

An important criterion to distinguish prompt muons from muons coming from
hadron decays in jets is the isolation. The isolation is the estime of the total pT
of the PF particles emitted in a cone of R=0.4 around the muon:

IIso =
∑

charged

pT + max(0,
∑

neutral

pT +
∑
γ

pT – pPUT ) (3.1)

where the sum over the charged particles considers the ones coming from the pri-
mary vertex only, and the pPUT is an estime of the pile-up neutral particles. The
contribution of neutral particles coming from pile-up is computed by summing all
charged hadrons originating from pile-up vertices and scaling it by a factor of 0.5.
The factor 0.5 is an estimate fo the neutral to charged hadron production ratio in
inelastic proton-proton collisions. The energy contribution from neutral particles
in isolation is set to be positive.

Two working points are generally used to select isolated muons. The loose iso-
lation is de�ned to have 98% e�ciency and it selects muons with IIso/pT < 0.25. The
tight isolation selects muons with IIso/pT < 0.15 and it have e�ciency of 95%. These
values have been tuned and tested in simulated Z → µ–µ+ and multijet events.

The e�ciencies of muon identi�cation and isolation have been studied with the
tag-and-probe method. The total muon e�ciency is factorized as:

εµ = εtrack × εreco+ID × εIso × εtrig

and the four factors have been studied separately. The e�ciency of track recon-
struction is εtrack . The term εreco+ID contains reconstruction and identi�cation ef-
�ciencies. The isolation e�ciency is εIso, and εtrig is the trigger e�ciency. Scale
factors for muon e�ciency are derived from data/MC comparison and applied for
the analysis.

Figure 3.6 shows the reconstruction and identi�cation e�ciency εreco+ID measured
in data in 2015. The loose identi�cation e�ciency exceeds 99% over the entire η
range, and agreement between data and MC is within 1%. Figure 3.7 shows isolation
e�ciency for muons that pass the tight identi�cation criteria as a function of the
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pseudorapidity and of the momentum.

(a) (b)

Figure 3.6: Tag-and-probe e�ciency of muon identi�cation and reconstruction for loose
(a) and tight (b) identi�cations. The statistical uncertainties are smaller than the symbols

used to display the measurements [77].

(a) (b)

Figure 3.7: Tag-and-probe e�ciency of muon isolation as a function of the pseudorapidity
(a) and of the momentum (b) of the muon. The statistical uncertainties are smaller than the

symbols used to display the measurements [77].

3.3.1 Transverse momentum resolution
The sensitivity of the H → µµ search strongly depends on the width of the dimuon
mass peak. The contribution of the expected theoretical Higgs boson decay width
to the mass peak width is negligible, therefore the width of the dimuon mass peak
depends uniquely on the experimental resolution. The direction of the muons is
measured with high precision (about 0.1 ÷ 1 mrad for muons with pT >10 GeV),
hence the resolution on the invariant mass is dominated by the muon momentum
uncertainty.
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There are two main sources of uncertainty that determine the transverse momen-
tum resolution: the �rst one is the multiple scattering of the muon with the detector,
the second one is the non-in�nite precision of the hit positions.
Multiple scattering e�ects depend on the

Figure 3.8: Resolution of the transverse mo-
mentum as a function of the pseudorapidity or
single, isolated muons with pT = 1, 10, and 100
GeV. For each bin, the solid (open) symbols
correspond to the half-width for 68% (90%) in-

tervals of the residuals distribution [70].

material budget of the detector, thus the
associated uncertainty depends on the
pseudorapidity. The introduced angle
of de�ection is proportional to 1/pT , there-
fore the corresponding uncertainty is
proportional to pT . The error on the hit
position leads to an uncertainty that is
proportional to p2

T . The multiple scat-
tering e�ects are the major source of
uncertainty in the transverse momen-
tum measurement for muon with pT .
30 GeV, while the second e�ect is domi-
nant for high energy muons. The trans-
verse momentum uncertainty is estimated
in simulated events by computing the
residuals, which are de�ned as the dif-
ferences between the generated and the
reconstructed track pT . Figure 3.8 shows
the resolution of the transverse momen-
tum uncertainty as a function of the muon pT . For each bin, the half-widths of the
residual distribution containing 68% and 90% of the events are computed and they
are shown in the plot.

Figure 3.9 shows the transverse momentum resolution for the muons with momen-
tum 70 GeV, that is the typical muon momentum in the H→ µµ search. The res-
olution is 1 ÷ 2% in the barrel region where di�erences in resolutions are caused
by the multiple scattering. Instead, in the endcaps, the resolution gets signi�cantly
worse as a function of the pseudorapidity. The reason is that the level arm used to
perform the measurement is reduced for muons with |η| & 1.5.

Figure 3.9: Transverse momentum resolution in data and in simulation as a function of the
pseudorapidity for muons with momentum of 70 GeV [79].
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The resolution of the muon momentum strongly depends on the muon pseudo-
rapidity. Consequently, the resolution of the dimuon invariant mass depends on
the pseudorapidities of the two muons. Whenever the two muons are central, the
dimuon mass is measured precisely. In the case of one muon is central and one is
forward, the mass is measured with less precision. When both the muons have high
pseudorapidity the invariant mass has low resolution. Figure 3.10 shows the aver-
age dimuon mass resolution under the Z peak. In the left plot, both the muons in
the events are central while in the right plot at least one muon is not in the barrel
region. The resolution in the second case is worst in the entire pT spectrum and the
reason is that one of the muons is measured with smaller precision.

(a) (b)

Figure 3.10: Dimuon mass resolution at the Z peak as a function of muon transverse mo-
mentum. Each dimuon event is counted twice since each muon in the event is �lling the
histograms. The values in each bin are obtained from the average of the distribution within

the bin for data and simulation [80].

An additional source of error in the momentum measurement is the uncertainty due
to the muon momentum scale. In CMS, the muon momentum scale is measured as a
function of η using Z and J/Ψ events. Its contribution is less than 0.2% [81] therefore
it does not contribute signi�cantly to the dimuon mass uncertainty.

3.3.2 Final state radiation recovery
In a small fraction of events, muons from Higgs decay radiate a photon, this process
is called �nal state radiation (FSR). In those cases, the dimuon invariant mass is re-
duced because the photon momentum is not taken into account. This e�ect causes
a long tail in the invariant mass distribution, degrading the resolution of the signal
peak. Moreover, if the photon falls in the isolation cone of the muon it can increase
the relative isolation of the muon and reducing the selection e�ciency. In order
to avoid these e�ects, a procedure has been developed to recover FSR of selected
muons, similarly to the one used in [82].

The procedure is applied to all muons with pT > 20 GeV and |η| < 2.4. Firstly, all the
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photons within a cone of ∆R = 0.5 around the muon tracks are considered. Pho-
tons that lie in the window 1.44 < |η| < 1.57 or that are already associated with the
bremsstrahlung of electrons are ignored. Remaining FSR photon candidates are dis-
carded if the sum of the pT of all particles in a cone of 0.3 around the photon, muon
excluded, is greater than 180% of the pT of the photon or if ∆R(µ, γ)/p2

T (γ) > 0.012.
Furthermore, in order to avoid H → Zγ → µµγ decays the photons are required
to have pT (γ)/pT (µ) < 0.4. In case of multiple choice, the photon with the smallest
value of ∆R(µ, γ)/p2

T (γ) is chosen.

Whenever this procedure associates a photon with the muon radiation, the mo-
menta of the two particles are added and the sum is identi�ed with the muon mo-
mentum. Moreover, the photon is ignored from the isolation sum de�ned in equa-
tion 3.1. The described FSR recovery procedure improves the signal e�ciency of
about 2% and the mass peak resolution of about 3%.

3.4 Electrons
Electrons are reconstructed by a mixture of standalone approach [83, 84] and PF al-
gorithm. Electrons lose energy via bremsstrahlung e�ect in tracker material, there-
fore part of the energy of the electrons is spread over several ECAL crystals. The
energy radiated before ECAL is on average 33% of the original electron energy at
η = 0, while it is about 80% at η = 0. Figure 3.11 shows the fraction of energy lost
by electrons in data and MC in Z → ee events.

The energy is estimated by a multivariate technique that takes into account either
the track measurement either the cluster energy. The resolution is about 5÷10% in
the endcaps and it reaches 2% in the barrel for high energy electrons.

Bremsstrahlung photons alter electron trajectory in the tracker, therefore charge
can be mismeasured, especially at |η| > 2. In order to measure the electron charge,
three di�erent methods are used and the charge sign is chosen as the one shared

Figure 3.11: Fraction of the momentum lost due to bremsstrahlung in Z → ee data (dots)
and simulated (solid histogram) events, and from background enriched events (triangles).

The distributions are normalized to the area of Z → ee data distribution [84].
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by at least two methods. Two measurements are provided by the curvatures of the
track �tted with KF and with the gaussian sum �lter (GSF) method [85]. The third
one is given by the sign of the di�erence in φ of the ECAL energy deposit and the
�rst tracker hit. The combined three methods provide a misidenti�cation probabil-
ity of 1.5% for Z → ee events without any further selection.

CMS developed many algorithms to identify prompt electrons and e�ciently re-
ject other background sources like photon conversions or hadron misidenti�cations.
Some of them are simply cut based selections, while others combine several vari-
ables in multivariate techniques. The electron identi�cation algorithm currently
used by CMS is multivariate discriminant that exploit a great number of discrimi-
nating variables. Figure 3.11 shows one of them in the range 0.8 < |η| < 1.44.

The discriminator e�ciency and misiden-

Figure 3.12: Electron e�ciency as a function
of the electron pT measured for the multivari-

ate identi�cation [86].

ti�cation have been measured in data
with the tag-and-probe method in Z →
ee events. Two working point are com-
monly used, one has 90% e�ciency and
the other one has 84% e�ciency on elec-
trons with from Z decay with pT > 20.
Figure 3.12 shows the e�ciency of the
90% working point discriminator as a
function of the electron momentum for
di�eren η regions.

A signi�cant fraction of reconstructed
electrons are misidenti�ed hadrons or
are genuine electrons originated from
a hadron decay. In both cases, several particles are close to the fake electron in the
η – φ plane. In order to identify those non-prompt electrons an isolation selection
can be applied. Electron isolation is equivalent to muon one and it is de�ned by eq.
3.1, but in case of electrons, the sums are performed with PF particles that are in a
cone of R=0.3 within the electron.

In the H → µµ search, only electrons with |η| < 2.5 and pT > 20 GeV have been
considered: they are used to tag vector bosons. Moreover, because of nonoptimal
reconstruction performance, electrons in the region between the ECAL barrel and
endcaps 1.44 < |η| < 1.57 have not been considered.

3.5 Jets
Almost every collision at LHC produces scattered high momentum quarks and glu-
ons. Quarks and gluons cannot be observed free due to QCD con�nement, they
instead fragment, producing a narrow cone of hadrons that carry most of the mo-
mentum of the original parton. Those sets of collimated particles are the evidence of
quarks and gluons and they are detected as jets. High energy jets usually originate
from hard scattering processes but many more jets are present in a generic event.
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These additional jets come from the underlying event and from pile-up collisions,
they are also called "hadron activity".

Jet clustering algorithms are de�ned to select the particles originating from one
high momentum quark or gluon. Their task is to identify collimated tracks and
gather them into a single object called jet. The momentum of the jet is de�ned by
the sum of the momenta of all the particles that compose it and it is considered the
momentum of the original parton. The jet momentum has to be a good proxy of the
original quark or gluon momentum. This feature is very important when jets are
used to mass resonance searches.

A good jet clustering algorithm has to be infrared and collinear safe. It is infrared
safe if the �nal selection of particles does not change because of a very low energy
gluon emission from one of the particles in the event. It is collinear safe if the �nal
selection of particles does not change when a particle is replaced by two almost co-
linear particles with a total momentum which equals the one of the initial particle.
Collinear and infrared safeness is very crucial for a clustering algorithm because it
ensures the stability of the jet collection under low Q2 QCD processes.

Several jet clustering algorithms exist, the most used ones are the kT [87], Cam-
bridge/Aachen [88] and anti-kT algorithm[89]. They belong to a class of sequential
recombination algorithms and their use depends on the particular study. They all
are infrared and collinear safe. In CMS, jets are clustered from particle-�ow objects
using the anti-kT algorithm, it is implemented by FASTJET [90, 91] with small com-
putational cost [92].

The sequential procedure to reconstruct the jets depends on two parameters, n and
R, and it is as follows.

Make a list with all the candidate particles for the algorithm (usually thay are all the
particles from the primary vertex): they are called protojet. Then execute the following
steps:

1. Compute the distance dij for each protojet pair and the distance di for each pro-
tojet:

dij = min(knTi, k
n
Tj)

∆ij
R

di = knTi

where ∆ij =
√

(ηi – ηj)2 + (φi – φj)2

2. Let dmin be the smallest among all the dij and the di. If dmin is one of the dij ,
merge the protojets i and j in a single protojet with four-momentum equal to the
sum of the four-momenta of i and j. If dmin is one of the di, promote the protojet
i to jet and remove it from the protojet list.

3. It there are some remaining protojets, go back to point 1.
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This procedure merges protojets only if their angular distance is smaller than R. In
CMS, the standard clustering distance used is R = 0.4, but jet with R = 0.8 are also
used in heavy particle searches.

The parameter n characterizes the algorithm. The kT algorithm corresponds to the
choice of n = 1, so it associates �rst particles with small transverse momenta. The
Cambridge/Aachen is identi�ed by n = 0, therefore it associates the closest particle
in the η – φ plane without considering the momenta. The anti-kT algorithm has
n = –1, thus particles are clustered around the most energetic ones.

3.5.1 Calibration
Like all experimentally-reconstructed objects, jets need to be calibrated in order to
have the correct energy scale. The jet energy correction (JEC) is computed using the
same approach of the 8 TeV calibration [93] and it is factorized in three main steps:
the pile-up o�set corrections, the simulated response corrections, and the residual
corrections.

Pile-up o�set refers to the additional contribution of jet energy and momentum be-
cause of pile-up interactions. Proton-proton collisions in previous and subsequent
bunch crossing also contribute to energy deposit due to the �nite signal decay time
in the calorimeter therefore two di�erent e�ects are considered: the in-time pile-up
(IT PU) and out-of-time pile-up (OOT PU). The OOT PU is mitigated by calorimeter
signal processing. The IT PU is corrected by removing the particles coming from
pile-up interaction. The charged ones are simply identi�ed and removed, the neu-
tral ones are subtracted by estimating the median energy density ρ per-event. All
the corrections are parametrized as a function of η, pT , and the jet area.

The simulated response corrections are derived and applied after the pile-up o�-
set corrections. They are determined in simulation by comparing the jet energy
with respect to the generator level jet one.

The residual corrections are determined by comparing data/MC. Firstly, the re-
sponse of jet over a wide range in pT is corrected relative to the one of barrel jets
(|η| < 1.3). This is called the relative jet correction ad it is determined with a sam-
ple of dijet events with low statistical uncertainty. Then, jets are calibrated up to
η < 5.2 exploiting the transverse momentum balance at hard-scattering level with
a reference object. This second step is performed in Z/γ+jet events and it is called
absolute correction.

Corrections for the jet energy scale (JES) are derived for jets with pT > 10 GeV
and |η| < 5.2 with uncertainties less than 3%. Figure 3.13 shows the pile-up o�set
and the simulated response corrections for barrel jet.

The jet energy resolution (JER) is measured after applying JES in data and MC
events. The method used for determining the JER is the same as the one used for
JES, but the width of the distributions is studied instead of the means. The JER is
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Figure 3.13: Average values of the ratii of measured jet pT to particle-level jet pT as a func-
tion of particle-level jet pT ,ptcl at various stages of JES: before any corrections (left), after
pile-up corrections (middle), and after all JESs (right). Distributions corresponding to dif-
ferent average numbers of pileup interactions per bunch crossing (µ) are shown separately

[93].

extracted as a function of pT , η, jet size R, and the pile-up interactions. The typical
resolution is 15–20% at 30 GeV, about 10% at 100 GeV, and 5% at 1 TeV in the cen-
tral rapidity region. As mentioned in 3.2 jet energy measurements are accurate due
to PF algorithm. Figure 3.14 compares the energy resolution of PF jets momentum
with jets measured from calorimeters only.

(a) (b)

Figure 3.14: Jet energy resolution for barrel (a) and for endcaps (b). The comparison be-
tween PF jets and calorimeter jets is shown [76].

Jets are usually ordered by transverse momentum. In this work, jets referred as
leading are the one with the highest transverse momentum in the event, while the
subleading jets are the one with the second highest transverse momentum.

3.5.2 Identi�cation of b-jets
The identi�cation of b quarks is very important for either new physics searches
either standard model measurements. Several algorithms have been developed by
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CMS [94, 95] in order to identify jets originating from b quarks, called b-jets. Jets
coming from light quarks and b-jets look similar, in fact, there is no di�erence in
their reconstruction. However, B hadrons are always produced in b hadronization
and the B hadrons can be exploited to identify the presence of b-quark.

B hadrons are long living particles with cτ ' 500 µm, thus a B with pT in the
range 10÷100 GeV decay after 0.1÷1 cm on average. The �rst layer of the CMS
pixel barrel is placed at 3 cm from the interaction point therefore B hadrons cannot
be directly measured but they are identi�ed by measuring their decay products.
Particles coming from the B decay show a sizable impact parameter (IP) with re-
spect to the primary vertex because of the B long lifetime. In addition, B hadron
semileptonic branching fraction is signi�cantly higher than for other hadrons, and
the leptons show a high transverse momentum relative to the jet direction due to
the large B hadron mass (∼ 5 GeV). Moreover, the B decay point can be measured
using the tracks of the B decay inside the b-jet and the invariant mass of the par-
ticles compatible with the secondary vertex can be computed and compared with
the B hadron mass. B hadrons decay to charmed hadrons (D) with a large branch-
ing fraction. D hadrons have non-negligible lifetime (cτ ' 300 µm) therefore more
than one secondary vertex can be reconstructed within b-jets.
Many observables can be used to discriminate between b-jets and non-b-jets. Some
b-tagging algorithms use just one of those observables, while others combine more
than one for better discrimination.

(a) (b)

Figure 3.15: Distributions of the IP (a) and SIP (b) for tracks in jets originating from di�erent
quarks hadronizations. The �rst and the last bins include over�ow and under�ow entries

[95].

The track counting (TC) is a b-tagging algorithm that relies on one observable only:
the impact parameter signi�cance (SIP ). Particles coming from B decay are charac-
terized by having an IP of 100÷500 µm and they are measured with a resolution of
about 30 µm. Also, the sign of the IP has discriminating power, it is de�ned as the
sign of the scalar product of the jet direction with the IP direction. Tracks from B
decay have mostly positive IP. Prompt tracks can have non zero IP because of res-
olution and multiple scattering but the distribution of their IP is symmetric around
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zero. TC algorithm computes the impact parameter signi�cance for each track

SIP = IP
σIP

where is the IP uncertainty, and it sorts the tracks by this parameter. Two versions
of the algorithm are used: the track counting high e�ciency (TCHE) where the out-
put of the algorithm is the SIP of the second track in the ordered list and the track
counting high purity (TCHP) where the output is the SIP of the third track in the
ordered list. Figure 3.15 shows the distribution of the SIP for tracks in b-jets and in
non-b-jets.

(a) (b)

Figure 3.16: Distribution of the CSVv2 (a) and DeepCSV (b) discriminators for jets of dif-
ferent �avours in tt events [95].

Several algorithms exploit more than one variable to discriminate b-jets from non-
b-jets. The jet probability (JP) combines the information of IPs of several tracks
therefore it can be considered a natural extension of the TC algorithm. The com-
bined secondary vertex (CSV) is another algorithm that uses even more information
about tracks within the jet, moreover, whenever secondary vertices are found, CSV
exploit their four-momentum. An improved version of the combined secondary
vertex CSVv2 has been developed during Run 2, Figure 3.16 shows its distribution
for jets originating from quarks of di�erent �avours.

Deep learning techniques have been largely used in the last years. In particular,
deep learning has been employed for improving the identi�cation of the b-jets. The
DeepCSV algorithm has been developed using a feed neural network with four fully
connected hidden layers, each with 100 nodes. The input variables were the same
as the CSVv2 ones, but they have been linearly transformed in order to have mean
zero and a root-mean-square value of unity. Figure 3.16 shows the distribution of
the DeepCSV tagger.

Three working points are de�ned for each b-tagging algorithm: loose (L), medium
(M) and tight (T). The working points have been extracted in multijet events with
pT =30 GeV on average and correspond to a misidenti�cation rate of 10%, 1%, and



50 Chapter 3. Physics Objects reconstruction

0.1% for loose, medium, and tight respectively. Figure 3.17 shows the misidenti�-
cation probability of several algorithms as a function of the b-quark identi�cation
e�ciency. This analysis makes use of the DeepCSV discriminator at the loose and
medium working point.

E�ciency and misidenti�cation of b-tagging

Figure 3.17: Misidenti�cation probability
versus b-jet identi�cation e�ciency in simu-
lated applied to jets in t̄t events for several b-

tagging algorithms [95].

algorithms have been measured in data
and scale factors have been extracted in
bins of η and pT and the discriminator
itself. E�ciency has been calibrated in
b-enriched samples obtained selecting
leptons or in t̄t events. Misidenti�ca-
tion scale factors have been derived in
Z+jets samples where one jet is used as
tag. Scale factors are close to one but
all algorithms perform slighly better in
MC than in data.

3.5.3 Gluon/Quark jet discrimination
As known both from �rst principles and a large collection of experimental mea-
surements, hadronic jets produced by gluon fragmentation show di�erences with
respect to jets initiated by quarks. These di�erences have been extensively studied
and validated [96, 97], and they have been exploited by many analysis to discrim-
inate between gluon-jets and quark-jet in Higgs and electroweak searces [98, 99,
100]. The Gluon/Quark likelihood (QGL)[101] is a probability tagger that discrimi-
nates gluon-jets from quark-jets.

The QGL is built from three variables based on the jet constituent’s information
provided by the PF algorithm. Only particles that are well associated with the jet,
or with pT > 1 in case of neutral, are taken into account. The three discriminating
variables are described below:

• The jet constituents multiplicity
The multiplicity is a simple and well studied property. The quark-jets tend to
have a smaller number of constituents respect to gluon-jets. This variable is
particularly discriminating for high pT jets where the average quark-to-gluon
multiplicity ratio would converge to 4/9 [102].

• The jet constituents minor RMS in the ηφ plane
The jet pT -weighted shape in the ηφ plane is approximated by an ellipse. The
ellipse is identi�ed by the minor and a major axis length and orientation. The
minor axis length is used for building the Gluon/Quark likelihood and it is
particularly useful for low pT jets. In order to �nd the minor axis length, the
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pT -weighted axis of the jet is computed and the 2×2 matrix M is build

M11 =
∑
i

p2
T ,i∆η

2
i

M22 =
∑
i

p2
T ,i∆φ

2
i

M12 = M21 =
∑
i

p2
T ,i∆φi∆ηi

where the sum is performed all over the constituents, pT ,i is the transverse
momentum and ∆ηi and ∆φi are the pseudorapidity and azimuthal distance
between the constituent and the jet axis.
Let λ1 and λ2 be the major and the minor eigenvalues of the matrix M , the
pT -weighted minor axis length is

σ2 =
√

λ2∑
i p

2
T ,i

• The jet internal pT distribution
Quarks fragmentation produces hard constuents that carry a signi�cant frac-
tion of the jet energy. The jet fragmentation distribution is de�ned by

pTD =

√∑
i p

2
T∑

i p
2
T

where the sum runs over the consituents. This variables is generally smaller
for gluon-jets.

(a) (b) (c)

Figure 3.18: QGL input variables distribution for quark and gluon simulated jets [101].

Figure 3.18 shows the distribution of the three described variables.

The QGL has been validated using Z+jet events as quark enriched sample and dijet
events, which are gluon enriched. Moreover, data-driven scale factors have been
computed and �tted with polynomial functions to be applied separately for quarks
and gluon jets in MC events. Figure 3.19 shows the QGL output distribution in data
and MC for the two enriched samples.
In this analysis, all the MC events include those polynomial corrections while un-
corrected events have been used to estimate the systematic uncertainty.
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(a) (b)

Figure 3.19: Data-MC comparison for the QGL output distribution in (a) Z+jet events and
(b) dijet events. MC events include the polynomial corrections and the contribution of quark

and qluon jets are shown separately [101].

3.5.4 Additional "soft" hadron activity
Hadronic jets are reconstructed taking into account neutral particles measured in
calorimeter towers. Such a method provides a good measurement of the original
parton energy but it is very sensible to pile-up e�ects. An alternative jet collection
is build using charged particles only, called “track jets”. Track jets have an excel-
lent angular resolution and they contain tracks unambiguously associated with the
primary vertex. Track jets [103, 104] are a clean and well studied object used to
reconstruct the hadronization of partons, they can e�ciently measure low energy
jets down to few GeV and they are mainly used to avoid pile-up noise. Therefore
track jets are often used to estimate the additional hadron activity.

In order to build the track jets, tracks satisfying the following requirements have
been considered

• have a high purity quality �ag,

• have pT > 300 MeV,

• are not associated to the Higgs decay leptons, nor to the selected two pT -
leading jets in the event,

• make minimum |dz(PV)| when associated to the event hardest primary vertex
(PV),

• satisfy |dz(PV)| <2 mm with respect to the hardest PV.

Track jets have been build by clustering the selected tracks with the anti-kT cluster-
ing algorithm with distance parameter R = 0.4. In this analysis, track jets kinematic
variables have been considered in order to separate signal from backgrounds. In
paricular, the following variables have been taken into account
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• the transverse momentum of the leading track jets.

• H soft
T , H soft

(2)T , H soft
(5)T , H soft

(10)T : the scalar pT sum of the soft track-jets with trans-
verse momentum pT >1, 2, 5, and 10 GeV respectively;

• N soft
2 , N soft

5 , N soft
10 : the multiplicity of the track jets with transverse momen-

tum pT >2, 5, and 10 GeV respectively;
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Chapter 4

Search for H → µµ with CMS
Run 2 data

We implemented four dedicated searches of H → µµ decay for the four main Higgs
production channels. The search in the channels ggH, ttH, and VH adopt the same
data-driven strategy and they are presented in this chapter while the VBF dedicated
search that I developed is described more in detail in the next chapter. The results are
combined among the four searches and they are shown in chapter 6.

4.1 Introduction
The analysis presented in this work aims to provide a measurement of the Higgs-to-
muon couplings. In order to maximize the sensitivity of the Higgs to muons decay,
a dedicated search has been performed for each production channel: gluon-fusion
(ggH), vector boson fusion (VBF), vector boson associated production (VH), and top
quark-antiquark associated production (ttH). Each search exploits the signature of
the channel under study, and the �nal results have been combined and published in
a common paper [105]. In VBF, VH, and ttH channels, the amount of signal is much
smaller than the ggH channel. Nevertheless, the channels with less Higgs events
have lower amounts of background events, therefore all the channels contribute
signi�cantly to the combination.

This thesis dedicates focuses in particular on the VBF channel search, to which I
contributed directly. The VBF channel is the second one by cross-section and has
the best overall sensitivity. Chapter 5 is fully dedicated to the VBF channel. The
searches in the channels ggH, VH, and ttH, which were carried out by other groups
inside the CMS collaboration, and the common preselection and categorization (that
is also relevant for VBF search) are presented in the following sections, in order to
provide a complete description of the Higgs to muons decay measurement. The
combination of the results from all the channels is shown in chapter 6.

The study has been performed using the proton-proton collision data collected by
the CMS detector in the years 2016-2018, corresponding to an integrated luminosity
of 137.4 fb–1. The result from this work has been combined with the one from data
recorded at

√
s =7 and 8 TeV corresponding to 5.1 fb–1 and 19.1 fb–1. The �nal
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combination improves the results of about 1% and it is shown at the end of chapter
6.

4.2 Common preselection and categorization
A loose preselection is common to all the abovementioned searches. The prese-
lected events are divided among the four searches with complementary cuts. The
cuts exploit the signatures of the VBF, VH, and ttH production modes and de�ne
the phace space under study. The priority has been given to those three channels
because they have larger signal-to-background ratio. All the remaining events are
classi�ed as ggH candidates and they are considered in the ggH dedicated search.

The triggers perform the �rst step of

Figure 4.1: Distribution of the transverse
momentum of the leading muon in simulated
Higgs events. The last bin includes over�ow

and under�ow entries.

the selection. The signal events con-
tain two prompt muons coming from
the Higgs decay. The pT distribution
for the leading muon (see Figure 4.2)
has a turn on at about 40 GeV and peaks
around 60 GeV, therefore signal events
can be selected with high e�ciency us-
ing single muon triggers. The L1 trig-
ger requires at least one standalone muon
in the muon chambers with a pT thresh-
old of 22 GeV. After that, the HLT Sin-
gle Muon trigger selects events with at
least one reconstructed muon with pT >
27 GeV in 2017 and with pT > 24 GeV
in 2016 and 2018 in order to ensure fully trigger e�ciency.

After the trigger selection, the events are reconstructed as described in chapter
3. The o�ine selection requires the presence of two reconstructed muons with
medium identi�cation criteria. Moreover, the muons must have opposite charge,
pT > 20 GeV, |η| < 2.4, and they have to pass the loose isolation. Lastly, at least one
muon must have pT > 29 GeV for 2017 events and pT > 26 GeV for 2016 and 2018
events.

Higgs events produced via ttH channel contain two t-quarks in the �nal state. The
t-quarks decay to b-quarks [106], therefore ttH events contain also two b-jets. Those
events are extracted from the preselected sample thanks to the DeepCSV algorithm
described in section 3.5.2. Events containing two loose b-tagged jets or one medium
tagged jet with pT > 25 GeV and |η| < 2.5 are classi�ed as ttH events. These events
are further divided into leptonic and hadronic categories: leptonic ttH are the events
containing any additional leptons while hadronic ttH are the events with no addi-
tional leptons. Events that do not �t the ttH category are subsequently divided
among the other three channels.

Events without any b-tagged jet but containing additional leptons fall into the VH
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Figure 4.2: Summary of the logical de�nition of each category from the baseline selection.

category. VH category is split into two subsets: ZH and WH. VH events containing
two additional muons or two additional electrons are labeled as ZH, while events
with one additional lepton only are in the WH category.

Events with two hadronic jets with momenta pT > 35 GeV for the leading jet and
pT > 25 GeV for the subleading one, with a pseudorapidity distance ∆ηjj > 2.5 and
an invariant dijet mass mjj > 400 GeV are classi�ed into the VBF category. The
residual events are about 96% of the initial sample and they fall into the ggH cate-
gory which is mainly composed of either events with less than two jets or events
with no additional leptons. Figure 4.2 shows the tree de�ning the event categoriza-
tion.

The VBF, ttH, and VH searches apply additional cuts in order to further reduce the
background and obtain a better signal-to-background ratio. Each analysis aims to
select and study Higgs bosons produced by a speci�c process. However, it may
also select events coming from the other channels. Table 4.1 shows the number of
signal expected events divided by production channels in the four H→ µµ searches.

Speci�c multivariate techniques are used in each channel to enhance the signal-
to-background separation. Moreover, the events are eventually split into further
subcategories in order to improve the �nal results. The ggH, VH, and ttH searches
follow the same analysis strategy consisting of a fully data-driven background es-
timation from �ts to the dimuon mass spectrum. The three analyses are described
in the following sections and the �nal results will be shown in chapter 6.
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Higgs production ggH search VBF search ttH search VH search
ggH 825 20.7 2.8 0.0
VBF 38 26.4 0.3 0.0
ttH 0 0.0 6.7 0.3
VH 27 0.6 1.3 3.7

Table 4.1: Expected signal events in the four searches divided by production channel.

4.3 Gluon-fusion channel
In this section, the search in the ggH channel is described. Signal events in this cat-
egory have no aditional signature beyond the dimuon narrow resonance, therefore
they are di�cult to identify and distinguish from the background ones. The VH
and ttH dedcated searches can rely on much speci�c signal signatures that help in
signal-to-background separation. However, the gluon-fusion cross-section is much
larger than the other production channels ones therefore the search in the ggH
channel relies on the signal statistical power.

The most important background in the ggH category consists of the Drell-Yan (DY)
production of o�-shell Z/γ bosons decaying into a muon pair. DY process repre-
sents about 90% of the total amount of background. Other sources of background
are present even if less relevant. The most signi�cant ones are diboson production
(WW, WZ, and ZZ), t̄t events, and single top events where the t-quarks decay to
muons.

The most discriminating feature between signal and background is the dimuon mass
(mµµ), which has a sharp peak around 125 GeV for the signal and it decreases mono-
tonically for the background. However, many other variables can help in signal-to-
background separation. The most important among those is the pT of the dimuon
system, which is slightly harder in case of Higgs boson events with respect to the
DY events.

The analysis strategy can be summarized in the following steps. Amµµ independent
multivariate discriminator is built in order to separate as best as possible signal-like
events from background-like ones. Then, the discriminator is used to divide the
events in di�erent subcategories. The dimuon mass distributions are used for each
subcategory: at �rst, they are �tted in a mass blinded window in order to describe
analytically of signal and background, and lastly, the signal strength is extracted
from a simultaneous �t among all the subcategories.

In order to adopt the described strategy, the multivariate discriminant output and
the dimuon mass have to be highly uncorrelated. Therefore the variables used in
the discriminator have to be uncorrelated with the mass, moreover, the mass has to
be uncorrelated with any combination of the input variables.
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4.3.1 Multivariate discriminator
The Multivariate discriminator is built using the TMVA package [107]. A Boosted
decision tree (BDT) is trained on MC samples separately on each of the three years
in order to take into account di�erences in detector performance and reconstruc-
tion. The BDTs are trained using the Gradient Boost method with the same setting.
The settings used for the training are shown in table 4.2 Many other settings or
methods have been tested but no signi�cant gain has been observed. A complete
description of Boosted Decision Trees is available in appendix B.

Category Trees Shrinkage Bagged fraction node size Depth Separation
ggH 1000 0.1 0.5 >3% 4 CrossEntropy

Table 4.2: Settings used in training the BDTs of ggH search.

The trainings are performed using half of the available simulated samples in the
mass range 115 < mµµ < 135 GeV. The background samples used in the training
consist of DY, t̄t, single top, and diboson events, while signal samples include events
from ggH, VBF, VH, and ttH productions that pass the ggH category selection.

The kinematic variables used as inputs in building the BDT are several. Four vari-
ables related to the two muons are used. Two of these variables are the dimuon
transverse momentum pµµT and pseudorapidity and ηµµ. In addition, the Collins-
Soper variables φCS and cos θCS described in appendix A are used. This set of vari-
ables does not contain information about the dimuon mass. Single muon variables
are also included: the pseudorapidity of the muons ηµ1 and ηµ2 and the the trans-
verse momenta relative to the dimuon mass pµ1

T /mµµ and pµ2
T /mµµ are added as

BDT input variables.

Further, in order to enhance signal-to-background separation, variables carrying
jet information are added in case jets are present. First of all, the total number of
jets in the events is used. Then, whenever the events contain one jet only with
pT > 25 GeV, the jet momentum, jet pseudorapidity, and the azimuthal and pseudo-
rapidity distances between the dimuon system and the jet ∆η(µµ, j) and ∆φ(µµ, j)
are included in the input list.
Whenever the events contain two or more jets with pT > 25 GeV, additional vari-
ables that can help to target the presence of VBF and VH signal are considered. The
variables related to the dijet system mjj , ∆ηjj and ∆φjj of the two leading jets are
used as well as the angular separation of the dimuon system with the subleading jet
∆η(µµ, j2) and ∆φ(µµ, j2). Lastly, the BDT takes as input the Zeppenfeld variable
de�ned by

z?(H ) =
ηµµ – (ηj1 + ηj2)/2

|ηj1 – ηj2 | (4.1)

This variable is a linear transformation of the dimuon pseudorapidity, and its value
is |z?| < 0.5 when the dimuon pseudorapidity falls in between the jet pseudorapidi-
ties, and it is |z?| > 0.5 otherwise.
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The analysis is very sensitive to the dimuon mass resolution, therefore each event
is weighted by 1/σµµ in the training. The mass resolution is not used as input in
the training thus it is not used in evaluating the BDT and the �nal score is not an
explicit function of σµµ. Several tests have been done using also the mass resolu-
tion as input variable but no signi�cant changes have been observed: the reason is
that the BDT could learn the mass resolution from single muon variables such as
pµT /mµµ and ηµ.

In order to understand the dependence of the mass resolution from the BDT score,
the full width half maximum (FWHM) of ggH signal mass distribution is extracted
for di�erent cuts in the BDT output from a �t with a double-side crystal ball function
(DCB)

DCB(mµµ) =


e–(mµµ–m̂)2/(2σ2) –αL < (mµµ – m̂)/σ < αR
( nL
|αL| )

nL × e–α2
L/2 × ( nL

|αL| – |αL| – (mµµ – m̂)/σ)–nL (mµµ – m̂)/σ ≤ –αL

( nR
|αR| )

nR × e–α2
R/2 × ( nR

|αR| – |αR| – (mµµ – m̂)/σ)–nR (mµµ – m̂)/σ ≥ αR
(4.2)

The DCB consists of a gaussian core de�ned by the mean m̂ and the standard devi-
ation σ. The tails are described by power-low functions with parameters nL and αL
for the low mass tail and nR and αR for the high mass tail. The FWHM is shown in
Figure 4.3a for each cut in the BDT score. The monotone trend demonstrates that
the BDT has learned the importance of the mass resolution.

(a) (b)

Figure 4.3: (a) FWHM of the dimuon mass distributions as a function of the BDT cut. (b)
Dimuon mass distribution for background events in speci�c BDT score ranges.

Two tests are performed in order to con�rm that the BDT does not contain any in-
formation about the signal peak. One is comparing the BDT output for gluon-fusion
simulated events at di�erent Higgs mass hypotheses. The distributions are compat-
ible for masses within the range 120 < mH < 130 GeV. The other one is comparing
the background dimuon mass shapes as a function of the BDT score, as shown in
Figure 4.3b. The BDT bias does not sculpt the mass distribution either at low score
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or high score, thereby demonstrating that the BDT output is not sensitive to the
dimuon mass.

Given such a BDT, a cut in its output score would have two main e�ects. Firstly,
the cut would increase the signal-to-background ratio. Then, the selected signal
sample would have a better mass resolution than the initial sample. The improved
resolution would lead to a better signal extraction.

4.3.2 Categorization
At this stage, a further categorization of the events belonging to the ggH phase
space is performed using the BDT output. The adopted procedure is iterative and it
is applied to the sum of the signals and backgrounds from the three years.

An initial �t of the dimuon mass distribution is performed using all the events in
the range 110 < mµµ < 150 GeV, and the expected signi�cance is extracted from
the �t. The signal is �tted with the DCB, while the background is modeled with a
modi�ed Breit-Wigner function (mBW) [47]

mBW(mµµ;mZ , ΓZ , a1, a2, a3) = ΓZ ea2mµµ+a3m
2
µµ

(mµµ – mZ )a1 + (ΓZ /2)a1 (4.3)

where the parameters a1, a2, and a3, are free to �oat and, mZ = 91.19 GeV and
ΓZ = 2.49 GeV are the Z boson mass and width [106].

Then, the BDT output is scanned in quantiles of 1% of signal e�ciency from low to
high score. For each quantile, the events are divided in two sets, therefore 99 pairs
of sets are considered (0% and 100% are excluded). For each possible pair of sets, a
simultaneous �t in the two sets is performed and the signi�cance is extracted. The
optimal position of the subcategory boundary is chosen as the one that provided
the best signi�cance. This procedure is repeated from two subcategories to three
and so on, in order to de�ne additional subcategory boundaries. The iteration is
stopped when a further split would not increase the signi�cance of at least 1%.

Five subcategories are de�ned by this iterative procedure and they are labelled
"ggH-cat1", "ggH-cat2", "ggH-cat3", "ggH-cat4", "ggH-cat5", corresponding to 0-30,
30-60, 60-80, 80-95, 95-100 signal e�ciency quantiles. The "ggH-cat1" subcategory
contains the events with the lower BDT scores while the "ggH-cat5" subcategory
contains the events with the higher. In order to verify the robustness of the subcat-
egory boundaries and of the method used, the same procedure is repeated with a
signal sample produced by a di�erent generator. The same number of boundaries
is found and the ranges are in agreement within 2%, suggesting that they are not
related to a particular generator.

The boundaries and the BDT output are shown in Figure 4.4. The distributions of
all the backgrounds are stacked and the signals distributions are shown separately.
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Figure 4.4: BDT output distribution for signal and background for the events passing the
ggH category selection with 110 < mµµ < 150 GeV. The grey vertical bands indicate the
range between the minimum and maximum BDT score considered to de�ne the boundaries.
The lower panel shows the ratio between data and the expected background. The grey
band indicates MC statistical uncertainties, while the azure and orange bands represent the

experimental and theoretical uncertainties.

The lower panel shows the ratio between data and backgrounds with the associated
uncertainties.

4.3.3 Signal extraction
The signal is extracted by a simultaneous maximum-likelihood �t to the dimuon
mass spectrum in the �ve de�ned subcategories. Signal and background distribu-
tions are modeled via analytical functions and the overall normalizations are ex-
tracted from the �t.

The mass distribution of the gluon-fusion Higgs is modeled with a DCB in each
subcategory. Few residual Higgs events from the other three production modes are
present in every subcategory. The distributions of VBF, VH, and ttH productions
are also modeled with DCBs in each subcategory. The DCBs parameters are deter-
mined from simulation and they are not allowed to vary in the �nal �t. Instead, the
mass m̂ and the resolution σ parameters are constrained to be the same for all the
DCBs are they are allowed to �oat in the �t.

There is not any theoretical principle that states the best parametric function for
the background description, therefore several functions have been taken into con-
sideration. The adopted description tries to maximize the expected sensitivity while
introducing a negligible bias and it is referred to as the core-pdf method.

The core-pdf method has been chosen because of the following two features of the
background. The background composition is constant across the BDT output, there-
fore the background composition is the same for all the subcategories. On the other
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hand, the kinematic properties of the events changes along with the BDT score,
and the background shape of the dimuon mass is not exactly the same in all the
subcategories. The core-pdf method consist of modeling the background with a
core function common to all the subcategories multiplied by a di�erent function for
each subcategory. The parameters of the core function are extracted from a simul-
taneous �t across all the categories. The core function is multiplied by a third-order
polynomial in ggH-cat1 and ggH-cat2, while it is multiplied by a second-order poly-
nomial in ggH-cat3, ggH-cat4, and ggH-cat5. The parameters of the polynomials
are fully uncorrelated among the subcategories. The core function is obtained by
an envelope of three functions: the modi�ed Breit-Wigner de�ned in Eq. 4.3, a sum
of two exponentials, and the product of a third-order Bernstein polynomial and a
non-analytical shape. The non-analytical shape is obtained by DY simulation events
generated at NNLO precision in QCD and NLO precision in EW theory.

The parameters of the functions obtained with the core-pdf method are directly con-
strained in the S+B �t, therefore by the observed data. The background contribu-
tion under the peak is estimated from the signal-free sidebands and its uncertainty
is mainly a�ected by the statistical power of the mass sidebands.

In principle, any parametric function used to model the background can bias the
result. The uncertainty due to the choice of the parametric function is estimated by
the following strategy. A background-only �t is performed in each subcategory us-
ing several di�erent functions. The post-�t shapes are used to generate pseudodata
sets for all event subcategories. Then, the pdf-core method is used to �t the signal-
plus-background pseudodata and extract the injected signal. The median di�erence
between the extracted and the injected signal gives a measure of the bias due to
the choice of the background model. The bias estimated from this method would
change the total uncertainty of less than 1%, and therefore it is neglected.

Experimental and theoretical uncertainties are common among all the channel searches.
In order to avoid repetition, a complete description of error treatment is provided
in chapter 5. Figure 4.5 shows the data dimuon mass distribution and the post-�t
function used to describe signal and background in each subcategory.

4.4 ttH channel
The event selection of ttH search starts with the dimuon selection and with the b-
tagging requirement explained in section 4.2. The presence of tagged b-jets ensures
mutual exclusivity with the other searches and reduces the background arising from
DY and diboson events. Moreover, the oppositely charged muons must have an in-
variant mass between 110 and 150 GeV. The background at this point is mainly
composed by dileptonic t̄t events.

Events are divided in two categories: ttH hadronic and ttH leptonic. The leptonic
category contains events with one or two additional muons or electrons. In case
two additional leptons are present, they must have opposite charge, they must have
pT > 20 and they must have |η| < 2.4 if muons or |η| < 2.5 if electrons. In addition,
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(a) (b)

(c) (d)

(e)

Figure 4.5: Dimuon mass spectrum in all the ggH subcategories, the background has been
extracted from the �t. The lower panel shows the residual background subtraction and the

red line represents the post-�t signal.
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their invariant mass has to be greater than 12 GeV and outside the Z mass window
|m`` – mZ | > 10 GeV. Whenever more than one oppositely charged muon pair have
invariant mass within 110 and 150 GeV, the pair with the highest transverse mo-
mentum is chosen as the Higgs candidate. Moreover, ttH leptonic events must have
at least two jets with pT > 25 GeV and |η| < 4.7, and the leading one must have
pT > 35 GeV.

Events with no additional leptons fall in the ttH hadronic category. Events are fur-
ther reduced by requiring at least three jets with pT > 25 GeV and |η| < 4.7 and the
leading one must have pT > 50 GeV. Moreover, at least one combination of three jets
must have an invariant mass within 100 and 300 GeV. Table 4.3 shows the selection
requirements of hadronic and leptonic categories.

Observable ttH hadronic ttH leptonic
DeepCSV score > 0 medium or > 1 loose
Number of leptons 2 3 or 4
Jet multiplicity ≥ 3 ≥ 2
Leading jet pT ≥ 50 GeV ≥ 35 GeV
Jet triplet mass 100 GeV < mjjj < 300 GeV -
Z mass veto - |m`` – mZ| > 10 GeV
Low mass resonance veto - m`` > 12 GeV

Table 4.3: Summary of the event selection criteria for the ttH hadronic and leptonic cate-
gories.

The same strategy of ggH channel is applied in this search. Firstly, a BDT is built in
order to separate signal from background in each category, then, the BDT score is
used to further divide the events in subcategories. Lastly, the dimuon mass spectrum
is �tted simultaneously among all the categories.

4.4.1 Multivariate discriminants
Distinctive kinematic properties of ttH process help to distinguish signal from back-
ground. Two di�erent BDTs are trained: one for ttH hadronic and one for ttH lep-
tonic. The main backgrounds in the two categories are used in the trainings and
they are t̄t and DY+Jets for the hadronic category, while t̄t, t̄tZ , t̄tW , and WZ for
the leptonic one.

In order to avoid bias in the �nal �t, all the chosen variables are highly uncorre-
lated with the dimuon mass. The input variables can be divided in three families:
the ones containing information about the dimuon system, the one describing the
hadronic activity, and the one related to the t-quarks decay products. The majority
of the observables used as input are common between the two BDTs, then, dedi-
cated variables are added to exploit the particular features of the speci�c categories.

Common inputs comprehend muons kinematic variables. The candidate Higgs is
described by the dimuon transverse momentum pµµT , the pseudorapidity ηµµ, and
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the Collins-Soper variables φCS and cos θCS . Additionally, the pseudorapidities η
and the transverse momenta relative to the dimuon mass pµT /mµµ of the two muons
are considered.
The hadronic activity is described by the pT and η of the three leading jets in the
event, the number of selected jets, and the maximum score of DeepCSV of jets not
overlapping with leptons (∆R(`, j) > 0.4). Moreover, several global variables are
included. The scalar (HT ) and vectorial (|~Hmiss

T |) sum of the transverse momenta of
all leptons and jets are added as well as the missing transverse momentum pmiss

T .
Also the projection of pmiss

T on the bisector of the dimuon system, called ∆ζ [108],
is added.

The variables describing the kinematic of the t-quarks are di�erent between the
two categories. The leptonic category considers the azimuthal angle between the
dimuon system and the pT -leading additional lepton. The invariant mass between
the pT -leading additional lepton and the jets with the highest DeepCSV score, and
the transverse invariant mass between the pT -leading additional lepton and pmiss

T
are included too. Moreover, also the number of additional electrons is used as input.

In ttH hadronic events, identifying the jets produced from t-quark decay is not
straightforward. A dedicated algorithm has been developed in order to identify
t-quark decay, called resolved hadronic top tagger (RHTT). For each event, among
all combination of three jets with 100 < mjjj < 300 GeV, the one with the high-
est score of RHTT is selected and the following variables are built and used in the
BDT: the pT of the t-quark candidate, the pT balance of the t-quark candidate and
the dimuon pair, and the RHTT score of the jet triplet.

The trainings are performed in the mass window 115 < mµµ < 135 GeV and 2016,
2017, and 2018 samples are combined in order to improve the statistical power.
Moreover, the events are weighted as the inverse of the dimuon mass resolution
as done in the ggH search. The settings used for the trainings are shown in table
4.4 for leptonic and hadronic categories. Both the BDTs show strong separation
between signal and backgrounds.

Category Trees Shrinkage Bagged fraction node size Depth Separation
ttH leptonic 200 0.1 0.5 >5% 3 CrossEntropy
ttH hadronic 600 0.1 0.5 >5% 3 CrossEntropy

Table 4.4: BDT settings of the ttH leptonic and ttH hadronic BDTs.

4.4.2 Categorization and signal extraction
The events are divided in subcategories applying the iterative procedure used in
the ggH search. The procedure is applied with simulated events in the range 110 <
mµµ < 150. During this procedure, the signals dimuon distributions are �tted sepa-
rately with DCBs while the backgrounds ones are modeled with exponential func-
tions in each category.
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The hadronic category is divided in three subcategories called "ttHhad-cat1", "ttHhad-
cat2", and "ttHhad-cat3", corresponding to 0-70, 70-86, 86-100 signal e�ciency quan-
tiles respectively. The leptonic category is divided in two subcategories at 52% signal
e�ciency and they are labeled "ttHlep-cat1", and "ttHlep-cat2". Figure 4.6 shows the
BDT output distributions, the various backgrounds are stacked and the signals are
shown separately. The �gure also shows the category boundaries in ttH leptonic
and ttH hadronic category.

(a) (b)

Figure 4.6: BDT output distribution for data, signal, and background for the events with
110 < mµµ < 150 GeV in ttH hadronic (a) and ttH leptonic (b). The dashed vertical lines
indicate the range between the minimum and maximum BDT score considered to de�ne the
boundaries. The lower panel shows the ratio between data and the expected background

and its description is the same as in Figure 4.4.

Signal extraction is performed with a data-driven approach as done in ggH search.
The signal shapes are �tted with DCBs for each production mode in each subcat-
egory. The background is modelled with a second order Bernstein polinomial in
"ttHhad-cat1" and "ttHhad-cat2", a sum of two exponentials in "ttHhad-cat3", and a
single exponential in "ttHlep-cat1" and "ttHlep-cat2".

Since the underlying model of the background spectrum is not known, the choice
of the functions used to describe it may lead to a bias in the signal strength ex-
traction. In order to estimate the bias, the same strategy of ggH search is adopted.
Pseudodata sets are generated using di�erent background models. Then, the sig-
nal is extracted with a signal plus background �t and the comparison between the
injected and extracted signal provides a measurement of the bias. The chosen back-
ground functions maximize sensitivity while keeping a neglectable bias.

Figure 4.7 shows the dimuon mass distributions in each ttH subcategory. The post-
�t functions used to model signal and background are shown.
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(a) (b)

(c) (d)

(e)

Figure 4.7: Dimuon mass spectrum in all the ttH leptonic (a,b) and hadronic (c,d,e) cate-
gories, the background has been extracted from the �t. The lower panel shows the residual

background subtraction and the red line represents the post-�t signal.
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4.5 VH channel
VH search starts with the selection described in section 4.2. The b-jets veto excludes
events that enter in ttH channel, moreover, it reduces the t̄t background. Also, the
additional leptons requirement have the same purpose: it reduces the background
and it ensures mutual exclusivity with the other searches. Moreover, at least one
pair of oppositely charged muon must have 110 < mµµ < 150. The events are
divided as a function of the number of additional leptons: WH category contains
events with one additional lepton while ZH category contains events with two same
�avor oppositely charged additional leptons. In each category, several other dedi-
cated cuts are performed in order to further reject backgrounds while not signi�-
cantly reducing the signals.

In WH category, if the additional lepton is a muon, none of the two oppositely
charged muon pairs must have mµµ < 12 GeV or 81 < mµµ < 101 GeV in order to
suppress quarkonium and WZ backgrounds. Moreover, if both the two muon pairs
have the invariant mass in the range 110-150 GeV, the one with higher transverse
momentum is chosen as Higgs candidate.

In the ZH category, equivalently to the WH category, any same �avor oppositely
charged lepton pair must have mµµ < 12 GeV. In addition, the events are rejected if
they contain two distinct muon pairs with mµµ in 81-101 GeV in order to reduce ZZ
background. If the additional leptons are electrons, their invariant mass is required
to be in 70-110 GeV. If the additional leptons are muons, their invariant mass must
be in 81-101 GeV. If, after the described selection, more than one muon pair has
invariant mass compatible with the Z boson, the combination with the mass closer
to 91 GeV is taken as Z candidate.

The main backgrounds of WH category are WZ production, ZZ process where one
lepton is not reconstructed and DY with associated lepton production. In particular,
in WZ events the muon pair comes from an o�-shell Z boson decay and its kine-
matic is very much similar to the signal one. The main backgrounds of ZH category
are the ZZ and ggZZ to 4 leptons. All the other contributions are negligible in this
channel.

The VH channel follows the same analysis strategy described in the previous anal-
yses. Within this baseline selection, the events are further divided in subcategories
by multivariate discriminators. Finally, the dimuon mass spectrum is �tted simul-
taneously using analytical functions to describe signals and backgrounds.

4.5.1 Multivariate discriminants
One BDT is trained in each category. The input variables are selected in order to
build BDTs not signi�cantly correlated with the dimuon mass. The kinematic vari-
ables that discriminate most signal from backgrounds in the VH phase space are
the angles between the leptons in the events. The majority of inputs used are not
in common between the two BDTs and they are mentioned below. The only ex-
ceptions are the transverse momentum and the pseudorapidities of the dimuons
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system. Moreover, in both categories, a �ag is used to take into account the �avor
of the additional leptons.

In the WH category, BDT includes ∆η and ∆φ between the additional lepton `
and the candidate Higgs, and between the additional lepton and both muons. The
transverse momentum of the additional lepton pT (`) is also considered. In addition,
the transverse mass and the azimuthal separation between the additional lepton and
the ~Hmiss

T are added as inputs.

In the ZH category, the azimuthal di�erence of the muons ∆φ(µ1,µ2) is added.
Kinematic variables related to the Z boson are also considered. In particular, the
mass m``, the transverse momentum p``T , the pseudorapidity η`` and the angular
distance of the two leptons ∆R(`1, `2) are included. Moreover, the pseudorapidity
di�erence and the cosine of the Collins-Soper angle between Z and Higgs boson
candidates ∆η(µµ, ``) and cos θCS(µµ, ``) are added as inputs.

Di�erently from the previous analysis, the BDTs are trained in the mass window
110 < mµµ < 150 GeV, and signal samples with di�erent mass assumptions mH =
120, 125, 130 GeV are all used to improve the signal statistical power. In both the
categories, all years samples are combined and used in the same training. Moreover,
the events are weighted with the inverse of the dimuon mass resolution as described
for ggH and ttH searches. The settings used for the trainings are shown in table 4.5
for ZH and WH categories.

Category Trees Shrinkage Bagged fraction node size Depth Separation
ZH 400 0.1 0.5 >5% 3 CrossEntropy
WH 500 0.1 0.5 >5% 4 CrossEntropy

Table 4.5: BDT settings of the ZH and WH BDTs.

4.5.2 Categorization and signal extraction
The subcategories optimization strategy adopted by ggH and ttH searches is applied
to ZH and WH too. The signals are �tted with DCBs where the parameters nL and
nR are kept �xed at value 2.0 since they �oat in a large range without changing the
quality of the �t. In the procedure, the background estimation is performed using
the exponential modi�ed Breit-Wigner function (BWZ) for each category. The BWZ
function is de�ned by:

BWZ(mµµ;mZ , ΓZ , a) = ΓZ eamµµ

(mµµ – mZ )2 + (ΓZ /2)2
(4.4)

The procedure divides WH in "WH-cat1", "WH-cat2", and "WH-cat3" while ZH in
"ZH-cat1", and "ZH-cat2". The boundaries correspond to 0-22, 22-70, and 70-100 ef-
�ciency quantiles for WH and to 0-52, 52-100 e�ciency quantiles for ZH. Figure 4.8
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(a) (b)

Figure 4.8: BDT output distribution for data, signal, and background for the events with
110 < mµµ < 150 GeV in ZH hadronic (a) and WH leptonic (b). The dashed vertical lines
indicate the range between the minimum and maximum BDT score considered to de�ne the
boundaries. The lower panel shows the ratio between data and the expected background

and its description is the same as in Figure 4.4.

shows the BDT output distributions for data and MC. The vertical dashed lines in-
dicate the positions of the boundaries.

The signal is extracted performing a simultaneous binned maximum-likelihood among
all the categories. The signals are modeled with DCBs while the backgrounds are
estimated by BWZ except for WH-cat1 where BWZγ de�ned by

BWZγ(mµµ;mZ , ΓZ , a, f ) = f
ΓZ eamµµ

(mµµ – mZ )2 + (ΓZ /2)2
+ (1 – f )e

amµµ

mµµ
(4.5)

is used.

The potential bias arising from the choice of the parametric functions are estimated
with the same method used in ggH and ttH analysis. Data are �tted with several
background models. The analytical functions describing the background that are
obtained from the �t are used to generate pseudodata sets. These pseudodata sets
are �tted with di�erent background descriptions and they are used to extract the
signal. The median di�erence between the measured and injected signal yields es-
timates the bias due to the used parametric model. The chosen functions maximize
the sensitivity while keeping the bias negligible.

Figure 4.9 shows data distributions of the dimuon mass in each category along with
the post-�t functions describing signals and backgrounds.

Uncertainties and results of the three analyses will be presented in the next chap-
ters.
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(a) (b)

(c) (d)

(e)

Figure 4.9: Dimuon mass spectrum in ZH (a,b) and WH (c,d,e) categories, the background
has been extracted from the �t. The lower panel shows the residual background subtraction

and the red line represents the post-�t signal.
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Chapter 5

The H→ µµ search in the VBF
channel

In this chapter, the Higgs search in the VBF production channel is described in details.
The analysis starts with a loose selection, orthogonal to the searches described in the
previous chapter. Then, two multivariate techniques are tried to separate signal from
background: the Boosted Decision Tree and the Deep Neural Network. The discrimi-
nator building is described and an overview of the expected performance is provided.
Finally, the systematic uncertainties are discussed.

5.1 Introduction
The H → µµ dedicated search in the VBF production channel completes the de-
scription of the Higgs-to-muon coupling measurement. The VBF channel provides
the most important contribution in the combined result of the four analyses and it
is the one where my personal e�ort focused.

The VBF cross-section is much smaller than the ggH one, in fact, only the 7% of
Higgs events are coming from VBF production and about 215 events of VBF Higgs
are expected by CMS collisions in the years 2016, 2017, and 2018 in the H→ µµ chan-
nel. On the other hand, the VBF channel has a signature that can be exploited in
signal-to-background separation. In the VBF production, two partons emit a weak
vector boson each thus they recoil with a transverse momentum of about half of
the boson mass. On average, the initial momentum of the partons is much larger
than the recoil therefore they are detected as jets at high rapidity in the two opposite
endcaps. Moreover, since there is no exchange of color between the two partons, ad-
ditional hadron activity is suppressed in VBF events. Finally, The two weak bosons
interact and produce a Higgs boson that is usually at central pseudorapidities, in
between the two jets.

The Higgs boson decays promptly, therefore in Higgs events, the trajectories of
the muons are compatible with the proton-proton collision vertex. The the invari-
ant mass of the Higgs decay products have to be compatible with the Higgs bo-
son mass, therefore the main feature of the H→ µµ events is the presence of two
prompt muons with an invariant mass close to 125 GeV. The signal mass peak in the
dimuon mass distribution can be exploited to perform a fully data-driven search of
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VBF Higgs similarly to the ggH, VH, and ttH searches. Nevertheless, a di�erent
approach is chosen for the VBF analysis.

The search for H→ µµ via VBF is performed following a fully MC based strat-
egy. Monte-Carlo simulations can model the signal and the relevant backgrounds
with great accuracy, therefore the background estimation is entirely derived from
MC. As opposed to the fully data-driven analysis, the MC based approach has the
advantage that the background estimation is not a�ected by the data statistical un-
certainty. The Higgs search via VBF production with the data-driven approach has
been performed and it is described in D, however it provides an expected signi�-
cance about 20% less than the MC based approach.

The fully MC based signal extraction follows the strategy adopted to study and ob-
serve the vector boson fusion production of the Z boson decaying into leptons with
7 TeV [100], 8 TeV [109], and with a greater precision with 13 TeV [110]. Similar
measurement of single leptons plus two jets have been carried out to con�rm the
actual existence of the production of W boson via VBF production (VBF W) with 8
TeV [111] and 13 TeV [112]. A fully MC based strategy have been adopted also in
the search of H→ bb̄ via VH production channel [39].

The strategy is simple and straightforward. A �rst loose selection is applied in or-
der to reduce the background while keeping high the signal e�ciency. The selected
events are used to train a multivariate discriminator that separates best signal from
background. Then, the distribution of the discriminator output is �tted to extract
the signal strength. In this search, two di�erent multivariate techniques are tested:
the boosted decision tree and the deep neural network. The �nal �t is performed
with the discriminator that provides better expected results.

Both the selection and the multivariate discriminants exploit the characteristic of
the VBF process to improve the signal-to-background separation. Precisely for this
reason, the VBF production of Z boson (VBF Z) is the background that is most di�-
cult to distinguish from the signal. The VBF Z background consists in the produc-
tion of an o�-shell Z boson via the triple gauge boson vertex and the topology of
the diagram is exactly the same as the one of the VBF Higgs production. Figure 5.1c
shows the Feynmann diagram of VBF Z production.

Together with VBF Z, also ditop and Drell-Yan (DY) events are irreducible back-
grounds for the VBF H→ µµ search. The Drell-Yan production of muon pairs is the
most abundant background in this search. The two jets that take the place of the
VBF jets may arise either from the radiation of a parton or from pile-up events. The
t̄t events are a less relevant background because it is suppressed by the cut mjj > 400
GeV and by the low branching fraction of W into muons. Figure 5.1 shows an ex-
ample of the Feynmann diagrams of DY and t̄t events.



5.1. Introduction 75

(a) (b)

(c)

Figure 5.1: Feynmann diagrams of the three main backgrounds: Drell-Yan (a), ditop (b),
and Z production via vector boson fusion (c). The green fermions represent the two quarks
detected as jets, the red fermions are the two muons, and the internal blue lines indicates

the electroweak gauge bosons.
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5.2 Event simulation
Simulated events are extremely important to study the kinematic features of signal
and background process, as well as to optimize the analysis strategy or understand
detector e�ects. Moreover, simulated samples are used to build the multivariate
discriminants that help to isolate the Higgs boson from the backgrounds. The ma-
trix element generators used to produce MC events are Poweg v2 [113, 114, 115]
and MadGraph5_amc@nlo [116]. Instead, the simulation of the hadronization and
of the underlying event is performed by Pythia (v8.2 or grater) [117] or Herwig
[118]. Whenever MadGraph5_amc@nlo is used, jets from the matrix element cal-
culations are matched to the parton shower following the FxFx (MLM) prescription
[119, 120]. The Pythia generator is used with CUETP8M1 tune [121] for the 2016
data-taking period and CP5 tune [122] for 2017 and 2018, while Herwig is used
with UE5C tune [121] for 2016 and CH3 tune [123] for 2017 and 2018. The simula-
tions use NNPDF 3.0 (3.1) parton distribution functions (PDF) for 2016 (2017/2018)
data-taking period [124, 125].

In all simulated events, the interactions of all �nal state particles with the CMS
detector are simulated with GEANT4 [126] and the events are reconstructed with
the same algorithms that are used for data. The pile-up interactions are produced by
overlaying elastic proton-proton collisions on the generated event. The MC events
are weighted in order to match the distribution of the number of pile-up interactions
per bunch crossing observed in data.

5.2.1 Signal simulation
The MC samples for the ggH process are simulated at next-to-leading order (NLO)
accuracy in QCD with two generators: Poweg and MadGraph5_amc@nlo. In
both cases, up to two additional partons are included in the �nal state in the matrix
element calculation. The parton shower is simulated by Pythia for both the ggH
samples. Generated events are reweighted to match the distribution of the pT of
the Higgs boson with the Poweg nnlops predictions [127, 128]. The reweighting is
performed in bins of jet multiplicity, where jets are required to have pT > 30 GeV
at generator level.

The VBF process has peculiar features: two jets with large separation and sup-
pressed hadron activity in between them. The parton shower generators Pythia
and Herwig show a signi�cant di�erence in modeling these features. In fact, the
standard pT -ordered shower implemented by Pythia may lead to unphysical addi-
tional hadron activity [129]. In order to have a correct description of the kinematics
of VBF signal events, two VBF H samples are produced at NLO precision in QCD
using Poweg [130] for the matrix element generation and Herwig or with Pythia
in dipole shower mode for the parton shower. Those two samples are used to extract
the �nal results, while an additional sample generated by Poweg and hadronized
by Pythia is used to train the multivariate discriminators.

VH and ttH samples are produced with Poweg [131, 132] at NLO accuracy in QCD
interfaced with Pythia for parton showering. For all processes, table 5.1 shows
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the generators used, the cross-section, and the equivalent luminosity that indicates
the statistical power of the sample. The signal samples of the four channels are
generated with a Higgs mass mH = 125 GeV and in addition, simulated samples
are generated with MadGraph5_amc@nlo for ggH and VBF modes with two ad-
ditional mass hypoteses: mH = 120 GeV and mH = 130 GeV.

The cross-section and B(H → µµ) values are taken from the recommendations of
Ref. [20]. The cross-section of ggH process is computed with next-to-next-to-NLO
(N3LO) precision in QCD and NLO precision in electroweak (EW) theory [133].
The VBF [134] and the qq→VH [135] cross-sections are calculated at next-to-NLO
(NNLO) in QCD and NLO in EW theory while ttH cross-section is computed at
NLO accuracy in QCD and EW theory [136, 137]. The H→ µµ branching fraction
is computed with hdecay [138] at NLO accuracy in QCD and EW theory.

sample generator + PS
∫
L / 137 fb–1 σ × B (fb)

ggH(µµ) MadGraph5_amc@nlo + Pythia 980.0 10.57
Powheg + Pythia 3714 10.57

VBF H(µµ) Powheg + Pythia dipole 23991 0.8211
Powheg + Pythia 37209 0.8211
Powheg + Herwig 26203 0.8211

W+H(µµ) Powheg + Pythia 24889 0.1828
W–H(µµ) Powheg + Pythia 52543 0.1159
ZH(µµ) Powheg + Pythia 46474 0.192

ttH(µµ) Powheg + Pythia 110221 0.1103

ggH(µµ)(mH=120) MadGraph5_amc@nlo + Pythia 927.0 12.652
ggH(µµ)(mH=130) MadGraph5_amc@nlo + Pythia 1410 8.5047
VBF H(µµ)(mH=120) MadGraph5_amc@nlo + Pythia 2247 0.9535
VBF H(µµ)(mH=130) MadGraph5_amc@nlo + Pythia 3111 0.6827

Table 5.1: Summary of the Monte Carlo signal samples used in the analysis by process.
The generator and PS simulator used are listed in the second column of the table while
third column shows the equivalent luminosity of each sample. The cross sections used in

the analysis are reported in the fourth column.

5.2.2 Background simulation
The largest contribution to the background of this search comes from the Drell-
Yan process. Several samples of DY events are generated with speci�c cuts on the
dilepton mass at generator level. All the DY samples are generated with Mad-
Graph5_amc@nlo with up to two additional partons in the �nal state and Pythia
is used to simulate the hadronization. Two samples of dimuon production via Drell-
Yan process are generated within the mass window 105-160 GeV, one is produced at
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NLO precision in QCD and the other at LO in QCD. In order to gain statistics in VBF-
like phase space, two samples of dimuon production via Drell-Yan process are gen-
erated requiring also that the two leading jets at generator level have m(qq) > 350
GeV and distance ∆R > 0.4 with the muons. The additional samples have di�er-
ent precisions too: one has NLO accuracy, the other one has LO accuracy. Dimuon
events under the Z peak are also needed to study the kinematic properties of the
DY background and to assess the reliability of the simulation. Therefore, dilepton
events via DY production are generated with 0, 1 or more jets at generator level and
with m(``) > 50 GeV.

The electroweak production of Z boson in association with two jets is extremely
important in this search. As done for the DY, two alternative sets of samples are
produced: one with the invariant mass of the two leptons larger than 50 GeV, and
one with two muons with mµµ in between 105 and 160 GeV. The samples are pro-
duced with MadGraph5_amc@nlo with LO accuracy in QCD with di�erent parton
shower generators. The Herwig parton shower is known to better model the VBF
Z model without color connection [139] than Pythia therefore it is used as nomi-
nal sample in the analysis. The sample showered by Pythia is used to estimate the
parton shower uncertainty.

The DY production in association with two jets has the same �nal state as the VBF
Z process, thus the interference between the two processes has to be taken into ac-
count in order to correctly model the data. The interference is generated directly
with MadGraph5_amc@nlo at LO accuracy and it is showered by Pythia. Table
5.2 shows the DY and VBF Z simulated samples with the generators, the cross-
section, and the equivalent luminosity. A column is added to show the cuts at gen-
erator level that identify the samples.

The background with the most signi�cant contribution after DY and VBF Z is the
t̄t production. Ditop events are generated in the three decay channels separately:
leptonic, semileptonic, and hadronic. The most important for the analysis is the
fully leptonic channel but little contributions comes also from the semileptonic one.
Single t-quark processes are less relevant but not neglectable. Both t̄t and single t-
quark processes have been generated with NLO precision in QCD with Powheg
and Pythia generators.

Small contributions arise from single W and diboson production. The generators
used for these samples are either MadGraph5_amc@nlo or Powheg for matrix
element, while Pythia is used in shower simulation. All these minor backgrounds
are computed at NLO precision in QCD. Several other background processes have
been considered and found to be negligible, therefore no other samples are used in
background modeling in this analysis. table 5.3 shows the generators, the cross-
sections, and the equivalent luminosity for the described processes.

When possible, cross-sections are computed with higher precision than the event
generations. DY process cross-sections are calculated at NNLO precision in QCD
and NLO in EW theory with fewz v3.1b2 [140]. The cross-section of t̄t processes
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sample generator selection generator + PS
∫
L / 137 fb–1 σ × B (fb)

DY(µµ)+jets 105 < m(µµ) < 160 GeV MadGraph5_amc@nlo (NLO) + Pythia 10.56 47170

MadGraph5_amc@nlo (LO) + Pythia 18.93 47170.

DY(µµ)+jets 105 < m(µµ) < 160 GeV, MadGraph5_amc@nlo (NLO) + Pythia 57.80 1770.0
m(qq) > 350 GeV

MadGraph5_amc@nlo (LO) + Pythia 111.0 1770.0

DY(``)+jets m(``) > 50 GeV, 0 jet MadGraph5_amc@nlo + Pythia 0.291 462052

DY(``)+jets m(``) > 50 GeV, 1 jet MadGraph5_amc@nlo + Pythia 0.513 859590

DY(``)+jets m(``) > 50 GeV, ≥ 2 jet MadGraph5_amc@nlo + Pythia 0.414 338260

VBF Z(``) m(``) > 50 GeV MadGraph5_amc@nlo + Herwig 12.02 1664.0

MadGraph5_amc@nlo + Pythia 24.14 1664.0

VBF Z(µµ) 105 < m(µµ) < 160 GeV MadGraph5_amc@nlo + Pythia dipole 580.0 74.86

MadGraph5_amc@nlo + Pythia 419.0 50.889

MadGraph5_amc@nlo + Herwig 4160 50.889

VBF Z(µµ) 105 < m(µµ) < 160 GeV MadGraph5_amc@nlo + Herwig 871.0 74.86

interference m(``) > 50 GeV MadGraph5_amc@nlo + Pythia 5.360 128.0

Table 5.2: Summary of the Monte Carlo DY and VBF Z samples used in the analysis by
process. The second column shows the cuts that identify the samples. The generator and PS
simulator used are listed in the third column of the table while the fourth column shows the
equivalent luminosity of each sample. The cross-sections used in the analysis are reported
in the last column. The phase space selections at the generator level are speci�ed in the

third column.

are computed with top++ v2.0 [141] that included NNLO and NNLL corrections.
Diboson cross-sections are computed NLO and NNLO/NLO k-factors from Ref. [142,
143, 144] are applied.

5.3 Selection
The selection starts with the trigger and the muon requirements described in section
4.2. The events are selected if two jets with pT > 35 GeV and pT > 25 GeV whitin
–4.7 < η < 4.7 are present. In order to avoid double-counting with VH and ttH
analyses, the events must not have any additional leptons, any medium b-tagged
jets, or more than one loose b-tagged jet. The additional lepton requirement does
not change signi�cantly the event rate while the b-tag vetoes help in reducing the
ditop background. About the 70% of t̄t events are rejected by the b-tag conditions.

The events must have a pseudorapidity distance between the two leading jets ∆ηjj >
2.5 and their invariant mass have to be mjj > 400 GeV. Figure 5.2 shows the distri-
bution of mjj and ∆ηjj for the VBF H, ggH, and DY processes before applying the
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sample generator + PS
∫
L / 137 fb–1 σ × B (fb)

t̄t leptonic decay Powheg + Pythia 16.96 85650

t̄t semileptonic decay Powheg + Pythia 9.62 356186

single top, t-channel top Powheg + Pythia 16.97 136020

single top, t-channel anitop Powheg + Pythia 16.86 80950

single top, tW top Powheg + Pythia 7.61 35850

single top, tW antitop Powheg + Pythia 7.20 35850

single top, s-channel leptonic decay MadGraph5_amc@nlo + Pythia 49.4 3360.0

W(`ν) + 0 jet MadGraph5_amc@nlo + Pythia 0.041 501319

W(`ν) + 1 jet MadGraph5_amc@nlo + Pythia 0.072 842609

W(`ν) + 2 jet MadGraph5_amc@nlo + Pythia 0.096 317296

Z(``)Z(qq) Powheg + Pythia 115.3 1554.5

W(`ν)Z(``) MadGraph5_amc@nlo + Pythia 80.0 1015.7

W(qq)Z(``) MadGraph5_amc@nlo + Pythia 30.46 6321.0

W(`ν)Z(νν) MadGraph5_amc@nlo + Pythia 9.10 2011.5

W(`ν)W(`ν) Powheg + Pythia 8.18 12178

W(`ν)W(qq) Powheg + Pythia 7.98 34150

Table 5.3: Summary of minor bakground samples used in the analysis by process. The
generator and PS simulator used are listed in the second column of the table while third
column shows the equivalent luminosity of each sample. The cross sections used in the

analysis are reported in the fourth column.

VBF selection. The distributions are normalized to unity to highlight the di�erent
shapes and the purple vertical lines are added to show the applied cuts. The uns-
elected events are considered in the data-driven ggH analysis therefore the values
of the cuts are a trade-o� between ggH and VBF searches. In fact, the numbers
of signal events in ggH analysis and in VBF analysis are very sensitive to this cut.
Those values are chosen in order to maximize the signal events in ggH search with-
out reducing signi�cantly the sensitivity of the VBF search. After applying the VBF
selections, the remaining signal is about half VBF H and half ggH.

At this point, the events of interest are divided in three regions. The regions are
de�ned by cuts on the invariant mass of the two muons mµµ. The Signal Region
contains the events in which mµµ is within 115-135 GeV. The SideBand is composed
by events with 110 < mµµ < 115 GeV and by events with 135 < mµµ < 150 GeV. The
events within 15 GeV of the Z mass belongs to the Z Region. The event selection
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(a) (b)

Figure 5.2: Dijet invariant mass (a) and pseudorapidity distance (b) for the VBF H, ggH,
and DY + jets processes before applying the VBF selection. The distributions are normalized

to unity and the lines represent the cuts de�ning the VBF category.

and the region de�nitions are summarized in table 5.4.

Figure 5.3: Dimuon invariant mass distribution after the event selection. Events in di�erent
regions are shown in the same plot. The lower panel shows the ratio data over Monte-Carlo.
The dashed area represents the MC statistical uncertainties while the lines in the lower panel

show the uncertainties related to the energy of the jets and to the factorization scale.

Figure 5.3 shows the distribution of the dimuon invariant mass with the region
de�nition. The �gure is composed of two panels. The upper panel shows the distri-
bution of all the processes. The backgrounds are divided into four categories. The
DY and the VBF Z are the most signal-like backgrounds and they placed on the top.
The t̄t and the single top events are merged and they are referred to as "Top". All
the other backgrounds are on the bottom of the distribution and they are indicated
as "Diboson". The signal is shown by the three lines and it is scaled in order to be
more evident. Moreover, the signal yields are stacked on the top of the background
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distribution, and that their contribution is not visible on the chart.

The lower panel of Figure 5.3 contains the data-MC ratio and it shows the main
systematic uncertainties: the jet energy scale (JES) and resolution (JER), and the
accuracy of renormalization calculation due to QCD processes. The jet energy scale
and resolution are introduced in section 3.5.1 while the uncertainties due to QCD
e�ects are discussed in section 5.6.1. All the single variable distributions that are
shown in the following have a structure identical to the one described for Figure 5.3.

Table 5.5 shows the yields of signals and backgrounds in the signal region for the
three years. Tables 5.6 and 5.7 show the yields in the sideband and in the Z region.
The signal yields are negligible in sideband and Z region. The classi�cation of the
backgrounds shown in the tables is the one adopted also in the plots.

Important e�ects in the signal and background yields arise from the jet energy scale
and resolution uncertainties. The main reason is the cut on the transverse momen-
tum of the subleading jet. In fact, the JER and JES uncertainties of low energy jets
are high and they produce important variations of the subleading jet pT when ap-
plied. These e�ects are particularly enhanced in the region |η| > 2.5 where the
energy measurement is provided by the calorimeters only.

Signi�cant detector noise has been recorded in the calorimeters during the 2017
data-taking, especially in the pseudorapidity window 2.6÷3.0. The noise adds up to
pile-up contribution and it worsens the energy resolution and scale. Therefore JES
and JER uncertainties have very large e�ects in signal and background normaliza-
tions during the 2017 data-taking.

object selection cut
pT (µ) > 30, 20 GeV

leptons |η(µ)| < 2.4
no additional leptons
pT (j) > 35, 25 GeV

jets |η(j)| < 4.7
no DeepCSV medium

mjj > 400 GeV
global ∆ηjj > 2.5 GeV

< 2 loose DeepCSV
Signal region 125 < mµµ < 135 GeV
Sideband 110 < mµµ < 115 GeV or 135 < mµµ < 150 GeV
Z region 76 < mµµ < 106 GeV

Table 5.4: Event selection criteria and de�nition of the regions.
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sample yield 2016 yield 2017 yield 2018
DY 2061(328) 2510(505) 3688(608)
Top 275(35) 291(45) 423(59)

VBF Z 74(3) 79(32) 127(10)
Diboson 50(6) 57(9) 77(10)
VBF H 6.977(0.682) 7.384(0.677) 11.774(1.203)
ggH 4.689(1.165) 6.438(1.828) 9.608(2.530)
VH 0.165(0.020) 0.182(0.031) 0.269(0.039)
ttH 0.011(0.003) 0.011(0.004) 0.017(0.006)

Total MC 2472(363) 2951(555) 4337(669)
Data 2302 3113 3950

Table 5.5: Event yields in data and for di�erent MC sources in signal region for 2016, 2017,
and 2018. The statistical uncertainties are shown in parantheses.

sample yield 2016 yield 2017 yield 2018
DY 1776(286) 2169(439) 3163(517)
Top 253(32) 255(40) 386(56)

VBF Z 65(3) 68(28) 109(9)
Diboson 44(6) 42(8) 65(9)
Total MC 2137(318) 2535(483) 3723(572)

Data 2118 2753 3383

Table 5.6: Event yields in data and for di�erent MC sources in sideband for 2016, 2017, and
2018. The statistical uncertainties are shown in parantheses.

sample yield 2016 yield 2017 yield 2018
DY 154334(31726) 182051(50422) 279452(51998)
Top 538(69) 536(81) 804(103)

VBF Z 4090(59) 4052(96) 6608(137)
Diboson 974(121) 964(159) 1282(161)
Total MC 159936(31944) 187604(50722) 288147(52348)

Data 157187 219345 274617

Table 5.7: Event yields in data and for di�erent MC sources in Z region for 2016, 2017, and
2018. The statistical uncertainties are shown in parantheses.

5.4 Search for discriminating variables
A multivariate discriminator needs several variables as input. The more those vari-
ables separate signal from background, the more powerful the discriminator is,
therefore a search of the variables with high separation power is performed. The
parameter d is de�ned in order to have a tangible value of the separation power
each variable can provide. The parameter d is de�ned by

d = 1
2
∑
i

|Si – Bi| (5.1)
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where the sum is performed all over the bins, and Si and Bi are bin yields of the
normalized signal and background histograms. The value of d ranges from 0 to 1.
A value of 0 means that signal and background shapes are identical, while a value
of 1 indicates a perfect separation between signal and background. The d value is
shown in all the plots.

As mentioned above, this analysis relies on the great accuracy of the MC prediction,
therefore, checking the agreement between data and MC is extremely important. In
the following, several variables are shown. Each plot has a lower panel containing
the data/MC ratio with its uncertainty bands. All the variables that are important
for this analysis are shown year by year in appendix G.

Dijet invariant mass and pseudorapidity separation
The invariant mass mjj and the pseudorapidity di�erence ∆ηjj of the two selected
jets are the variables that discriminate most between VBF processes and other pro-
cesses, so much so that they have been used in the analysis selection. The selected
events can still be classi�ed as a function of those two variables since the VBF pro-
cesses have di�erent distributions with respect to the other processes.

The two jets produced in VBF processes are directed in the opposite part of the
detector, therefore they easily have high invariant mass and great distance in pseu-
dorapidity. Therefore, both mjj and ∆ηjj distributions have longer tails in VBF pro-
cesses than in other processes. The exact shapes and peaks of mjj and ∆ηjj distribu-
tions depend on the selection cuts for both signal and background. Figure 5.4 shows
the distributions of the two variables for signal region events.

(a) (b)

Figure 5.4: (a) Invariant mass and (b) pseudorapidity distance of the two leading jets after
the event selection in the signal region in all the years. Captions are the same of Figure 5.3.

Jets kinematic
As already mentioned, one of the main characteristic of the VBF production is hav-
ing two jets with high pseudorapidity, moreover, also the momentum distributions
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are not identical in signal and background. Therefore, jets momenta and pseudo-
rapidities can be used to separate signal from background. Figure 5.5 shows the
distribution of the transverse momentum and pseudorapidity of the leading jet, the
distributions of the same variables for the subleading jet are very similar.

Jets in DY events tend to be central and less energetic than the ones of VBF events.
The bumps in the η distribution are caused by the selection and they are at lower
pseudorapidities than the ones of VBF signal.

(a) (b)

Figure 5.5: Transverse momentum (a) and pseudorapidity (b) of the leading jet after the
event selection in the signal region in all the years. Captions are the same of Figure 5.3.

Transverse momentum balance
The main objects in VBF events are the two jets and the muons. They are the most
energetic objects and their momenta should be balanced in the transverse plane,
however, additional particle production or pile-up interactions may result in an un-
balance of the vectorial sum of the main objects. In background events instead,
the two jets and muons may not be the only protagonists of the hard scattering
therefore they are, on average, less balanced than in VBF events. For this reason,
balancing variables can have great discriminating power.

The ratio between the transverse momentum of the leading jets and the one of the
muons is usually close to 1 but its distribution much more peaked in signal than
in background events. Similarly, the transverse momentum balance of the main
objects R(pT ) de�ned by

R(pT ) = | ~pT (jj) + ~pT (µµ)|
| ~pT (j1)| + | ~pT (j2)| + | ~pT (µµ)| (5.2)

has di�erent shape for signal and backgrounds: the backgrounds have longer tails
than VBF events, expecially the top processes that contain additional hadronic ac-
tivity in great abundance. Figure 5.6 shows the distribution of R(pT ) and of the
transverse momenta ratio in the signal region for all the years.
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(a) (b)

Figure 5.6: Transverse momentum balance of the two jets and the Higgs candidate after
the event selection in the signal region in all the years. Captions are the same of Figure 5.3.

Soft jet multiplicity and HT
The two leading jets and the two muons are the four objects coming from the hard
scattering and other hadron activities are suppressed in VBF process. Variable re-
lated to additional hadron activity are therefore well discriminating between signal
and background. Track jets explained in section 3.5.4 are a powerful tool that can be
used to separate signal from background. Both the transverse momentum balance
R(pT ) and the soft activity variables monitor the additional hadron activity. The
�rst is sensible to pile-up but also it is also sensible to neutral particles coming from
the primary vertex, while the soft jets are independent of both.

Among many, the most discriminating soft activity variables are the multiplicity
of track jets with pT > 5 GeV, called N soft

5 , and the scalar sum of the transverse
momenta of all the track jets with pT > 2 GeV, called H soft

(2)T . Figure 5.7 shows the
distribution of N soft

5 and H soft
(2)T in the signal region for all the years.

Angular variables
One of the main VBF characteristics is having two opposite very forward jets. The
produced boson is typically directed in the central part of the detector in between
the two jets. Therefore, the pseudorapidity of the boson relative to the pseudora-
pidities of the jets has a peculiar shape in VBF process.

The Zeppenfeld variable z? [145] is a linear transformations of the dimuon pseudo-
rapidities and it is de�ned in 4.1. The Zeppendeld variable show if the Higgs candi-
date is directed in between the jets or not. Similarly to the Zeppenfeld variable, the
angular distances ∆η(µµ, j2) and ∆η(µµ, j1). In particular, the minimum of the two
distances is the most discriminating angular variable. Figure 5.8 shows the distribu-
tion of z? and min[∆η(µµ, j2), ∆η(µµ, j1)] in the signal region for all the years. The
background distribution of z? has a longer tail while the VBF shape is more peaked
in 0. Instead, min[∆η(µµ, j2), ∆η(µµ, j1)] show that background shapes are close to
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(a) (b)

Figure 5.7: (a) Multiplicity of track jets with pT > 5 GeV and (b) scalar sum of the transverse
momenta of the track jets with pT > 2 GeV after the event selection in the signal region in

all the years. Captions are the same of Figure 5.3.

zero while VBF process peak around 1.7. Both the variables show that the dimuon
pseudorapidity is mainly central and well distanced from the jets.

(a) (b)

Figure 5.8: Distributions of the Zeppenfeld variable z? (a) and of the minimum pseudora-
pidity distance min[∆η(µµ, j2), ∆η(µµ, j1)] (b) after the event selection in the signal region

in all the years. Captions are the same of Figure 5.3.

Quark-Gluon likelihood
Jets in VBF events are expected to originate from quarks whereas events produced
by other sources can have jets originated from both gluons or quarks. This di�er-
ence is exploited by the QGL tag described in section 3.5.3. The QGL discriminator
is evaluated on the two leading jets and the output value has discriminating power
between signal and background. The crucial point is that QGL tagger does not use
the kinematic of the jet as single objects, but it uses only internal variables. There-
fore the QGL output is completely independent from the from four-momenta of the
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jets or of other physic objects, thus the QGL provides a transversal separation be-
tween signal and background.

Figure 5.9 shows the QGL outputs for the leading and subleading jets in signal re-
gion events for all the years. VBF events have more likely high QGL values and the
QGL distributions peak at 1 for both leading and subleading jets. The shapes of the
backgrounds peak in both 0 and 1, meaning that leading jets are often gluon-jets.
Any of the leading jets can come from the radiation of a gluon from initial or �nal
states. In that case, the gluon-jets have a softer pT -spectrum and therefore sublead-
ing jets come from gluon hadronization more frequently than the leading ones. This
is the reason why the QGL output of the subleading jet is more discriminating than
the leading one.

(a) (b)

Figure 5.9: Quark-Gluon likelihood of the leading (a) and the subleading (b) jets after the
event selection in the signal region in all the years. Captions are the same of Figure 5.3.

b-tagging
The b-tagging algorithm DeepCSV is used in the event selection. The cut on the
DeepCSV score reduces substantially the amount of background arising from t-
quarks. In principle, the DeepCSV output could still help in signal-to-background
separation even after the selection, similarly to mjj and ∆ηjj . However, this variable
would help in separating the signal from the backgrounds coming from t-quarks
only and it would not help in separating signal from DY or VBF Z events. The back-
grounds related to t-quarks have much fewer events than DY, moreover, the t-quark
backgrounds are very dissimilar from the signal in terms of kinematic distributions:
many variables have shapes that are very di�erent from signal ones. Therefore, the
separation provided by this variable is not relevant in signal-to-background dis-
crimination.

Higgs candidate properties
The kinematic of the Higgs candidate can be di�erent in signal and backgrounds
since the two muons have di�erent origins. In particular, the dimuon system has a
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harder pT -spectrum and it is directed more centrally in the detector. The azimuthal
angle instead does not contains relevant information because of the symmetry of
the collision.

The momentum and the pseudorapidity can help in signal-to-background separa-
tion, moreover, they do not contain any information about the dimuon invariant
mass therefore their separation is independent from the dimuon mass shape. Fig-
ure 5.10 shows the transverse momentum and pseudorapidity of the dimuon system
in the signal region for all years.

(a) (b)

Figure 5.10: (a) Transverse momentum and (b) pseudorapidity of the dimuon system after
the event selection in the signal region in all the years. Captions are the same of Figure 5.3.

Collins-Soper angles
In order to describe the directions of the two muons, the Collins-Soper angles are
used. The Collins-Soper angles correspond to the angles of decay of the Higgs can-
didate into muons in the dimuon system and they are described in appendix A.
Their discriminating power derives from

Figure 5.11: Collins-Soper angles θCS (a) and
φCS (b) after the event selection in the signal
region in all the years. Captions are the same

of Figure 5.3.

the di�erences between scalar boson and
vector boson di�erential cross-sections.
However, the shape of the angle dis-
tributions are modi�ed by acceptance
and reconstruction e�ciency, therefore
their discriminating power is much re-
duced with respect to ideal conditions.

The Collins-Soper angles are called θCS
and φCS and they are completely inde-
pendent of the invariant mass of the muons.
Figure 5.11 shows θCS for all the selected
events.
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Dimuon mass resolution
Theoretical Higgs width is 4 MeV while the muon momentum uncertainty is around
2 GeV, therefore experimental uncertainties are dominant in the dimuon mass res-
olution. The sensitivity of this search strongly depends on the dimuon invariant
mass uncertainty: better resolution would mean a smaller window of interest, con-
sequently reducing the background. For this reason, the �nal state radiation recov-
ery described in section 3.3.2 is applied so to improve the mass resolution and the
�nal result.

Figure 5.12 shows the distribution of the

Figure 5.12: Dimuon invariant mass resolu-
tion after the event selection in the signal re-
gion in all the years. Captions are the same of

Figure 5.3.

dimuon mass uncertainty. The variable
does not show a high d parameter there-
fore it can not separate signal from back-
ground very well on its own. However,
it can be exploited in signal-to-background
separation because it a�ects the invari-
ant mass distribution. Figure 5.13 shows
the dimuon mass distribution in signal
region for the events with mass uncer-
tainty smaller and greater than 2 GeV.

Signal events with smaller uncertainty
are closer to 125 GeV and show a more

pronounced peak. In the same way, DY and VBF Z events are closer to 91 GeV
thus they have mainly low values of mµµ. The background is steeply falling and
the signal-to-background ratio is higher in the bins around 125 GeV. Events with
higher mass uncertainties instead, show more �at distributions including a broader
signal peak that is more di�cult to exploit.

The mass resolution is a useful variable even if it does not have a high d param-
eter or have a signi�cant correlation with the dimuon mass. Instead, it can improve
the separation provided by the mass therefore it is a powerful tool that can be used
in a multivariate analysis.

5.5 Multivariate discriminators
The Higgs signal can be extracted from data performing a single variable �t. The
dimuon invariant mass seems to be the perfect choice for that task since the signal
events are bunched in a narrow peak while the background events show a con-
tinuous monotonically descending trend. However, such a signal extraction would
not exploit as best the VBF signature that has been used just in the event selection.
Therefore, a multivariate discriminator is used in signal extraction in place of the
dimuon mass. The discriminator is built through machine learning techniques that
can optimally combine the dimuon mass with the VBF topology information pro-
vided by other kinematic variables.
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(a) (b)

Figure 5.13: Dimuon invariant mass for signal region events with (a) mass uncertainty
smaller than 2 GeV and (b) mass uncertainty greater than 2 GeV. Captions are the same of

Figure 5.3.

Two machine learning techniques are explored for building the discriminator used
in signal extraction: boosted decision trees (BDTs) and deep neural networks (DNNs).
Both methods have been widely used in high energy physic for classi�cation prob-
lems. Neural networks have been used since the 90s but they were replaced at LHC
by BDTs for Run 1 analyses. Recently, due to the increase of computing power,
DNNs made a comeback, and their performance often equal or exceed the ones of
BDTs. In this thesis, the two techniques are adopted in order to build two discrim-
inators. The one that provides the best expected sensitivity will be used to extract
the �nal results.

Machine learning introduction

Some important concepts about machine learning have to be de�ned before pro-
ceeding with the discriminators descriptions.

The two machine learning techniques used in building the discriminator algorithm
belong to the family of supervised learning. They make use of events in which
the desired output is known in order to build a model able to classify the events
in classes. The events used for building the models are called training events and
they are taken from Monte-Carlo samples. The process that builds the discriminator
model from the simulated events is called training. The model is built through the
minimization of a function called loss function, or cost function. The loss function
measures the distance of the output value of the discriminator from the truth and
it is minimized via gradient descending.

The main goal of all the machine learning algorithms is to perform well on new,
previously unseen data, called test dataset. In the speci�c case of the H→ µµ
search, the test dataset is the dataset used to extract the �nal results. Since any
algorithm always performs better on the training dataset than on the test dataset,
the task of performing well on new data can be divided in two di�erent sub-tasks:
the algorithm has to perform well on the training dataset, and the performance gap
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between training and test dataset has to be small. Those two sub-tasks are the two
main challenges in machine learning. When an algorithm does not ful�ll the �rst
one, it is said to under�t the training dataset, while an algorithm that does not ful�ll
the second one is said to over�t the training dataset. Under�tting typically occurs
when the model is not able to well describe the data, while over�tting occurs when
the model learns the statistical �uctuation of the training dataset.

Several settings can control the behavior of the training procedure and de�ne the
model used by the discriminator algorithm. These settings are called hyperparame-
ters and they are not set during the training process but they are �xed a priori. For
example, an hyperparameter for the model build with neural network is the num-
ber of layers. For the BDT, an hyperparameter is the number of trees used in the
boosting procedure. The values of the hyperparameters determine the ability to de-
scribe the data and they can be modi�ed to correct under�tting and over�tting. So,
for both the discriminators, several available hyperparameters are tested in order
to tune the optimal con�guration for signal-to-background separation.

Dataset used in discriminator building

The signal and background events that are used to extract the �nal results constitute
the test dataset. The training dataset is the dataset used to train the discriminator
and it is completely orthogonal to the test dataset. Whenever a discriminator is
trained, an additional dataset is needed in order to verify its expected performance,
this step is called validation. The validation dataset has to be independent of both
the training dataset and the test dataset. The validation step is mandatory to verify
the absence of overtraining, to compare discriminators built with di�erent hyper-
parameters, and consequently to optimize the results.

The three datasets have to contain either signal and background events, therefore,
signals and backgrounds have to be divided into three parts each. Two VBF Higgs
samples are available: one showered with Pythia without dipole recoil and the
other with Pythia with the dipole recoil option. The �rst sample is used for test-
ing, while the second one is divided into two parts: one for training and one for
validation. Adding the powheg ggH sample in the training has been tried but no
signi�cant improvement has been found. The reason is that gluon-fusion events
have kinematic properties similar to the backgrounds. Consequently, ggH events
are not used in training the discriminators.

The background samples used in training and validation are composed of a mixture
of DY, VBF Z, and t̄t events. The DY samples are generated either with NLO pre-
cision and with LO precision. The samples generated with NLO precision are used
for testing in order to provide a better background prediction when extracting the
�nal result. The samples generated with NLO precision are used for training and
validating the discriminators. Only one sample is available for the VBF Z and t̄t
processes, therefore those samples are used either in training, validation, and test-
ing. Tables 5.8 shows the samples used in training and validation and it shows the
generators and the total number of events that pass the signal region requirements
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for each sample. The equivalent luminosities of the samples in the table are shown
in section 5.2.

sample generator + PS total number of events

VBF H(µµ) Powheg + Pythia 1000059

DY 105 VBF MadGraph5_amc@nlo (LO) + Pythia 327737

DY 105 MadGraph5_amc@nlo (LO) + Pythia 69374

VBF Z MadGraph5_amc@nlo + Herwig 211939

t̄t leptonic decay Powheg + Pythia 15885

Table 5.8: Samples used for training and validating the discriminators. The last column
shows the number of simulated events that pass the signal region selection.

In order to build a multivariate discriminator, several event variables are needed.
They are the bases of the discriminator building and the �nal separation between
signal and background is proportional to the ones provided by each variable. There-
fore having a large number of variables with di�erent distribution for signal and
background is crucial. Moreover, many variables may be correlated with each other,
so having variables containing orthogonal information is extremely important too.
In the following paragraphs, the construction of the two discriminators is described.

5.5.1 Boosted Decision Tree
The �rst multivariate discriminant built to separate signal from background is a
boosted decision tree. In this work, the BDT is implemented with the TMVA pack-
age [107] in the ROOT framework [146]. An exhaustive description of BDTs is
available in appendix B.

The events used in the training are the simulated events of the samples listed in
table 5.8 that pass the signal region selection. Signal sample and LO DY samples are
not used in the signal extraction, therefore they are split in two subsets: one for the
training and one for the validation. Instead, the VBF Z sample and the t̄t sample
are used in the �t to measure the signal strength, therefore they have to be divided
in three parts: one for the training, one for the validation, and one for the signal
extraction.

Having a limited number of available MC events has repercussions also on the set-
tings and on the input variables used to build the discriminant. In fact, the optimal
hyperparameters and the optimal number of input variables are sensitive to the
dataset size. The limiting factor is the number of DY simulated events. The back-
ground events are almost entirely produced by the DY process, therefore using a
low equivalent luminosity sample for DY in�uences signi�cantly the discriminator
performance.
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The DY samples generated at LO precision are used in BDT building in place of the
NLO ones even if the latters are more accurate. This approach is chosen because
BDT building process cannot handle properly large fractions of negative weights.
The DY samples generated at NLO precision contain a large fraction of negative
weight that would produce unstable discriminators. This choice leads to a worst
description of the DY process but also increases the statistical power of either the
events used in signal extraction and the ones used in BDT building.

Parameters optimization

Several options provided by the TMVA package are available to build the discrim-
inator. There is not a general prescription to tune the BDT hyperparameters for a
given training dataset, in this work the metric used to compare di�erent BDTs is the
expected signal signi�cance. The signal signi�cance is chosen because it is a raw
estimate of the distance of the signal strength produced by the �nal �t from zero in
standard deviations. The BDT distributions for signal and background are used to
compute the signal expected signi�cance bin by bin, then the bin signi�cances are
summed to obtain the total signi�cance. The total signi�cance is thus de�ned by

Signi�cance =

√√√√ N∑
i=1

S2
i
Bi

(5.3)

where Si and Bi are the expected events of signal and background in the i-th bin
and N is the number of bins of the histogram.

The described signi�cance contains a strong dependence on the binning of the BDT
histogram. This dependence has to be removed to obtain reliable comparisons be-
tween BDTs. The dependence on the binning has several causes. A too �ne binning
leads to high �uctuations of the bin yields of the background, the signal sample
does not su�er of this �uctuation because the available equivalent luminosity is
much higher than the background one. A too row binning would merge too many
background events and it would reduce the signi�cance computed by Si/

√
Bi in the

most signal-like bins. Any binning with a �xed size could have both the problems,
in particular, BDTs with di�erent signal-to-background separations may have the
same signi�cance and BDTs with equal signal-to-background separation may have
di�erent signi�cances. In order to solve these problems, the binning is build directly
from the speci�c BDT distribution, therefore the performance of di�erent BDTs are
extracted from di�erent binnings.

Given a certain BDT, the binning construction starts from the higher values of the
BDT score and it proceeds to the bottom ones. Bin limits are de�ned one by one
with the following criteria:

• the bin has to contain at least 0.5 expected signal events,

• the bin yield of the background must have a relative error smaller than 30%,

• the bin width has to be the smallest that veri�es the two previous condition.
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Such a procedure produces binnings that are independent of BDT rescalings and
the BDT distributions are spread over a �xed number of bins.

The described binning has the desired

Figure 5.14: Di�erence of the sensitivities
computed with the training sample and the
validation sample for 20 BDTs. The BDTs are
trained with 9 input variables and with the

settings shown in table 5.9.

features that allow it to be used in sen-
sitivity calculation. However, the last
bins of the BDT distributions still suf-
fer from DY low statistics. Therefore,
in order to optimize the BDT options
and parameters, an ensemble of 20 dif-
ferent BDTs are built for each speci�c
con�guration. Half of the events of ta-
ble 5.8 that are not used in the �nal sig-
nal extraction are picked randomly so
to gather 20 di�erent training datasets.
At this stage, 20 BDTs are trained with
the same con�guration, and with the 20
training datasets. The 20 unused half datasets are used to validate the BDTs.

This method allows to check performance and overtraining. The performance is
de�ned to be the average of the 20 sensitivities computed with the 20 validation
datasets. The overtraining can be veri�ed in the following way. For each BDT, the
di�erence between the sensitivity computed with the validation datasets and the
sensitivity computed with the training datasets is found. If the distribution of those
20 di�erences is compatible with zero there is no overtraining. Figure 5.14 shows
the distribution of the 20 sensitivity di�erences for one of the tested con�gurations.

The averages of total sensitivities computed with the described method are used to
optimize the BDT settings. The BDT hyperparameters described in appendix B are
probed and compared to obtain the optimal con�guration. They are tuned to achieve
a model with the highest possible performance that does not over�t the training
samples. Table 5.9 shows the optimal con�guration founded with this procedure.

Boosting type Trees Shrinkage Bagged fraction node size Depth Separation
Adaptive boost 300 0.1 0.6 >5% 3 Gini index

Table 5.9: Optimized hyperparameters of the BDT.

N+1 test

The limited statistic sets a limit on the number of input variables used in the BDT,
therefore not all the variables shown in the previous section can be exploited. At
this point, a procedure that �nds the set of variables that maximize the BDT perfor-
mance is needed, the adopted procedure is called N+1 test. An N+1 test builds the
optimal set of input variables by selecting the variables one by one from the ones
that are availables.
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Before performing any training, the input variables undergo two transformation
processes. Firstly, each variable is gaussianized. It means that each variable is trans-
formed so that its distribution become a gaussian with mean 0 and standard devi-
ation 1. Subsequently, the variables are decorrelated by a rotation, therefore the
inputs used to build the BDT model are not exactly the gaussianized variables but
a set of their independent linear combinations.

After the two transformations, the N+1 test is performed starting from training
BDTs with two input variables: mµµ and mjj . The invariant masses mµµ and mjj
are used as a starting point because they are the most discriminating variables. The
performance of the BDT trained with the two input variables is compared with the
performance of several BDTs trained with three variables. The sets of three vari-
ables used are composed ofmµµ, mjj and an additional variable that is di�erent from
set to set.

As previously done, 20 di�erent BDTs are trained with the same settings and in-
puts but with di�erent datasets therefore for each set of inputs the performance
of the 20 BDTs are averaged. The averaged signi�cances are computed with both
validation samples and training samples separately and they are compared in order
to ensure the absence of overtraining. Moreover, for each variable, the 20 BDTs are
used to compute the signi�cance distribution and to extracts its standard deviation
that is used as sensitivity uncertainty. Figure 5.15 compares the performance of the
BDTs with two inputs and the BDTs with three inputs computed with training and
validation samples.

Figure 5.15: Comparison between three input BDTs and two input BDT. Each bin shows
the sensitivity of the BDTs with three variables, except for the rightmost one that shows the
sensitivity of the BDT with two inputs. The labels on the x-axis show the variables added
to the initial set of two variables. The performance and their uncertainties are the mean
and the standard deviation of 20 discriminators trained with di�erent datasets and they are
computed with the training dataset (green) and with the validation dataset (blu) separately.

The plot shows that the transverse momentum balance R(pT ) is the variable that
performs better therefore it is added to the �nal set of input variables. Then, the
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described procedure is repeated to �nd the fourth variable: the performance of the
BDTs trained with mµµ, mjj , and R(pT ) is compared with the performance of BDTs
trained with four input variables. After the choice of the fourth variable, the proce-
dure is repeated until no signi�cant gain is obtained by adding any variables. The
N+1 test leads to an optimizing set of 9 variables:

• mµµ - the dimuon invariant mass,

• mjj - the dijet invariant mass,

• R(pT ) - the transverse momentum balance,

• min(|η(µµ, j1)|, |η(µµ, j2)|) - the minimum distance in pseudorapidity of the
Higgs candidate with the two leading jets,

• N soft
5 - the number of soft jets with pT > 5 GeV,

• pT (j2) - the transerse momentum of the subleading jet,

• ∆φ(jj) - the azimuthal distance between the two jets,

• ∆η(jj) - the pseudorapidity distance between the two jets,

• |z?| - the absolute value of the Zeppenfeld variable.

The plots showing all the steps of the test are shown in appendix E, Figure 5.16
shows the last step, where adding the tenth variable does not improve the perfor-
mance of the BDT.

Figure 5.16: Comparison between 10 input BDTs and 9 input BDT. Captions are the same
as Figure 5.15.

Several remarks arise from the result of the N+1 test. Firstly, the variable "year" has
been used in the procedure so that the BDT could take into account any di�erences
between the data taking periods. However, "year" does not show any particular im-
provement, meaning that those di�erences are small. Then, the QGL of the leading
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jets has not been selected even if their separation is completely independent of the
other variables. This means that the procedure did not stop because it depleted all
the available information, but it stopped because it was not able to exploit the re-
maining variables. In fact, several other variables contained transversal information
and they could not be used. These unexploited variables lead to try an alternative
method to separate signal from background, a method capable of combining more
inputs than the BDT.

5.5.2 Neural Netwok
In recent years neural networks have been successfully used in several �elds, in-
cluding high energy physics, thanks to the development of deep learning. There-
fore, alongside the BDT, a feed-forward neural network is developed in order to
better separate signal from background. The DNN is trained with the keras [147]
package and Tensor�ow backend [148]. An introduction to deep learning concepts
that are used is available in appendix C.

Network architecture

The DNN is trained using simulated samples listed in 5.8. The VBF Z sample and t̄t
sample are used in the �nal signal extraction and they have to be divided in train-
ing, validation, and test datasets. The VBF Z process is the most signal-like back-
ground and its limited statistic in the training and in the signal extraction have a
non-negligible impact on the �nal result. In order not to lose statistical power of
that sample a 4-fold procedure [149] is used at training time. The 4-fold procedure
consists of dividing each sample into four subsets of the same size. Four di�erent
DNN are trained and each DNN uses two subsets for training, one for validation
and one for testing in rotation as sketched in Figure 5.17. Such a scheme allows to
train, validate, and test with all the available events.

Figure 5.17: Schematic representation of the 4-fold training, validation and evaluation
procedure.

The 4-fold procedure is performed for all the samples used in the training, including
the ones that are not used as test samples. The evaluation of the DNN on the sim-
ulated samples that are used in the training is performed evaluating the four DNN
in rotation. The result is a single DNN histogram that is composed of the DNN
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score of the four DNNs. The evaluation of the DNN on the simulated samples that
are not used in the training is performed with a di�erent method: the four DNNs
are evaluated on the entire sample, then the DNN histograms are averaged. In data
instead, the events, are randomly divided into four subsets of equal size, and the
four DNNs are evaluated on one subset each. In the end, for either data and all the
samples, the �nal distribution of the DNN is formed by the four DNNs and exploits
the four trainings. This allows the partial regularization of the �nal result because
the �uctuations of single subsets are reduced by a factor of 2.

Since the 4-fold implementation allows not to lose statistics in training and test-
ing, the DY samples with NLO accuracy can be used in place of the LO ones, and
at the same time, negative event weights can be used in the training. In principle,
the NLO samples describe the kinematic of the DY process better than the LO one,
therefore several DNNs are built with di�erent DY samples in order to �nd the train-
ing dataset that optimizes the DNN performance. A DNN is trained with the NLO
DY samples and a DNN is trained with the LO samples. Moreover, several DNNs
are trained with the NLO and the LO DY samples combined with di�erent mixtures.
Those DNNs are validated with the 4-fold technique using only NLO DY samples
because it is the most accurate and it is the one used at test level. All the DNNs have
similar performance and they show better results when fewer NLO DY events are
used. Therefore, the LO DY samples are chosen to be used in the training despite
the possibility to use the NLO ones.

Neural networks, as opposed to BDTs,do not su�er limitations when adding extra
input features to the training. In fact, BDTs break the input space into as many re-
gions as there are leaves therefore they use a fraction of the total events to parametrize
the model in each region. On the contrary, DNNs are smoothness-based learners
and use all the events to parametrize a single model that covers the entire space.
For this reason, in DNNs all the variables that can be useful can be added without
loss in performance.

The DNN input variables are chosen based on the BDT optimizations and N+1 test.
However DNN allows the use of many more variables, therefore performance im-
provements are sought by adding additional inputs based on previous analysis ex-
perience. The used input variables are 25, three of those are related to the dimuon
invariant mass while the remaining 22 have little correlation with it. Before being
fed to the DNN all the inputs are standardized. The sample mean is subtracted from
each value and the result is divided by the sample standard deviation: As a result,
the new input distributions have a mean 0 and a standard deviation of 1.

The input variables are:

• mµµ, ∆mµµ, ∆mµµ/mµµ - the dimuon mass and the absolute and relative
mass resolutions,

• mjj , logmjj - the dijet invariant mass and its logarithm,

• R(pT ) - the transverse momentum balance,
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• |z?| - the absolute value of the Zeppenfeld variable,

• ∆η(jj) - the pseudorapidity distance between the two jets,

• pµµT , log pµµT , ηµµ - the dimuon transverse momentum and pseudorapidity,

• cos θCS , φCS - the phi angle and the cosine of the θ angle in the Collins-Soper
reference frame,

• min(|η(µµ, j1)|, |η(µµ, j2)|) - the minimum distance in pseudorapidity of the
Higgs candidate with the two leading jets,

• N soft
5 - the number of soft jets with pT > 5 GeV,

• H soft
(2)T - the scalar sum of the transverse momentum of soft jets with pT > 2

GeV,

• pT (j1), pT (j2), η(j1) η(j2), φ(j1), φ(j2) - the vector components of the leading
jets,

• QGL(j1), QGL(j2) - the quark-gluon likelihood discriminators for the two lead-
ing jets,

• year - the data-taking period.

The DNN exploits several variables that BDT is not able to use. Primarily, the quark-
gluon likelihoods contain information that is orthogonal to all the other variables
so QGLs are used in the DNN. Also, the separation provided by the soft activity
information is independent of the other variables, therefore soft activity is further
exploited with respect to the BDT by adding H soft

(2)T . Then, the dimuon mass res-
olution is used to improve the signal-to-background separation provided by the
dimuon mass. Moreover, the entire kinematic of the two leading jets is exploited in
the DNN, while the BDT could just use pT (j2). Finally, the variable "year" is added
to the training so that possible discrepancies due to the di�erent data-taking con-
ditions can be taken into account.

Some of the above listed variables are redundant. Redundant variables help in em-
phasizing important information and do not impact the performance because DNN
is capable of handling a large number of inputs.

In order to optimize the training setup, several architectures have been tested. The
optimal performance is obtained when the training is performed in multiple steps.
Firstly, four networks are optimized with di�erent inputs and for di�erent tasks.
The four outputs of the last hidden layer nodes are merged and combined to solve
the actual classi�cation problem. The �ve networks are the following:

(1) signal -vs- VBF Z
The VBF Z proces is the most signal-like background. Distinguishing as best
VBF H from VBF Z is crucial to isolate the signal, therefore a dedicated net-
work with 3 hidden layers is trained in order to separate signal from this
background.
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(2) signal -vs- DY
A network with 3 hidden layers is dedicated to separate signal from DY events.

(3) mass independent signal -vs- background
A 3 hidden layers network is trained with the 22 input variables uncorrelated
with the dimuon mass. This network is trained against the three backgrounds.

(4) mass + mass resolution signal -vs- background
A network with two hidden layers is trained using only three input variables:
the dimuon mass and its absolute and relative resolutions. In this way, the
network can try to exploit as best the dimuon mass discriminating power. All
the backgrounds are used in the training.

(5) merge
A �nal network with 2 hidden layers is used to combine the outputs of the 4
preliminary networks. The last �ne-tuning of the model is performed in two
steps. In the �rst step (5a), the node weights of the networks (1,2,3) are �xed
as obtained by the previous training while the network (4) weights are free
to �oat. In the second step (5b), also the node weights of the network (3) are
unfrozen.

A schematic rapresentation of the DNN architecture is shown in Figure 5.18. The
input variables are shown in orange and they are divided in two blocks: the three
related to the mass and the others. The DNNs optimized for the single tasks are
shown in grey boxes and their output is blue. The last layers of the 4 networks are
merged in a single vector and used as input for the combination. The �nal output
is shown in red.

Figure 5.18: Schematic representation of the DNN architecture. The training procedure
consists in optimizing the �rst four networks for single tasks, then combining the outputs

and �ne-tuning the model by unfreezing upstream weights.

Each network has 2 or 3 hidden layers with few tenths of nodes with a descending
pyramidal architecture. A dropout of 20% is used in all the training steps in order
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to regularize the model and a batch size of 1024 events is used, except for step (5b)
where 10240 events are used. The adopted loss function is the binary cross-entropy,
which results in the maximum likelihood estimator for binary classi�cation prob-
lems. A starting learning rate of 0.05 is used and it is gradually decreased at training
time based on validation loss, thus preventing over�tting.

The adopted architecture divides the signal-to-background separation provided by
the mass from the one provided by the remaining variables. In fact, network (3) fo-
cuses entirely on the VBF and event topology while it lets the network (4) to make
the most from the dimuon mass information. Instead, the networks (1) and (2) use
all the input variables simultaneously but they aims at single background rejection.
The four networks contain di�erent informations and they can be combined. More-
over, having several independent pretraining helps the �nal signal-to-background
discrimination.

In order to prove that no other variables would increase the discriminator perfor-
mance, a DNN with the same architecture is trained using as inputs all the event
variables at disposal, about one hundred. The performance of the two DNNs do not
show signi�cant di�erences, meaning that additional inputs would not improve the
signal-to-background separation.

All the described networks are trained for several epochs. The network (4) is trained
for 5 epochs and (5b) for 200 epochs. The remaining models are trained individu-
ally for 50 epochs each. The best trained model is chosen among the 250 training
epochs of (5a) and (5b) using the estimated Asimov signi�cance [150]. The signi�-
cance is computed for the training and for the validation dataset for each fold, and
the minimum signi�cance is used to pick the best model. The Asimov signi�cance
is computed by summing in quadrature the bin by bin signi�cances de�ned by

Asimov signi�cance =

√√√√ N∑
i=1

2
[

(Si + Bi) log
(

1 – Si
Bi

)
– Si

]
(5.4)

where Si and Bi are the expected of signal and background events in the i-th bin.
The binning used to evaluate the DNN performance is computed similarly to the
one used in BDT evaluation: each bin has to contain 0.5 expected signal events and
the uncertainty of the background yields has to be smaller than 30%.

Figure 5.19 shows the training (light blue) and validation (blue) signi�cances for
each epoch and for each fold of the networks in order from (1) to (5b). The mini-
mum signi�cance (red) is used to choose the best performing model. The sudden
changes in the performance trend are due to the di�erent training steps. The perfor-
mance of the network (1) is shown in the �rst 50 epochs. The 50 training epochs of
the network (2) are the ones from 51 to 100. The performance of (2) is much higher
than (1) because the VBF Z process is much more signal-like than the DY, therefore
(1) obtain a looser separation than (2). The epochs from 101 to 150 show the perfor-
mance of (3) while the epochs of (4) are the ones from 151 to 155. Networks (5a) and
(5b) are shown in epochs 156-205 and 206-406 respectively. The performance of the
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(a) (b)

(c) (d)

Figure 5.19: Training and validation signi�cances for each epoch for each fold of the net-
works. In order, there are 50 epochs of (1), 50 epochs of (2), 50 epochs of (3), 5 epochs of (4),

50 epochs of (5a), and 200 epochs of (5b).
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various steps are characterized by the same typical features: an initial increasing
trend and initial instabilities. Moreover, the increases at the 206-th epoch are due
to the unfreezing of the event weights of network (3).

5.5.3 Performance of the discriminators
The BDT and the DNN have to be compared in order to choose the best discrimi-
nator for the analysis. Figure 5.20 shows the distribution of the optimized BDT and
DNN computed with the validation dataset. The BDT score range from -1 to 1, the
signal-like events have high BDT values while the background-like events have low
BDT values. Instead, the DNN score is always positive: signal events are generally
close to 1 and background events are peaked at 0. The plots do not show any visible
outperformance of one of the two discriminators with respect to the other one.

(a) (b)

Figure 5.20: Signal and background distributions of the BDT (a) and DNN (b) computed
with the validation dataset.

The present analysis is very sensitive to the signal e�ciency at about 99-99.9% back-
ground rejection. Therefore an e�cient method to compare the discriminators is
through the Receiver Operating Characteristic (ROC) curve. The ROC curve is the
background e�ciency as a function of the signal e�ciency and it is computed with
the validation dataset. Figure 5.21 shows the ROC curves of the optimized BDT and
DNN. The curves show that the DNN has higher signal e�ciency for each back-
ground rejection. In particular, the DNN has higher signal e�ciency at the desired
working point.

Another estimator of the discriminator performance is the expected signi�cance.
The signi�cance can be computed either with equation 5.3 or with equation 5.4.
Both sensitivities show an improvement of the DNN performance of about 10%
compared to the BDT. Therefore, both ROC and signi�cance show that the DNN
performs better than the BDT on the validation set.

The signal strength extraction is performed with the test dataset. The performance
of the discriminators with the test dataset are not exactly the ones found with the
validation dataset: the test dataset contains a better description of the background
and it includes also other signal channel productions. However, the comparisons
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Figure 5.21: ROC curves of the optimized BDT and DNN evaluated with the validation
dataset. The LO DY sample is used in the evaluation.

obtained with the validation dataset are accurate enough to con�rm that the DNN
can separate signal from background better than the BDT. Therefore the �nal �t is
performed with the DNN discriminator.

5.6 Systematic uncertainties
In this section, the main sources of errors are described. The systematic uncertain-
ties are propagated consistently to the distributions used in the �t and they a�ect
the signi�cance and the signal strength uncertainty. The following uncertainties
are coherently considered in all the channels of the H → µµ search and they are
correctly treated to obtain the combined result.

The systematic uncertainties are divided in theoretical and experimental uncertain-
ties. Theoretical uncertainties are the sources of error that arise from mismodeling
in the MC sample generation. Experimental uncertainties are the sources of error
related to di�erences between measurements and the true values of the observables.
Either the experimental uncertainties and the theoretical ones can a�ect the shape
of the distributions, their normalizations, or both. The shape uncertainties are ei-
ther applied to the relevant objects and propagated through the event selection and
the discriminator evaluation, or treated as an event weight when building the varia-
tions about the nominal distribution. Systematic uncertainties are modeled in the �t
as nuisance parameters and they are constrained by log-normal or gaussian priors.

5.6.1 Theoretical uncertainties
Signal cross-sections
The uncertainties of cross-sections and branching fractions for ggH, VBF, VH, and
ttH processes are taken from Ref. [20]. These include uncertainties in the PDF dis-
tributions and in the choice of QCD normalization and factorization scales.
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ggH and VBF Simpli�ed Template Cross Sections
An additional set of uncertainties is considered in order to take into account theo-
retical mismodelings of some kinematic distributions of the Higgs processes. These
uncertainties are applied following the recommendations of the LHC Higgs cross-
section working group [151]. They account for variations in the signal acceptance
as a function of pT (H ), pT (Hjj), jet multiplicity, and mjj for the VBF process and as
a function of pT (H ) and jet multiplicity for the ggH process. The uncertainty due
to this systematic is about 2÷ 4% for VBF process and 15÷ 25% for ggH process in
the VBF category.

Perturbative QCD scale variation
The perturbative QCD renormalization and factorization uncertainties are estimated
by changing the scales µR and µF up and down by a factor of 2 from the default val-
ues used in the matrix element calculation. These uncertainties are considered by
applying the modi�ed event weights and they a�ect both shape and normalization.
In the �t, they are treated correlated between regions and years but uncorrelated
between processes.

Parton shower uncertainty for VBF H
The parton shower uncertainty is estimated for the VBF signal from the di�erences
observed in the predictions obtained with di�erent generators. These di�erences
a�ect either shape and acceptance and they are about 5÷10%. The nominal pre-
diction is taken from powheg + pythia with dipole recoil, while the full di�erence
with powheg + herwig is used as variation. The uncertainty is symmetrized by in-
verting the ratio between the two predictions in order to have a two side nuisance.

Parton shower uncertainty for VBF Z
Similarly to VBF H, the parton shower uncertainty for the VBF Z process is esti-
mated by the di�erence between the predictions obtained with di�erent generators.
However, the pythia shower generator without dipole recoil is known to mismodel
the additional hadron activity in VBF events, and a VBF Z sample generated by
powheg + pythia with dipole recoil is not available. Therefore the sample gener-
ated with powheg + herwig is used as central prediction and the 20% di�erence
between powheg + pythia and powheg + herwig is taken as parton shower un-
certainty. This fraction is chosen because it corresponds to twice the parton shower
uncertainty provided by the pythia generator with the PS-weight mechanism. Here
too, the uncertainty is symmetrized by inverting the ratio between nominal and
variation.

PDF variations
A speci�c recipe is designed to take into account PDF uncertainties. This method
uses the 100 replicas of the PDFs provided by NNPDF3.0 in 2016 samples and by
NNPDF3.1 in 2017 and 2018 samples. For each replica and process, the expected
discriminator distribution is computed. The ratio between the 100 distributions and
the nominal one is computed and �tted with two di�erent functions: y = mx+b and
y = ax2 + b, where x is the value of the discriminator. Let a′, m′, and b′ be the RMS
of the ensamble of �tted parameters a, m and b. Three variations of the nominal
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histogram are built multiplying the yields by either ax2, mx, or b. Normalization
e�ects are removed from the two non-constant variations. These uncertainties are
symmetrized by �ipping the sign of the a′, m′, or b′. The three PDF variations are
treated as correlated across regions and eras and uncorrelated between processes.

5.6.2 Experimental uncertainties
Luminosity
The uncertainty on the integrated luminosity a�ects directly the expected yields of
signals and backgrounds. The luminosity of 2016, 2017, and 2018 data-taking peri-
ods are known with uncertainties of 2.5%, 2.3%, and 2.5% respectively [152, 153, 154].

Pre�ring correction
A shift in the timing of the ECAL L1 trigger in the forward region (2.4 < |η| < 3.0)
led to a speci�c trigger ine�ciency in the 2016 and 2017 data-taking periods. This
ine�ciency has been measured and a correction has been provided using minimum
bias events. The correction is applied by reweighting the MC events as a function
of the η and pT of the jets and it is about 2÷3% at mjj = 400 GeV and 6÷9% at
mjj > 2 TeV. The corresponding error is obtained by propagating the uncertainty
associated with the correction that is 20%. This systematic a�ects either shapes and
normalizations and it is correlated across signal and control regions.

Single-muon trigger
Scale factors and the corresponding uncertainties are applied to take into account
ine�ciencies from the single-muon trigger. Their contribution is less than 0.5% and
they are included in the overall identi�cation e�ciency described below.

Muon energy scale and resolution
The muon scale and momentum resolution are calibrated as a function of pT and η
of the muons using dilepton resonances [155]. The relative momentum resolution
varies from 1.5 to 2% when the muon passes through the barrel while it ranges from
2 to 4% for endcap muons.

Lepton identi�cation and isolation e�ciency
The muon and electron identi�cation and isolation e�ciencies are determined cen-
trally for the CMS analyses using the tag-and-probe method in Z events. The ob-
tained scale factors are applied to correct the prediction from the Monte Carlo sam-
ples. The corresponding uncertainties are propagated through all the steps of the
analysis. The electron identi�cation and isolation uncertainties a�ect only VH and
ttH categories.

Quark-gluon likelihood discriminator
The polynomial corrections described in chapter 3 are considered in the event weights.
The variations to the nominal distributions are computed by applying those correc-
tions twice for up variations and not applying the corrections for the down varia-
tions. QGL systematic variations do not change the signal and background yields,
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therefore only the shape variations are considered [101].

Pile-up
A shape uncertainty on the number of pile-up events is obtained by varying the
minimum bias cross-section used in the pile-up reweighting applied to simulated
events.

b-tagging
The b-tagging scale factors are needed in order to take into account di�erences in
selection e�ciency between data and simulated events. They are computed cen-
trally for the CMS collaboration for each working point and they are implemented
via reweighting the events. The sources of b-tagging uncertainty are varied inde-
pendently and correctly propagated through the analysis steps. The corresponding
uncertainties in�uence both shapes and normalizations of all the distributions.

Monte Carlo simulation size
The uncertainty due to the limited size of the simulated events is taken into ac-
count by varying independently each bin yield for signal and background with the
corresponding uncertainty with the Barlow-Beeston method [156, 157]. These un-
certainties are uncorrelated across the bins and they a�ect mostly the high score
region of the discriminators.

Jet energy scale (JES)
The transverse momentum of each jet is varied up and down within one standard
deviation for each source of uncertainty as recommended centrally for CMS data
analysis [93]. The event selection and discriminator evaluation are re-applied ac-
counting for the shifted energies and the corresponding variations in each bin yield
for each process are used to estimate the uncertainty. Therefore the jet energy scale
a�ects the selection acceptance as well as the shape of all the distributions.

Jet energy resolution (JER)
The jet energy resolution is taken into account by smearing each jet by the smearing
factors provided centrally for the CMS collaboration [93]. Instead of having a single
nuisance parameter to de�ne the JER uncertainty, jets are divided in six exclusive
categories and the resolution parameters in the categories are set to be uncorrelated
in the �nal �t. Two categories divide the central jets: the �rst is composed of jets
with |η| < 1.93 and the second is composed of jets with 1.93 < |η| < 2.5. Forward
jets are divided in four categories as a function of pT and η: jets are divided in high
energy jets with pT >50 GeV, and low energy jets with pT <50 GeV, and either high
and low energy jets are divided in pseudorapidity at |η| = 3.139.

Drell-Yan contribution from pile-up and noise
About 35÷40% of the DY background is composed of events where either the lead-
ing or the subleading jet are not matched with a jet at generator level. These jets
come from soft emissions produced mainly by the parton shower or by the pile-up
interactions. They usually fall in the forward regions of the detector and they pass
the pT threshold used in the analysis because their energy is wrongly measured
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by unprecise detector response. In fact, the forward region is sensitive to pile-up,
noise, and other sources of background that are di�cult to predict. In particular,
the rate of this component of the DY background is not well predicted.

(a) (b)

Figure 5.22: Maximum pseudorapidity between the two leading jets of signal region events
in 2016 (a) and 2017 (b). Captions are the same of Figure 5.3.

This e�ect is particularly enhanced during the 2017 data-taking because of the noise
in the calorimeters. Figure 5.22 shows the pseudorapidity of the most forward jet
between leading and subleading in the signal region in 2016 and 2017. The DY con-
tribution is split into two components: the �rst have leading and subleading jets
matched with a jet at generator level, the second contains the remaining DY events.
The ratios data/MC have similar trends in the two years, however, the 2017 data-
taking shows an excess of data in the range within 3 and 5. The di�erence between
the two years is compatible with a wrong normalization of the component where
one jet is not matched at generator level.

The adopted solution is treating the DY process as two di�erent backgrounds, called
DY+2jets and DY+pu/noise. The normalization of the DY+pu/noise is left �oating
in the �t and it is directly constrained by the observed data. Because of signi�cant
variation of the detector response over the data taking period, this normalization is
treated uncorrelated across years. The normalization of the DY+2jets is taken from
the simulation and, as well as all the other backgrounds, constrained by the data
within the described uncertainties.

5.7 Signal extraction method
The variable that separates most signal from background is the DNN score, there-
fore it is used also in the signal extraction. In order to check the data-MC agreement
of the DNN distribution, the DNN score is evaluated in the sideband and in the Z
region. However, such an evaluation does not probe the agreement in the region
of higher value because events that have mµµ far from 125 GeV have also the DNN
output is close to 0. The reason is that the dimuon mass is very important in the
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DNN evaluation and events with mµµ far from the Higgs peak are classi�ed as back-
ground. A solution is found by replacing the DNN input value of the dimuon mass
with the default value of 125 GeV during the evaluation in both data and simulation.
Such a method allows having a wider distribution of the DNN score that reproduces
the main features of the DNN distribution in the signal region.

The signal samples used for extracting the signal strength are generated with a
Higgs mass of mH = 125.00 GeV, however, the most precise measurement of the
Higgs boson mass is 125.38 GeV. In order to obtain results with the correct mass,
the dimuon mass is biased of 0.38 GeV before evaluating the DNN in data and back-
grounds. This is possible because the other DNN inputs are not signi�cantly corre-
lated to mµµ therefore there is no way that the DNN obtains information about the
true dimuon mass from other sources. This bias is equivalent to evaluate a DNN
that is trained with signal samples generated with mH = 125.38 GeV.

The signal strength is extracted with a maximum likelihood �t performed over the
DNN distribution in the signal region. In order to better constrain the nuisances,
the �t is performed simultaneously in signal region and in sideband. The variables
used in the �t can be several for the sideband. The optimal distribution for the side-
band is the distribution of the DNN with the �xed value of the dimuon mass input.
Figure 5.23 shows the distribution of the DNN score in the signal region and the
one of the DNN at �xed mass in the sideband.

The �t can be performed in two di�erent ways. One method is to compute the
shapes of the discriminator distributions using all the events of the data taking pe-
riod and then �t one distribution for the signal region and one for the sideband.
The other one is to compute the shapes of the discriminator distributions separately
for the three years and then perform a simultaneous �t over the three years. The
method that provides the best result has to be chosen.

In case the same binning is used for the two methods, �tting simultaneously the
three years would perform better. The reason is that the signi�cance in each bin,
that is about S2/B, is higher when combiend from di�erent distributions

S2
16

B16
+ S2

17
B17

+ S2
18

B18
≥ (S16 + S17 + S18)2

B16 + B17 + B18
(5.5)

where S and B are the signal and background yields in 2016, 2017 and 20181.

On the other hand, a single histogram in the signal region allows a �ner binning
therefore improving the result. However, �tting the single distribution do not ex-
ploit as best the year by year di�erences. In fact, several CMS operating conditions
are di�erent between the various year, and they consequently a�ect the shapes of
the single year discriminator distributions. Moreover, the DNN distribution is a
function of the year since the year is one of the input variables. Merging di�erent

1The inequality of equation 5.5 derives directly from the Cauchy-Schwarz inequality.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.23: DNN distributions after the event selection for 2016, 2017, and 2018 in signal
region and sideband. Captions are the same of Figure 5.3.
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distributions reduce the signal-to-background separation, therefore �tting simulta-
neously the distributions of the three years produces the best result.

A crucial point of the signal extraction is the binning choice. In fact, as explained in
section 5.5.1, the �nal result depends on the binning. The appropriate bin bound-
aries are chosen in order to achieve optimal sensitivity while minimizing the total
number of bins. In each data-taking period, the DNN output distribution of the VBF
H sample is used to de�ne thirteen bins. The bins are de�ned starting from the right-
most one which is set to have a �xed signal yield of 0.6 expected events. All the other
bins are de�ned such that the signal yields change linearly down to the leftmost bin.
This procedure de�nes di�erent bin boundaries in each data-taking period. The ex-
plained binning construction is applied to the distributions of the DNN in the signal
region separately for the three years. The binnings that are found by this procedure
are applied also in the two control regions. The DNN scores of the simulated signal
events usually are close to 1, therefore the described binning construction produces
several bins in the high score region and few in the low score region. In order to
zoom the distribution in the signal-like part of the distribution and obtain a readable
view of the DNN output, the transformation DNN′ = atanh(DNN) is applied to the
DNN output. The same transformation is applied to the bin boundaries in order to
mantain the binnings of the DNN distributions.

The expected results are extracted from the distributions shown in Figure 5.23. The
presence of di�erences among the distributions of di�erent years is highlighted by
the d parameter shown in each plot. The DNN and BDT output distributions of the
three regions are shown in appendix F.

5.7.1 Statistical treatement
The signal extraction is performed by maximizing a likelihood function that takes
into account all the systematic uncertainties. The procedure that computes the ex-
clusion limits is called CLs method and it is described in Ref. [158].

Each uncertainty is parametrized by a nuisance parameter θi and it is described
by a probability density function (pdf) p(θi|θ̃i), where θ̃i is the initial estimate of
the parameter. The systematic uncertainties are usually modeled by Gaussian or
log-normal pdfs that are de�ned by the up and down variation histograms. The
results are expressed in terms of the signal strength modi�er µ, de�ned as the ratio
between the measured cross-section and the Standard Model cross-section. In all
the steps of signal extraction, only positive signal strengths are considered.

The likelihood is a function of the signal strenght and the nuisance parameters,
and it is de�ned by

L ( data |µ, θ ) =
∏
k

Poisson ( nk |µSk(θ) + Bk(θ) ) ×
∏
i
p(θi|θ̃i) (5.6)

where k represents the bin, and Sk and Bk are the signal and background expected
yields in the k-th bin. The parameters that correspond to the global maximum of
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the likelihood are called µ̂ and θ̂. For �xed factors µ > µ̂ the pro�le likelihood ratio
is de�ned by:

q̃µ = –2 ln
(
L ( data |µ, θ̂µ )
L ( data | µ̂, θ̂ )

)
(5.7)

where θ̂µ is the parameter that maximize the likelihood at �xed µ.

A test statistic is constructed to compare the compatibility of data with the back-
ground+signal and background-only hypothesis. Firstly, the parameters θ̂µ that best
describes the observed data for the chosen µ and θ̂0 that best describes the observed
data for the background-only hypothesis (µ = 0) are used to generate two sets of
toy Monte-Carlo pseudodata. The pro�le likelihood ratio is computed for each toy
and the probability distributions of the likelihood ratios f (q̃µ|0, θ̂0) and f (q̃µ|µ, θ̂µ)
are found.

The constructed probability distributions are used to compute the probability as-
sociated to the two hypotesis:

pµ = P( q̃µ ≥ q̃obsµ | background+signal) =
∫ ∞
q̃obsµ

f (q|µ, θ̂µ)dq

pb = P( q̃µ < q̃obsµ | background-only) =
∫ q̃obsµ

0
f (q|µ, θ̂µ)dq

where q̃obsµ is the observed pro�le likelihood for the desired signal strength µ. The
two values are the probability of measuring a signal strength greater than the ob-
served one in the background+signal hypothesis and the probability of measuring
a signal strength lower than the observed one in the background+only hypothesis.
The ratio of the probabilities

CLs =
pµ

1 – pb
(5.8)

is the limit exclusion of the signal strength modi�er µ. The upper limit on the signal
strength at 95% con�dence level µ95%CL is found by �nding the parameter µ that
provide CLs= 0.05. The p-value is de�ned for µ = 1 as

p-value = p1
1 – pb

(5.9)

and it is the probability that a �uctuation larger than the observed data is reproduced
by the background-only model. The p-value is often converted into the equivalent
signi�cance Z , de�ned by the area under one tail of the Gaussian

p-value = 1√
2π

∫ ∞
Z

e–x2/2dx (5.10)

The 3σ (Z = 3) and 5σ signi�cances (Z = 5) correspond to a probability of 1.3 10–3

and 2.9 10–7 respectively.
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In order to �nd the expected 95% con�dence level upper limit, a large amount of
toy Monte-Carlo pseudodata that model the simulated samples of the analysis is
generated. The upper limit µ95%CL is computed for each toy and its distribution
is built. The median, 68% band, and 95% band de�ne the nominal, ±1σ, and ±2σ
expected upper limit.
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Chapter 6

Results

In this chapter, the �nal results of the H→ µµ searches are presented. The signal
signi�cance and upper limit obtained from the VBF dedicated search are shown. Then,
the results of the other three dedicated searches are reported and they are combinedwith
the ones of the VBF search. Finally, the analysis is combined with the data recorded by
CMS at 7 TeV and 8 TeV and the measurement of the Higgs boson coupling to muon is
given. The results are extracted for the SM Higgs boson with mH=125.38 GeV.

6.1 VBF Results
The signal strength is extracted by performing a simultaneous maximum likelihood
�t over the signal region and the sideband of the three data-taking periods. The
DNN score is �tted in the three signal regions and the DNN evaluated with �xed
dimuon mass is �tted in the three sidebands. The histograms obtained from the
Monte Carlo samples are used in the �t to predict the signal and background shapes.
The results for the signal yields are expressed in terms of the signal strength mod-
i�er µ = (σB(H → µµ))obs/(σB(H → µµ))SM in order to have a direct comparison
with the Standard Model.

The same �t is used to compute also the upper limit and the signi�cance in or-
der to quantify the compatibility of data with the background-only and the sig-
nal+background model. Upper limit, signi�cance, and signal strength are extracted
either from each year independently and simultaneously from the three years.

The theoretical uncertainties are treated as fully correlated among regions and pe-
riods. The experimental uncertainties are instead considered correlated among re-
gions and uncorrelated among periods.

The expected and observed signi�cances are shown in table 6.1 for each �t. The
best �t signal strength for the Higgs boson with mass 125.38 GeV is µ̂ = 1.36+0.69

–0.61,
corresponding to an observed signi�cance of 2.40 σ. Data and simulated DNN dis-
tributions in signal region and sideband are shown in Figure 6.1. The lower panels
show the pre-�t and post-�t ratios between data and simulation. The grey area
indicates the MC uncertainty and the blue histogram shows the best �t signal con-
tribution.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.1: DNN distributions for 2016 (�rst row), 2017 (second row), and 2018 (third row)
in signal region (�rst column) and sideband (second column). Signal and background pre-
dictions are obtained from the �t performed across the entire data-taking period. The lower
panels show the residuals after the pre-�t and post-�t background subtraction. The grey
bands show the background uncertainty while the blue lines indicate the best �t signal

contribution.
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2016 2017 2018 combined
signi�cance 2.01(1.04) 0.00(0.88) 2.21(1.21) 2.40(1.77)

Table 6.1: Expected and observed signal signi�cances for the exclusion of the background-
only hypothesis for mH=125.38 GeV for each year and for the entire data-taking period.

Figure 6.2 shows the expected and observed upper limits obtained from the �t for
each year and for the entire data-taking period. Overall the uncertainties are domi-
nated by statistical e�ects. The leading systematic uncertainties are the ones origi-
nating from the parton shower modeling of VBF H and VBF Z processes. The leading
experimental uncertainties are those arising from the normalization of the DY with
noise and pile-up jets.

The distributions of the DNN score for the entire data-taking period in the signal
region and in the sideband are computed by summing the distributions of each year.
Since the bin boundaries adopted to extract the results are optimized separately per
data-taking period, the combined DNN distributions are computed by summing the
observed and predicted yields bin by bin. Figure 6.3 shows the obtained DNN dis-
tributions.

Figure 6.2: Expected and observed upper limit exclusions for the background-only hypoth-
esis for mH=125.38 GeV for each year and for the entire data-taking period.

6.2 Combined Results
The result of the search in VBF channel is combined with the ones coming from ggH,
VH, and ttH searches to maximize the sensitivity. A simultaneous �t is performed
across all events subcategories of the four analyses: the subcategories described in
chapter 4 for ggH, VH, and ttH searches, and signal region and sideband for the
VBF search. A single value for the signal strength is extracted from the �t while the
relative contributions from di�erent Higgs production modes are �xed to the SM
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(a) (b)

Figure 6.3: DNN distributions in signal region (a) and sideband (b) for the combination
of 2016, 2017, and 2018 data. Signal and backround predictions are obtained from the �t
preformed across the entire data-taking period. The lower panel shows the residuals after
post-�t background subtraction. The grey band shows the background uncertainty while

the blue line indicates the best �t signal contribution.

prediction.

The systematic uncertainties taken into consideration are those described in sec-
tion 5.6. All the theoretical uncertainties are assumed to be fully correlated among
all the categories. The acceptance uncertainties from the muon energy scale and
resolution are treated as correlated across the ggH, VH, and ttH categories while
they are uncorrelated with the same uncertainties in the VBF category. Moreover,
their e�ects on the peak position and width are considered uncorrelated among the
categories. The pile-up and noise contribution of DY acceptance is considered only
in the VBF category. The remaining experimental uncertainties are treated as fully
correlated among all the categories included in the �t.

The results on the combined search are quoted as p-value as a function of the Higgs
mass. The expected and observed local p-values are computed for several mass hy-
potheses in the range 120-130 GeV for each individual search and for the combined
�t. Figure 6.4 shows the p-values for 11 mass hypotheses within 125 and 126 GeV
and for 18 mass hypotheses in the remaining windows. The points show the masses
for which the observed p-values are computed while the expected p-values are com-
puted with an injected signal with mH = 125.38 GeV.

The four colored curves show the results obtained from the four searches indepen-
dently. The black line indicates the results obtained from the combined �t. The
VBF category provides the best expected result among the four searches in the en-
tire mass range.

In the ggH, VH, and ttH categories, signal samples generated with mH=120, 125,



6.2. Combined Results 119

(a) (b)

Figure 6.4: Expected (a) and observed (b) p-values as a function of mH for each category
and for the combined �t. The points show the masses for wich the the observed p-values

are computed.

and 130 GeV are interpolated in order to provide signal models for any mass in the
range 120-130 GeV. The parameters describing the signal shape are derived from
those models, then a new �t is performed. In order to compute the correct signal
yields at each mass hypothesis, the signal cross-section and branching fraction are
modi�ed as predicted from the Standard Model calculation [20].

Instead, in the VBF search, the p-values at di�erent masses are computed by shift-
ing the dimuon mass both for data and MC, similarly to the shift used to compute
the results for a Higgs boson of 125.38 GeV. This is possible because of the little
correlation between the DNN input variables and the dimuon mass. The mass shift
is applied only to data and background, therefore the bin boundaries of the DNN
histograms are not changed since they depend only on the signal distribution. The
p-values are derived from the simultaneous �t of the mass biased DNN distributions
in signal region and sideband. The discontinuities observed in the p-value trend of
the VBF category are due to event migrations in data between di�erent bins when
evaluating the DNN for di�erent mass hypotheses.

The obtained best �t signal strength for the Higgs boson with mass 125.38 GeV is
µ̂ = 1.19+0.41

–0.40(stat)+0.17
–0.16(syst), corresponding to an excess of events over the back-

ground expectation with a signi�cance of 3.0 σ. The signal strength measurement
refers to the product of the cross-sections with the branching fraction of the Higgs
boson to muon. However, assuming the cross-section to be the Standard Model pre-
dicted ones, the branching fraction is constrained to be 0.8 · 10–4 < B(H → µµ) <
4.5 · 10–4 at 95% con�dence level.

The best �t signal strength is shown in Figure 6.5 with its 1σ and 2σ CL inter-
vals. The black markers show the signal strength obtained from a pro�le likelihood
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Figure 6.5: Observed signal strength for each category and for the combination with the
associated uncertainty.

scan in each category, and the associated uncertainties indicate the 68% CL inter-
val. Table 6.2 shows the statistical and systematic contribution to the post-�t signal
strength uncertainty. The table shows also the individual contribution of the lim-
ited size of MC events, the experimental and theoretical systematics. The statistical
component is computed by performing a likelihood scan in which the systematic
nuisance parameters are �xed to their post-�t values. The systematic component is
taken as the di�erence in quadrature between the total uncertainty and the statis-
tical one. The other contributions are evaluated with a similar method. The contri-
bution of the limited size of MC events only a�ects the VBF category.

Source of uncertainty ∆µ
total post-�t uncertainty +0.44 -0.42
Statistical uncertainty +0.41 -0.40
Systematic uncertainty +0.17 -0.16
Experimental uncertainty +0.12 -0.11
Theoretical uncertainty +0.10 -0.11
MC limited size uncertainty +0.07 -0.06

Table 6.2: Impact of the main source of uncertainties in the measurement of the signal
strength.

Higgs to muon coupling

The Higgs coupling to muon cannot be directly extracted from the presented signal
strength because the Higgs production cross-sections depend on several other cou-
plings of the Higgs with other Standard Model particles, mainly t-quark and vector
bosons. Therefore a uni�ed �t is performed in order to constrain all the available
couplings as well as the Higgs to muon one. The Higgs couplings are constrained by
combining the presented results with the ones of Ref. [159]. No additional Beyond
Standard Model particle is considered. The k-framework introduced in chapter 1
is used: six Higgs coupling modi�ers κµ, κτ , κb, κt , κZ , and κW are considered to
parametrize the signal strength and they are left free left to �oat independently in
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a simultaneous likelihood �t across all the event categories.

The best �t values of the coupling parameters are in agreement with the Stan-
dard Model prediction and they are shown as a function of the particle mass in
Figure 6.6a. Figure 6.6b shows the best �t and the pro�le likelihood of κµ. The
corresponding 68% and 95% CL intervals are shown in the likelihood scan and they
are 0.85 < κµ < 1.29 and 0.59 < κµ < 1.50 respectively. Figure 6.6a can be directly
compared with Figure 1.8.

(a) (b)

Figure 6.6: (a) Observed pro�le likelihood ratio as a function of κµ with the associated 68%
CL interval. (b) Best �t for the coupling modi�ers and comparison with the Standard Model

prediction. The error bars correspond to the corresponding 68% CL interval.

Weighted mass distribution

The major signal signature of H→ µµ signal in all the four channels of the analysis
is the dimuon invariant mass peak around 125 GeV. However, the expected signal
peak is not signi�cantly visible in any of the analysis categories because of the huge
amount of background. Cumulative mass distribution is computed enhancing the
signal-like events in order to visualize the signal as a peak in the dimuon mass over
the monotone background trend. A mass unbias weight is applied to all events of
all the categories, then a single mass distribution is computed.

The parametric mass distributions of the subcategories of the ggH, VH, and ttH
dedicated searches shown in chapter 4 are summed to obtain a single distribution.
Each data and MC event is weighted by the signal purity S/(S+B) under the signal
peak within ±HWHM of the corresponding subcategory.

In the VBF category, the distribution of mµµ is produced by weighting properly
the events using a mass independent DNN. A mass independent DNN distribution
is computed by replacing the input value of the mµµ with the �xed value of 125
GeV when evaluating the mass dependent DNN. The distribution of the mass in-
dependent DNN is computed using the same bin boundaries of Figure 6.1 and the
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purity S/(S+B) is computed for each bin. The dimuon mass shown in Figure 6.7a is
obtained by weighting each event of both data and MC by the corresponding bin
purity of the mass independent DNN. The distribution contains the events of the
entire data-taking period from signal region and sideband.

The bin yields of the purity weighted mass distribution histogram of the VBF cat-
egory are interpolated with a continuous and derivable function. The continuous
function obtained with this method is summed to the purity weighted mass distribu-
tions of ggH, VH, and ttH categories and it is shown in Figure 6.7b. For the ggH, VH,
and ttH categories, the signal and background are the sums of the post-�t functions
obtained from the simultaneous �t. For the VBF category, they are obtained inter-
polating the signal and background post-�t histograms with a spline. The weighted
data events in the distribution come mainly from ggH category, where the purity is
small but there are many events. The observed data are compatible with an excess
of events observed around 125 GeV.

(a) (b)

Figure 6.7: Weighted dimuon mass distributions for 2016, 2017, and 2018 data in the range
110-150 GeV in the VBF search (b) and for the combinations of all the categories (b). The
lower panel shows the residuals after the background subtraction. The lower panel shows
the residuals after post-�t background subtraction with the associated uncertainty and the

best �t signal contribution.

6.3 Combination with Run 1
The presented results are combined with the proton-proton collision data at

√
s=7

and 8 TeV recorded by CMS during Run 1, following the strategy adopted in Ref.
[160]. The 7+8 TeV analysis has been performed with an integrated luminosity of
5.1 fb–1 at

√
s=7 TeV and 19.7 fb–1 at

√
s=8 TeV and it is described in Ref. [44]. The

search is updated with the improvement in the cross-sections and branching frac-
tions predictions [20] and a simultaneous maximum likelihood �t is performed over
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the 7, 8, and 13 TeV data. The experimental uncertainties are conservatively taken
uncorrelated between the 13 TeV and the 7+8 TeV analyses while the theoretical
uncertainties are treated as fully correlated.

The combination produces an improvement of about 1% on both the expected and
observed signi�cance of an excess of events atmH=125.38 GeV over the background-
only expectation. The corresponding signal strength and 68% CL interval is µ̂ =
1.19+0.40

–0.39(stat)+0.15
–0.14(syst). Table 6.3 contains the observed and expected signi�cances

and upper limits derived from the analysis combination and from each category
production. The expected upper limits are computed assuming the Standard Model
without the Higgs Boson. Figure 6.8 shows the observed and expected p-values as
a function of the Higgs boson mass hypoteses computed from the 7, 8, and 13 TeV
combination similarly to Figure 6.4.

Production category signi�cance upper limit
VBF 2.40(1.77) 2.57(1.22)
ggH 0.99(1.56) 1.77(1.28)
VH 2.02(0.42) 10.8(5.13)
ttH 1.20(0.54) 6.48(4.20)
Combined

√
s = 13 TeV 2.95(2.46) 1.94(0.82)

Combined
√
s = 7, 8, 13 TeV 2.98(2.48) 1.93(0.81)

Table 6.3: Expected and observed signal signi�cances and upper limits for the exclusion of
the background-only hypothesis for mH=125.38 GeV for each category. The expected upper

limits are computed witht the background-only hypoteses µ = 0.

Figure 6.8: Expected and observed p-values as a function of mH for the combination of
7, 8, and 13 TeV data. The points show the masses for wich the the observed p-values are

computed.
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6.4 Conclusion
The analysis described in this thesis presents the �rst evidence for the Higgs boson
decay to second generation fermions. The search is performed using the proton-
proton collision data at

√
s=13 TeV recorded by the CMS experiment in the period

2016-2018, corresponding to an integrated luminosity of 137 fb–1. The 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 measurement published by CMS and
obtained with the 2016 data. The improvements are due both to the larger amount
of data analyzed and an improved the analysis strategy. The previous measurement
targeted mainly the ggH production mode and it did not exploit as best as possible
the other production channels, especially the VBF one which turned out to be the
most sensitive in this search. The largest improvements with respect to the previ-
ous result are due to the dedicated search for the VBF production and the analysis
strategy adopted in this channel.

The analysis strategy adopted in the VBF channel is di�erent from the one adopted
in the other H→ µµ searches. The signal extraction is performed by �tting the out-
put of a multivariate discriminator, in contrast with other approachs where the �t
is performed on the dimuon mass distribution. Two di�erent multivariate discrim-
inators have been tested, in contrast with the other H→ µµ searches where only
the BDT algorithm has been tried. A large improvement derives from the choice
of the deep neural network, which shows to perform better than the BDT discrim-
inator. In addition, further gains come from the e�ort devoted to the optimization
of the the multivariate discriminator, in order to separate as best as possible signal
from background. These elements provide an improvement in sensitivity of about
20% with respect to an alternative analysis where a data driven approach is adopted.

The results of the H→ µµ analysis are combined with the data collected at center
of mass energies of 7 and 8 TeV, corresponding to integrated luminosities of 5.1 and
19.7 fb–1 respectively. The combination increases both the observed and expected
results by 1%. The measured signal strength, relative to the Standard Model Higgs
with mass 125.38 GeV, is µ̂ = 1.19+0.40

–0.39(stat)+0.15
–0.14(syst). The excess of events observed

over the background expectation corresponds to a signi�cance of 3.0 standard de-
viation, thus it constitutes the �rst evidence of the Higgs boson decay to muons.
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6.5 Outlook
The LHC is preparing for a new period of data-taking that will take place between
Spring 2022 and Autumn 2024, called Run 3. Thanks to the data collected during
Run 3 the LHC experiments will have an integrated luminosity of about 300 fb–1.
After this period the LHC will prepare for the High-Luminosity LHC (HL-LHC)
project. The HL-LHC is planned to start in 2027 and aims to collect 3000 fb–1 of
proton-proton collisions. The new data that the LHC experiments will collect will
be su�cient to signi�cantly improve most of the Higgs boson measurement avail-
able today.

The data collected in the next years allow improving the Higgs to muon decay mea-
surement. The dedicated VBF search is limited by the statistical uncertainties there-
fore collecting new data is the only way to improve signi�cantly the result. In par-
ticular, the VBF search is expected to obtain the 3σ evidence with the Run 3 data.
The entire H→ µµ analysis will be performed with the new data by both ATLAS
and CMS collaborations in order to reach the 5σ signi�cance similarly to the other
Higgs couplings. The 5σ signi�cance will be achieved by the CMS collaborations
at the early stage of the HL-LHC data-taking. At the end of HL-LHC, the expected
uncertainties on the Higgs-to-muon coupling will be about 10% [161].

Several projects for studying new phenomena at future accelerators are under dis-
cussion. The high energy LHC (HE-LHC) is a program designed to reach the center
of mass energy of 27 TeV in the LHC tunnel [162]. Building a new accelerator for
electrons (FCC-ee) or hadrons (FCC-hh) with a radius of about 100 Km is also un-
der study [163, 164]. Each of these projects aims to collect new data and opens new
possibilities for Higgs studies and for probing e�ective �eld theory models. In par-
ticular, the HE-LHC program would improve the H→ µµ precision of about 3 times
while the FCC-ee is not expected to improve signi�cantly the results obtained after
HL-LHC. Instead, the FCC-hh is expected to measure the Higgs decay to muons
with a precision of about 1%.

Several details of the H→ µµ search may change in the future. In the VBF chan-
nel, the MC based approach has shown better performance than the data driven
approach. A comparison between the two approaches may be performed also in
the other channels and, eventually, all the four channels may adopt the MC based
strategy.

With the increase of data, di�erential measurements of the Higgs decay products
are accessible in the muon decay channel. Several properties can be probed by mea-
suring the Higgs di�erential cross-sections; for example, the Higgs spin and parity
can be studied and con�rmed in this channel, where the Higgs decay products are
directly measured. Moreover, di�erential cross-section measurements are sensitive
to beyond the Standard Model physic.

The evidence of the Higgs to muon decay is the �rst step in the validation of the
Higgs coupling to muons. However, also the couplings with the �rst generation and
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the remaining second generation fermions have to be con�rmed. The couplings of
the Higgs boson with the light quarks and the electron are very small, and there
is not any de�ned plan that would reach to probe of the Standard Model expected
coupling values. Instead, the coupling of the Higgs boson with the c-quark could
make signi�cant progress in the next decades.

The Higgs decay to c-quark pairs has a higher event rate than the Higgs decay to
muons. However, the measurement is challenged by the large multijet �nal state
events produced by the LHC. Only upper limits have been set on the Higgs to c-
quarks in the last years. The CMS and ATLAS collaborations will keep searching
for this decay during the HL-LHC and they are expected to exclude about 6 times
the Standard Model expected production [165].
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Appendix A

Collin-Soper frame

The Drell-Yan (DY) process is the production of a lepton pair through Z or γ bo-
son. The Higgs decaying in two muons have exactly the same �nal state particles,
therefore DY is, in principle, an irreducible background for the H → µµ searches.
However, since Z and γ are spin 1 bosons and the Higgs boson have spin 0, the
lepton pairs angular distributions are di�erent in the two processes.

The angular distributions of the leptons are typically expressed in the rest frame
of the dilepton system, i.e. in the frame where the original boson was at rest. Sev-
eral choices of coordinate systems have been considered in the literature, the one
used in this work is Collin-Soper’s coordinate system[166]. In the Collin-Soper
frame, the hadron plane is identi�ed with the plane spanned by the two protons
(or hadrons in general) momenta. The y-axis is de�ned as the normal vector to the
hadron plane, while the z-axis is de�ned as the axis bisecting the momentum of one
of the proton and the inverse of the momentum of the second one. The sign of the
z-axis is de�ned as the sign of the z-component of the lepton pair momentum in the
laboratory frame. The x-axis is chosen in order to have a right-handed cartesian
coordinate system.

The polar and azimuthal angles θ and

Figure A.1: Illustration of the Collin-Soper
frame. The angles θ and φ are shown [167].

φ are the angles identifying the nega-
tively charged lepton. The two leptons
have opposite directions and equal mo-
mentum in this frame, therefore also the
direction of the positively charged lep-
ton is identi�able by θ andφ. Figure A.1
shows the Collin-Soper frame and the θ
and φ angles.

A spin 0 decay has not any preferential direction, thus the lepton direction has
a constant angular distribution. The DY leptons distributions instead are a�ected
by the spin of the Z/γ and it is not constant. The angular distribution in the Collin-
Soper frame is given by

d2σ
dΩ
∝ (1 + cos2 θ) + A0

1
2(1 – 3 cos2 θ) + A1 sin(2θ) cosφ + A2 sin2 θ cos(2φ)+

+ A3 sin θ cosφ + A4 cos θ + A5 sin2 θ sin(2φ) + A6 sin(2θ) sinφ + A7 sin θ sinφ
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where the Ai are second order coe�cients coming from the scattering calculation
and, except for A4, they vanish as the boson transverse momentum approach zero.
Figure A.2 shows the DY distribution of the θ angle measured in p + Cu collision
at 800 GeV. The events have 11 < mµµ < 17 GeV, the trend as been �tted with the
shape 1 + λ cos2 θ and it shown in the �gure.

(a)

Figure A.2: Drell-Yan angular distribution from Fermilab p +Cu collisions at 800 GeV. The
solid line is a ft to the data with 1 + λ cos2 θ where λ is 0.96± .04± .06 [168].

Unfortunately, multivariate analyses cannot easily exploit such complex distribu-
tion di�erences. Moreover, the Ai are functions of pT and rapidity of the boson, in
particular A0 reverses the cos2 θ trend for pT ∼ 80 GeV [169]. In addition, due to
the acceptance of the CMS detector, the distribution of θ is sculpted and it reduces
the di�erences between Higgs and DY process. Nevertheless, the angular distribu-
tions of θ and φ can help in discriminating between Higgs and DY, and therefore
they have been used in H → µµ searches.

Multivariate analyses used in H → µµ searches can take dimuon system kinematic
variables as input. Since each muon momentum has three degrees of freedom, the
kinematic of the dimuon system is described by 6 variables. The φ-symmetry of the
detector makes one degree of freedom redundant. Three variables are the invariant
mass mµµ, the transverse momentum pµµT , and the pseudorapidity ηµµ of the two
muons. The remaining two variables correspond to the decay of the boson in the
rest frame of the dimuon system and, coherently in the four searches, Collin-Soper
frame angles θ and φ have been used and called θCS and φCS .



129

Appendix B

Boosted Decision Tree

B.1 Introduction
Decision trees are tree-like structures of decision commonly used in decision anal-
yses. A decision tree checks a sequence of conditions about event attributes and it
classi�es events belonging to a single sample into di�erent classes accordingly to
the conditions results.
Figure B.1 shows an example of a deci-

Figure B.1: Sketch of a dicision tree.

sion tree where the events are classi�ed
in signal or background. The classi�ca-
tion starts from a root node that tests an
attribute of the event. The result of the
�rst condition leads to a second node
that tests a di�erent condition. The sec-
ond result leads to the third node and so
on. At the end, the events are divided
into several subsets, called leaves. The
events in the leaves can be associated
to classes or to real numbers.

Since the computer age began and the computing power went across rapid im-
provements, a huge amount of machine learning algorithms have been developed.
Machine learning algorithms are programs able to make predictions or decisions
without being explicitly programmed but learning automatically through the ex-
perience. Several programs among those can build decision trees. Those programs
usually use boosting methods that produce more robust decision trees. The decision
trees built with the boosting method are called boosted decision trees (BDTs).

BDTs have been widely used in high energy physics in recent years since they are
fast and reliable even when trained on small datasets. In particular, they have been
employed in several Run 1 analyses at LHC. BDTs are also used in H → µµ search
since they are able to discriminate between signal and background exploiting simul-
taneously several features of the events. The BDTs built for H → µµ search have
been implemented with the TMVA package [107] in the ROOT framework [146].

In order to build a BDT, the machine learning program has to learn from a set of
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examples called training dataset. The process that uses the training dataset and de-
�nes the discriminator is called training. The training algorithms used in building
the various BDTs used in H → µµ search have little di�erences from each other in
methods and in settings. In the following, the boosted decision tree training algo-
rithms are described.

B.2 Training
In order to build a BDT, two main ingredients are needed: the training dataset and
the input variables list. The performance of the BDT depends on the amount of sig-
nal and background examples provided, therefore having a large number of training
events is very important for the �nal result. Moreover, in order to de�ne the split-
ting criteria for each node, a list of event attributes to use is needed. The splitting
criteria will be a cut on one of the variables used as inputs.

The algorithm proceeds iteratively starting from the root node. An initial split-
ting criterion is de�ned using the entire training dataset. The split is determined
by �nding the variable and the corresponding cut which perform the best separa-
tion between signal and background. The two resulting subsets go under the same
algorithm thus they are further divided into two by di�erent splitting criteria. The
algorithm is repeated until the tree is built.
In principle, the iterations could continue until every leaf contain signal only or
background only events. In that case, the decision tree would be strongly over-
trained and therefore unable to make predictions. In order to avoid such an issue, a
stop condition is set. Among the various possibilities, the BDTs built for H → µµ
search have constraints on the depth of the tree, i.e. the maximum number of nodes
between the root node and the leaves.

The splitting criteria are found by optimizing a gain function G that depends on
a certain function of the purity f (p). The purity is de�ned as the ratio of the signal
events over the total events

p = S
S + B

where the events can be weighted. For each input variable and for each cut, the
gain function

G(p, p1, p2) = f (p) – f (p1) – f (p2)

is computed, where p1 and p2 are the purity of the two subsets divided by the
cut. The variable and the cut that maximize G is chosen as the node splitting
criteria. Several functions f (p) are commonly used in BDT building. The ones
used in H → µµ search are the Gini index and the cross-entropy. The Gini in-
dex is f (p) = p(1 – p) and it correspond to the probability of misidentifying signal
as background or vice versa in the split sample. The cross entropy method use
f (p) = –p ln(p) – (1 – p) ln(1 – p) and it represents the average of the logarithm of
the accuracy.
In order to avoid the node to provide an unbalanced splitting, an additional condi-
tion is required. The two subsamples produced by the splitting have to be greater
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than a certain fraction of the original sample. Usually the chosen fraction �oat
around a few percent.

The �nal tree divides the original phase space in many regions. The output of the
tree is de�ned for every region and it can be either a real variable or just a classi-
�cation in signal or background, depending on the majority of training events that
end up in the �nal leaf. In the latter case, the output is set to be +1 for signal and -1
for background.

BDTs built with the described procedure are unstable to small �uctuations in the
input dataset. In fact, small changes can give rise to great di�erences in the tree
structure. The adopted solution is using an ensemble of trees and combine their
output into a single result. The ensemble method used is called boosting and it con-
sists of training several di�erent trees by reweighting the training events. Boosting
methods stabilize the response of the decision tree and it improves the performance
with respect to single tree construction.

B.2.1 Adaptive boost
The adaptive boost, or AdaBoost [170], has been developed in the mid-90s and it
is the �rst boosting algorithm. The adaptive boost grows an ensemble of trees and
it combines them into a single function. The trees are trained sequentially and the
event weights are modi�ed at each iteration in order to give more importance to
the previous misclassi�ed events. This procedure lets adaptive boost be sensitive to
noisy data and outliers and less sensitive to over�tting.

Let {xi, yi}N1 be the dataset, where the item xi are event attributes and their asso-
ciated class is yi ∈ {–1, +1}. Let wi

1 be the original weights of the events. The al-
gorithm starts training a tree using the original weights and comparing the output
h1(xi) with the true class yi. The misclassi�cation weight ε1 de�ned by

ε1 =
∑

yi 6=h1(xi) w1(xi)∑
yi=h1(xi) w1(xi)

(B.1)

is used to compute the boost weight

b1 = 1 – ε1
ε1

(B.2)

Then, the misclassi�ed events (h1(xi) 6= yi) are weighted by b1 and all the events
weights are renormalized such that the sum of the weights remains constant. A
second tree is trained with the new weights and the procedure is repeated several
times.

After that the desired number of tress have been trained, they are combined in a
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single function F (x)

F (x) = 1
M < ln(b) >

M∑
1

ln(bm)hm(x) (B.3)

A boosted decision tree is the combination of several trees and its output is the real
number F (x) in [–1, 1]. The output is close to +1 for signal-like events and close to
-1 for background-like events.

B.2.2 Adaptive boost as loss function minimization
The adaptive boost procedure described above can be reformulated as the mini-
mization of a function called loss function [171, 172]. The loss function L(F (x), y)
is sensitive to the deviations of the predicted results F (x) with the true values y,
therefore it is a measurement of the accuracy of a decision tree. The loss function
used in adaptive boost is

L(F (x), y) =
N∑
i=1

e–yiF (xi) (B.4)

The loss function is minimized by constructing iteratively the boosted decision tree
output F (x). After m-1 iteration, the function F (x) will bee the combination of m-1
trees:

Fm–1(x) = α1h1(x) + ... + αm–1hm–1(x) (B.5)

At the m-step another tree is added in the combination, therefore

Fm(x) = Fm–1(x) + αmhm(x) (B.6)

The new tree output hm(x) has to minimize the loss function which can be managed
as

L =
N∑
i=1

e–yiFm(xi)

L =
N∑
i=1

e–yiFm–1(xi)e–yiαmhm(xi)

L =
N∑
i=1

w(m)
i e–αmyihm(xi)

where w(m)
i = e–yiFm–1(xi). The sum can be split in the events that are correctly

classi�ed, thus yihm(xi) = 1, and the events that are wrongly classi�ed where
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yihm(xi) = –1.

L =
∑

yi=hm(xi)
w(m)
i e–αmyihm(xi) +

∑
yi 6=hm(xi)

w(m)
i e–αmyihm(xi)

L =
∑

yi=hm(xi)
w(m)
i e–αm +

∑
yi 6=hm(xi)

w(m)
i eαm

L =
N∑
i=1

w(m)
i e–αm +

∑
yi 6=hm(xi)

w(m)
i
(
eαm – e–αm)

L = e–αm

( N∑
i=1

w(m)
i

)
+
(
eαm – e–αm) ∑

yi 6=hm(xi)
w(m)
i


Since the w(m)

i are �xed at the m-th iteration, the loss function is minimized by
choosing the appropriate αm and hm(x). In order to minimize the second right-
hand side sum, hm(x) is chosen as the output of the tree trained with the event
weight w(m)

i . The αm parameter is found by

∂L
∂αm

= 0 (B.7)

and it is

αm = 1
2 ln

∑yi=hm(xi) w
(m)
i∑

yi 6=hm(xi) w
(m)
i

 = 1
2 ln

(
1 – εm
εm

)
(B.8)

where εm is de�ned for the m-th step similarly to equation B.1. This procedure
de�nes the trees hm(x) and the parameters αm1 used in the combination:

F (x) = 1
M < α >

M∑
1
αmhm(x) (B.9)

In order to demonstrate the equivalence of the two methods, the weights w(m)
i have

to be shown they are the ones used in section B.2.1. Such validation is done by
verifying that the misclassi�ed events gain the boost de�ned in equation B.2. The
weights de�nition lead to

w(m+1)
i = w(m)

i e–αmyihm(xi) (B.10)

Let i and j be a misclassi�ed and a correctly classi�ed event respectively. Then:

w(m+1)
j

w(m+1)
i

=
w(m)
j e–αmyjhm(xj)

w(m)
i e–αmyihm(xi)

=
w(m)
j

w(m)
i

e2αm =
w(m)
j

w(m)
i

(
1 – εm
εm

)
(B.11)

1The misclassi�cation weight εm is smaller than 0.5 by de�nition, therefore the parameter αm is
always positive.
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Therefore the misclassi�ed events gain a boost of bm = 1–εm
εm

at the m-th iteration.

B.2.3 Gradient boost
Gradient boosting algorithms are a generalization of the adaptive boost described
above and they derive from the iterative minimization of a loss function[173]. The
procedure is similar to a function expansion where every added term points to the
negative gradient direction. Many loss functions can be chosen, and they fully de-
termine the boosting procedure. Among all the possible loss functions, the one used
in H → µµ search is the binomial log-likelihood

L(F , y) =
N∑
i=1

ln(1 + e–yiF (xi)) (B.12)

In general, not every the loss function leads to a straightforward procedure like the
Adaboost algorithm, therefore a steepest-descent approach has to be used to per-
form the minimization.

The induction step �nds Fm(x) from Fm–1(x). The procedure starts with the residual
calculation:

r(m)
i =

[
∂L(F , y)
∂F

]
F=Fm–1

(B.13)

Then, a decision tree hm(x) is trained using the residuals {xi, r
(m)
i }N1 and it is added

to Fm–1(x)
Fm(x) = Fm–1(x) + γmhm(x) (B.14)

where the constant γm is found by minimizing the loss function

∂L(Fm, y)
∂γm

= 0 (B.15)

A very popular regularization method used in boosting algorithm is the regular-
ization by shrinkage. It consists of reducing the weight of the individual trees in
the �nal combination by multiplying them by a factor ν called learning rate.

Fm(x) = Fm–1(x) + νγmhm(x) 0 < ν ≤ 1 (B.16)

Boosting with a small learning rate requires more iteration and therefore it increases
the computational time. However, small learning rates signi�cantly improve the ac-
curacy of the predictions.

The bagging is another technique very often used in gradient boost. It consists
of using a di�erent subsample of the original dataset at each iteration. The subsam-
ples are composed of events randomly picked from the training dataset and their
sizes are a constant fraction f of the training dataset. Bagging fractions f within
0.5 and 0.8 does not reduce signi�cantly the statistical power of the training dataset



B.2. Training 135

while they introduce randomness in the algorithm and therefore they help prevent
over�tting.
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Appendix C

Deep Neural Networks

This appendix introduces machine learning and deep neural network concepts. The
deep neural networks are a fundamental tool in the VBF H→ µµ analysis, where a
feedforward neural network is trained on simulated data with dropout regularization.
Therefore, in this appendix the neural network architectures, the used functions and
the regularization methods are described.

C.1 Introduction
Machine learning is a �eld of computer science studying algorithms that automat-
ically learn from experience. This kind of machine learning algorithms are very
useful to face a multitude of tasks and they �nd application in several �elds. The
reason is that for simple tasks, programmers can specify all the steps needed to be
solved. Instead, for more advanced tasks, manually writing the code needed to solve
the problem may be challenging and it is more convenient to let the computer write
its own algorithm to solve the task.

The most common tasks for which machine learning is employed are classi�cation
and regression problems. Classi�cation algorithms are used when the desired out-
put is restricted to a limited set of values. For example, they are used to separate the
studied objects into di�erent categories. In the case of two categories, the learning
algorithm solves the tasks by producing a function f : Rn → [0, 1]. Regression al-
gorithms aims to estimate the relationship between known variables and dependent
unknown variables called outputs. In the case of one output variable, the algorithm
solves the tasks by producing a function f : Rn → R.

Machine learning algorithms have been used in high energy phisics since the 90s. In
recent years, neural network algorithms have been used more and more in high en-
ergy physics thanks to the success in other �elds. Nowadays, deep neural networks
(DNNs) are slowly replacing BDTs, which where the most popular tool during Run
1 at the LHC, in either physics analysis and reconstruction tasks.

Thi appendix introduces the main concepts of the neural networks that are used in
the H→ µµ search via VBF channel. The Neural network have been implemented
in python with the keras [147] package and Tensor�ow backend [148].
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C.2 Deep neural networks
Deep feedforward neural networks are a particular type of machine learning algo-
rithm. They are organized similarly to the biological neural networks and they are
composed of basic units called arti�cial neurons. Arti�cial neurons are mathemati-
cal functions that take one or more inputs and return a single output. The functions
applied by the neurons are a composition of two transformations: the �rst one is an
a�ne transformation, and the second one is a non-linear activation function. Let ~x
be the input vector of a certain neuron, the output can be written as

y = h(~w · ~x +~b) (C.1)

where ~w and ~b are the weight and bias vectors and they are the tunable parameters
of the neuron, while the function h is the activation function.

The design of activation functions is an active area of research and there is not any
theoretical principle stating that one function is better than one other. In general,
it is impossible to predict in advance which one works best for a given problem.
Nowadays, the most used activation function is the recti�ed linear unit ReLU(x) =
max(0, x) which is linear for positive numbers and zero for negative ones. A similar
activation function is the leaky ReLU, de�ned to be LeakyReLU(x) = max(0.01x, x).
The main di�erence between the two activation functions is the �at output in the
negative region, therefore the ReLU does not distinguish between di�erent negative
inputs. Shallow activation functions have been very popular in the past years. The
most used was the sigmoid σ(x) = 1/(1+ex ) or equivalently the arctangent function.
The ReLU, sigmoid and arctangent activation functions are shown in Figure C.1.

(a) (b)

Figure C.1: Examples of activation functions. The ReLU and is shown in (a) and the sigmoid
σ(x) in (b). The arctangent function is shown in both plots.

In neural networks the arti�cial neurons are organized in multiple layers and each
neuron takes as input the output of all the neurons in the previous layer. Such an
organized structure lets the information �ow in one single direction, resulting in a
function f : Rn → Rm. Typically the input vector has large dimensionality, while
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the output vector has one or few components. Figure C.2 shows an example of neu-
ral network.

The neuron layers that compose

Figure C.2: Sketch of a 3 layer neural network with
three inputs. The two hidden layers have of 4 neurons

each.

the DNNs are categorized as in-
put, hidden, and output layers.
The input layer is the vector of
variables that are fed to the net-
work. The �nal layer is called
output layer and it contains val-
ues that the network wants to
reproduce. The layers in between
are called hidden layers because
their output values are not ex-
plicitly seen by the user. The
overall length of the chain of
layers is called depth of the model. The dimensionalities of the input and output
layers are �xed by the problem to deal with. Instead, the number of arti�cial neu-
rons of the hidden layers, called width of the layer, can be freely chosen.

The described computing system has a very particular architecture. Let f (i) be
the vector function of the i-th layer, then the entire DNN is the composition f =
f (depth) ◦ ... ◦ f (2) ◦ f (1). Therefore DNNs belong to a very peculiar class of func-
tions. It has been demonstrated that, given appropriate depth and layer widths, the
functions of this class can approximate any given function [174, 175].

C.2.1 Loss function minimization
The deep neural networks are functions that have a several parameters. The pa-
rameters of the networks are the weights and biases of the a�ne transformations
of the arti�cial neurons. These parameters can be optimized in order to solve spe-
ci�c tasks. The optimization of a neural network is performed by providing a set
of examples to the network. The set of examples is called training dataset and the
optimization process is called training. The training of the network is performed by
tuning the parameters of the model via the minimization of a function called loss
function.

The loss function is an estimate of the distance between the target values and the
network predictions. Therefore minimizing the loss function means tuning the net-
work to have an output as close as possible to the desired target. In classi�cation
problems, the adopted loss function is the cross-entropy between the training data
and the model’s prediction. In regression problems, the adopted loss function is the
mean squared error de�ned to be the sum of the squared distance between the out-
puts and the target values. In either cases, the loss function is de�ned as the expec-
tation value of the negative log-likelihood, therefore its minimization is equivalent
to maximizing the the likelihood of the output distribution.
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The minimization of the loss function is performed using a gradient descending
procedure called stochastic gradient descent (SGD). This procedure is iterative and
it consists of moving the model parameters in the direction of the negative gradi-
ent of the loss function. The gradient of the loss function is computed using small
sets of data called minibatches, or simply batches. Therefore the descending has a
stochastic component due to only a fraction of the dataset is used to compute the
gradient. The loss function is, in general, a non-convex function and there is no
guarantee that the global minimum exists.

The gradient of the loss function is computed using the back-propagation algorithm
[176]. This algorithm allows computing numerically the derivative of the loss func-
tion with respect to the parameters of each neuron. Normally, the numerical evalu-
ation of the gradient is computationally expensive, however, the algorithm reduce
substancially the computation cost using the chain rule of calculus:

dz
dx

= dz
dy

dy
dx

(C.2)

The equation holds also for vector-value functions and the transformation is de-
scribed by the Jacobian matrix. The chain rule allows computing the gradient of
the loss function using Jacobian transformations between di�erent layers. For ex-
ample, the derivative of the network output with respect to a parameter w of the
�rst layer is computed by

df
dw

=
(

δf

δf (depth)

)
...
(
δf (2)

δf (1)

)
df (1)

dw
(C.3)

where
(
δf (i)

δf (j)

)
are the Jacobian transformations between adjacent layers.

The analytical form of the gradient may contain several repeated sub-expressions.
The sub-expressions that are repeated are storaged in order to reduces the com-
putational cost. However, storing the sub-expressions increases exponentially the
memory consumption, therefore several strategies can be adopted in order to re-
duce also the memory usage, for example by trying to simplify the network graph
or repeating some calculations of some simple sub-expressions.

The back-propagation is applied to compute the gradient in the SGD algorithm. The
model parameters are modi�ed in the direction of the gradient, then the new value
of the loss function is computed using the events in a single minibatch. The gradi-
ent calculation and the parameters update are repeated iteratively. This procedure
relies on the assumption that the gradient can be correctly computed using a small
fraction of the available events. In order to �nd the optimized model parameter, the
SGD algorithm passes through the training dataset several times. An entire passage
through the training dataset is called epoch and the number of times that the algo-
rithm passes completely through the training dataset is called number of epochs.
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In the SGD algorithm, the DNN parameters ~θ are modi�ed by the negative gradient
multiplicated by the learning rate ε

~θ → ~θ – ε~∇(loss) (C.4)

The learning rate is a crucial parameter that determines the step size while mov-
ing toward a minimum. Choosing the appropriate learning rate is very important
to reach low values of the loss function. Figure C.3 shows the behavior of the loss
function for di�erent learning rates. Learning rates too high can cause the loss
function to diverge. Instead, when learning rates too low are adopted, the conver-
gence became very slow. In most cases, the learning rate is automatically changed
at training time. An initial learning rate is set and it is reduced as a function of the
loss in order to obtain a better convergence.

Several improvements of the stochastic gra-

Figure C.3: Typical behavior of the loss
as a function of the training step for dif-

ferent learning rates [177].

dient descent algorithm have been proposed
to speed up and improve the convergence.
An example is the momentum based meth-
ods. In the most basic de�nition of the mo-
menum method the parameters modi�ca-
tion is de�ned by a velocity ~θ → ~θ+~v. The
velocity is de�ned as the weighted sum of
the gradient and of the velocity at the previ-
ous iteration~v → α~v–ε~∇(loss). The value
of the parameter α is tunable. This method
is especially useful for small and noisy gra-
dients.

C.2.2 Regularization
A central problem in machine learning is how to make algorithms that perform well
not just on the training data, but also on new inputs. Regularization is any mod-
i�cation performed on the machine learning algorithm that aims to improve the
performance on previously unseen data without a�ecting the performance on the
training data. This class of modi�cations helps also in reducing an eventual over�t
of the training data. Several techniques are commonly adopted. Adding a penaliza-
tion for high weights in the loss function helps in keeping the weights small and
improves the gradient descending convergence. Another method is sharing param-
eters between di�erent neurons. This strategy is adopted under the assumption that
some inputs have symmetry properties or should be treated similarly.

Ensemble methods are also frequently used. These techniques consist of training
several di�erent models using subsets of the training dataset. The �nal score of the
algorithm is computed by averaging the output of the trained models. The reason
why this strategy works well is that di�erent models usually do not make all the
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same errors on the test set, therefore the averaged score performs substantially bet-
ter than its members.

Another important method of regularization, called dropout [178], consists of mask-
ing fractions of the hidden nodes of the DNN. When the SGD algorithm is executed
with the dropout, a random fraction of the nodes of the network are selected at each
iteration and their outputs are set to zero. This is equivalent to apply the gradient
descending method to a DNN without the selected nodes.

The dropout method is very popular because it is computationally cheap and it
improves signi�cantly the performance of the trained DNN. Training a network
with dropout is equivalent to train a very large ensemble of networks simultane-
ously. Therefore dropout is similar in this respect to ensamble methods. In fact, each
masking produces a di�erent DNN model therefore an exponentially large ensem-
ble of sub-networks are generated. Training simultaneously all the sub-networks
is possible thanks to the sharing of their parameters. This method forces the DNN
to perform well regardless of which hidden units are considered. However, in the
�nal evaluation of the test dataset, all the nodes are used.

Figure C.4a shows a sketch of a neural network. The drawing highlights the nodes
that are removed by the dropout method. Figure C.4b show the loss function evo-
lution with and without the dropout evaluated on the test dataset, showing the
bene�ts of regularization.

(a) (b)

Figure C.4: Example of a deep feed-forward neural network where a fraction of the nodes
are removed by the dropout (a). Loss function evolution for di�erent architectures with and

without dropout .evaluated on the test dataset (b) [178].
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Appendix D

VBF H→ µµ: a data-driven
approach

An alternative search to the Higgs boson decay to muons is described in this appendix.
The presented analysis adopts a data-driven approach similar to the one used in the
ggH, VH, and ttH searches. The expected results are shown and a comparison with the
MC-based is discussed.

D.1 Introduction
The H→ µµ analysis consists of four di�erent searches that aims to extract the
signal from the four main production channels. Among all the Higgs production
channels, the VBF is one of the most important in the H→ µµ search. The rea-
son is that it has a very clear signature that helps in reducing the large amount of
background and it has the second higher cross-section among the Higgs produc-
tion channels. These features make the VBF production to be crucial in rare decays
searches such as H→ µµ. Therefore the VBF channel has to be exploited as best as
possible.

Two di�erent searches for Higgs decay to muons via VBF production are performed
at the same time. One is the MC-based analysis described in chapter 5 and the other
one is a fully data-driven search. The data-driven analysis consists of a fully data-
driven estimation of the background through an analytical �t to the dimuon mass
distribution. Its analysis strategy is similar to the one adopted by the ggH, VH, and
ttH searches. Firstly, a mµµ independent discriminator is built in order to separate
signal-like from background-like events. Then, the events are divided into subcate-
gories as a function of the discriminator score. Finally, the signal is extracted with a
simultaneous �t to the dimuon mass distributions among the de�ned subcategories.

The data-driven approach is much more aligned to the searches of the other chan-
nels, however, this method is not a priori chosen for the VBF category. Instead,
either the MC-based and the data-driven analyses are performed. The one that will
be combined with the other three searches is chosen by comparing the expected
results.
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D.2 Selection
The analysis selection is identical to the one described in section 4.2. It starts with
the trigger and muon requirement explained in section 4.2. The two oppositely
charged muons must have an invariant mass within 110 and 150 GeV. Events con-
taining additional leptons, medium b-tagged jets, or more than one loose b-tagged
jet are not selected because they are considered in the VH and ttH analyses. The
events must have two jets with |η| < 4.7 and transverse momentum greater than
35 and 25 GeV. Moreover, the two leading jets must have a pseudorapidity distance
∆ηjj > 2.5 and an invariant mass mjj > 400 GeV.

D.3 Multivariate discriminator
A Boosted decision tree (BDT) is build with the TMVA package [107] in the ROOT
framework [146]. The training is performed separately for 2016, 2017, and 2018
in order to take into account di�erences in detector performance among the three
data-taking periods. The setting used to build the BDT is shown in table D.1

Boosting type Trees Shrinkage Bagged fraction node size Depth Separation
Gradient boost 1000 0.1 0.5 >3% 4 CrossEntropy

Table D.1: Settings used in training the BDTs of the VBF data-driven search.

The BDT is trained using half of the available simulated events with an invariant
mass in the range 115-135 GeV. The samples used as signals in the training are simu-
lated Higgs events via ggH, VBF, VH, and ttH with a massmH=125 GeV. Background
events are composed by DY, t̄t, single top, and diboson processes.

In order to avoid biases generated by the categorization, the BDT has not to be cor-
related with mµµ. Therefore all the chosen input variables are highly uncorrelated
with the dimuon mass. Moreover, the events are weighted by 1/σµµ in the training.
In this way, besides separating signal-like events from background-like ones, the
BDT will also separate events with small and large dimuon mass uncertainty. Con-
sequently, events with high BDT scores will show a more pronounced signal peak.
The dimuon mass uncertainty is not correlated with mµµ, thus the weighting is not
biasing the BDT output.

The input variables related to the dimuon system are the transverse momentum pµµT ,
the pseudorapidity ηµµ, and the Collins-Soper variables φCS and cos θCS described
in appendix A. The pseudorapidities ηµ1 and ηµ2 and the transverse momentum of
each muon divided by the dimuon mass pµ1

T /mµµ and pµ2
T /mµµ are included in the

input variables. The transverse momentum and pseudorapidity of the two leading
jets are used as input as well as their invariant mass mjj , and their azimuthal and
pseudorapidity di�erences ∆ηjj and ∆φjj . Additional input variables are the num-
ber and the scalar pT sum of the track jets with pT > 2 GeV, called N soft

2 and H soft
(2)T .

Moreover, the total number of jets is used.
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Several variables that consider the kinematic of both muons and jets are included
as inputs. The pseudorapidity and azimuthal distance of the dimuon system with
the leading jet ∆η(µµ, j1) and ∆φ(µµ, j1) and the minimum pseudorapidity and az-
imuthal distance of the dimuon system with the two leading jets mini –∆φ(µµ, ji)
and mini –∆η(µµ, ji) are added. Then, the Zeppenfeld variable z? (see equation 4.1),
the transverse momentum balance R(pT ) (see equation 5.2) and the pT-centrality are
also used. The pT-centrality is de�ned by

pT – centrality =
pµµT – |~p j1

T + ~p j2
T |/2

|~p j1
T – ~p j2

T |
(D.1)

and it provides an comparison between the transverse momentum of the dimuon
system and of the dijet system.

D.4 Categorization
All the selected events with dimuon mass within 110 and 150 GeV are divided into
subcategories as a function of the BDT output. The subcategories boundaries are
de�ned with an iterative procedure in order to maximize the signal sensitivity. The
procedure identical to the one applied in the ggH, VH, and ttH analyses.

An initial �t is performed to extract the signal peak in the dimuon mass distribution.
The signal is modelled by a double-side crystal ball function (de�ned by equation
4.2) while the monotone background is described by a BWZγ function (de�ned by
equation 4.5). The signal signi�cance is computed using the result of the �t.

Then, the BDT output is scanned in signal quantiles and, for each quantile, the
events are divided in two sets: 99 pairs of sets are considered in total. For each
pair of subsets, the signal signi�cance is extracted from a simultaneous �t across
the two sets of events. The quantile that provides the best signi�cance is de�ned to
be the subcategory boundary. The described procedure is repeated from two event
subsets to three and so on until further divisions do not provide additional gains in
signi�cance larger than 1%. The boundaries obtained with this method are the ones
that de�ne the subcategories. Four subcategories are found with this approach and
they are de�ned by the quantile boundaries of 10%, 22%, and 45% signal e�ciency.

The procedure is repeated using signal samples with di�erent MC generators. The
same number of subcategories are found, and the corresponding boundaries are in
agreement within 2%, proving that they are robust and not dependent on the gen-
erators. The four subcategories are called "VBF-cat0", "VBF-cat1", "VBF-cat2", and
"VBF-cat3" respectively from the one with lower BDT scores to the one with higher
scores. Figure D.1 shows the distribution of the BDT score after the transformation
BDT ′ = atanh((BDT +1)/2) for data and simulated events. The vertical lines indicate
the subcategories boundaries obtained with the described iterative procedure.
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Figure D.1: BDT output distribution for signal and background for the events passing the
VBF category selection with 110 < mµµ < 150 GeV. The rightmost bin contains the over�ow
events. The dotted lines indicate the range between the minimum and maximum BDT score
considered to de�ne the boundaries. The lower panel shows the ratio between data and the
expected background. The grey band indicates MC statistical uncertainties, while the azure

and orange bands represent the experimental and theoretical uncertainties.

D.5 Siganl extraction
The signal is extracted by �tting simultaneously the dimuon mass spectrum dis-
tributions via analytical functions across the four subcategories. The signal events
are mainly produced via VBF and ggH, however, small contributions arise from VH
and ttH production. The signal processes are modeled independently for ggH, VBF,
VH, and ttH productions in the four subcategories with DCB functions. The DBC
parameters are extracted from the simulation and they are �xed in the �t to the data.

In principle, any parametric distribution for modeling the background can inject a
potential bias in the signal extraction. The reason is that the background yields un-
der the signal peak are estimated from the S+B �t in the sideband. Therefore, several
analytical forms are taken into consideration for modeling the background distri-
butions. Either physics-inspired functions and agnostic ones are taken into account.

All the considered functions for the background description are studied in order
to estimate the bias introduced in the signal extraction. The bias introduced by
the background description is studied with the following strategy. Di�erent back-
ground models are used to perform a background-only �t and the post�t parameters
are used to generate pseudodatasets in each subcategory. The function under study
is used to �t the pseudodatasets and extract the injected signal strengths. The di�er-
ence between the extracted and injected signal is an estimate of the bias introduced
by the studied function.



D.5. Siganl extraction 147

The analytical functions chosen to estimate the total background are modi�ed Breit-
Wigner functions (de�ned in equation 4.3) in "VBF-cat0", and "VBF-cat1" and BWZγ
functions in "VBF-cat2", and "VBF-cat3". The bias introduced by the background
models is less than 1% and therefore it is neglected in the uncertainty treatment.

The expected signal strength modi�er with the associated uncertainty is extracted
with a simultaneous binning �t among the four categories. The �t is performed us-
ing the expected yields obtained from the simulation in the mass window 115-135
GeV and using the data in the sideband. The data and the functions extracted from
the �t to the dimuon distributions are shown in Figure D.1. The background-only
component is shown with its one and two standard deviation uncertainties obtained
from the �t.
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Figure D.2: Dimuon mass spectrum in all the VBF subcategories, the background func-
tions are extracted from the �t. The �t is performed using simulated prediction in the mass
window 115-135 GeV. The lower panel shows the residual background subtraction and the

red line represents the signal.
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Expected upper limits on the signal strength modi�ers are computed at the 95% CL
alongside the signal signi�cance for each category independently and for the simul-
taneous �t. The expected results of the H→ µµ search via data-driven approach are
shown in table D.2.

VBF subategory expected signi�cance expected upper limit
VBF-cat0 0.38σ 5.36
VBF-cat1 0.61σ 3.42
VBF-cat2 0.74σ 2.79
VBF-cat3 1.12σ 2.20
Combination 1.52σ 1.42

Table D.2: Expected upper limits and signal signi�cances for each BDT subcategory and
for their combination.

D.6 Conclusion
Two searches of the Higgs decay to muons are performed with two di�erent meth-
ods. The search via data-based approach is presented and the expected results are
shown in table D.2. The MC-based search is described in chapter 5 and the associ-
ated expected results are shown in chapter 6.

The expected results obtained from the two analyses are compared. The MC-based
approach shows an improvement in the expected results of more than 15% with
respect to the data-driven approach. Therefore the MC-based analysis is the one
that is chosen to be combined with the ggH, VH, and ttH searches. The results
obtained from the combination are published in a common paper [105] and they
are shown in chapter 6.
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Appendix E

N+1 test

(a)

(b)

Figure E.1: (a) First and (b) second step of the N+1 test. The performance and their uncer-
tainties shown are the mean and the standard deviation of 20 discriminators trained with
di�erent dataset and they are computed with the training dataset (green) and with the val-

idation dataset (blu) separately.
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(a)

(b)

(c)

Figure E.2: (a) Third, (b) fourth and (c) �fth step of the N+1 test. Caption is the same as
Figure E.1.
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(a)

(b)

(c)

Figure E.3: (a) Sixth, (b) seventh and (c) eighth step of the N+1 test. Caption is the same as
Figure E.1.
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Appendix F

BDT and DNN distributions
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(a) (b)

(c) (d)

(e) (f)

Figure F.1: BDT and DNN distributions after the event selection for 2016 (a) 2017 (b) and
2018 (c) in signal region. The lower panel shows the ratio data over Monte-Carlo. The
dashed area represents the MC statistical uncertainties while the lines in the lower panel

show the uncertainties related to the energy of the jets and to the factorization scale.
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(a) (b)

(c) (d)

(e) (f)

Figure F.2: BDT and DNN distributions after the event selection for 2016 (a) 2017 (b) and
2018 (c) in sideband. Captions are the same of Figure F.1.
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(a) (b)

(c) (d)

(e) (f)

Figure F.3: BDT and DNN distributions after the event selection for 2016 (a) 2017 (b) and
2018 (c) in Z region. Captions are the same of Figure F.1.
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Appendix G

Data vs MC comparison

(a) (b)

(c)

Figure G.1: Dimuon invariant mass distribution after the event selection for 2016 (a) 2017
(b) and 2018 (c). Events in di�erent regions are shown in the same plot. The lower panel
shows the ratio data over Monte-Carlo. The dashed area represents the MC statistical un-
certainties while the lines in the lower panel show the uncertainties related to the energy

of the jets and to the factorization scale.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.2: Distribution of the transverse momentum of the leading jet in each year and
region. Captions are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.3: Distribution of the transverse momentum of the subleading jet in each year
and region. Captions are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.4: Distribution of the transverse momentum of the dimuon system in each year
and region. Captions are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.5: Distribution of the mass resolution of the dimuon invariant mass in each year
and region. Captions are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.6: Distribution of the transverse momentum of the leading muon in each year
and region. Captions are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.7: Distribution of the transverse momentum of the subleading muon in each year
and region. Captions are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.8: Distribution of the zeppenfeld variable z? in each year and region. Captions
are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.9: Distribution of the dijet invariant mass in each year and region. Captions are
the same of Figure G.1.



166 Appendix G. Data vs MC comparison

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.10: Distribution of the transverse momentum balance R(pT ) in each year and
region. Captions are the same of Figure G.1.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure G.11: Distribution of the pseudorapidity distance between the two leading jets in
each year and region. Captions are the same of Figure G.1.
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