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Introduction

The observation of a scalar resonance compatible with the long sought Higgs
boson was announced in 2012 by the CMS and ATLAS collaborations at the
CERN Large Hadron Collider. This was a clear experimental confirmation
for the Standard Model (SM) of elementary particles, which set off several
precision measurements aiming to measure the properties of the newly discov-
ered particle. Presently, the Higgs boson has been observed in all accessible
production mechanisms via combination of several decay channels, with no
significant deviations from the SM expectations.

However, the Higgs sector could be more complex with respect to what ob-
served so far and Beyond the Standard Model (BSM) effects could arise
from accurate measurements of the Higgs boson couplings with fermions and
bosons. In fact, several BSM theories predict couplings between the Higgs
boson and vector bosons which are different from the SM predictions. Since
these HVV anomalous couplings have not only different coupling strength
but show also alternative tensor structures with respect to the SM case, they
can lead to different characteristics of the Higgs boson production processes,
which in turn may give rise to measurable changes in the kinematic distri-
butions of the final state particles. One of the most sensitive observables to
BSM physics is the signed azimuthal angle difference (A®;;) between the two
leading jets produced in association with the Higgs boson during a proton-
proton collision.

The work presented in this thesis is a measurement of the differential
production cross section of the Higgs boson as a function of A®;;. The
H — WW — 202v decay channel is selected as the final state, due to
its relatively high branching ratio and low background contamination, and
the Vector Boson Fusion (V BF') production mechanism is considered as the
signal process. The analysis is performed on proton-proton collision data
recorded by the CMS detector in 2018 at a center of mass energy of 13 TeV.
The signal has been extracted through a Maximum Likelihood template fit,
where the Monte Carlo simulation of an observable with good signal to back-
ground discrimination power is fit to data. In addition, the measurement



is carried out whitin a restricted phase space in order to avoid the extrap-
olation to the full phase space using an underlying theoretical assumption.
Since an unfolding procedure is also used, the result is independent on the
detector response and can thus directly be compared to any physics model.
Obviously, this remains true if no sources of model depencence are present
in the analysis procedure, that would otherwise spoil the re-interpretability
of the measurement.

The main source of model dependence affecting this analysis lies in the sig-
nal extraction procedure since the shape of the distribution of the fit variable
depends on the Higgs boson properties themselves such as, for instance, the
HV'V coupling properties.

In this thesis, I propose the usage of the Domain Adaptation (DA) technique
to reduce this degree of dependence. DA is a sub-field of Machine Learning
that aims to define an algorithm with the ability to perform well also in target
domains that are different from the one it was trained on. Considering the
BSM theories that predict the aforementioned HVV anomalous couplings
as target domains, this technique allows to define a discriminating variable
which is agnostic to different signal models.

To achieve this I implemented a new discriminator based on an Adversarial
Neural Network approach. The use of this new discriminator as a fit vari-
able ensures that the additional bias in the analysis result introduced by the
signal extraction procedure is minimal.



Chapter 1

Phenomenology of the Higgs
sector of the Standard Model

1.1 The Standard Model of particle physics

The Standard Model (SM) is a quantum field theory [1], based on the local
simmetry group SU(3)¢c ® SU(2), ® U(1)y and formulated in the 1970s. It
describes elementary particles, the smallest known building blocks of the uni-
verse without discernible structure, and three of the four known fundamental
forces: electromagnetism, weak interaction and strong nuclear force. The el-
ementary particles are characterized by two Lorentz invariants, the mass m
and the spin s, and are classified into fermions or bosons, according to the
statistics they obey.

Fermions

Fermions are spin—% particles that constitute ordinary matter and according
to the spin—statistics theorem, they respect the Pauli exclusion principle.
They are subdivided into two families based on the force that defines their
interaction: quarks and leptons. Both classes consist of six particles, orga-
nized into three doublets, called generations, and ordered according to an
increasing mass hierarchy:.

e Leptons can interact only via the electromagnetic and weak force and
they can either carry one unit of electric charge or be neutral. The
charged leptons are the electron (e), muon (u), and tau (7). Each of
these particles has a negative charge (Q = — 1) and a distinct mass.
The corresponding neutral partners are named neutrinos (ve, vy, v;)

3
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Figure 1.1: Standard Model of elementary particles, excluding the Higgs bo-
son.

and have no electric charge and very small mass.
Ve Vy vy
e ’ 1 ’ T

e Quarks can interact via electromagnetic, weak and strong interactions.
The six existing types or flavours differ from one another in their mass
and charge characteristics: up (u), charm (c) and top (t) have Q =
+ 2/3, while down (d), strange (s) and bottom (b) have Q = — 1/3.
In addition, quarks carry a colour charge but they always occur in
combination with other ones to form colourless bound states called

B

Each one of these particles has an associated antiparticle, having the same
mass but opposite electric charge and magnetic moment.
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Gauge Bosons

Bosons are integer spin particles, defined as force carriers that mediate fun-
damental forces. In fact, within the SM, the interaction between fermions
occurs through the exchange of spin-1 bosons: the photon () is the massless
mediator of the electromagnetic force between electrically charged particles
and it is well-described by the theory of Quantum Electrodynamics (QED);
the massive W and Z bosons mediate the weak interactions, while 8 mass-
less gluons (g) are responsible for the strong force between coloured quarks.

As far as the theory group structure is concerned, SU(3)¢ is assumed to be an
exact symmetry of the model and it describes strong interaction phenomena.
On the contrary, the SU(2), ® U(1) simmetry describes the electromagnetic
and weak part of the theory and it needs to be broken. If not, all particles
would be massless and this would be in deep constrast with the experimental
evidences. In fact, it is shown that all particles in the SM, except for the
photon and the gluon, carry a mass as illustrated in Figure [1.1]

This problem is solved by introducing an additional scalar (or spin-0) field
in the theory known as Higgs boson, as detailed in the following sections.

1.2 The electroweak interaction

In the 1970s, experiments showed that the weak and electromagnetic interac-
tions were actually the manifestations of the same fundamental interaction,
the electroweak force. The unified decription, which embeds QED, had al-
ready been proposed in the late 1960s by S. L. Glashow, A. Salam and S.
Weinberg [2], [3], [4] as an SU(2), ® U(1)y local gauge theory.
By Noether’s Theorem there are four conserved charges: three weak isospin
charges T; related to the SU(2), group and one weak hypercharge Y as-
sociated to the U(1)y. It can be shown that the electric charge @), which
is the generator of the QED gauge group U(1)em, is given by the following
equation:
Y

Q="T;+ 5 (1.1)
where T3 is the component of the weak isospin along the quantization axis.
The particle vector state @ can be decomposed into chirality components:
v, and ¥g with left and right chirality respectively. This decomposition is
crucial because the 1y and g are treated differently by the gauge inter-
actions. In particular, under weak isospin SU(2) transformations the left
(right)-handed particles (antiparticles) are T = 1/2 weak-isospin doublets,
whereas the right(left)-handed are singlets, i.e. the weak isospin of ¢g is
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Table 1.1: First family lepton and quark quantum numbers. The fermions of
the second and third families have the same quantum numbers as the corre-
sponding fermions of the first one.

Lepton T T3 Y Q Quark T Ty Y €
11 12

v L1 1 9 urL 2 2 3 3
L 2 2 dy L1 1 1
er, L1 1 1 2 2 3 3
2 2 UR 0 0 3 3

eR 0 0 -2 —1 dR 0 0 _l _2
3 73

zero. Furthermore, U(1)y acts differently on 1, and ¢ because they have
different weak hypercharges. These distinctions is due to the parity symme-
try violation in the electroweak interaction. Fermions quantum numbers are
summarized in Table [L.1]

As mentioned previously, this description allows neither fermions nor bosons
to have mass. For fermions, the problem arises from the impossibility to
construct a Dirac mass term using only ;. This compels to couple the left-
and right-handed part of the particle vector state, thus breaking SU(2), and
U(1)y simmetries. Similarly, the gauge symmetry of non-abelian gauge the-
ories prohibits massive gauge bosons. If a mass term is artificially added
by hand, the gauge symmetry is violated and the theory becomes non-
renormalizable due to the mass-induced ultraviolet behavior for the gauge
particle propagator. Therefore, none of the fermions or bosons of the Stan-
dard Model can be introduced with mass into the theory, but must acquire
it by some other mechanism, as explained below.

1.2.1 The Higgs mechanism

Based on the Standard Model description that has been presented so far,
all particles need to have zero mass and the addition of mass terms to the
Lagrangian density spoils the gauge invariance and the renormalizability of
the theory.

The solution to this inconsistency between theory and experiments has been
devised in 1964 by Peter Higgs, Francgois Englert and Robert Brout and it
is nowdays known as the Higgs mechanism. It is based on the spontaneous
symmetry breaking (SSB) mechanism, whose main idea is the following [5].
Consider a system whose Lagrangian has a particular symmetry, i.e. is invari-
ant under the corresponding symmetry transformations. If its lowest energy
level is non-degenerate, the ground state of the system is unique and pos-
sesses the same symmetry properties of the Lagrangian. On the contrary, in
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case of degeneracy, there are more eigenstates to represent the ground state
and, if one of the degenerate states is arbitrarily chosen, then the ground
state no longer shares the symmetries of the Lagrangian. Once such a choice
is performed, the original symmetry group is said to be spontaneously bro-
ken.

In the SM case, therefore, the gauge symmetry is intrinsically maintened by
the Lagrangian density of the theory but it is not revealed in its vacuum
state, which is degenerate under SU(2);, ® U(1)y transformations.

The Higgs mechanism postulates the exitence of an additional complex scalar
field which is an isospin doublet:

¢* ) 1 ( ¢1 + i )
O = = i 1.2
( AR R (12
where ¢1, ¢o, @3, ¢4 are real fields. The most general interaction term for

this field, that preserves the renormalizability and gauge invariance of the
theory, has the form:

Vi (®) = (2 dTd + \(PTd)? (1.3)

The shape of the potential Vi (®) depends on the A and p parameters. The
first one is taken greater than zero (A > 0) in order to have vacuum stability,
while different situations are possible when choosing the value of 1 parameter:
if it is chosen so that p? < 0, infinite values are possible for the minimum
of the potential so the simmetry of Vg (®) may be broken. More precisely,
the degenerate states are arranged in a 4-dimensional hypersphere defined

by the condition

2 2

i v
PP = - = — 1.4
2\ 2 (14)
where the v factor correspond to the vacuum expectation value (VEV). Since
the exact electromagnetic symmetry has to be preserved in order to have
electric charge conservation, the original SU(2);, ® U(1)y symmetry group

must be broken as
SUR2)L@U)y — U(1)em

i.e. after SSB the U(1),, must remain as a symmetry of the vacuum. This
requirement guarantees the existance of the neutral massless photon. For this
reason the ground state, around which to expand ®, has to be electrically
neutral and can be chosen as

@:%(8) (1.5)
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The ® field is now redifined as a fluctuation ® around ® :

. 1 0 o 1 ¢1 + 102
=4+ = — in | == . 1.6
rr=gs(o) (8 ) -5 (W) e
In this construction, ¢, ¢ and 1 are massless scalar fields called Gold-
stone bosons, while h is the massive field associated to the Higgs bosons. It

can be shown that, with a particular gauge transformation, ® can be written
as

@:%(Uih) (1.7)

Introducing this field in the kinetic term of the scalar field, the bosons acquire
mass given by:

g, mZ:2V92+g/27 TnH:,UVQA

v
2 2
with ¢, ¢, v and X free parameters of the theory.

The origin of the boson masses are now explained but unfortunately the
Higgs mechanism does not provide mass to the fermions. This problem can
be solved introducing in the lagrangian density a coupling term, known as
Yukawa coupling, between the fermion doublets and the Higgs field. After
symmetry breaking, it results in a gauge invariant mass term for the fermionic
field and in an interaction term with the Higgs boson, which is proportional
to the fermion mass itself.

The prediction of the electroweak theory have been experimentally confirmed
over the years: the W* and the Z gauge bosons were discovered in the 1983
by the UA1 and UA2 experiments while in 2012 the discovery of a new
particle consistent with the predicted Higgs boson was announced by the

CMS and ATLAS collaborations.

mw —

1.3 The strong interaction

The theory describing the strong interaction is an unbroken gauge non-
abelian theory based on the colour group SU(3)¢, known as Quantum Chro-
modynamics (QCD). The fact that the theory is unbroken ensures the con-
servation of a physics quantity called colour. The colour charge of a quark
has three different values, say red, blu and green, while antiquarks carry
anticolour, whose possible values are anti-red, anti-blu and anti-green. As
mentioned above, eight massless gluons mediate the interaction, each of these
carring a colour and an anticolour. Although nine gluons colored combina-
tions are expected, one is a colour singlet and, since it carries no net charge,
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has to be excluded. A peculiar feature that distinguishes gluons from pho-
tons, is their strong self-interaction, due to their coloured nature. This is a
direct effect of the non-abelian nature of the theory, which makes the gauge
fields carring the charge of the symmetry group.

The QCD coupling constant «, which gives a measurement of the force in-
tensity, is a function of the scale of the interaction (). This leads to two other
important consequences:

e asymptotic freedom: the coupling constant decreases at large scales ()
and quarks can be considered as quasi-free interacting particles. This
is the reason why a perturbative approach to QCD (pQCD) can be
used to describe hard (i.e. high energy) process.

e colour confinement: is the phenomenon that colour charged particles
can not be isolated, and therefore can not be directly observed. At low
energy scale, the value of « is so large that the perturbative approach
can no longer be applied. In this regime the intensity of the force
increases with the distance so, as two colour charges are separated,
at some point becomes energetically advantageous for a new quark-
antiquark pair to appear from the vacuum than increasing further the
interaction strength. This is the reason why free quarks have never
been observed.

In order to obey colour confinement, quarks and gluons produced in strong
interaction processes create other colored particles to form hadrons clustered
in jets, i.e. collimated groups of colorless objects. This process is known as
hadronization.

1.4 Higgs boson phenomenology

The Higgs boson H is a scalar and electrically neutral field whose mass is a
free parameter of the electroweak theory and therefore needs to be measured.
It has been discovered in 2012 by the ATLAS and CMS experiments at
the CERN Large Hadron Collider (LHC). Its mass has been measured with
increasing precision over the years and currently is reported to be of 125.25+
0.17 GeV [6]. Since the Higgs boson can interact with any other massive field,
it is very unstable and decays into other particles almost immediately. Both
production mechanisms and decay modes of this particle are discussed below.
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(a) Gluon fusion

W,Z
q H

(c) Higgsstrahlung (d) Top quark associated production

Figure 1.2: Feynman diagrams for the main Higgs boson production modes.

Production mechanisms

The main production processes of the Higgs boson at hadron colliders are
represented by the Feynman diagrams in Figure In order of decreasing
cross section, the main Higgs boson production modes are:

e Gluon fusion (ggH): two incoming gluons interact, giving rise to a
Higgs boson via a quark loop, whose main contribution comes from
heavy quarks, like the top quark (Figure .a). This is due to the
fact that the Higgs boson coupling strength increases linearly with the
fermion masses. The ggH process is the main Higgs boson production
mode, as shown in Figure [1.3| with a cross section of 48.5 pb at a center
of mass energy equal to 13 TeV [7];

e Vector Boson fusion ( VBF): two interacting quarks radiate two vec-
tor bosons (ZZ or WHW ™), which then combine to generate a Higgs
boson, as shown in Figure [[.2lb. The VBF process has the second
largest cross section among Higgs boson production mechanisms, which
is equal to 3.78 pb at a center of mass energy of 13 TeV,

e Higgsstrahlung (VH): this process is also known as vector boson as-
sociated production because a vector boson, produced by two incoming
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Figure 1.3: Cross sections for the main Higgs boson production mechanism
in proton-proton collisions, as a function of center of mass energy.

quaks, radiates a Higgs boson (Figure c). At a center of mass en-
ergy equal to 13 TeV, the W- and Z-associated production mechanisms
have a cross sections of 1.37 and 0.88 pb, respectively;

e Top quark associated production (#H): a tf quarks pair, origini-
nated from the splitting of two gluons, combine into a Higgs boson, as
illustrated in Figure [[.2ld. This process has a cross section of 0.51 pb
at a center of mass energy of 13 TeV.

Decay channels

The possible decay modes of the Higgs boson are essentially determined by
the value of its mass. In Figure the Higgs boson branching ratios for
mpy = 125 GeV are presented. The most probable decay channel of the
Higgs boson is H — bb. Although being the channel with the largest branch-
ing ratio, its identification is very complicated because of the very large
background from QCD processes. A similar problem affects the H — ~v
channel, since jets can be misidentified as photons. On the other hand, the
H — Z7 decay mode, with the subsequent decay of the Z bosons into four
leptons, has a very clear signature that would allow a unequivocal detection.
Unfortunately, it has a relatively low branching ratio. Other leptonic Higgs
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Figure 1.4: Branching ratios for the Higgs boson decay modes.

boson decays, like H — u*p~ or H — eTe™, have even smaller probabilities
to occur.

The channel taken into consideration in the present work is H — WTW~,
which is the second most probable. As will be explained in the next chapters,
it has been selected because of its clear signature, relatively low background
contamination and its relatively high branching ratio, which gives it sensi-
tivity to most Higgs boson production modes.

1.5 Beyond the Standard Model

Following the Higgs boson discovery, its properties and interactions with
other SM particles have been widely studied. Indeed, the Higgs boson has
been observed in all accessible production modes (ggH, VBF, VH and #tH)
and all measurements are consistent with the SM prediction within the un-
certainties. The Higgs boson decay channels into gauge bosons (ZZ, WW,
v7), the third generation quarks (¢, b) and 7 leptons have been observed as
well and no significant deviations from SM expectations have been reported
so far.

Nevertheless, there are some shortcomings and problems with the Standard
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Model. For instance, it does not account for gravity, the fourth fondamental
force, and does not provide an explanation for the hierarchy problem [§] or
the nature of dark matter.

In order to provide an effective description of such long-standing and un-
solved questions, several theoretical models have been proposed, generically
referred to as Beyond the Standard Model (BSM) theories. For example, the
quantum numbers of the SM Higgs boson are expected to be JF = 0% but
many BSM models introduce the so-called Anomalous Couplings (AC) be-
tween vector bosons and the Higgs particle which do not necessarily conserve
C-parity or C P-parity.

The most general scattering amplitude describing the interaction between a
spin-0 H boson and two spin-1 gauge bosons Vi V5, such as WW, ZZ, Z~,
vy or gg, has the form:

A R
(A7V)?

AGVV) ~ [alY mhinchs + @l 0O

(1.8)

+ aéfV :l(ll)f*(Q)“uy

where fOr = €v.qv, — €v.qy, and fffy) = Leupo f(D77 are the field strength
tensor and the dual field strength tensor of a gauge boson with momentum
qv,, polarization ey, and pole mass my. [9]. A{" is the energy scale of the
BSM physics and is a free parameter of the model. For the sake of clarity,
let L; be

def kY aqp, + k5 Vg,

b (ATVY2

(1.9)

Equation takes four couplings into account, as explained below.

The leading order (LO) SM-like contribution corresponds to a}" = 1 with
VV =ZZ,WW  and Lq,as,a3 = 0. As already mentioned, there can not be
LO couplings to massless gauge bosons, so there are no contributions from
photons and gluons at this order. HZZ and HWW are CP-even interac-
tions, whose vertex is represented in Figure [I.5]a.

The rest of V'V couplings are ascribed to AC, which can be either small
SM corrections due to loop effects or new BSM phenomena. In particular,
ayV = 1 describes loop-induced CP-even couplings (like HZ~, H~vy and
Hgg), which are parametrically suppressed by the coupling constants a and
. Possible Feynman diagrams for these processes are shown in Figure[T.5/b
and [L.5lc. These phenomena are described by the model which will be re-
ferred to as the HOPH physics model in the following.

On the other hand, the L; term is associated to CP-even HV ff and Hffff
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Figure 1.6: Vertices for the HV ff and Hf fff interactions.

interactions (Figure .a and .b respectively). These couplings are pre-
dicted by the physics hypothesis which will be denominated HOL1 model in
this work.

Finally, ay¥ = 1 accounts for three loop-induced C'P-odd coupling in the
SM. This kind of processes is identified by the so-called HOM model.

The a!V coupling is assumed to be zero by the HOPH, HOL1 and HOM mod-
els.

In addition, three physics theories are defined as mixtures between the SM
and one of the previous BSM hypothesis. Such models correspond to have
ayV and one of the BSM operators both equal to 0.5 and will be labeled by
adding the “f05” tag to the model names introduced above. A brief summary
of the notations adopted in this work is reported in Table

The C'P-odd couplings together with any of the other C'P-even couplings
can lead to C'P violation in a given process and hence any deviation from
the SM prediction may be outlined.
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Table 1.2: Anomalous coupling values of the HV'V scattering amplitude and
associated physics models.

Anomalous coupling Physics model

ayV =1 SM
ayV'=1,aYV =0 HOPH
Li=1,a]V=0 HOL1
ayV'=1,a{V =0 HOM

alV' =05, ayV =05 HOPH{05
a'V'=05 L, =05  HOLf05
ayV' =0.5,ay" =05 HOM{05
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Chapter 2

The LHC and the CMS
experiment

2.1 The Large Hadron Collider

The Large Hadron Collider (LHC) is the largest particle accelerator in the
world [I0]. It is located at CERN, the European Organization for Nuclear
Research, on the Franco-Swiss border near Geneva. It is installed in the
underground tunnel at an average depth of 100 m, which hosted the Large
Electron Positron Collider (LEP) until 2001. The LHC has a circular shape
whith a length of 27 km in circumference and it is designed to accelerate and
collide two beams of protons up to an energy of 7 TeV, resulting in a center
of mass energy of 14 TeV.

The LHC is the last element of the CERN accelerator complex, in which
the proton beams reach their highest energies. A schematic representation
of the accelerator chain is shown in Figure 2.1} the protons are produced
through the ionization of Hydrogen and are injected into the linear acceler-
ator LINAC2, where they are accelerated up to an energy of 50 MeV. The
beam is sent to the Proton Synchrotron Booster (PSB) and subsequently
to the Proton Synchrotron (PS), which increase the protons energy up to
1.4 GeV and 25 GeV, respectively. The combined action of these two syn-
chrotrons groups the protons in bunches interspersed by 25 ns, which are
then accelerated up to 450 GeV by the Super Proton Synchrotron (SPS).
Finally, the protons are extracted and injected into the LHC ring through
two different trasmission lines, where they flow in opposite directions and are
further accelerated by radio frequency cavities.

The beams are made to collide in four interaction points where the four main
experiments are placed:

17
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Figure 2.1: Schematic representation of the accelerator complex installed at
CERN.

e CMS (Compact Muon Solenoid) [I1] and ATLAS (A Toroidal LHC
ApparatuS) [12] are two general-purpose experiments, designed to in-
vestigate a wide spectrum of physics. The main objectives are the
observation and study of the Higgs boson and searches for any possible
evidence of new physics beyond the SM. The two independent detec-
tors pursuing the same goals are a fundamental tool for a cross-check
of any possible new discovery;

e LHCDb (LHC beauty) [13] is designed to study C'P violation in elec-
troweak processes and the matter-antimatter asymmetry through the
analysis of rare decays of hadrons containing b quarks;

e ALICE (A Large Ion Collider Experiment) [I4] focuses on heavy ions
collisions, with the aim of studying a new state of matter, known as
quark-gluon plasma.
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In order to keep protons on the circular trajectory of the accelerator ring
plane, a set of about 120 magnetic dipoles, having magnetic field oriented
orthogonally with respect to the ring, is employed. For a particle with unitary
charge and momentum p, it can be shown that the radius of its curvature in
a magnetic field B is given by:

p [m]

Therefore, to keep beams within the LHC ring, a magnetic field of about 5.5 T
is required. However, since the LHC is built by alternating curved and linear
sectors, the magnet system have to produce a 8 T magnetic field along the
beam pipe. This is possible only by using Niobium-Titanium dipole magnets,
which need to be cooled down to ~ 2 K to reach the superconducting phase
and be able to sustain the strong currents needed to generate these magnetic
fields. Moreover, over 8000 higher order magnets, such as quadrupoles and
octupoles, are employed as focusing systems.

One of the most important parameter of a particle accelerator is the
instantaneous luminosity L, which provides a measure of the expected rate
of events given the process cross section o:

R=o0L (2.2)

p[GeV]

" 03-B[T] (2.1)

The LHC design luminosity is £ = 10** em~2s7!, which corresponds to
around 10% proton interactions per second, since the total inelastic cross
section is about 100 mb. The instantaneous luminosity depends on the con-
struction characteristics of the accelerator according to the following formula:

ning

L= (2.3)

dro,oy
where n; and ns are the numbers of particles contained in the two bunches
colliding at a frequency f, while o, and o, are the beam sizes in the transverse
plane at the interaction point. The temporal displacement between two
successive bunch crossing of 25 ns corresponds to a collision frequency of
f = 40 MHz and the transverse size of the beams can be reduced down to
15 pm.
Integrating the instantaneous luminosity over the period of data taking gives
the integrated luminosity:

which is directly related to the total number of events of a given process. The
Run 2 (2016-2018) data taking period corresponds to a integrated luminosity
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of 138 fb".

Since the protons are grouped in bunches, multiple proton-proton (pp) in-
teractions occur when the beams are made to collide and more than one
interaction vertex per bunch crossing is expected. This additional collisions
are known as pile up.

2.1.1 Proton-proton collisions

The LHC is currently able to reach energies of 6.5 TeV per beam, corre-
sponding to a center of mass energy of 13 TeV. At this energy scale the
internal structure of the protons is completely resolved and the collision can
be described as occurring between its constituents.

Protons are hadrons made up by three valence quarks (uud) which are sur-
rounded by virtual quark-antiquark pairs, known as sea quarks, continuously
created and annihilated through the absorption and the emission of gluons.
All these particles are collectively called partons and carry a fraction x of
the proton four-momentum, also known as Bjorken’s scaling variable:

pZarton = xpgroton' (25)

Therefore, the center of mass energy available for the creation of new particles
in hard scattering processes is:

\/Sparton = \/xleS (26)

where /s is the center of mass energy of the incoming protons, and z1, x5 are
the four-momentum fractions carried by the two interacting partons. Since
generally x1 # x5, the center of mass frame of the two partons is boosted
along the beam axis.

The probability density function f;(x) associated to the Bjorken’s scaling
variable x is known as parton distribution function (PDF) and it is normalized

by requiring that :
1
Z/ xfi(z)dr =1 (2.7)
— Jo

where the index ¢ runs over all the partons making up the proton. PDF's
depend on the energy scale ur at which they are measured, which is called
factorization scale, and their evolution with scale is governed by the DGLAP
equation [I5]. Figure shows examples of parton distribution functions at
two different factorization scales.

When two protons collide, several partons can interact. Tipically, interac-
tions with high transferred momentum are the relevant ones for high energy



2.1. The Large Hadron Collider 21

1 — — — 1 —
T T ] F N‘ T T ]
0.9 | PDF4LHC15.100 (NNLO) 1oo09b \M - j
0.8 of(p2 =102GeV?) 1 0.8} \\ zf(p? = 10*GeV?) |
0.7 ! 1 o7t c\ k
0.6 ) 1 06¢L : 1
0.5 | 1 05¢ b
[ ] [ \
04 I ] 04 — \ ]
0.3 | \ 1 03f ;
0.2 P L1 o2 / ) ;
F N, — . a \ r
0.1F > \' 1 0.1¢L ]
oE— . Wl o oS A\ 0. . TS O\
0.001 0.01 0.1 1 0.001 0.01 0.1 1
T T

Figure 2.2: Parton distribution functions for factorization scale p3 =

102 GeV ? (left) and p% = 10* GeV ? (right).

physics experiments, since they allow for the production of a variety of par-
ticles with high transverse momentum. These processes are generally called
hard scattering. The remnants of both the colliding protons give rise to the
underlying event (UE), i.e. softer scattering processes.

According to the QCD factorization theorem, the hadronic interaction can
be factorized into partonic hard scattering convoluted with the parton dis-
tribution functions. Consider a process p + p — F + X, where F' is the
final state of interest and X refers to any other product of the scattering
interaction. The total cross section can be written as:

Opp—F+X = Z / dxldx?fpl ($1, M%)fpz (sz M%‘)&PM’Q_)F(M%'? VJ%%) (28)
a,b

In this expression the sum runs over all the initial state partons a and b that
generate F'. The ppr parameter, known as renomarlization scale, is introduced
in pQCD to treat ultraviolet divergences while f,, (z1, u%) and f,, (zq, u%) are
the probability densities for parton a and b to be found respectively within the
protons p; and py. Finally, 6,,, (1%, u%) is the partonic hard scattering
cross section. At LHC, the total pp cross section is ~ 100 mb.

As mentioned before, at the LHC the center of mass frame of the parton
hard scattering is generally boosted along the beam direction. It is there-
fore useful to describe the final state in terms of variables that are invariant
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under Lorentz transformations along that direction. By choosing the beam
direction as the z axis of the coordinate system, a convenient set of kinematic
variables is composed of the transverse momentum pr and the rapidity in-
terval between two objects Ay. The former is defined as the projection of
the total momentum on the plane orthogonal to z:

pr = /D% + 2 (2.9)

where p, and p, are the cartesian components of the particle spatial momen-
tum p.
The rapidity of a particle with energy E is defined as:

1 E+p.
= —1 2.1
y 2n<E—pZ> (2.10)

where p, is the projection of particle momentum along the beam direction.
The rapidity is not invariant under boosts along the beam direction. In fact,
given the boost velocity 3, it transforms according to the law:

1 1+
y—>y+§ln (m) : (2.11)

Therefore, rapidity differences Ay are Lorentz invariant.
Experimentally, it is more convenient to use the pseudorapidity n, whose
definition is:

0
n= —1ntan§ (2.12)

where 6 is the polar angle between the particle momentum and the z axis.
For ultra-relativistic particles the pseudorapidity coincides with the rapidity.
In terms of these variables, the four-momentum of a particle of mass m can
be written as:

p" = (E,pz, Py, p2) = (mr coshy, prsin ¢, prcos ¢, mrsinhy)  (2.13)

where ¢ is the azimuthal angle on the a-y plane and Er = \/m? + p2.
Another important variable is the missing transverse energy EN*. de-
fined as:

Eg}iss _ |E57:Lzss| — | _ ZﬁT,i| (214)

where the 7 index runs over all the reconstructed particles of the final state.
Since the transverse momentum of the initial state is null, E** is expected
to vanish if all products of a collision were detected. However, neutrinos or
exotic particles eventually produced are too weakly interactive to be directly
detected, resulting in a non vanishing missing transverse energy value.
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2.2 The Compact Muon Solenoid

The Compact Muon Solenoid (CMS) apparatus [11] is a general purpose de-
tector installed in one of the four LHC interaction point. It has a cylindrical
structure coaxial to the beam pipe (barrel region), which measures approx-
imately 22 m in length and 15 m in diameter and it is closed at both ends
with detecting disks (endcap region), ensuring the hermetic closure of the
apparatus.

The coordinate system adopted by the CMS collaboration is shown in Figure
2.3} it is a right-handed Cartesian system with the origin fixed in the nominal
collision point inside the experiment; the z-axis is oriented radially toward
the center of LHC, the y-axis points vertically upward and the z-axis coin-
cides with the beam direction. The azimuthal angle ¢ is measured starting
from the z-axis in the z-y plane in which the radial coordinate is denoted by
r, while the polar angle 0 is evaluated from the z-axis.

LHCb

Figure 2.3: CMS coordinate system.

The CMS apparatus (Figure is composed of a complex system of sub-
detectors, designed to detect electrons, photons, muons and hadronic jets
produced in the collisions.

The CMS magnet produces a uniform magnetic field of 3.8 T within the
solenoid, which has a diameter of 6 m and is 12.8 m long. It is composed of
four Niobium-Titanium layers, cooled down to 4 K in order to show super-
conductor properties. The resulting energy stored in the magnet is about 2.7
GJ at full corrent (~ 19 kA). Outside the solenoid is the return yoke, made
up of three sections along the z-axis holding the muon chambers in the gaps.



24 Chapter 2. The LHC and the CMS experiment

Key; Muon
Electron
Charged Hadron (e.g. Pion)
i )]}] ]') — — — - Neutral Hadron (e.g. Neutron)
gy @400 meeee Photon

Transverse slice
through CMS

Tracker

Electromagnetic
Calorimeter

Hadron

Calorimeter Superconducting

Solenoid
Iron return yoke interspersed
with Muon chambers

om m 2m 3m 4m 5m 6m 7m
| 1 1 1 1 1 | 1

Figure 2.4: Schematic view of a section of CMS.

The magnetic field intensity in this region is about 1.8 T.

In the following a brief description of the main subdetectors in given, from
the inner region to the outer one.

The closest detector to the beams collision point is the silicon tracker, which
covers the pseudorapidity range |n| < 2.5. Tt is designed to reconstruct the
trajectories (or tracks) of charged particles originating from the primary in-
teraction point and to identify the position of secondary vertices produced
by particles with a short mean life time, such as hadrons containing b quarks.
The tracker is immersed in the magnetic field generated by the superconduct-
ing solenoid and this allows to determine the momentum of charged particles
by measuring the curvature of their trajectories according to the equation
(2.1). The inner part of the tracker (r = 3 cm) is a pixel detector. Each pixel
has a pitch of 100 x 150 pm?, for a total of 124 million pixels. Spatial reso-
lution on a single hit varies between 10 pm in the barrel regions and 15 um
in the endcaps. Around the pixel detector, a microstrip tracker extends up
to r = 110 cm. It consists of 15148 silicon modules, covering an area of
about 198 m? with a total of 9.3 million strips. Single hit reconstruction
resolution varies between 10 um and 50 um depending on the n of the track.
A schematic representation of the silicon tracker is shown in Figure [2.5

The electromagnetic calorimeter (ECAL) surrounds the tracker system.
It is a hermetic and homogeneous detector, whose main function is to identify
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Figure 2.5: Three-dimensional schematic view of the CMS silicon tracker.

electrons and photons and to accurately measure their energy. This goal
is achieved using scintillating crystals of lead tungstate (PbWO,) with a
truncated pyramidal shape. PbWQy is a suitable material because with its
high density, short radiation length and small Moliere radius allows to design
a compact calorimeter with high granularity. In addition, this material has a
fast scintillation decay time (~ 10 ns), which permits to collect about 80% of
the light produced by the particle shower within the 25 ns interval between
two consecutive bunch crossings.

The ECAL is divided into a cylindrical central part (EB) closed by two
endcaps (EE), as shown in Figure 2.60 The former extends in the region
In| < 1.479, while the latter cover the region 1.479 < |n| < 3 each. A
preshower system (ES) is used to separate the shower produced by photons
coming from the primary vertex from those produced from 7° decay.

The energy resolution of a homogeneous calorimeter is given by:

ZRCONORC

where the first term is the stochastic contribution which accounts for fluctu-
ations in the number of generated and collected photoelectrons; the second
term is due to electric noise in the readout system and finally, the third term
is dominant at high energies and and is related to calorimeter imperfections
and other systematic errors. The energy resolution for electrons in the barrel
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ECAL (EE)

Figure 2.6: Longitudinal view of an ECAL sector.

region EB was measured to be:

(a_E)Q_ 2.8% vV GeV 2+ 12% GeV
E) VE E

In order to make a complete calorimetric system for the jets and hadrons

energy, the hadronic calorimeter (HCAL) is used togheter with ECAL. HCAL
is a hermetic sampling calorimeter with brass absorbers and plastic scintilla-
tors as active elements, which covers the region within |n| < 5. It is divided
into four distinct regions: the barrel (HB), the endcap (HE) and the outer
(OH) and forward (HF) regions. A schematic view of these subdetectors is
shown in Figure
Because of its hermetc structure, it is also useful to indirectly measure weakly
interacting particles, such as neutrinos, by means the energy imbalance in
the transverse plane.
The scintillation light is collected by wavelength shifting (WLS) fibres and
read out by hybrid photodiodes (HPD) and silicon photomultipliers. The en-
ergy resolution in the different regions of HCAL is expressed by the following
formulas:

<0_E>2 B (90%\/G6V
EJ -\ VE
(a_E>2 B (172%\/G6V
EJ \ VE

where F is expressed in GeV.

>2 +(0.3%)? (2.16)

2
) + (4.5%)*  in the barrel/endcap  (2.17)

2
) + (9%)? in the HF  (2.18)
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Figure 2.7: Longitudinal view of an HCAL sector.

Finally, the muon system is placed outside the solenoid magnet, embed-
ded in the return yoke. The choice of its placement is dictated by the fact
that muons lose little energy when passing through matter. Togheter with
the silicon tracker, this detector complements the measurement of charged
particles momentum. As shown in Figure the muon system consists
of several types of indipendent gaseous particle detectors: drift tubes are
placed in the barrel regions, while cathode strip chambers in the endcaps. In
addition, resistive plate chambers are placed in both regions.

Since the temporal displacement between two consecutive bunch cross-
ings is 25 ns and multiple interactions occur for each bunch crossing, it is
not feasible to collect and process all the data associated with the resulting
number of events. In fact, the speed at which data can be written to mass
storage is limited and moreover, only a fraction of the events involves high
transverse momentum interactions. Therefore, a system trigger is required
to select on the fly collision events which are interesting for physics analysis.
The CMS trigger is organized in two stages, as explaind below. The first
one is the Level 1 Trigger (L1) which is based on programmable electronics
and aims to reduce the event rate from 40 MHz to 100 kHz. It is designed
to make decisions within 3.2 ps, by collecting information coming from the
calorimeters and the muon systems.

The second stage is the High Level Trigger (HLT), which is software based
and reduce the events rate down to 1 kHz. The event selection is based on
all the information coming from the subdetectors of the CMS apparatus.
Finally, the selected events are permanently stored in the CMS computing
center and undergo the offline reconstruction.
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Figure 2.8: Longitudinal view of the muon system.

2.3 Event reconstruction

The reconstruction and identification of all the physics objects are based on
the Particle Flow (PF) algorithm [16].

This technique uses the information from all CMS subdetectors, in order to
determine the energy, direction and type of all the stable particles in the
event: first, the silicon tracker allows to identify charged particle tracks;
then, the energy deposits of the ECAL are merged into clusters and finally,
the muon system provides the reconstruction of muon tracks.

The next step is to combine these elements to reconstruct the particles.
The reconstruction happens in the following order:

e muons are reconstructed by requiring a match between charged tracks
in the silicon tracker and in the muon chambers. If the py of the
candidate muon is compatible within 3 standard deviation with the
one measured by the sole tracker, then a PF muon is generated and
the corresponding track is removed from the calculation.

e Electrons reconstruction is based on the information of both the tracker
and ECAL: since electrons can lose energy due to bremmstrahlung ra-
diation, a PF electron is identified if a charged particle track matches
one or more ECAL energy clusters. After the identification, the corre-
sponding track and clusters are removed from the list.
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e The remaining tracks give rise to PF charged hadrons. These tracks
can be linked to ECAL and HCAL clusters and the energy is measured
combining information from the calorimeters.

e Energy deposits of ECAL and HCAL which have no associated tracks
in the silicon tracker or muon chamber are classified as photons and
neutral hadrons respectively.

After the reconstruction of all PF particles in the events, PF hadron can-
didates are used to define jets that may be produced in the collision. The
jet identification is based on the anti-k; algorithm [17].

For each particle ¢ with measured momentum pr;, two distances are calcu-
lated:

dip = p}i (2.19)

and
2

. A7
d@j = mln(di7B, deg)ﬁ (220)

Equation (2.19)) gives a measure of the distance from the beam, while equa-

tion ([2.20) measures the distance from another j-th particle.

The A}, variable is defined as:

A= (yi — ;)" + (¢ — ¢;)°

where y; and ¢; are respectively the rapidity and azimuth angle of particle .
Finally, R is an adimensional radial parameter, which recalls the jet radius.
The algorithm then calculates d; ; for all possible particle pairs in order to
find the smallest one, which is then compared with d; p:

e if d;; is smaller than d; g, particles ¢ and j are combined into a new
single object, summing their four-momenta, and the algorithm restarts
from the first step;

e if d; p is smaller than d, j, ¢ is declared as a jet and removed from the
list of input particles.

This procedure is repeated until no particles are left.

From a theoretical point of view, a jet clustering algorithm must satisy
the infrared safety and the collinear safety conditions. These requirements
are fulfilled if no infrared and collinear singularities appear in the perturative
calculation, respectively. Therefore, a jet algorithm is infrared safe if it yields
the same set of jets after modifying an event by adding a soft radiation.
Similarly, a jet algorithm is collinear safe if the final set of jets is not changed
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after introducing a collinear splitting of one of the inputs.

The anti-k; algorithm is protected by these QCD divergences since the d; p
and d, ; are collinear safe by definition and the infrared safety is ensured by
requiring a minimum threshold on the jet momentum.
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Measurement of the Higgs
boson properties in the HWW
channel

3.1 The VBF mechanism in the H—W ™ W~
decay channel

This analysis focuses on the study of the VBF' production mode, already
described in section which is considered as the signal process. The VBF
mechanism is interesting because a precision measurement of its cross section
allows to put tight constraints on the Higgs boson couplings to vector bosons
and thus is an important test of the SM predictions. The measurement is
performed by selecting events in which the Higgs boson decays in two oppo-
site sign W bosons. Since mpy < 2myy, the decay to two real W bosons is
energetically forbidden and therefore at least one is required to be virtual, or
equivalently off-shell. This means that its four-momentum does not satisfy
the dispersion relation ptp, = m?.

Because of its short mean lifetime (=~ 107%s), both W bosons are only ob-
served through their decay products. The W boson can decay to hadrons,
with a branching ratio of 67%, or to leptons (Wt — (v or W~ — (70)
with a probability of 10.9% per lepton family. Although the fully hadronic
decay mode is the most probable one, it is highly contaminated by multi-
jet backgrounds, which make its identification hard. Even in the case of a
semileptonic final state, the background contribution remains very large.
For this reason, the fully leptonic final state

H—W'W~ — 202v (3.1)

31
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is selected in this work. Despite its lower branching ratio with respect to the
other decay modes, it shows a clear experimental signature and relatively low
background contamination. The decay into leptons of the third family is not
taken into consideration, since the identification of the tau lepton is exper-
imentally difficult. Moreover, the measurement is affected by uncertainties
higher than those of the ey final state and thus, it does not bring significant
improvements to the analysis result.

The experimental signature of the considered final states is characterized by
two oppositely-charged leptons and missing transverse energy due to the es-
caping neutrinos. Although both leptons have high py values, the one coming
from the off-shell W boson has on average a smaller p; with respect to the
one arising from the on-shell W boson. In addition, two jets emerge from
the outgoing partons.

However, not only the decay of the Higgs boson in two W bosons gives rise to
this final state. In fact, it can be mimicked by other background processes,
which have to be accounted for in order to define a pure phase space enriched
in signal events. These processes are detailed in the next section.

The main difficulty of this channel is that, due to the presence of the neutri-
nos, the Higgs boson invariant mass peak can not be reconstructed from the
kinematics of the final state and other methods must be used to discriminate
between signal and backgrounds.

3.2 Background processes

Non-resonant WW

One of the most important background processes that contributes to the
considered final state is the production of W*W ™ pairs without involving
a Higgs boson. This process is known as non-resonant WW production
and the corresponding Feynman diagram is illustrated in Figure [3.1 When
the process only involves electroweak vertices, it is called WW electroweak
production.

If the two W bosons decay leptonically and two jets are originated from
quarks or gluon emission, this kind of events has the same experimental
signature of the signal. Such backgrounds are named irreducible, because
experimentally they share the same final state of the signal process and can
be distinguished only by means of kinematic properties.

According to the angular momentum conservation and due to the scalar
nature of the Higgs boson, in the resonant case the spins of the W bosons
must be antiparallel and fermions ones must sum up to 0. Moreover, since
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Figure 3.1: Ezample of a Feynman diagram for non-resonant WW produc-
tion with two jets coming from initial state radiation (left) and for WW
electroweak process (right).

the W boson is a spin-1 particle, the lepton and neutrino originating from
its decay must have parallel spins. Considering also that weak interactions
select left-handed (right-handed) components for particles (antiparticles), the
spin correlation of the overall decay chain, shown in Figure forces the
directions of the two charged leptons to be nearly collimated. In contrast, in
the non-resonant WW production case there is no preferential spin direction.
This means that the signal process shows an azimuthal angle difference A¢
between the two leptons smaller than the background one.

Therefore, the dilepton invariant mass, defined as

me = £/ 202p2(1 — cos(Ag))

where the péT1 and pf}z are the transverse momentum of the candidate lep-
tons coming from the W bosons decay, results smaller in the resonant case
with respect to the non-resonant events. Hence, this observable is highly
discriminating between this background and the signal.

Top quark

Another background that must be taken into account is due to events involv-
ing top quarks. The top quark weakly decays as

t—bW™*

with a branching ratio of about 96% [6]: b quarks in turn give rise to an
hadronic jet while the W boson may decay leptonically. Processes of single
top quark, where a top and a W boson are produced, or tf production can
therefore lead to final states similar to the signal, as illustrated in Figure
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Figure 3.2: Spin correlation of the H — WTW ™~ — 202v decay chain.

3.3l However, jets originating from b quarks, generically referred to as b-jets,
show unique properties that allow them to be distinguished from light quark-
or gluon-induced ones: b-jets typically contain bound states of b quarks,
named B-hadrons, having high mass (~ 5 GeV) and relatively long lifetime
(~ 107'2s) which allows them to travel for sizable distances before decaying.
This leads to the presence of a secondary vertex due to the B-hadron decay
within the b-jets, which is absent in the light-jets.

The CMS collaboration has developed specific algorithms to identify b-jets,
called b-tagging algorithms, and top quarks events are therefore reduced by
imposing the absence of b-tagged jets in the final state. However, this back-
ground can not be completely suppressed because the tagging efficiency on
real b-jets is about 80%, and because of the relatively high cross section for
top quarks production at the LHC energy scale.

S

Figure 3.3: Example of Feynman diagrams for tt pair production (left, mid-
dle) and tW production (right).
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Figure 3.4: Feynman diagram for leptonic Drell-Yann with two jets coming
from initial state radiaiton.

Drell-Yann

Drell-Yann (DY) processes occur when a ¢g pair annihilates to a photon or
Z boson, which subsequently decays into two charged leptons with the same
flavour. These events may be reconstructed with non-zero missing trans-
verse energy due to detector inefficiencies and finite resolution, simulating
the presence of neutrinos. If two jets come from initial state radiation, as
pictured in Figure [3.4] this background may mimic the final state of interest.
The DY contamination is reduced by selecting only events with two different
flavour leptons, i.e. one electron and one muon. This requirement effectively
suppresses the ee and pp final states, but does not exclude the DY — 77
contribution. In fact, 7 leptons may decay leptonically in a e or u lepton and
two neutrinos, resulting in a final state with the same experimental signature
as the signal. To distinguish such background, it is useful to introduce the
dilepton momentum and the transverse mass of the system, defined as

pT_|pM‘_‘—»€1 _i_ﬁTEQ‘ (3.2)

mi = \/QpMEm”S — cos Ag(pf, Emiss)] (3.3)

respectively. Here A¢(p, ,E 5% is the azimuthal angle between p,* and
E miss

T .
It can be shown that DY background gives rise to low values of p% and mZ,
given that the leptons coming from tau decays tend to be less energetic then
the ones originating from a W boson. This is because the Z boson mass is
smaller than the Higgs boson one and there are more neutrinos in this final
state. Moreover, the spin correlation effect, that affects leptons coming from
the Higgs boson decay, is absent in DY processes.
This kind of events is therefore reduced by means of a cut on m4 and p%
and requiring a threshold on the missing transverse energy variable.
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Non-prompt leptons

Additional background contributions are due to events in which only a single
W boson is present but it is produced in association with jets, and from
semi-leptonic ¢t decays, in which a W boson decays into a ¢ pair. These
processes constitute a background for the analysis when one of the jets is
misidentified as a lepton, which then plays the role of the second lepton in
the considered final state. The misidentification can be owed to a pion er-
roneously reconstructed as an electron, as well as a semileptonic B-hadron
decay. In the latter case, the lepton actually exists but it is not coming from
the primary interaction point. Such leptons are said to be non-prompt and
are usually produced together with additional nearby particles.

Since prompt leptons originating from the hard scattering processes are ex-
pected to be isolated, this background is suppressed by requiring that signal
electrons and muons meet specific isolation criteria.

For muons, an isolation variable is defined as:

I = [Z pr +mazx (07ZPT + ZPT =05 Z pT)] /pr™", (34)
pH

ChH NH chHPU

where the sums are carried out in a cone of radius AR < 0.4 around the muon
direction. This variable is called relative isolation and the subscripts ChH,
NH, Ph, ChH PU refer to charged hadrons from the primary vertex, neutral
hadrons, photons and charged hadrons from pileup vertices, respectively. The
substractive term is a correction for the neutral hadrons coming from pile up.
It accounts for the fact that a zero-charged particles does not leave any track
in the tracker and therefore can not be assigned to a vertex with sufficient
precision. It is estimated that the contribution due to neutral hadrons not
arising from primary vertex is about half of that of charged hadrons. In this
analysis, it is required that [Zel < 0.15.
A quite similar isolation variable is defined for the electrons:

= [Z pr + maz (O, d pr+ Y pr- pA)
NH pH

ChH

/pgéectron ’ (35)

The pile up effect is taken into account by the effective area correction tech-
nique, as described in [18]. The p parameter is the energy density associated
to pile up events while A is the electron effective catching area. The cut
applied on this isolation variable is I"® < 0.04.

Other backgrounds

Other minor background processes are the following:
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e W Z: this process mimics the signal final state when one of the three
charged leptons, produced from the leptonic decays of the W and Z
bosons, is outside of the detector acceptance, or is not reconstructed
due to inefficiencies. The contribution of such events is estimated from
Monte Carlo simulation;

e W~: due to an interaction with the tracker material, the photon can be
converted to an eTe™ pair. If one of the two electrons goes out of the
detector acceptance and if the W boson decays leptonically, this process
simulate the signal signature. It is also estimated from simulation;

e W~*: since the photon is produced as an off-shell particle, it quickly
decays into an ete™ or u ™ pair. If one lepton is not revealed due to
inefficiencies or acceptance effects, this background can enter the signal
selection;

e Other VZ and VVV with (V =+, W, Z): diboson or triboson events,

without the production of a Higgs boson, can enter the selection.

3.3 Data and simulated samples

Data sets and triggers

The data set used for this analysis was recorded by the CMS detector during
the 2018 data taking and corresponds to 59.74 fb~! of proton-proton collisions
at a center of mass energy of /s = 13 TeV.

Events are demanded to pass either single-lepton or double-lepton trigger,
which require the presence of one or two high transverse momentum electrons
or muons, respectively. The single lepton trigger selects electrons with pr >
25 GeV in the central region (|n| < 2.1) and with pr > 27 GeV for 2.1 <
In| < 2.5, while muons must have py > 24 GeV for |n| < 2.4. The dilepton
e trigger requires different py threshold depending on which is the leading
lepton: 23 GeV for the leading electron and 8 GeV for the subleading muon,
while 23 GeV for the leading muon and 12 GeV for the electron.

Monte Carlo simulations

Monte Carlo (MC) samples are employed in this analysis to simulate back-
ground and signal events and estimate systematic uncertainties. For back-
ground processes, these are useful to predict the yields of the residual con-
tributions in the signal region, while for the signal these are used to extract
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the shape for the fit template. They are simulated at various perturbative
orders in pQCD, using different event generators.

Gluon-gluon fusion and vector boson fusion production mechanisms are
generated with POWHEG v2 [19] at next-to-leading order (NLO) accuracy.
The V H production mode is instead simulated with MINLO HVJ. The subse-
quent decay of the Higgs boson in two W boson is permorfed using JHUGEN
v7.1.4, which executes also the leptonic decays of the vector bosons. The
BSM samples which describe HV'V anomalous couplings, previously intro-
duced in section [1.5| are generated with POWHEG v2, considering both the
ggH and VBF production modes.

For what background processes are concerned, non-resonant WW event
samples are simulated using two different generators, according on the pro-
duction processes: q¢ — WW is generated with POWHEG v2 at NLO ac-
curacy while the gg — WW events simulation is perfomed by MCFM v7.0.1
at leading order (LO) accuracy. Single top and top-antitop pair production
are generated at NLO. Finally, DY contributions are provided both at LO
and NLO accuracy by MADGRAPH5_AMCQ@NLO event generator.

In order to provide simulation of initial and final radiations, hadronization
and underlying events, all the event generators are interfaced to PYTHIA 8.1
[20]. Finally, the detector response is simulated using the GEANT4 software
package [21], which is based on a detailed description of the CMS detector.

3.4 Monte Carlo corrections

Despite best efforts, MC samples do not always faithfully reproduce the data.
For this reason scale factors (SF) are applied to MC samples as multiplicative
event weights, with the aim to correct any disagreement with data. Such
corrections are directly derived from data and calculated in phase spaces
where the signal is not present. A short description of the most important
SF's is reported below:

e Luminosity SF: it is used to normalize the number of events in the MC
samples to the integrated luminosity in data;

e Pile up SF: it is needed to equalize the PU profile between simulation
and data. In fact, MC samples are typically generated before the data
taking and thus details of the PU distributions are not known before-
hand but can only be predicted. The MC events are simulated using
a PU profile which is a guess of what will occur in data. This SF
takes into account also possible variations of the LHC instantaneous
luminosity during tha data taking period. It is calculated as the ratio
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between the measured number of pile up interactions in data and the
estimated one in the simulation;

e Trigger efficiency SF: differently from data, trigger selections are not
applied to simulated samples for reasons similar to those explained at
the previous bullet. Once data become available and the trigger menu
is specified, MC samples have to be corrected. This is done with the tag
and probe method [22] by exploiting the leptonic decay of the Z boson.
These events present two leptons in the final state: if one passes tight
isolation and identification criteria, then is used as a “tag” and paired
with a “probe” in order to select a lepton pair whose invariant mass
is close to that of the Z boson. The trigger efficiency is estimated as
the fraction of the events in which the probe lepton passes the trigger
thresholds and SFs are measured as functions of py and 7 of the leptons;

e b-tagging SF' it is necessary to correct for different b-tagging efficiencies
in MC simulation and data;

e Lepton identification and isolation SF": it takes into account data/simulations
differences in the lepton identification and isolation efficiencies and it
is calculated with a tag and probe method quite similar to the one
described above.

3.5 Systematic uncertainties

The MC distributions of physics observables are affected by several system-
atic uncertainties, which need to be taken into account. These are mainly
divided into two categories, depending on the source from which they derive:
experimental and theoretical uncertainties. In this section a brief description
of both types of systematic uncertainties is given, while their parameter-
ization and implementation in the analysis procedure is postponed to the
subsection [.7.1]

Experimental uncertainties

The following experimental uncertainties have been taken into account:

e the uncertainty on the measured integrated luminosity, estimated to be
2.5% for the 2018 data;

e the uncertainty on the b-tagging efficiency;
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e the uncertainties on the trigger efficiencies;

e uncertainties on the lepton reconstruction and identification efficien-
cies; they depend on the 1 and pr of the particle and result to be 2-5%
for electrons and 1-2% for muons;

e the uncertainty on the measured jet energy scale, due to detector ef-
fects;

e the uncertainty on the modelling of EZ¥*** which is derived from lepton
and jet energy scale uncertainties;

e the uncertainty on the pile up SF.

Theoretical uncertainties

Unlike the experimental ones, the theoretical uncertainties are independent
of the detector response and affect the MC predictions of both signal and
background processes. The source of uncertainties considered in this analysis
are listed below:

e the uncertainty on the PDF;

e uncertainties on the theoretical cross section due to the missing higher
order calculations;

e uncertainties on the modeling of the initial and final state radiation
and the underlying event.

3.6 Differential and fiducial analysis

The increasing amount of data provided by the LHC in recent years has made
it possible to measure the cross section of the process of interest as a function
of one or more relevant kinematic variables, performing the so-called fidu-
cial and differential measurements. The cross section is measured within a
restricted phase space, called fiducial volume, that mimics the experimental
selection in order to avoid an extrapolation to the full phase space using an
underlying theoretical assumption. In addition, as will be described in sub-
section experimental effects due to the finite resolution of the detector
are removed from the observed distributions of the kinematic variables, in
order to recover the original physical spectra.

This type of measurements therefore provides results that can be directly
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compared to any physics model and thus, can be easily reinterpreted in the
future, representing the legacy of today’s experiments.

In this thesis work I present a measurement of the differential production
cross section of the Higgs boson, as a function of the signed azimuthal angle
difference A®;; between the two leading [| jets in the H + 2 jets candidate
events. The A®;; observable is defined as

A®j; = ¢j — ¢ (3.6)

with

Mje = My
where 7;, and 7);, are the pseudorapidity of the two jets with higher trans-
verse momenta in the event, j, and j;.

The sign of this observable flips when a C'P transformation acts on the
system, as illustrated in Figure [3.5] Consider the two leading jets j; and
jo, originated from ¢ and ¢ respectively, and assume n; > 7. The signed
azimuthal angle difference between the two jets is given by A®,; = ¢;, — ¢j,
(Figure .a). If a P transformation is applied to the system, the sign of the
spatial coordinates of both jets is inverted and the A®;; observable becomes
AD;; = ¢, — ¢, (Figure .b). Finally, the C operator transforms ¢ into ¢
and vice versa, so the jets flavour changes but there is no exchange between
j1 and jy (Figure .c) and the corresponding azimuthal angle difference
reimains A®;; = ¢;, — ¢;,.

Note that the A®;; definition is P-odd but it is invariant under the
exchange of the two protons. In fact, since A®;; is defined as the azimuthal
angle of the “forward” jet (i.e. with larger pseudorapidity) minus the az-
imuthal angle of the “backward” jet (i.e. with smaller pseudorapidity), when
the two protons directions are exchanged with each other, the “backward”
and the “forward” jets also switch place. This leaves the sign of the A®j;
observable intact [23].

The main aspect that makes A®;; a very interesting observable is its sensi-
tivity to the tensor structure of the Higgs boson coupling to vector bosons,
and therefore to possible anomalous Higgs boson couplings. Figure [3.6|shows
the different shapes of the A®;; distribution on VBF signal events obtained
by assuming the SM HV'V coupling or the possible BSM HV'V interactions
introduced in section [I.5] Moreover, the SM predicts a symmetric distribu-
tion between —m and 7 while the alternative model labeled HOMf05 shows
an asymmetric shape. The asymmetric behavior is due to the presence of

LAll physics objects are listed in decreasing ps order; the first and the second one are
named leading and subleading, respectively.
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Figure 3.5: The effect of a C'P transformation on a two jets system: (a)
shows the initial state of the system in the zy (top) and zy (bottom) planes;
(b) shows the system after applying a P transformation; finally, (c) shows
the effect of a C' transformation on the system (b).

interaction terms associated with C'P-odd quantum numbers in the scatter-
ing amplitude . Such terms may interfere with the SM ones and reveal
themselves as deviations from the SM expectation, as explained below. The
full amplitude can be rewritten according to the HOMf05 model as:

AHVV) ~ a1 Mg + azMcp-oda (3.7)
which results in the matrix element squared:

AHVV)|? ~ a}|Msu|? + a3 Mcpoaal” + (3.8)

—+ alagMgMMép_odd + alagMgMMcp_Odd

For a small anomalous coupling a3 the last two terms of equation (3.8)), which
are the interference ones, are sensible to the sign of the anomalous coupling.
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Figure 3.6: A®; distributions in [—m,w| according to SM and several BSM
theories.

A measurement of the A®,; observable, and in particular of its asymmetry,
can therefore provide hints of new physics.

3.6.1 The unfolding problem

As outlined before, the distinctive feature of differential measurements is
their model independence. In order to make the comparison with theoretical
predictions of different models or other experimental results easier, it is also
necessary that the measured differential cross section would not be affected
by apparatus effects. In fact, the kinematic properties of each event, such
as four-momenta of particles and derived quantities, are measured only with
limited precision due to the finite resolution of the detector. This implies that
the observed spectra of the kinematic variables are blurred versions of the
true ones: estimating these true spectra starting from observations distorted
by the limited resolution of a particle detector constitutes the Unfolding
problem.

In the following a brief formalization of the unfolding problem is reported
[24],[25]. Consider a given observable, denote by x its true value and y the
corresponding measured quantity. Let f(z) be the true distribution of z and
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r(y|x) the probability density function to observe y given the true value x.
The p.d.f. ¢g(y), that describes the distribution of the measured value y, is
given by the convolution of f(z) and r(y|z) defined as:

o(y) = / r(yl) f(2)dz (3.9)

One says that the true distribution is folded with r(y|x) and hence the goal
of estimating f(z) is called unfolding. Generally speaking, the true phase
space is named generator or particle level, while the smeared one is the recon-
structed level; r(y|x) is instead named response function or kernel function.
In this analysis both phase spaces are subdivided in bins: let {T;}, j =1,..n
and {5;}, i = 1,...m be the partitions of the true and smeared space, respec-
tively. The measured quantity is then the number of events in each of the
bins at reconstructed level

A= </Slg(y)dy, ,/Sm g(y)dy> , (3.10)

while the true values are represented by

= ( A fx)dz, ... Tnf(x)dx). (3.11)

These two quantities are connected by the response matrix (RM) of the
detector R, according to the expression

A= Rpu. (3.12)
The RM element R;; is defined as

fs fT y]x x)dxdy

Jay S (2

and corresponds to the conditional probability that an event with true value x
in bin 7} will be observed with measured value y in bin S;. This formalization
reduces the smearing carried out by the detector to a migration effect from a
truth level original bin to a non corresponding smeared level bin. Therefore,
the effect of the response matrix is to smudge any fine structure possibly
present in the true spectrum. An example of the bin migration is illustrated
in Figure[3.7, where, for simplicity of representation, m = n has been chosen.
Moreover, the unfolding is reformulated as the estimation of p starting from

Rij =

(3.13)



3.6. Differential and fiducial analysis 45

3000

—— A=Rpu

2500

2000

1500

1000

500

llllIlllllll]ll{llllllllllIll

0'_111111[111111111111111111111111111l

2 4 6 8 10 12 14 16 18 20

X

Figure 3.7: Ezample of migration effect: the true distribution p (light blue
line) with superimposed the expected smeared distribution X (dark blue line)
[26].

a single observation of the quantity of interest, said y, which fluctuates with
a Poisson distribution around the mean value A:

y ~ Poisson(Ru). (3.14)

The limiting factor with any unfolding construction is that the statistical
fluctuations in the obserations y are amplified when propagated to the es-
timate of p. In fact, when p is computed according to u ~ R™1y, if R is
not sufficiently well behaved, a strongly oscillating spectrum can be found,
with negative correlations between adjacent bins. Therefore, a regularization
prescription is applied to the unfolding procedure, in order to reduce this os-
cillating behavior.

Up to here, backgrounds are not accounted for in this description: all types
of events which are possibly observed in one of the reconstructed level bins
but do not originate from any of the truth level bins have to be included.
Suppose that b is the vector of expectation values of the entries observed in
each reconstructed level bin coming from background processes. The relation

[3.14] has to be modified to:
y — b ~ Poisson(Rp). (3.15)

The estimation of g can be achieved in several ways. The method adopted in
this analysis is based on an implicit inversion of the response matrix within
the likelihood maximization, which will be detailed in section [4.7.3
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3.7 Model dependence

As highlighted before, differential and fiducial analysis represents a valuable
tool for probing alternative hypotheses with respect to the SM. For this rea-
son, it is desiderable to limit the model depencence of the analysis, providing
a result with no bias towards the SM expectation. However, some sources of
model dependency may arise from the analysis strategy.

The most important one lies in the signal extraction procedure. In fact, as
mentioned earlier, the presence of neutrinos in the H — WW final state
makes the full kinematic reconstruction, and thus the measurement of the
invariant mass of the system, impossibile. If the invariant mass was recon-
structed, it would have allowed a straightforward discrimination of signal and
background processes, because only signal events would gather at invariant
mass values around the Higgs boson mass, forming a relatively narrow peak.
Moreover, the selection of signal events would have been completely model
independent, since the shape of the invariant mass peak does not depend
on the considered physics model. Therefore, the signal extraction relies on
an alternative procedure, known as template fit, which will be detailed in
section [4.7] The general idea is to fit the MC simulation of an observable
with good signal to background discriminating power to data.

However, the shape of the observable generally depends on the Higgs boson
properties such as, for instance, the HV'V coupling properties. Since these
properties are predicted to be different from the SM ones by several BSM
theories, the differential measurement keeps a degree of dependence on the
signal hypotesis used to generate the template. Such behavior spoils the re-
interpretability of the result and must be taken into account.

Another possible source of model dependency can arise from the unfolding
procedure. The response matrix R may indeed depend on the considered
signal model and only if it is quite diagonal it introduces a small dependence
which can be neglected.

Finally, the event selection efficiencies may be different according to the sig-
nal models.

The purpose of this thesis is to reduce the impact of these sources of model
depencence on the analysis result, in particular the one due to the shape
effect of the fit variable.
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Analysis strategy

4.1 Preselection and categorization

The analysis strategy adopted in this thesis to measure the signal yield is
inspired to the ones developed by the CMS collaboration for previous works
[27]. The phase space is split into different regions, constructed by cutting on
kinematic variables that show some discriminating capability between signal
and backgrounds. Two orthogonal macro-categories are defined: Signal Re-
gion (SR) and Control Region (CR). The former is defined to maximize the
sensitivity with respect to the process of interest, while the latter is expected
to contain a low fraction of signal events in favor of backgrounds, and is used
to constrain the main background contributions.

The CRs are also used to check that the data are well modeled by the MC
simulations of the main background processes. In the first stages of the anal-
ysis data are shown only in the CRs, following the “blinding” policy of the
analyses in the CMS collaboration. This approach aims to prevent the ex-
perimenter bias, i.e. the unintentional tendency to choose specific cuts in
an attempt to interpret statistical fluctuations of the data as a signal. Only
once the complete procedure will be reviewed by an independent committe
of members of the CMS collaboration, the data will be revealed in the SRs.

The event categorization is summarized in Table 4.1} In addition to the
SR, two control regions are defined: the top CR and the DY — 77 CR,
enriched in top quark and DY — 77 events respectively.

Preselection criteria are applied to all phase space regions. Two jets having
pr > 30 GeV each and an invariant mass higher than 120 GeV are required in
the event. The leading and subleading leptons (¢; and /5 respectively) must
pass pr thresholds dictated by the trigger requirements, while the pr of the
third lepton, if present, is demanded to be below 10 GeV in order to suppress

47
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Table 4.1: Fvents preselection and definition of signal and control regions.

Region Requirements

oppositely-charged ep final state,
at least two jets with pr > 30 GeV,
Preselection ple > 25 GeV, pfiﬁ > 13 GeV, pfiﬁ < 10 GeV,
P > 30 GeV, my > 12 GeV,
mj; > 120 GeV, B > 20 GeV

mi > 60 GeV,

SR me > 30 GeV,
no b-tagged jets with pr > 20 GeV

mye > 50 GQV,

Top CR mé? > 30 GeV

at least one b-tagged jet

40 GeV < myp < 80 GeV,
DY — 77 CR mi < 60 GeV,
no b-tagged jets with pr > 20 GeV

minor backgrounds, such as WZ and triboson production. Moreover, the
dilepton invariant mass is required to be higher than 12 GeV to reduce the
contribution from QCD and low mass resonances. The requirement of having
different flavour lepton pairs in the event suppresses DY — ee and DY —
pp events, while the p% and mif requirements are necessary to reduce the
DY — 77 process. A moderate amount of EF*** value is requested because
of the presence of the neutrinos in the event. The mZT2 variable is analogous

to m# considering only the subleading lepton. It is defined as

mfiﬁ = \/Qpég Emiss[1 — cos Aﬁb(ﬁTZQv ETmiss)] (4.1)

and it helps to reduce the non-prompt lepton background. Finally, no b-
tagged jets with pr > 20 GeV must be present in the SR and DY — 77 CR
in order to reduce background contributions involving the top quark. This
requirement is not applied to the Top CR, where at least a b-tagged jet is
requested to enhance the sensitivity to top quarks events.

Figure shows the distribution of the A®;; observable in the SR.

In order to perform a differential cross section measurement, all regions
are further divided according to the value of the azimuthal angle difference
between the two leading jets in the final state. Four categories or bins are
defined at reconstructed level, as detailed in Table [4.2]



4.2. Neural Networks for event classification 49

(9]
=
w
‘%
3
5
B
<

L =59.74/fb (13 TeV)

B o o

0 E
[ 70
c|>) 10 E Wand [ wwewk
L ‘IO6 = nanprompt [ smver
105 —4— Data AIMC
10°
10 é iy g
100
10E
ik
107"
102 E
L am3l 7
g 14 E
o 12 3
g 3
] E
3 08 3
S o6 3
= o 0 2 4
A(I)ii

Figure 4.1: Distribution of the A®,; observable in the SR. The signal con-
tribution (red line) is shown both stacked on top of the backgrounds and su-
perimposed on it.

Table 4.2: Definition of the A®;; bins.

Bin 0 Bin 1 Bin 2 Bin 3

—7T<A(I)jj<—% —%<A(I)jj<0 0<A(I)jj<% g<A‘I)jj<7T

The selection criteria outlined in this section and the intrinsic acceptance
of the detector define the subset of the phase space at reconstructed level
which is experimentally accessible.

4.2 Neural Networks for event classification

The challenge of measuring rare signals dominated by the towering LHC
backgrounds has lead to the introduction of Machine Learning (ML) tech-
niques in the analysis procedure. One of the most common uses is to employ
Neural Networks (NNs) for classification purposes [2§].

A NN is a parametric approximation of an unknown function f, which maps
a set of inputs x; to the corresponding outputs y; so that, ideally, f(x;) = v;.
The NN architecture is based on a collection of connected units called neu-
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rons or nodes, typically organized into multiple layers. Each node has a real
number associated to it, called activation. In the simplest architecture, called
a feed forward NN, neurons of one layer are linked only to neurons of the im-
mediately preceding and immediately following layers. Each connection has
an associated weight, which determines the strength of one node influence
on another.

Let A¥ be the activation of the i-th node of the k-th layer. A¥ is given
by a linear combination of the activations of all nodes of the previous layer,
subsequently passed through a non linear function called activation function:

A = o <Z wfjAf_l + bf) (4.2)
J

where o is the activation function of the k-th layer, wfj and b¥ are the weights
and the biases associated to the connections between the layers £ — 1 and &
and Af_l are the activations of the nodes belonging to the (k — 1)-th layer
which are linked to A¥.
The layer that receives external data is the input layer. Intermediate layers
are commonly called hidden layers, while the last layer is called the output
layer whose activations form the output of the NN. Between the two out-
ermost layers, multiple connection patterns are possible. A layer is said to
be fully connected if each of its neurons is connected to every neuron in the
previous one.
Once its structure is defined, the parameters of the NN must be chosen to
optimally reproduce the desired function. This process is called training (or
learning) and aims to adjust all the weights and biases to improve the accu-
racy of the results. To achieve this, a set of example inputs-outputs pairs is
used (supervised learning). For the sake of simplicity, let us call W the set
of weights and bias parameters.
The training proceeds by minimizing a loss function (L), which depends on
all the parameters W and provides a measure of the distance between the
value predicted by the algorithm and the actual target value.
The minimization is performed using an iterative method, known as gradient
descent. The main idea is to compute the gradient of the loss function with
respect to W

VwL(W)

and then update the parameters by adjusting their values in the direction
opposite to the gradient vector:

W'« W — 1y Vi L(W)
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This procedure is repeated iteratively until a minimum of £ is reached. The
n parameter is called learning rate and controls the size of the steps taken
to reach the minimum.

Toghether with the number of layers, nodes and any other parameter that
controls the overall structure of the NN and the training procedure, they
form the set of so called hyperparameters.

Classification algorithms are a type of ML algorithms where the outputs
are restricted to a limited set of values, or classes like signals or backgrounds.
Suppose to have a set of input values x, corresponding to the kinematic
variables of an event, and want to classify the events into N classes. One
way to achieve this is to build the NN such that for each classn = {1,..., N} it
generates a positive number p,, () which can be interpreted as the probability
of the input event to belong to the class n. This is achieved by using the
softmaz function as activation function of the output layer. Given the N
input values z,(x) of the output layer, it is defined by the formula:

en ()
xr =
This function has the desirable property of converting its inputs into N
positive numbers whose sum is bound to 1:

(4.3)

an(il:) =1 (4'4)

Each p,(z) represents the best estimation of the true target value y,,, defined

as:
1 ifclass=n
0 ifclass #n

In order to describe the performance of a classification model, the so-called
confusion matriz (M) is often computed. By definition, M;; is equal to the
fraction of observations known to be in class ¢ and predicted to be in class j.
If the algorithm has good classification capabilities, the confusion matrix is
expected to be close to diagonal.

The loss function usually used in binary classification, where the number of
classes equals 2, follows from the Binomial distribution and is called Binary
Cross-Entropy, defined as:

BCE = —ylogp(x) — (1 —y)log(1 — p(z)) (4.6)

where p is the binary indicator (0 or 1) associated to the first class predicted
by the neural network and y is the corresponding target value. Being the
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outputs forced to sum up to 1, (1—p) and (1—y) are the predicted probability
and the target value associated to the second class, respectively.

In extention to multi-class classification tasks, the Categorical Cross-Entropy
(CCE) is used as loss function. In the case of a NN with N classes and for
a single event, it corresponds to:

CCE(N) ==y, -logp,(x) (4.7)

where p,, is the probability associated to the n-th class as predicted by the
algorithm and vy, is the corresponding target value. In order to optimize
the training procedure, the loss function is not evaluated event by event but
rather is updated after an entire batch has been run. The batch size is the
hyperparameter that defines the number of events that will be processed by
the network before updating the internal model parameters.

Finally, the last hyperparameter that needs to be specified is the number of
epochs, which corresponds to the number of cycles that the algorithm will
work through the entire data set during the training procedure. An accurate
optimization of this hyperparameter allows reducing the overtraining, which
is the tendency of the algorithm to learn the statistical fluctuations of the
training sample and interpret them as real features.

4.3 Adversarial Neural Network

As detailed in section [3.7] in order to preserve the model independence of
the A®,; differential analysis, it is necessary to define a learning algorithm
that classifies events correctly and at the same time does not implicitly dis-
tinguish different physics models with which signal events are generated.

I achieved this goal using a technique known as Domain Adaptation (DA)
[29]. DA is a branch of ML concerned with studying how an algorithm per-
forms when evaluated on a data set different from the one it was trained on.
A set of techniques has been developped that allows the definition of NNs
whose performance is robust when applied on a range of different data sets,
called Domains. In case the different data sets correspond to events gen-
erated assuming different signal models, DA consists in building a NN that
is agnostic with respect to the considered signal hypothesis, meaning that
the shape of the output discriminant is the same regardless of the model
assumption.

The implementation of the DA T developed in this work is based on an Adver-
sarial Neural Network (ANN). The ANN is a system of two NNs, consisting
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of a classifier (C) and an adversary (A), which are trained in a competi-
tive way. Both C' and A have the usual structure of a NN for classification
purposes introduced in the previous section but are trained to perform dif-
ferent tasks: the role of the classifier is to determine if the event is signal-
or background-like and the network is trained on a data sample including
events arising from different domains, i.e. different signal models. On the
other hand, the goal of the adversary is to guess the physics model of signal
events, regressing the domain from the second-to-last layer of the classifier.
The two networks are trained so that C' learns to discriminate between signal
and background, but is penalized if the output contains too much information
on the domain of origin of signal events. To achieve this, I have implemented
a two-step training procedure.

First the adversary is pre-trained with a CCE loss £(A); next the classifier is
trained with a combined loss function, while keeping the weights of A frozen.
The combined loss is given by:

L(C+ A) = L(C) — a- L(A) (4.8)

where £(C') is the CCE loss of the classifier and « is a configurable hyper-
parameter that regulates how much the network is penalized for learning the
signal model.

All hyperparameters defining the ANN have to be optimized so that C' is
able to discriminate events while simultaneously preventing A from regress-
ing the domain. When an equilibrium between the performance of each of
the networks is reached, the output of the classifier is independent of the
signal model.

The structure of the ANN that I implemented is represented in Figure [4.2
and is described in the following.

The Classifier

For what the classifier structure is concerned, I defined three classes as target
functions, one for VBF and two for the backgrounds that I want to separate
from the signal: ggH and BKG. The label ggH refers to gluon-gluon fusion
processes while the BKG embeds both top quark events and non-resonant
WW production, the two main background processes in this analysis.

The input variables x4, ..., z,, of this network are the measurable kinematic
variables of an event, which are detailed in the following subsection.

The activation function of the hidden layers is the rectified linear activation
function (ReLU), which is defined as

ReLu(z) = max (0, z) .
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Figure 4.2: Schematic view of the Adversarial Neural Network.

The output layer uses the softmax function.

The hyperparameters nf, n¢ and n,,e4es, which correspond to the number
of hidden layers, the learning rate and the number of nodes in the hidden
layers respectively, need to be optimized through a procedure detailed in the
following.

The Adversary

Since two possible alternative physics model with respect to the SM have been
considered, the adversary also has three classes, labeled by VBF_SM,VBF_HOM
and VBF_HOPH. The first one refers to the VBF signal events generated as-
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suming the SM hypothesis; the second and the third ones label the signal
events obtained according to HOM and HOPH models, respectively. Refer-
ring to equation , these models correspond to a}’¥ = 0, ay" = 1 and
alV' =0, a¥V =1 respectively. These models are chosen because they show
physical properties that are very different with respect to the SM ones.

The input layer of this network is the second-to-last layer of the classifier.
The ReLU activation function is used for the hidden layers, while softmax is
used for the output layer.

As for the classifier, the number of hidden layers n;', the learning rate n*
and the number of nodes in the hidden layers n,,4.s have to be optimized.
Note that n,,04es is chosen to be the same for both C' and A.

4.3.1 Training procedure

The training has been performed on MC simulations and the following sam-
ples have been chosen: SM ggH production, SM non-resonant WW and top
quark events, which constitute the background event samples, and finally the
V BF signal. The latter process has been generated according to the three
considered physical models: SM, HOM and HOPH.

Before starting the learning, events are selected through the kinematic re-
quirements listed in Table [4.3], which correspond to the preselection and SR
criteria discussed in detail in section .1}

Table 4.3: Selection criteria applied on the training sample.

Selection criteria
oppositely-charged ey final state, at least two jets with pr > 30 GeV,
peT1 > 25 GeV, p? > 13 GeV, p§§ < 10 GeV,
my > 12 GeV, pgpﬁ > 30 GeV,
Efss > 20 GeV, my; > 120 GeV,
mi > 60 GeV, m2 > 30 GeV,
no b-tagged jets with pr > 20 GeV,

The training sample was randomly split in two parts, one used for the train-
ing and the other for the validation, i.e. the ANN is tested on a small fraction
of the training samples to check the overtraining of the algorithm.

The learning procedure has been performed using Keras [30] and TensorFlow
[31] libraries and exploiting Google GPUSE]. GPUs allow to reach optimal per-
formances in terms of the time needed for completing the training procedure.
For instance, if compared to the CPUs usage, the time employed to find the

LGoogle GPUs can be exploited through the free cloud service Google Colab.
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loss minimum is reduced by about a factor 20 and it takes only five minutes
instead of an hour and an half to finish the training procedure.

For the construction of the ANN;, a set of input variables that could highlight
the signal characteristics with respect to the other processes has been defined.
The input variables chosen for the training procedure are the following:

pr;, » Py, the magnitudes of the transverse momenta of the leading
and subleading jet respectively;

n;,: the pseudorapidity of the leading jet j;. Since it is typically gen-
erated by the hadronization of a ¢ quark with a high fraction of the
proton four-momentum, j; coming from the V BF process tends to be
emitted at large |n|. Instead, background events are characterized by
the presence of a leading jet in the central region, i.e. at low |n];

n;,: the pseudorapidity of the subleading jet. Its distribution is similar
to n;, for the VBF process, while background events show homoge-
neous shapes throughout the range of possible values of this variable;

|Anj;|: the separation in 7 between the two jets in the final state.
The signal shows a larger pseudorapidity gap with respect to the back-
grounds;

mj;: the invariant mass of the dijet system. It has a good discrim-
ination power since it is typically larger for the signal than for the
background;

P, p?, pzTQ: the magnitudes of the transverse momenta of the dilepton
system, the leading lepton and the subleading lepton respectively;

Me, , Ne,: the pseudorapidity of the leading and subleading lepton respec-
tively. Similarly to pff, pf}l and pfﬁ, these variables are not expected to
have a high discrimination capability individually, but are included to
exploit their correlation with other observables;

mye: the invariant mass of the lepton pair. As explained in section [3.2]
due to the spin correlation effect this variable is peaked at low values
for VBF and ggH mechanisms and it shows a broadened shape for
non-resonant events;

Ady: the angular separation in ¢ between the two leptons in the final
state. For signal events, it has a smaller value than in the non-resonant
case, since the spin correlation effect forces the directions of the two
charged leptons to be nearly collimated;
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ARy the radial separation between the two leptons in the final state.
Similarly to Agy, this variable is almost flat for events without a res-
onance;

my;: the invariant mass of the system composed by the ¢-th lepton and
j-th jet, where ¢ = {¢;, {3} and j = {ji, j2}. There are four pos-
sible combinations which have limited, but not completely negligible,
discrimination power;

Chot = 1085(%: |(2n0 — ZUj)/|A77jj|)a where £ = {1, Lo}, j = {j1, jo}:
j

it represents a measure of how much the charged leptons are emitted
centrally with respect to the two-jets system;

qgl;: the quark-gluon likelihood discriminant [32] evaluated for the
leading and subleading jet (j = {J1, j2}). This variable is constructed
with a multivariate technique and it gives a probability that the j-th
jet has been produced by the hadronization of a quark or a gluon: the
discriminator tends to assume values close to 1 for quark-like jets and
close to 0 for gluon-like jets. Background events present jets usually
emitted by gluons, since they are coming from initial or final state
radiation. On the other hand, the signal always has quark-like jets;

mil: the transverse mass of the system. As already shown in section
3.2 background events are more likely to present a small value of this
varible;

mi = \/ (P + Emiss)2 — (5 4+ E,m5¢)2: the improved transverse mass.
It tends to have a different shape for events containing the production
of a Higgs boson;

E7**%: the missing transverse energy;

AG(pL, E,m55): the azimuthal opening angle between 7, and E,™s.
It has a good discriminating power and it is included in the definition
of m#;

Hyp: the scalar sum of the transverse momenta of all jets in the event.
It gives a measure of the hadronic activity of the event.

4.3.2 Optimization

In order to get the best training of the ANN, it was necessary to optimize its
hyperparameters. The optimization has been carried out using the Optuna
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software [33], which allows the simultaneous maximization or minimization
of multiple objective functions.

The classifier has been optimized by maximizing its accuracy, i.e. the frac-
tion of events correctly classified.

Moreover, in order to reduce the model dependence of the overall network
the Kolmogorov-Smirnov (K-S) test statistic has been employed, to have a
measure of compatibility between the V BF-output shapes of signal events
simulated under the SM and HOM hypotheses: a small value corresponds to
a good compatibility between the two shapes. If no residual model depen-
dence is left, the two distributions are expected to be compatible within the
statistical accuracy. The same test statistic has been repeated for the SM
and HOPH signal hypotheses.

Finally, the optimization has been performed by minimizing the objective
function defined as the mean between the two K-S test statistics and by
maximizing the classifier accuracy.

In order to find the best estimation of the hyperparameters, 100 training
trials of 500 epochs each have been executed, and during every training the
values of the hyperparameters have been changed according to a bayesian
optimization approach [34] within defined ranges.

The intervals associated with possible outcomes of the hyperparameters are
reported in the Table |4.4]

Table 4.4: Ranges within the optimization procedure can vary the hyperpa-
rameters.

Hyperparameter Interval
o [0, 100]
Nnodes [107 100]
n¢ [1,10]
ni' 1, 10]
n“ [1075,1073]
nt [107%,1077]

The accuracy and the K-S test values returned by the optimization proce-
dure are summarized in Figure 4.3} each training trial is represented by a
blue dot; the red dots correspond to the best attemps that provide extreme
values of both the objective functions. The pink dot highlights the best trial
which has been chosen as working point: it simultaneously provides a high
accuracy value (0.75) and a low K-S test (0.03). The numerical values of the
hyperparameters corresponding to the best trial are listed in Table
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Table 4.5: Hyperparameters numerical values associated to the chosen work-
mg point.

Hyperparameter | Value
« 46.2
Nnodes 94
n¢ by
nit 10
n® 0.0003
n* 0.0016

4.3.3 Performances

As a first step after the optimization, the ANN has been implemented and
trained using the optimized values of the hyperparameters. Given that the
kinematic properties of signal and background events depend on the A®j;
value, in order to add more flexibility to our model and improve the bias
reduction, the optimal approach was found to be the implementation of two
ANNs. Each ANN has been trained on events with different A®;; ranges as
explained below.

The first network is trained on events with

while the second one learns on events with
/2 <|Adj;| < . (4.10)

Requirements and are added to selection criteria listed in Table
of the first and second ANN respectively. With reference to the event cat-
egorization Tables and [4.2] this means training the first ANN on events
belonging to the A®;; bins 1 and 2, while the second one on events coming
from bins 0 and 3 of the SR.

The training samples of both the ANNs are composed by about 85000 events,
equally divided between the three considered processes, i.e. VBF', ggH and
background events. The VBF signal sample is in turn made up of events com-
ing from the three possible domains in equal proportions. As already men-
tioned, the domains correspond to the physical models according to which the
signal events have been generated, i.e. the SM, HOM and HOPH hypothesis.
Instead, the sample of background events is made up half by non-resonant
WW and half of top quark events.

The learnings processes have been carried out with 2000 epochs each and
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Figure 4.3: Scatter plot of the accuracy (y axis) and K-S test (v azxis) values
obtained from 100 training trials: each blue dot represents a trial while the
red ones correspond to the best attemps. The pink dot highlights the chosen
working point.

with a batch size equal to the entire training sample.

Figure [£.4] shows the loss function of the adversary and the combined loss
function as a function of the number of epochs of the ANN trained in A®,;
bins 1 and 2.
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Figure 4.4: Loss function of the adversary (left) and combined loss function
(right) of the ANN trained on events with |A®,;| < /2.

In order to check the effectiveness of the procedure, the distributions of the
V BF-output for SM, HOM and HOPH events have been compared separately
for each of the two ANNs. As shown in Figure [4.5] the distributions are con-
sistent within the statistical uncertainties, meaning that the classifier is not
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Figure 4.5: Performance of the ANN trained on events with |[A®;;| < w/2:

Normalized distributions of the V BF -output on V BF' events simulated under

the SM (blue), HOM (red) and HOPH (green) hypotheses. The solid lines

correspond to the distributions obtained on training sample, while the dots

with statistical error bar stand for validation sample.

able to recognize the domain of origin, i.e. the signal model, of the VBF
events.

In order to check the overtraining of the algorithm, the three distributions
obtained from the validation sample have been compared to the ones ob-
tained in the training. The results are shown in Figure the normalized
distributions evaluated on the training samples are drawn with solid colored
lines, while the corresponding distributions of the validation sample are rep-
resented using colored dots with statistical error bars. Since the shapes of
the training distributions are compatible with the validation ones within the
statistical acccuracy, the algorithm does not overtrain the training sample.
The signal to background discriminating power of the ANN is highlighted in
Figure|4.6, The V BF-output exhibits the expected behavior: its distribution
has a maximum near to zero on background and ggH events, while it peaks
at values close to one on signal events. The performances on the validation
sample are also taken into consideration and are depicted superimposed to
the training ones using dots with statistical error bars.

The classification accuracy is quantified by the associated confusion matrix,
pictured in Figure The matrix shows that 80%, 70% and 83% of the
VBF, ggH and background events respectively, are correctly categorized
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into the corresponding class.
The same set of plots describing the performances of the ANN trained on
events with 7/2 < |A®,;| < 7 can be found in appendix
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Figure 4.6: Performance of the ANN trained on events with |[A®,;| < w/2:
Normalized distributions of the V BF-output on SM signal (blue), ggH (black)
and background (pink) events. The solid lines correspond to the distributions
obtained on training sample, while the dots with statistical error bar stand
for validation sample.
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Figure 4.7: Confusion matriz of the ANN trained on events with |[A®;;| <
/2.
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4.4 Fiducial phase space and generator level
binning

The Higgs boson cross section is measured within the so-called fiducial vol-
ume, i.e. a phase space at particle level whose definition is chosen in order to
minimize the dependence of the results on the underlying signal model of the
Higgs boson production. Moreover, limiting the measurement to a restricted
fiducial region allows to avoid large theoretical uncertainties arising from the
extrapolation of the result from the experimentally accessible kinematic re-
gions to the full phase space.

The fiducial volume is constructed through the kinematic requirements sum-
marized in Table [4.0] defined using only particle level quantities obtained
from the MC generator before the simulation of the CMS detector.

Table 4.6: Definition of the fiducial volume.

Fiducial selection
oppositely-charged ep final state, at least two jets with pr > 30 GeV,
pffﬁ > 25 GeV, pg,? > 13 GeV, pf}? < 10 GeV,
P > 30 GeV, my > 12 GeV, mj; > 120 GeV, mi > 60 GeV,
|nj1| < 4.7, ’773‘2| < 4.7, ’77€1| < 2.3, |77€2’ <25

The selection mimics the experimental one described in previous sections,
except for the absence of the EM**$ and mé? cuts. Moreover, the pseudora-
pidity absolute value of the charged leptons is requested to be smaller than
2.5, while the leading and subleading jet must have |n;| < 4.7. The entire set
of requirements is chosen in order to maximize two correlated quantities: the
purity of the selected sample and the reconstruction efficiency. The former
corresponds to the number of signal events coming from the fiducial volume
and passing the analysis event selection after the detector simulation and re-
construction (called ‘reco’ events for brevity) over the total number of signal
events selected by the analysis requirements:

Nreco & fid

while the latter is equal to the fraction of signal events entering the fiducial
region that pass the analysis selection:

p= (4.11)

N reco & fid

The kinematic requirements listed in Table correspond to p = 74% and
€ = 64%. Generally speaking, an event satisfying the fiducial requirements
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is said to be fiducial; otherwise it is an out-of-fiducial event.

In order to obtain an unfolded result, the V B F' signal samples are subdivided,
based on generator level quantities, into 4 bins of A®,;, using the same bin
boundaries as for the definition of the analysis categories described in section
[1.1] In this way the unfolded (gen level) and folded (reco level) distributions
have the same binning. In addition, I decided to apply the same binning
also to out-of-fiducial signal events that fall into the reco level categories.
Therefore, the signal sample has four fiducial and four out-of-fiducial A®,;
bins at generator level. Same division is applied also to the ggH sample.
The response matrix for both the fiducial and out-of-fiducial parts of the SM
V BF signal is reported in Figure 4.8 Each column is normalized to 1.

4.5 Signal regions

Once the networks have been trained and the model parameters fixed to their
best values, the ANNs have been tested on the events selected by the analysis
requirements. Figure 4.9 shows the distributions of the outputs of the ANN
trained on events with |A®;;| < /2, evaluated in the SR. To maximize
the analysis sensitivity, instead of a single SR, a finer event categorization
has been designed. By looking at Figure [4.9] it was natural to use the
ANNSs scores in order to divide the inclusive SR into three signal sub-region:
VBF-, ggH- and BKG-like SRs. Each of these is defined by requiring the
corresponding ouput to be higher than the other ones. For instance, the
VBF-like SR selects events for which the V BF-output is greater than ggH-
and BK G-scores; likewise, other categories are defined as illustrated in Table

4.7
Table 4.7: Definition of signal regions using the outputs of the classifier.

Signal Regions
VBF-like ggH-like BKG-like
outputy pp > output, | output, ; > output; | outputpy; > output,
i ={g99H, BKG} i={BKG,VBF} i ={VBF,ggH}

All SRs are in turn split into four A®;; bins, similarly to what is pre-
scribed in Table 4.2] For the definitions of bins 1 and 2 of all SRs, the ANN
trained on events with |[A®,;| < /2 has been used, while in bins 1 and 3
the ANN trained on events with 7/2 < |[A®;;| < 7 has been employed.

In the following, the distributions of the VBF-, ggH- and BKG-outputs
in the A®;; bins of the corresponding SR are reported in logarithmic scale.
According to the blinding policy of the CMS collaboration, data are not
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Figure 4.8: Response matriz of the fiducial (above) and out-of-fiducial (below)
components of the VBEF' signal sample.
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Figure 4.9: Distributions of the V BF-, ggH- and BKG-outputs of the ANN
trained on events with |A®;;| < m/2 evaluated in the SR. The VBF (red
line) and ggH (blue line) signal contributions are shown both stacked on top
of the background and superimposed on it. A logarithmic scale is used. The
dashed lines represent both MC' statistical and systematic uncertainties.

shown. For the VBF-like and ggH-like regions, the binning of the histogram
is chosen in order to have at least two expected signal events and at least
five expected signal and background events in each bin, while keeping the
statistical uncertainty on MC simulations smaller than 30%. On the other
hand, for the BKG-like SR a uniform splitting into six bins is adopted.
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Figure 4.11: Distributions of the ggH -output on ggH events evaluated in all
A®;; bins of the ggH-like SR. The fiducial and out-of-fiducial components of
the ggH sample belonging to the same A®;; bin are drawn together, super-
imposed on the backgrounds. Dashed lines represent both MC' statistical and

systematic uncertainties.
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BKG-like SR
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Figure 4.12: Distributions of the BKG-output on V BEF events evaluated
in all A®;; bins of the BKG-like SR. The fiducial and out-of-fiducial com-
ponents of the signal belonging to the same A®j; bin are drawn together,
superimposed on the backgrounds. Dashed lines represent both MC' statistical
and systematic uncertainties.
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4.6 Control regions

Top CR

The Top CR is enriched with top quark production. In addition to the
preselection criteria, it is defined by requiring at least one of the two jets in
the final state tagged as a b-jet. Moreover, only events with my, and mfﬁ
higher than 50 and 30 GeV respectively are considered. Figure shows
a good data/MC agreement for the VBF-, ggH- and BKG-outputs of the
ANN trained on events with |A®;;| < /2, meaning that the behaviour of
these variables is well predicted by simulations.
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Figure 4.13: Distributions of the VBF'-, ggH- and BKG-outputs evaluated
in the Top CR, shown in logarithmic scale. Error bars are associated to sta-
tistical uncertainties on data, while dashed lines represent both MC statistical
and systematic uncertainties.
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DY — mr CR

The DY — 77 CR is expected to maximize the sensitivity to DY — 77
processes. It is constructed through the preselection criteria and by further
requiring the invariant mass of the dilepton system to be between 40 and 80
GeV, m# lower than 60 GeV and no b-tagged jet with pp > 20 GeV. A good
agreement between data and MC is achieved even in this region for all the
outputs, as shown in Figure [£.14, More plots of the ANN trained on events
with 7/2 < |A®;| < 7 are available in appendix [A]
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Figure 4.14: Distributions of the VBF'-, ggH- and BKG-outputs evaluated
in the DY — 77 CR. Error bars are associated to statistical uncertainties on
data, while dashed lines represent both MC' statistical and systematic uncer-
tainties.



72 Chapter 4. Analysis strategy

4.7 Signal extraction

The signal extraction is perfomed by employing the Maximum Likelihood
(ML) method [25], which is a statistical tool for estimating the parameters
of a model given a finite sample of data.

Suppose to have n indipendent measurements (zy, ..., z,) of a random vari-
able z, which is distributed according to a probability density function (p.d.f.)
f(z,0) depending on a set of parameters 6. The likelihood function is con-
structed as

L(6) = [] f(@::0) (4.13)

and it is a function only of the 8 parameters.

The ML method consists in selecting the values of the model parameters that
maximize the likelihood function. This intuitively corresponds to maximize
the agreement of the considered model with the observed data. Therefore,
the ML estimators @ of the true parameters 6 are defined by the following
condition:

max L(0) = L) . (4.14)

However, when the functional form of the probability density function is not
analytically known, a binned ML fit is used: the unknown p.d.f. is replaced
with histograms of the random variable x representing each signal and back-
ground contribution obtained from MC simulations. These histograms are
generally called templates.

Consider a histogram containing N bins and let s; and b; be the expected
signal and background yields in the i-th bin, respectively. The number of
observed data N .5 in bin 7 is expected to have a Poisson distribution with
mean value s; + b;. To check the agreement between the measured number
of signal events and the prediction of the considered physics model, the sig-
nal strength parameter p is usually introduced. It corresponds to the ratio
between the measured signal cross section and the expected one, i.e.

o=poc"? (4.15)

Thus, N; s follow a Poisson distribution with mean value (us; + b;) and the
likelihood function is:

N N
(,U/Si + bi)Ni,obs (usiab)
L(U) = | | Wﬁ (nsitbi) = | | P (Ni,obs ;S bi) (4'16)

Determing the value of the i parameter that maximizes L(ju) corresponds to
finding the ML estimator i for the true value of . This procedure is called

ML template fit.
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4.7.1 Nuisance parameters

To take any systematic error that affects the MC simulation into account,
additional parameters are included in equation : the so-called nuisance
parameters v.

Each source of uncertainty is modeled as an individual parameter and the
likelihood function is redefined including a constraint N (), determined by
the set of nuisance parameters:

L(p,v) = H P (Niobs ; 5i(v) + bi(v)) - N(v) (4.17)

All v parameters are determined through the fit procedure described above
but they are not relevant for the analysis purpose, in contrary of the p
parameter which is referred to as parameter of interest (POI).

The systematic uncertainties are divided into two categories, according to
the effect they have on the templates:

e normalization uncertainties: they vary the overall normalization of the
template such as, for instance, the uncertainties on the normalization
of background processes. Each of these is modeled by introducing a
multiplicative factor common to all bins of a given sample and con-
straining it with a log-normal prior distribution centered around the
expected value and with a standard deviation corresponding to the
given normalization untertainty. The log-normal functional form is
chosen instead of normal distribution because it is suitable to describe
parameters that can not fluctuate below zero.

e shape uncertainties: they modify the shape of signal and background
templates; they can not be estimated using a single flat distribution
since they alter the expected number of events bin by bin. For each
uncertainty, three histograms with same normalization have to be con-
sidered: one with the nominal value and other two with +10 and —1o
variations of it.

All the MC corrections listed in section|3.4{are both of shape- and normalization-
type except for the systematic uncertainty related to the luminosity measure-
ment which has only a normalization effect.

4.7.2 Statistical treatment of background processes

Data are not only used to extract the POI but also to determine the normal-
ization of backgrounds which have dedicated CRs. In fact, the normalization
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of the major backgrounds is not fixed to the theoretical prediction but it is
directly evaluated from data.

More precisely, each A®,; bin of the CRs is included in the likelihood function
as an extra bin in order to quantify the number of events of the correspond-
ing process. A additional parameter, called rate parameter, with a flat prior
distribution is added to the yield of the bin as multiplicative factor. Thus,
the term b; in equation (4.17)) can be expanded as:

bi = kiopb'™ + kpybPY + kyw bl + b,other (4.18)
where b,°""*" stands for minor backgrounds processes, while ky,, and kpy are
rate parameters associated to top and DY — 77 events, respectively.

For a given A®;; bin, ki, and kpy do not depend on the SR or CR to
which the bin belongs, meaning that backgrounds in different categories float
together. For instance, suppose that one rate parameter is associated to
all contributions from top events in A®;; bin 1. This parameter will be
determined primarily by data in the top CR, since this region is where most
of the top events are present. However, its value will adjust the normalization
of the top background in A®;; bin 1 of all categories, including the signal
regions.

The normalization of the non-resonant WW process, which has no dedicated
CR, is measured with the same procedure but it is primarily determined by
the signal region itselft.

4.7.3 Unfolding procedure

Equation has to be generalized to the case of study of this work, i.e.
it must include all the generator level signal contributions defined in section
[4.4], as well as the unfolding procedure.

The method I adopted to unfold the result avoids the explicit construction
and inversion of the response matrix but rather consists in embedding it into
the likelihood function. The key point of this procedure is to express the
reconstructed level signal contributions as a function of generetor level quan-
tities.

Recall that the generator level signal sample is binned into four fiducial and
four out-of-fiducial A®,; bins.

Let sfid and S?O"'f “ Wwith j = 0, ..., 3 be the contributions in the fiducial and
out-of-fiducial j-th bin, respectively. The reconstructed level signal compo-
nents s; are therefore defined as:

5; = szjid s;»cid + R?jon'ﬁd S?O"'fid (4.19)
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where repeated indices are implicitly summed over, and lejd and R?jm'f i are
the response matrices of the fiducial and out-of-fiducial components, respec-
tively. They are thus built implicitly by calculating contributions from each
generator level sample in every reconstructed level bin.

A signal strength parameter fp; is introduced for each bin j: the fiducial
and out-of-fiducial components coming from the same generator level bin are
scaled together within the maximum likelihood fit.

Each p; is equal to the ratio between the measured fiducial signal cross sec-
tion and the expected one in the corresponding A®;; bin:

gj
My = O_gxp (420)
J
Equation (4.19)) is thus rewritten as:
_ pfid fid non- fid non-fid
si=Ry;" py 55 + R 1 S; (4.21)

Finally, substituting in equation (4.17)), the likelihood used in this analysis
is:

Niim,
Lipv) = [T P Niows s D (R s + B3 4 b1 | - N(w)
i=0 J=0

(4.22)

The fit provide the complete set of p = {puo, pu1, i, 3}, which corresponds

to unfolded ratios between observed and expected yields per generator level
bin.

The maximization of the likelihood function can in principle be very com-

plex. Therefore, usually it is convenient to introduce the negative log likeli-
hood NLL, defined as follows:

NLL = —log(L(p, v)) (4.23)

This function is thus minimized in order to find the estimators i of the true
values of u.
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Chapter 5

Results

5.1 Expected results

In this section the results of the analysis are presented. The work presented
in this thesis is currently in progress and still covered by the blinding policy
of the CMS collaboration at the time of this writing, therefore only expected
results will be reported.

The procedure described in section is applied to the so-called Asimouv
data set, which allows to estimate the signal sensitivity before looking at the
real data. This is a pseudo-dataset constructed by generating the observed
numbers of events in each bin such that they are equal to the sum of the
expected signal and background events (N5 = g, +b;) and with a Poisson
uncertainty (AN = /s, +b;). This leads to deal with a pseudo data set
matching exactly to the sum of all MC histrograms, in which the values of
returned by the template fit are equal to 1 by construction. Performing the
fit on such data set is useful to estimate the uncertainties which will affect
the measurement on true data.

As a first step, the entire fit procedure is carried out on the Asimov data
set, corresponding to the assumption of SM cross sections. The likelihood
function shown in equation is built using the template distributions of
the outputs of the classifier: each output has been evaluated in its respective
SR. For instance, the V BF-output has been fitted in each A®;; bin of the
VBEF-like signal region; likewise, for the ggH- and BKG-outputs. As usual,
the ANN trained on events with |[A®,;| < 7/2 has been used in A®;; bins
1 and 2 while the ANN trained on events with 7/2 < |A®,;| < 7 in bins 0
and 3. The V BF process is considered as the signal process.

The Table summarizes the total errors of signal strength parameters, cor-
responding to 68% Confidence Level (CL) intervals.

77
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Table 5.1: Expected results for the total (statistical and systematic) and sta-
tistical errors of the signal strength parameters, evaluated on the Asimov data
set corresponding to the SM hypothesis.

Estimator Total errors (68% CL) Statistical errors (68% CL)

flo ~1.0/+ 1.1 —0.9/+1.0
i —1.0/+ 1.1 —0.8/+1.0
i —0.9/+1.0 —0.8/ + 0.9
i3 1.1/ 412 —0.9/+1.0

The fiducial cross section of the j-th bin is than measured by multiplying

the expected value (afid) with the estimator i;: 67 = ind - fL;

j
The expected fiducial cross section af “ has been estimated as the product
of the inclusive cross section with the acceptance related to the j-th bin of
the fiducial region. The acceptance of the j-th bin is defined as the fraction
of total events that enters the j-th bin of the fiducial volume. The measured

fiducial cross sections are summarized in Table 5.2

Table 5.2: Fiducial cross section measured on the Asimov data set.

j o ()
0 0'8%3%
1 0.4;8;211
2 ().4;(1];3
3 0.8%9

The main contribution to the total error on the signal strength parameters
is the statistical one. This can be checked by repeating the fit removing all
the nuisance parameters that account for the systematic uncertainties. The
results obtained with this procedure are reported in Table [5.1} they corre-
spond only to the statistical contribution to the total error on fi; which is
evidently dominant with respect to the stystematic one.

The fact that the statistical error is the dominant component is expected
since the V BF' is an extremely rare process and the measurement is per-
formed using only the 2018 data set (59.74 fb™'). Future plans include to ex-
tend the differential analysis to all the data collected during Run 2 (138 fb™1),
therefore reducing the expected uncertainty rouglhy by a factor v/2.3 ~ 1.5.
Finally, the template fit has been repeated considering both the gluon-gluon
fusion and the vector boson fusion production mechanism as the signal pro-
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cess of the analysis. This is technically implemented in the likelihood function
by scaling both ggH and V BF signal yields with the same signal strength
parameters. Table shows the expected errors of the estimator /i; for each
A®;; bin, evaluated on the Asimov data set. As expected, the errors are
lower than the ones shown in Table [5.1] since now the amount of expected
signal events is larger than in the previous case.

Table 5.3: Ezpected results for the total errors of the signal strength param-
eters, evaluated on the Asimov data set corresponding to the SM hypothesis
and considering both the gluon-gluon fusion and the vector boson fusion as
the signal process.

Estimator Total errors (68% CL)

flo —0.8/+0.9
fi1 —0.7/+0.8
fi —0.7/+0.8
fi3 —0.8/+0.9

5.2 Model dependence studies

The second part of this work focuses on quantifying the model dependence of
the analysis results. As already described in section [3.7] the main source lies
on the signal extraction procedure because the shape of the discriminating
variable used for the template fit generally depends on the underlying physics
hypothesis assumed to generate the histograms. Therefore, this inevitably
leads to a bias on the fit results, whose quantification is not trivial since it
depends on both the unknown true model and the one assumed to simulate
the templates.

The implementation of the Adversarial Neural Network described in previous
chapter allows to take this behavior under control, providing a fit variable
whose shape is the same whatever the true physics model describing the data
is.

The interest is now focalized on the bias estimation, in order to quantify the
reduction made possible by the exploitation of the ANN. This goal is achieved
by comparing the bias values obtained in this work with those estimated by
replacing the ANN with a simple Neural Network: the entire analysis pro-
cedure has been repeated employing for the event categorization and for the
template fit a Deep Neural Network (DNN) developed by the CMS collab-
oration for another measurement which is still ongoing. This network has
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Figure 5.1: Normalized distribution of the V BF -output of the DNN on V BF
signal events generated assuming the SM and several BSM hypothesis.

the classical structure of a NN for events classification illustrated in section
[4.2] but without the adversarial term. The classification is performed taking
the same kinematic distributions of the ANN as input variables. Since the
adversarial term is missing, the DNN performance strongly depends on the
physics model of signal events. This behavior is shown in Figure [5.1] where
the normalized distribution of the V BF-output on SM signal events is pic-
tured togheter with the ones obtained on signal events generated according
to the BSM theories introduced in section [l

5.2.1 Bias estimation

The bias estimation has been perfomed through the procedure described
below.

An Asimov pseudo-dataset is generated assuming one of the considered signal
BSM hypothesis and all background contributions. This dataset is then fitted
using the SM signal and background MC templates. For the j-th A®,; bin,
the fit provides the estimator fi; which is equal to the number of BSM signal
events fitted in the j-th bin over the number of SM signal events expected
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in the same bin:
it
. SBSM,
KHj = —<ezp (51)
SSM,j

In this particular case of study, ji; does not correspond to the ratio between
the measured BSM fiducial cross section and the expected SM one, since the
two models have different selection efficiency and acceptance factors. Let’s
then define fi; as the ratio of the BSM and SM fiducial cross sections in bin
j:
o id
- BSM,j
i = ~Fia ’ (5.2)
OS5

Therefore, fi; would be the signal strength that one would expect to measure
if there was no bias in the procedure.
The total bias has been introduced as:

bj = i — i (5.3)

This quantity corresponds to the most general bias that can be defined since
it embeds all possible sources of model dependence that enter the analysis
procedure. In fact, it includes both the contribution coming from the shape
effects of the discriminating fit variable and the one due to the different
acceptance and selection efficiencies.

However, the latter contribution can be taken into account and the total bias
corrected for it.

For the sake of simplifying the notation, in the expressions below the j index,
representing the j-th generator level bin, is omitted. The numerator and
denominator of equation can be rewritten as follows:

. e
SQEM=213Q35M0§%M*+€Bmw0ggfl) (5.4)
ser =L (eSMagﬁ + EgMagﬁ'ﬁd> (5.5)

where
o £ =159.74 fb! is the integrated luminosity;

® ¢pysm is the reconstruction efficiency of the fiducial bin. It is defined
as the efficiency of reconstructing fiducial (B)SM events belonging to
one bin at generator level in any of the A®;; bins at reconstructed
level;
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® &p)sm is the reconstruction efficiency of the out-of-fiducial bin. It is
defined as the efficiency of reconstructing out-of-fiducial (B)SM events
belonging to one bin at generator level in any of the A®,; bins at
reconstructed level;

. crf;ﬁ and ag?g’f “ are the fiducial and out-of-fiducial production cross

section respectively, predicted by the SM;

o 614 and 67T are the fiducial and out-of-fiducial production cross
section under the BSM hyphothesis, which have been measured through
the template fit.

By introducing the total cross section, defined as the sum of the fiducial and
out-of-fiducial components of the (B)SM signals, equations (5.4 and (/5.5

can be rewritten as:

i _ 1-A ~ fi
Séqu =L [EBSM + €Bsm <—Alej\jM)} ’ UégM (5-6)
ex _ 1 - A 7
Seap =L |:€SM + €gmr <—AS;M>} . Ué]\i[ (5.7)

where:
® O(B)SM = U{;%SM + O'ELB?;L;;\Z; + is total cross section predicted by the
(B)SM hyphothesis;

S fid
o Apysm = % is the ratio between the fiducial and total cross section

predicted by the (B)SM hyphothesis.

For the sake of clarity, let Ogs)s and 055, be

1-A

Opsn = |:€BSM + €Bsm <A—BSM)} (5.8)
BSM
1-A

Osm = |:€SM + €sm (—A SM)] (5.9)

SM

respectively. Equation (5.6 and (5.7) are therefore given by:

spsa = £ - Opsas - 0 (5.10)

Sesa}“‘;z :EQSMO'éﬁ (511)
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and equation ([5.1) becomes:

~ fid

. Upsmy O
o= (5.12)
SM Ogyy
Therefore, the residual bias has been defined as:
B U fid _ fid
b :u.e _u:w (5.13)
BSM 3y

Since the g, and gy factors take the acceptance effects into account, b
is only due to the shape effects. Finally, the bias due to acceptance effects is
quantified by introducing;:

0
V*“=b—-0b"" =4 <1 — M ) (5.14)
Opsnm
The fiducial (B)SM cross section is given by the number of fiducial (B)SM
events that enter in the considered bin (N(JZ,C)IS ay) times the integrated lumi-
nosity:

fid  _ arfid
oysu = Nigysu - £ (5.15)

Similarly, the out-of-fiducial (B)SM cross section is defined as:

non-fid non- fid
O(mysm = N(B)SM L (5.16)

where N (" BO;I éﬁd is the number of events that do not pass the fiducial selection

but enter in considered A®;; bin. The signal events which have a number of
jets with pr > 30 GeV at generator level less than two, are not considered
in the analysis.

5.2.2 Results

The total bias b, residual bias b™° and b*“ have been estimated for both the
BSM samples used for the training of the ANN, i.e. HOM and HOPH models.
In addition, the HOL1f05 model has been studied in order to test the ANN
performance on events not employed for the learning procedure.

Table summarizes the reconstruction efficiencies values, the number of
fiducial and out-of-fiducial events and the ratio between the fiducial and to-
tal cross section for the SM, HOM and HOPH signal samples. The errors
on the efficiencies have been calculated according to the Clopper-Pearson
method [25].

The bias quantities estimated with the DNN and the ANN for both the HOM
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Table 5.4: Fxpected reconstruction efficiency, number of fiducial and out-of-
fiducial events and ratio between the fiducial and total cross section of the

SM, HOM and HOPH signal samples.

SM
A(I)jj bin €ESM ESM Ng}}l Ng;}[@—fid ASM
0 0.696 £ 0.008 0.061 = 0.002 48 765 0.058
1 0.730 £0.010 0.055 4+ 0.002 25 442 0.054
2 0.716 + 0.010 0.054 + 0.002 26 442 0.055
3 0.696 £+ 0.008 0.060 % 0.002 47 767 0.058
HOM
. — fid non- fid
Aq)jj blH €EBSM €EBSM NBSM NBSM ABSM
0 0.749 £0.007 0.082 4+ 0.002 240 4344 0.052
1 0.789 £0.008 0.065+ 0.002 161 2838 0.054
2 0.780 £ 0.008 0.065 4+ 0.002 160 2822 0.054
3 0.752 £0.007 0.084 +0.002 242 4339 0.053
HOPH
. — fid non- fid
A(I)jj bin €EBSM €EBSM NBSM NBSM ABSM
0 0.785£0.006 0.082 %+ 0.002 1070 14223  0.070
1 0.803 £ 0.008 0.065 4+ 0.002 440 5998 0.068
2 0.811 £0.008 0.067 +0.002 446 6035 0.069
3 0.773 £0.006 0.086 + 0.002 1068 14205  0.070
HOL1f05
A(I)jj bin €EBSM ngM NéglM Nggr;\-/[fzd ABSM
0 0.742 £0.007 0.065+0.002 145 2267 0.060
1 0.755 £0.010 0.060 £+ 0.002 7 1165 0.062
2 0.756 £ 0.009 0.058 4+ 0.002 7 1163 0.062
3 0.750 £0.003 0.070 £0.002 144 2259 0.062

and HOPH models are instead shown in Tables 5.5l As already said, these
BSM models describe HV'V couplings that are extremely different from the
SM case and this is also outlined by the fact that the fit provides values of
the ji that are much higher than one.
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The most important bias term to reduce is b"¢°, since it is the contribution
to the total bias that accounts only for the shape effects of the fit variable by
definition. In fact, b*“ is due to the fact that the SM and the BSM samples
have different acceptance factors, as well as different events selection efficien-
cies. However, the former can be estimated a posteriori using only generator
level quantities and thus, they can be accounted for. On the contrary, the
latter depend on the event reconstruction and can not be quantified using
only generator level quantities. Nevertheless, they do not strongly depend
on the considered physics model, as shown in Table [5.5] Therefore, the ac-
ceptance factors are expected to be the dominant contribution to b*<.
Performing the analysis with the DNN, the main contribution to the total
bias b comes from the b"*°. This behavior is expected since, as illustrated in
Figure , distributions of the V BF output of the DNN on both HOM and
HOPH signal events differ greatly from the one on SM signal events.
Moreover, this contribution goes in the opposite direction with respect to the
one due to the acceptance effects.

On the other hand, using the ANN for the analysis procedure allows to
strongly reduce the absolute value of the residual bias in each A®;; bin.
This makes the main contribution to the total bias now be the one coming
from acceptance effects which, as explained above, does not constitute a lim-
iting factor for the analysis.

The situation is quite different for the HOL1f05 model, which has not been
employed for the training procedure of the ANN. The reconstruction effi-
ciencies and the number of fiducial and out-of-fiducial events are reported
in Table [5.4] while the bias quantities are summarized in Table [5.5] In this
case, the ANN does not provide the improvements seen for the other BSM
samples. In fact, the absolute values of b remain high in all A®,; bins with
respect to the ones obtained with the DNN and it is around the 20% of fi.
In order to check if this behavior is due to the fact that the HOL1{f05 sample
is not used in the training procedure, I tried to re-train the ANN using all
the BSM samples described in section [I.5] In this case the absolute value of
b"e* gets reduced to about 10% of fi, confirming the expected improvement
when the HOL1f05 model is also employed in the training procedure.

The residual bias can be used to quote an uncertainty on the measured
signal cross section, which takes the model dependence of the result into
account. This goal is pursued by computing the impact of the residual bias

b™® on the expected signal strength i as the percentage on the final result
~ fid.
ol

) bres )
Ag¥s = u gl (5.17)
s
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Table 5.5: Resulting bias quantities evaluated on the Asimov data set corre-
sponding to the HOM and HOPH hypothesis with both the DNN and the ANN.

HOM
DNN | ANN
Ad;; bin i [ b pres pace ‘ fi b pres  pace
0 5.0 36 —-1,5 —-23 09|71 21 04 17
1 6.4 41 —24 —29 05]69 04 —04 08
2 6.2 42 —-21 —26 06|68 05 —04 0.9
3 5.1 37 —-15 —23 09|73 21 04 17
HOPH
DNN | ANN
A@]] bln ﬂ /l b b'res bacc‘ /l b bres bacc
0 224 105 —11.9 —13.0 1.1 273 49 201 29
1 175 116 -59 =59 00168 —07 —08 0.1
2 174 122 —51 —64 12181 07 —11 18
3 226 115 —11.1 —128 1.7|236 51 10 41
HOL1f05
DNN | ANN
A@J] bln [)/ ,[)J b bres bacc‘ I[:L b bTeS bacc
0 3.0 27 —03 —06 03]43 13 09 04

3.1 28 —-03 —-04 01| 35 04 0.3 0.1
3.0 28 —-02 =03 02| 36 06 04 02
3.1 3.1 0.0 —-03 03] 46 1.5 1.1 04

W N =
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The 67 measured values of each A®;; bin are listed in Table .

The Ac®“ uncertainty has been first calculated using the residual bias and
the expected signal strength values obtained with the HOM pseduo data set;
then with the ones corresponding to the HOPH data set. The results are
reported in Table 5.6

Table 5.6: Model dependence uncertainty evaluated with both the ANN and
the DNN.

ANN DNN
HOM  HOPH | HOM  HOPH

AD;; bin  Ac"®[fb]  Ac®[fb] | Ao [fh]  Ac”[fh)

0 0.06 0.07 0.4 0.4
1 0.03 0.02 0.2 0.1
2 0.03 0.03 0.2 0.2
3 0.07 0.03 0.4 0.5

For each A®j; bin, the largest Ao’ contribution among those obtained
with the HOM and HOPH sample is chosen and quoted as model dependence
uncertainty on the corresponding 6/ value.

The same procedure has been repeated using the outputs of the DNN as
fit variables. The measured fiducial cross sections are reported in Table
using both the ANN and the DNN, while the model dependence uncertainty
estimated from both the HOM and HOPH samples are summarized in Table
2.0l

Table 5.7: Fiducial cross section measured on the Asimov data set using the
outputs of the ANN and the DNN as fit variables.

ANN DNN

Aq)jj bin 5'fid [fb] 5'fid [fb]
0 0.8:{%;% 0.8%;55;

1 0.4J_r8:Zf 0.418:2

2 0.4J_r(1):61 0.4J_r(1):8

3 0.875% 0.8757

Results are presented in the following. Figure [5.2| shows the fiducial cross
section value measured in each A®;; bin with both the ANN and DNN: the
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solid black error lines stand for the total uncertainty (statistical and sys-
tematic) evaluated with the ANN, while the dashed ones are estimated with
the DNN. Instead, the red and blue bars quantify the uncertainties due to
the model dependence of the results related to the ANN and DNN usage,
respectively.

The measured fiducial cross sections are the same in both cases. This is
because the fit has been performed using the Asimov data set and thus the
measured values depend only on the number of fiducial signal events ex-
pected in each A®;; bin. On the contrary, statistical and systematic errors
are slightly different in the two cases since the variables used for the tem-
plate fit change. In particular, the ANN provides smaller errors than those
obtained with the DNN.

For what model dependence uncertainty is concerned, a sizeable improvement
is observed when performing the analysis with the ANN. In fact, Ag”® is
an order of magnitude smaller than the value obtained with the DNN; for all
the A(I)jj bins.
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Figure 5.2: Fiducial cross section measured in each A®j; bin using both the
ANN and DNN. Solid black lines and red bars stand for the statistical and
systematic errors and for the model dependence uncertainty estimated with
the ANN; while dashed black lines and blue bars stand for the statistical and
systematic errors and for the model dependence uncertainty estimated with

the DNN.
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Conclusions

In this work, I presented a differential measurement of the production cross
section of the Higgs boson as a function of the signed azimuthal angle differ-
ence between the two leading jets in the final state (A®;;). The analysis has
been performed on proton-proton collision data at /s = 13 TeV, collected
by the CMS experiment during 2018. The V BF' production mechanism has
been chosen as the signal process, and the H — WW — 2(2v decay channel
has been selected as the final state. The result is provided within a fiducial
volume defined at particle level, constructed to minimize the extrapolation
from the experimentally accessible region to the full phase space, that would
otherwise introduce a model dependence uncertainty due to the underlying
theoretical assumption. The signal has been extracted through a Maximum
Likelihood template fit, which encodes the unfolding procedure, allowing to
unfold the result to the generator level phase space, correcting it for the
effects introduced by the presence of the detector.

In order to reduce as much as possible the introduction of a bias towards
a certain physics model in the analysis result, I adopted the Domain Adapta-
tion (DA) technique to build a discriminating variable that could distinghuish
the signal from the main backgrounds and was simultaneously agnostic to
different signal hypoteses.
Several BSM signal models have been considered. These models describe
anomalous couplings between the Higgs boson and the vector bosons, re-
flecting on different tensor structures of the HV'V vertex present in both the
Higgs boson production mechanism and decay mode.
The implementation of DA I developed is based on an Adversarial Neural
Network (ANN), which is a neural network system consisting of a classifier
and an adversary trained in a competitive way. The former performs the ac-
tual discrimination between signal and background events, while the latter is
designed to identify the physics model corresponding to a signal event. The
performances of the two neural networks have been finely balanced in order
to let the classifier being able to discriminate between signal and background
events and prevent the adversary from guessing the domain. By doing so, I
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obtained an ANN output that has good signal to background discriminating
power and at the same time is signal model independent. This new dis-
criminator has been used to build the templates for signal and background
processes.

In order to check that the discriminator distribution is well modeled by
the data, according to the blinding policy of the CMS collaboration, I have
defined control regions orthogonal to the signal ones and I found a good
agreement between the Monte Carlo simulations and data.

The expected uncertainty on the final result has been calculated on the
Asimov data set. Since the analysis is limited by the limited number of data
events, improvements in the uncertainty are expected when the analysis will
be extended to the full data set collected during the Run 2 data taking period.
In addition, a detailed study regarding the model dependence of the result
has been carried out. In particular, the bias introduced on the final result
by the fit procedure has been estimated and compared to the one obtained
using a Deep Neural Network (DNN), previously developed by the CMS
collaboration. The DNN is composed only by the classifier and, since the
adversarial term is missing, its performance has shown a strong depencence
on the considered signal model.

The ANN has allowed a sizeable reduction of the bias on the final result with
respect to the case where the DNN is used for the analysis procedure.
Moreover, the bias has been used to quote an uncertainty on the measured
signal cross section, which takes the model dependence of the result into
account. The uncertainty provided with the ANN is an order of magnitude
smaller than the value obtained with the DNN.



Appendix A

ANN performance

In this appendix, the performances of the ANN trained on events with 7/2 <
|Ag;;| < m are shown. In addition, the distributions of VBF-, ggH- and
BKG-outputs in CRs are reported: a good data/Monte Carlo agreement is
achieved for all of them.
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0125
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o 250 500 750 1000 1250 1500 1750 2000
Epoch

Figure A.1: Loss function of the adversary (above) and combined loss func-
tion (below).
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Figure A.2: Normalized distributions of the V BF-output on VBF events
simulated under the SM (blue), HOM (red) and HOPH (green) hypotheses.
The solid lines correspond to the distributions obtained on training sample,
while the dots with statistical error bar stand for validation sample.
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Figure A.3: Normalized distributions of the V BF-output on SM signal (blue),
ggH (black) and background (pink) events. The solid lines correspond to the
distributions obtained on training sample, while the dots with statistical error
bar stand for validation sample.
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Figure A.4: Confusion matriz.
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Figure A.5: Distributions of the VBF-, ggH- and BKG-outputs evaluated
in the SR. The VBF (red line) and ggH (blue line) signal contributions
are shown both stacked on top of the background and superimposed on it. A
logarithmic scale is used. The dashed lines represent both MC' statistical and
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Figure A.6: Distributions of the VBF-, ggH- and BKG-outputs evaluated
in the Top CR, shown in logarithmic scale. Error bars are associated to sta-
tistical uncertainties on data, while dashed lines represent both MC statistical
and systematic uncertainties.
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