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Abstract

This thesis describes a study of a multivariate approach in the search for the
neutral beyond-standard-model Higgs bosons produced in association with a b-quark
pair and decaying into two muons. The study has been made on Monte Carlo
samples reproducing the data collected by the CMS experiment during the 2016
proton-proton run of LHC at

√
s = 13 TeV. Two machine learning models, Boosted

Decision Trees and Artificial Neural Networks, trained with two different strategies,
inclusive and per categories, have been tested for seven signal mass hypothesis in
the range between 140 and 1000 GeV. The statistical significance obtained in the
four cases has been compared to the one obtained in a similar search, published
by CMS, which adopted a cut-based approach. The multivariate approach has
been found to achieve a better performance for all the tested mass hypothesis. The
Boosted Decision Trees model trained with the per categories strategy has been
found to give the best significance.
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Sommario

Il lavoro descritto in questa tesi riguarda l’uso di tecniche di analisi multivariata
applicate alla ricerca dei bosoni di Higgs neutri, previsti da teorie che estendono il
Modello Standard, prodotti in associazione ad una coppia di quark b, che decadono
in due muoni. Lo studio è stato svolto sui campioni Monte Carlo che riproducono le
condizioni di presa dati del 2016 dell’esperimento CMS durante le collisioni protone-
protone di LHC a

√
s = 13 TeV. Sono state esaminate sette ipotesi di massa del

suddetto segnale nell’intervallo di massa tra 140 e 1000 GeV. Sono stati utilizzati
due diversi modelli di machine learning, Boosted Decision Trees (BDT) e Artificial
Neural Networks, seguendo due diversi tipi di training, uno fatto su un campione
inclusivo, l’altro fatto su due categorie indipendenti a partire dal campione inclusivo.
Le prestazioni dei modelli esaminati sono state valutate in termini di significatività
statistica. I risultati sono stati messi a confronto con quelli ottenuti da un’analisi
simile pubblicata da CMS basata su tagli di selezione. L’uso di tecniche di analisi
multivariata si è rivelato in generale migliore nella discriminazione segnale fondo.
In particolare il modello BDT con training per categorie ha raggiunto il miglior
risultato in termini di significatività in tutte le ipotesi di massa studiate.
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Introduction

The discovery of the Higgs boson with a mass of approximately 125 GeV in
2012 by ATLAS [1] and CMS [2] collaborations marked a triumph of the Standard
Model (SM). However, the SM as it is now cannot explain problems like the matter-
antimatter asymmetry, the origin of dark matter and dark energy, as well as the
mass of the Higgs boson, which should diverge to in�nity according to quantum
�eld theory due to the vacuum radiative corrections to its mass.

Physicists, during the last half century, have come up with many di�erent
theories that attempt to overcome these problems, by extending the SM. One
example is Supersymmetry which extends the particle spectrum of the SM. In the
Higgs sector �ve physical Higgs boson arise: two neutral CP-even scalarsh (whose
properties should correspond to the observed 125 GeV Higgs boson) andH, one
CP-odd scalarA and a charged-scalar pairH � . Such particles have masses and
couplings to fermions and bosons that depend on the speci�c model. Their masses,
in particular, can be in the TeV range.

In this thesis, my work on the search for the neutral Higgs bosons decaying into
two muons is presented. At the LHC center-of-mass energies, the main production
mechanism for neutral supersymmetric Higgs bosons are the gluon fusion, in which
the Higgs is produced by a virtual loop of top/bottom quarks, and the b-associated
production where two real b-quarks are produced together with the Higgs. The
latter is the only production mechanism studied in this thesis. The dimuon �nal
state has a very clean signature and it is not so di�cult to separate it from the
background exploiting the CMS high e�ciency on the muon identi�cation.

The CMS collaboration has already published an analysis [3] on the search for
neutral BSM Higgs bosons using the 35 fb� 1 of data collected during the 2016
at

p
s = 13 TeV. That analysis adopts a cut-based categorization based on the

presence/absence of b-jets. A further veto on theE miss
T value allows an e�cient

reduction of the background.
A cut-based analysis, however, does not exploit all of those features that show a

partial separation between signal and background. Moreover, a cut-based analysis
is not optimized for all the possible mass hypotheses of the searched Higgs bosons.
For these reasons, the goal of this thesis is to explore whether a multivariate
analysis achieves a better separation between signal and background, increasing
the sensitivity for this search.

All the steps of this work are discussed in the next chapters. The �rst four
chapters are meant to give a theoretical and technical description, while the last one
contains the description of the work done. Chapter 1 contains a brief introduction
to the SM and the Higgs Mechanism. Then Supersymmetry and the Minimal
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Supersymmetric SM are presented, along with some relevant scenarios. In Chapter
2 there is a description of the LHC and the CMS apparatus. Chapter 3 contains a
description of the event reconstruction in CMS while Chapter 4 gives an overview of
some concepts of machine learning. Finally the study performed and the obtained
results are presented in Chapter 5.

x



1

Theoretical introduction

1.1 Brief introduction of the Standard Model

The Standard Model (SM) is a theory that very well describes all the known
particles and their interactions. The constituents of matter can be mainly divided
into quarks and leptons which can be categorized in two - so called - families.

Quarks and leptons can be categorized in three, so called, families. Concerning
the leptons, the three groups are the following: the electron (e) and electron neutrino
(� e), the muon (� ) and muon neutrino (� � ), the tau (� ) and tau neutrino (� � ). All
the neutrinos are chargeless, while the other particles do not. Quarks are named
as up (u) and down (d), charm (c) and strange (s), top ( t) and bottom (b). The
up-type quarks (u, c, t) have electric charge+2=3, while down-typequarks (d, s, b)
have electric charge� 1=3.

The interactions can be described as the exchange of point-like bosons. The
electromagnetic and the strong interactions are mediated by photons (
 ) and gluons
(g) respectively. Both have mass equal to zero and spin 1. Weak interactions are
mediated by W � and Z 0, spin 1 bosons with measured masses of about 80 and
90 GeV respectively [4]. A summary of the SM fundamental fermions and their
interactions is shown in Table 1.1.

TABLE OF ELEMENTARY PARTICLES
QUANTA OF RADIATION

Strong Interactions Eight gluons
Electromagnetic Interactions Photon (
 )

Weak Interactions BosonsW + ; W � ; Z 0

Gravitational Interactions Graviton (?)
MATTER PARTICLES

Leptons Quarks
1st Family � e; e� ua; da; a = 1; 2; 3
2nd Family � � ; � � ca; sa; a = 1; 2; 3
3rd Family � � ; � � ta; ba; a = 1; 2; 3

HIGGS BOSON

Table 1.1: Standard Model as of today.
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1.1. Brief introduction of the Standard Model

The Standard Model is a quantum �eld theory that can be described as a
SU(3) � SU(2) � U(1)Y gauge symmetry. Each term pictures the invariance of one
or more interactions under a speci�c transformation. The lagrangian of the SM can
be schematically written as

L SM = L EW + L QCD (1.1)

The two components can be obtained separately by requiring the free lagrangian to
be locally invariant under a certain group of transformations.

The electroweak lagrangian is obtained by requiring the lagrangian of a free
spinor �eld to be invariant under local SU(2)L � U(1)Y transformations. The
subscript L means that the transformation acts on left-chiral fermions. The free
lagrangian of aSU(2)L massless fermion doublet can be written as

L free = � (i
 � @� )  (1.2)

This introduces four gauge �elds, ~W� =
�
W 1

� ; W2
� ; W3

�

�
for SU(2)L and B � for

U(1)Y . These allow to write the photon and weak bosons as a linear combination:
8
<

:

W �
� = W 1

� � iW 2
�

2 for W � bosons
Z � = � sin� W B � + cos� W W 3

� for the Z 0 boson
A � = cos� W B � + sin � W W 3

� for the photon
(1.3)

where� W is the Weinberg angle. The gauge invariant lagrangian can be obtained
with the substitution of the partial derivative @� with the covariant derivative

D � = @� +
ig0

2
Y B� +

ig
2

� aW a
� (1.4)

whereg and g0 are the SU(2)L and U(1)Y gauge couplings,Y is the hypercharge
and � a, with a = 1; 2; 3, are the Pauli matrices. Substituting (1.4) into (1.2) leads
to

L EW = � i
 � @�  �
1
4

W �� W�� �
1
4

B �� B �� (1.5)

B �� and W�� are de�ned respectively asB �� = @� B � � @� B � and W�� = @� W� �
@� W� + ig [W� ; W� ]. The �rst term in (1.5) contains the free propagation of
fermions and their interaction with bosons de�ned in (1.3). On the other hand,
the last two terms describe free propagation and self interactions forW and Z and
free propagation for photons. Since these are not invariant under localSU(2)L

transformations, the mass terms for fermions and bosons are not allowed in (1.5).
This does not agree with the measured masses ofW � andZ 0 bosons, but the problem
is �xed by the introduction of the Spontaneous Symmetry Breaking mechanism
and of the Higgs boson (see Sec.1.2).

For what concerns the quantum chromodynamic QCD section of (1.1), that
describes the interaction between quarks and gluons, the free lagrangian for massless
quarks can be written as

L f ree = �qj (i
 � @� ) qj (1.6)

whereq is the quark spinor �eld and the j = 1; 2; 3 index runs over the three color
�elds. When local invariance underSU(3) transformations is required, eight gauge

2



1. Theoretical introduction

�elds Ga
� , with a = 1; 2; : : : ; 8, need to be introduced. By substitution of the@�

with the covariant derivative

D � = @� + igsTaGa
� (1.7)

(where gs is the strong coupling constant) the gauge invariant QCD lagrangian can
be obtained:

L QCD = �qj (i
 � @� ) qj + gs (�q
 � Taq) Ga
� �

1
4

G�� G�� (1.8)

As for the electroweak part,G�� = @� G� � @� G� + igs [G� ; G� ] is the gluon strength
tensor, written as a function ofG� � TaGa

� , whereTa are the eight generators of
SU(3). In (1.8), the �rst term is the free quark propagation, the second describes
the quark-gluon interaction and the third term describes both gluon free propagation
and gluon-gluon interactions.

1.2 Spontaneous Symmetry Breaking and Higgs Mech-
anism

The principle of local gauge invariance described in Section 1 works perfectly
in the case of electromagnetic and strong interactions, but it constraints weak
interaction gauge �elds to be massless, which disagrees with experimental results.

In the Standard Model, the mass of a particle can be generated through a
process called �spontaneous symmetry breaking� (SSB): in this case, a system can
be written in a way where some symmetry rule is broken for perturbations around
lowest-energy vacuum solutions (see Figure 1.1). When this happens, massless
scalars called Goldstone bosons are generated. The process by which the unwanted
massless Goldstone bosons are �eaten up� by a massive gauge particle, within
the spontaneous symmetry breaking of a local gauge symmetry, is calledHiggs
mechanism. This mechanism is summarized in the following.

The key idea is to formulate the Higgs mechanism for (1.5) so that theW �

and the Z 0 become massive and the photon remains massless. To do this, we
introduce four real scalar �elds� i arranged in SU(2)L � U(1)Y multiplets with
weak hyperchargeY = 1 like follows

� =
�

� +

� 0

�
with

� + � (� 1 + i� 2) =
p

2
� 0 = ( � 3 + i� 4) =

p
2

(1.9)

and use them inside the Higgs potential

V(� ) = m2� y� + �
�
� y�

� 2
(1.10)

where, to obtain the �mexican hat� shape, we need� > 0 and m2 < 0. By choosing
as vacuum expectation value

� �

r
1
2

�
0
v

�
(1.11)

3



1.2. Spontaneous Symmetry Breaking and Higgs Mechanism

Figure 1.1: Graphical representation of the Higgs potential.

wherev2 � � m2=� , we induce the symmetry breaking. The reason why this choice
is suitable for the problem in hand is explained in [5]. As a consequence of this
choice, three out of four generators ofSU(2)L � U(1)Y are broken, resulting in
three massless Goldstone bosons and a massive Higgs �eld. The Higgs �eld couples
to the ~W� and B � gauge �elds associated with theSU(2) � U(1)Y local symmetry
through (1.4) in the kinetic term of the Higgs lagrangian

L Higgs = ( D � � )y (D � � ) � V (� ) (1.12)

As a result, the neutral and the two charged massless Goldstone degrees of
freedom mix with the gauge �elds corresponding to the broken generators of
SU(2)L � U(1)Y and become the longitudinal components of theZ and W physical
gauge bosons respectively. TheZ and W gauge bosons acquire masses:

m2
W =

g2v2

4
; m2

Z =
(g2 + g02) v2

4
(1.13)

, where g0 and g are the the U(1)Y and SU(2)L coupling constants respectively
de�ned as g = e=sin� W and g0=g= tan � W . The fourth generator, associated with
the conservedU(1)Y gauge symmetry, remains unbroken, and its corresponding
gauge �eld, the photon, remains massless. Also the gluons, associated with eight
unbroken generators of theSU(3)C gauge symmetry, remain massless. Hence, from
the initial four degrees of freedom of the Higgs �eld, two are absorbed by theW �

gauge bosons, one by theZ , and the last remaining degree of freedom,H , is the
physical Higgs boson.

The fermions of the SM acquire acquire mass through renormalisable interactions
between the Higgs �eld and the fermions, the Yukawa interactions, which respect the
symmetries of the SM but generate fermion masses once SSB occurs. Considering

4



1. Theoretical introduction

for example anSU(2)L lepton doublet
�

� l

l

�

L

, the Yukawa term can be written

as:

L Y ukawa = � � l

�
�
�� l ; �l

�
L

�
� +

� o

�
lR + �lR

�
� � ; �� 0

�
�

� l

l

�

L

�
(1.14)

where �� 0 � � 0�
, � � � � + � and � l is the Yukawa coupling constant. We then

spontaneously break the symmetry by picking as lowest-energy vacuum solution:

� =
1

p
2

ei � a aa

2�

�
0

v + h

�
(1.15)

where� a, for a = 1; 2; 3, and the Higgs �eld are the four Goldstone bosons. These
last ones can be removed with the appropriate gauge transformation, and only the
Higgs �eld remains. The (1.14) becomes:

L Y ukawa = �
� lp

2
v

� �lL lR + �lR lL
�

�
� lp

2

� �lL lR + �lR lL
�

h (1.16)

A similar procedure can be applied to quarks in order to generate a Yukawa term of
the same form. It is worth pointing out that, for a fermion f , the generated mass
term is:

mf =
� f v
p

2
(1.17)

The consequence is that Higgs boson couplings to fermions are set by their masses,
and more speci�cally the strength of the coupling is linearly proportional to the
fermion mass.

1.3 Supersymmetry

The SM provides an accurate description of the phenomenology of the particle
world at the energies currently investigated. However, the SM as it is now cannot
explain problems like the matter-antimatter asymmetry, the origin of dark matter
and dark energy, as well as the mass of the Higgs boson, which should diverge to
in�nity according to quantum �eld theory due to the vacuum radiative corrections to
its mass. Physicists, during the last half century, have come up with many di�erent
theories that attempt to overcome these problems, by extending the SM. One
example is Supersymmetry (SUSY). A supersymmetric version of the SM basically
means that the lagrangian is now not only gauge invariant under SM gauge group
GSM , but also supersymmetric invariant. SUSY needs to be renormalizable and
anomaly free, just like SM is. This extension of the SM is built by replacing every
standard model matter �eld by a chiral super�eld and every vector �eld by a vector
super�eld. Thus the existing particle spectrum of the SM is doubled. The particle
spectrum of SUSY and their transformation properties underGSM is reported in
Fig.1.2

The scalar partners of the quarks and leptons are typically named as `s'quarks
and `s'leptons and together are called sfermions. These are typically represented by
a � on their SM counterparts. The indexi stands for the generation index.

5



1.4. The MSSM Higgs boson

Figure 1.2: Particle Spectrum of SUSY.

In SUSY a vector super�eld has to be added that transforms as the adjoint
under the gauge group action. Each vector super�eld contains the gauge boson and
its corresponding super partner, called gaugino. Thus in SUSY there are the vector
super�elds reported in Fig. 1.3.

Figure 1.3: Vector super�elds of SUSY.

The G and ~G represent the gluonic �elds and their superpartners galled gluinos
(A runs from 1 to 8). The W are theSU(2)L gauge bosons and their superpartners
�Winos� (index I taking values from 1 to 3) and the B represent theU(1)Y gauge
boson and its superpartner �Bino�. Together are called �gauginos�.

At least two Higgs super�elds are required to complete the spectrum: one giving
masses to up-like quarks and the other giving masses to down-type and charged
leptons. These two Higgs super�elds have the transformation properties reported
in Fig. 1.4.

1.4 The MSSM Higgs boson

The Minimal Supersymmetric Standard Model (MSSM) is one of the most
studied model of SUSY. Such model is called �Minimal� indicating minimal choice
of article spectrum required to make it work[6]. The MSSM's Higgs sector consists
of two SU(2)L doublets, H1 and H2, whose relative contribution to electroweak
symmetry breaking (EWSB) is determined by the ratio of vacuum expectation
values (vevs) of their neutral components,tan� � v2=v1. At tree level, CP is
conserved in the Higgs sector of the MSSM, and the spectrum of physical Higgs

6



1. Theoretical introduction

Figure 1.4: The Higgs �eld has a fermionic partner, higgsino(represented with a� on
them), which contributes to the anomalies of the SM. At least two such �elds
with opposite hypercharges are required to cancel out the anomalies of the
SM.

bosons consists of two neutral CP-even scalars, of which we denote the lighter as
h and the heavier asH, one CP-odd scalar,A, and a charged-scalar pair,H � .
Supersymmetry (SUSY) imposes relations between the quartic Higgs couplings and
the gauge couplings, ensuring that the tree-level masses of all Higgs bosons can be
expressed in terms of the gauge-boson masses,MZ and MW , plus two additional
parameters which can be chosen as the CP-odd scalar mass,MA (or alternatively
the charged Higgs boson mass,MH � ), and tan� . In particular, the tree-level mass
of the lighter CP-even scalarh is bounded from above byMZ jcos2� j. However,
radiative corrections � especially those involving top and bottom quarks and their
scalar partners, the stops and the sbottoms � can signi�cantly alter the tree-level
predictions for the Higgs masses, allowing forM h ' 125 GeV but bringing along a
dependence on many free parameters of the MSSM. Moreover, for speci�c choices of
those parameters, radiative corrections to the mixing between the scalars can also
allow for scenarios in which the heavier mass eigenstate,H, is the one with MH '
125 GeV and roughly SM-like couplings. In the presence of complex parameters in
the MSSM Lagrangian, radiative corrections can break CP in the Higgs sector and
induce a mixing among the two CP-even scalars,h and H, and the CP-odd scalar,A,
such that beyond tree-level they combine into three neutral mass eigenstates which
we denote asha (with a = 1, 2, 3). The large number of free parameters complicates
the task of interpreting within the MSSM both the properties of the observed Higgs
boson and the results of the ongoing searches for additional, non-standard Higgs
bosons [7].

At the LHC center-of-mass energies, the main production mechanism for neutral
MSSM Higgs boson is the gluon fusion (GF). Here the Higgs is produced by a
virtual loop of top/bottom quarks. The other main mechanism is in association
with real b-quarks, so called b-associated (BA). Diagrams for this processes are
showed in Fig. 1.5.

The GF mechanism has more relevance for small to medium values oftan� ,
while at large values (tan� > 30) it is predicted that the Higgs coupling with
down-type fermions is enhanced. That leads the BA production mechanism to be
dominant under these conditions.

For the same reason, the coupling of the neutral Higgs boson to charged leptons

7



1.4. The MSSM Higgs boson

Figure 1.5: Leading order Feynman diagrams for the production of the MSSM Higgs
boson: gluon fusion production (left) and b-associated production (middle
and right).

is enhanced. Although the cross section times the branching ratio for the dimuon
�nal state is smaller of a factor 103 than the � + � � one, the � + � � �nal state is
fully reconstructed and the invariant mass can be measured taking advantage of
the excellent muon momentum resolution of the CMS detector. This makes the
dimuon �nal state an interesting probe for the MSSM.

The common experimental signature of the GF and BA processes is a pair
of muon with opposite charge and high transverse momentum (pT ), and a small
imbalance of the vectorial sum of the totalpT of the event. On top of that, the b
associated processes are distinguished by the presence of additional jets originating
from b quarks, while the events with only so calledlight jets (meaning jets originated
from lighter quarks or gluons) are sensitive to the GF production mechanism.

In the light of the latest LHC data on the discovered Higgs-like boson, and given
the fact that the MSSM contains many independent parameters which makes it a
di�cult task to perform a full scan, there have been many studies which lead to
several benchmarks that could �t the observed Higgs boson as well as be tested at
the future LHC with higher luminosity [8].

1.4.1 The mmod+
h Scenario

The mmod+
h scenario is a modi�cation of the time-honoredmmax

h scenario (also
called maximal mixing scenario), which was originally de�ned to give conservative
exclusion bounds ontan� in the context of Higgs boson searches at LEP. Themmax

h
scenario was introduced in order to maximize the value ofM h by incorporating large
radiative correction e�ects for a largeMA � MZ mass, �xed value oftan� < 8 and
large SUSY scale of the order 1 TeV. However, this scenario predictsM h to be much
higher than the observed Higgs boson mass, due to the large mixing in the scalar
top sector. Hence, the maximal mixing scenario has been modi�ed, by reducing
the amount of scalar top mixing, such that the mass of the lightest Higgs state,
M h, is compatible with the mass of the observed Higgs boson within� 3 GeV in a
large fraction of the considered parameter space. In fact, modi�cations of themmax

h
scenario can be done in two ways depending on the sign of(A t � � cot � )=MSUSY ,
leading to anmmod�

h and mmod+
h . It has been demonstrated that whenmmod+

h is
confronted with LHC data, there is a substantial region in the plane (MA , tan� )
with tan� > 7 for which the light CP-even Higgs mass is in a good agreement with
the measured one at the LHC, hence our choice of this scenario.
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1.4.2 The hMSSM Scenario

In the previous scenario, one need to inputtan� , MA and also the other SUSY
parameters to get the Higgs and SUSY (mass and coupling) spectrum. Taking into
account the theoretical uncertainty of the order 3 GeV on the Higgs mass, which
could originate from unknown high order loop e�ects, a light CP-even Higgs boson
with a mass in the range [122, 128] GeV would be an MSSM candidate for the
observed Higgs-like particle. However, plenty of points on the (MA , tan� ) plane
would correspond to one con�guration ofM h mass. To avoid this situation, the
hMSSM benchmark was introduced. In this scenario, the light CP-even Higgs
state is enforced to be 125 GeV while setting the SUSY mass scaleMSUSY to be
rather high (i.e., > 1 TeV) in order to explain the non-observation of any SUSY
particle at colliders. The hMSSM setup thus describes the MSSM Higgs sector
in terms of just MA and tan� , exactly like for tree-level predictions, given the
experimental knowledge ofMZ and M h. In this scenario, therefore, the dominant
radiative corrections would be �xed by the measured experimental value ofM h

which in turn �xes the SUSY scale. It de�nes a largely model-independent scenario,
because the predictions of the properties of the MSSM Higgs bosons do not depend
on the details of the SUSY sector, somewhat unlike the previous case, wherein
squark masses are �ne-tuned to obtainM h ' 125 GeV [8].

1.4.3 Model independent search

In the model-independent search no constraint is put neither on the cross section
of the signal nor on the width of the signal. We select a production mechanism
(e.g. b-associated or gluon fusion) and decay channel (�� ) and then the neutral �
boson is searched as a single resonance with massM � assuming a narrow width (i.e.
dominated by the experimental width). So, di�erently from the model-dependent
search in which limits in the (MA ; tan� ) plane are set assuming cross sections and
Branching Ratios (B.R.) foreseen by the MSSM model, in the model-independent
search we put a limit on the� x � B:R: (M � ! �� ).
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2

The Large Hadron Collider and the
CMS experiment

2.1 An introduction to the LHC

The Large Hadron Collider (LHC) is the biggest and most powerful particle
accelerator in the world. It is part of the CERN accelerator complex (see Figure 2.1)
in Geneva and consists of a circular27 km circumference ring designed to accelerate
protons and heavy ions, divided into eight independent sectors. In the accelerator,
the particles travel in two beams on opposite directions and in extreme vacuum
conditions (see Section 2.1.1). Their trajectory is well de�ned by superconductive
electromagnets (see Section 2.1.2), keeping them in their trajectory.
In Table 2.1 are reported some of the features of the LHC.

Figure 2.1: The accelerators chain at CERN.
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Table 2.1: Main technical parameters of LHC.

Quantity value

Circumference ( m) 26 659
Magnets working temperature ( K) 1:9
Number of magnets 9593
Number of principal dipoles 1232
Number of principal quadrupoles 392
Number of radio-frequency cavities per beam 16
Nominal energy, protons ( TeV) 6:5
Nominal energy, ions ( TeV=nucleon) 2:76
Magnetic �eld maximum intensity ( T) 8:33
Project luminosity ( cm� 2 s� 1) 2:06� 1034

Number of proton packages per beam 2808
Number of proton per package (outgoing) 1:1 � 1011

Minimum distance between packages ( m) � 7
Number of rotations per second 11 245
Number of collisions per crossing (nominal) � 20
Number of collisions per second ( millions) 600

2.1.1 The vacuum system

The LHC vacuum system [9] has a double purpose: the �rst is to make sure that
collisions between beam particles and air molecules inside the ducts are avoided,
creating an extreme vacuum condition (10� 13atm), as empty as interstellar space;
the other is to deny heat exchange between components that need extremely low
temperatures in order to perform properly and maximize the e�ciency.
The vacuum system is composed by three independent parts:

ˆ an isolated vacuum system for cryomagnets;

ˆ an isolated vacuum system for Helium distribution line;

ˆ a vacuum system for beams.

2.1.2 Electromagnets

The electromagnets [10] are designed to drive beams along the pipes, modifying single
particles trajectories as well as aligning them so to maximise collision probability.
More than �fty distinct kind of magnets compose the LHC, totalling approximately
9600 magnets. The main dipoles generate a magnetic �eld with a maximum intensity
of 8:3 T. In order to reach such intensities, a current of11 850 Ais required. To
minimize power dissipation, superconducting magnets are employed. A system
of liquid helium distribution allows to keep the magnets at a temperature of
approximately 1:9 K. At this incredibly low temperatures, below what required to
operate in conditions of superconductivity, helium becomes also super-�uid: this
translates in a high thermal conductivity, thus an e�cient refrigeration system for
the magnets.
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2.1.3 Radiofrequency cavities

Radiofrequency (RF) cavities [11] [12] [13] are metallic chambers where an electro-
magnetic �eld is applied. Their primary purpose is to divide protons in packages
and to focus them at the collision points, in order to guarantee an high luminosity
and thus a large number of collisions.
Particles passing through the cavity, feel the overall force due to electromagnetic
�elds and are pushed forward through the accelerator. In this scenario, the ideally
timed proton with exactly the right energy, will see zero accelerating voltage when
LHC is at nominal energy while protons with slightly di�erent energies will be
accelerated or decelerated ending up sorting particle beams into �bunches�. LHC
has eight RF cavities per beam, each of which provides2 MV at 400 MHz. The RF
cavities work at 4:5 K and are grouped into four cryomodules.
At regime conditions, each proton beam is divided into 2808 bunches, containing
about 1011 protons each. When far from the collision point, the bunches are a few
cm long and 1 mm wide, and are compressed down to16 nm near the latter. At
maximum luminosity, packages are divided in time by25 ns, resulting in about 600
million collisions/second.

2.2 The CMS experiment

CMS [14, 15] is a general-purpose detector at LHC. It is built around a huge
solenoid magnet with a cylindrical shape, able to reach a3:8 T magnetic �eld. Its
main characteristics are illustrated in Table 2.2.

The CMS main purpose is to explore thep-p physics at the TeV scale including
precision measurements of the Standard Model and search for New Physics (NP).
Its cylindrical design is built on multiple layers. Each one of them is dedicated to
the detection of a speci�c kind of particle.
The CMS collaboration consists in over 4000 particle physicists, engineers, computer
scientists, technicians and students from around 200 institutes and universities
coming from more than 40 countries. Figure 2.2 shows an image of the CMS
experiment.

Table 2.2: CMS detector speci�cations:

Dimensions length: 21 m, height: 15 m, width: 15 m
weight 12 500 tons
Design barrel plus end caps
Cost of materials 500 MCHF
Location Cessy, France

2.2.1 The CMS detector: concept and structure

Ahe CMS detector is composed by multiple layers, as showed in Figure 2.3.
Each of them is designed to trace and measure the physical properties of di�erent
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Figure 2.2: A view of the CMS experiment, with one of the endcaps removed.

kinds of subatomic particles. The entire structure is surrounded by a huge solenoid
based on superconductive technologies, operating at4:4 K that generates a3:8 T
magnetic �eld.
In CMS a right handed coordinate system is de�ned centred at the nominal collision
point: the x-axis points radially inward to the center of the accelerator ring, the
y-axis points upward and thez-axis is parallel to the beam1 pipe (in direction of the
Jura mountains). The polar angle� is measured from thez-axis using a0 � � � �
range, while the azimuthal angle� is measured in thex-y plane from thex-axis in
a 0 � � � 2� range. Thepseudorapidity� de�ned as:

� = � ln
�

tan
�
2

�

is usually preferred to the polar angle.

The �rst and inner layer of the CMS detector is called Tracker [15, pp. 26�89]:
it is made entirely of silicon and it is able to reconstruct the paths of high-energy
muons, electrons and hadrons as well as reconstruct secondary vertices from the
decay of very short-lived particles, All of that, with a resolution of10 nm.
The second layer consists of two calorimeters: the Electromagnetic Calorimeter
(ECAL) [15, pp. 90�121] and the Hadron Calorimeter (HCAL) [15, pp. 122�155]
arranged serially. The �rst one measures the energy deposited by photons and
electrons, while the HCAL measures the energy deposited by hadrons.
Unlike the Tracker, which scarcely interacts with passing particles, the calorimeters
are designed to absorb them.
Finally, after the superconducting magnet, a series of muon detectors [15, pp. 162�
246] are able to track muon particles, escaped from calorimeters. The lack of
energy and momentum from collisions is assigned to the electrically neutral and
weakly-interacting neutrinos.
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(a) Section view. (b) View along the plane perpendicular to beam
direction.

Figure 2.3: Compact Muon Solenoid.

Tracker

The Tracker is a crucial component in the CMS detector as it measures particles
momentum through their path: the greater the curvature radius across the magnetic
�eld the greater their momentum. As said previously, the Tracker can reconstruct
muons, electrons and hadrons tracks as well as the ones produced by short-lived
particles decay, like the quark beauty. It has a low degree of interference with
particles and it is highly resistant to radiations. Being located in the inner part of
the detector, it is highly irradiated.
This detector (Figure 2.4a) is entirely made of silicon: internally there are three
levels of pixel detectors, after that particles pass through 10 layer of strip detectors,
until a 130 cmradius from the beam pipe.
The pixel detector, Figure 2.4b, is constituted of about120millions of pixels, with
three levels of respectively4, 7 e 11 cmradius. The �ux of particles at this radius is
maximum: at 8 cm is about 106 particles=cm2 � s. Each level is divided into small
units containing a silicon sensor of150µm � 100µm. When a charged particle
passes through one of this units, the amount of energy emits an electron with the
consequent creation of an hole. This signal is than received by a chip which ampli�es
it. In the end, it is possible to reconstruct a 3-D image using bi-dimensional layers
for each level.
The power absorption must be kept at minimum, because each pixel absorbs about
50µW with an amount of power not irrelevant; for this reason pixels are installed
in low temperature pipes.
Strip detectors, instead, consist of ten layers. This section of the Tracker contains
10 million detector strips divided into 15 200modules, scanned by80 000chips.
Each module is made up of three elements: a set of sensors, a support structure
and the electronics necessary to acquire data. The sensors have a high response
and a good spatial resolution that allows to receive many particles in a restricted
space; they can detect electrical currents generated by interacting particles and send
collected data. Even this section of the detector is maintained at low temperature
(� 20� C), in order to �freeze� silicon structure damages from radiations and prevent
it from perpetuating.
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(a) Tracker layers from a point of
view perpendicular to beams.

(b) CMS Silicon pixel detector.

Figure 2.4: Graphical depiction of the CMS Tracker subdetector.

Calorimeters

In the CMS detector there are two types of calorimeters that measure the energy
of electrons, photons and hadrons.
Electrons and photons are stopped and detected by the electromagnetic calorimeter
(ECAL). The measurement is performed inside the strong magnetic �eld, with an
high level of radiation and in25 nsfrom one collision to another. Lead tungstate
crystal (PbWO4) is made primarily of metal and is heavier than stainless steel,
but with a touch of oxygen in this crystalline form it is highly transparent and
scintillates when electrons and photons pass through it, i.e. it produces light in
proportion to the particle's energy. These high-density crystals produce light in
fast, short and well-de�ned photon bursts that allow for a precise, fast and fairly
compact detector. Photodetectors designed to work within the high magnetic �eld
are glued onto the back of each of the crystals to detect the scintillation light and
convert it to an electrical signal that is ampli�ed and sent for analysis. The ECAL
is divided into a cylindrical body called �barrel� and the two ends called �endcaps�
(see Figure 2.5a) creating a layer between the Tracker and the other calorimeter.
Hadrons, instead, are detected by the hadron calorimeter (HCAL) speci�cally built
for measuring strong-interacting particles. The HCAL is made up with a series
of highly absorbent layers and each time a particle produced from various decays
crosses a layer, a blue-violet light is emitted. This light is than absorbed by optic
cables of about1 mm diameter, shifting wavelength into the green region of the
electromagnetic spectrum and �nally converted to digital data by photodetectors.
The optic sum of light produced along the path of the particle corresponds to a
measure of its own energy, and is performed by speci�cally designed photo-diodes.
The HCAL also provides tools for an indirect measurement of non-interacting
particles like neutrinos. During hadrons' decay, new particles can be produced
which may leave no sign in any detector at CMS. To avoid that, HCAL is hermetic
i.e. it captures each particle coming from the collision point. That allows the
detection of �invisible� particles, through the violation of momentum and energy
conservation.
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(a) ECAL layout showing crystal's modules. (b) A muon, in the plane
perpendicular to beams,
leaving a curve trajectory
into the four muon sta-
tions.

Figure 2.5: The Electromagnetic CALorimeter and the muons detectors.

Unlike ECAL, HCAL has two more sections called �forward sections�, located at the
ends of CMS. These are designed to detect particles moving with a low scattering
angle. These sections are built with di�erent materials, with the purpose of making
them more resistant to radiations since they receive much of the beam energy.

Muon detectors

The muon detectors of CMS are placed outside the solenoid since muons are
highly penetrant and most of them are not stopped by the previous calorimeters.
Their momentum is measured by recreating trajectories along four muons stations
interspersed with the iron of the ferromagnets return yoke, shown in red in Figure
2.5b, and then synchronizing data with those obtained from the Tracker. There are
1400muons chambers:250 �drift tubes� (DTs) and 540 �cathode strip chambers�
(CSCs) tracking particles and acting at the same time as a trigger, while610
�resistive plate chambers� (RPCs) form a further trigger system.

2.2.2 Muon trigger

At LHC proton bunches collide every25ns. At the design luminosity of
1034 cm� 2s� 1 the proton-proton interaction rate exceeds1GHz. Only a small
fraction of these collisions contain events of interest to the CMS physics program,
and moreover only a small fraction of those can be stored for later o�ine analysis.
This selection task is performed by the trigger system. The trigger system is
expected to be able to select only the interesting events for o�ine storage from the
bulk of the inelastic collision events.

The CMS trigger system is organized in two levels [16]: the �rst level, also
referred to as Level-1 (L1), is implemented in custom hardware and selects events
containing candidate objects; the second level is based on an array of commercially
available computers running high-level physics algorithms and it is called High-Level
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Trigger (HLT). The L1 trigger selection cuts allow to restrict the output event rate
down to 100KHz, the upper limit imposed by the CMS readout electronics. The
HLT, implemented in software, further re�nes the purity of the physics objects, and
selects an average rate of400Hz for o�ine storage.

The L1 trigger system is hardware-based and has a �xed latency. Within4 � s
of a collision, the system must decide if an event should be selected to undergo the
next selection steps or if it has to be rejected, using information from the calorimeter
and muon detectors. The trigger primitives (TP) from ECAL and HCAL and from
muon detectors are processed in several steps. The combined event information
is used by the Global Trigger (GT) to make the �nal decision. In the GT stage a
menu of triggers is available, i.e. a set of selection requirements applied to the �nal
list of objects. These selection requirements are tuned in order to meet the physics
data-taking goals.

The Level-1 muon trigger system

A local trigger system processes the information coming from DTs, CSCs and
RPCs to build full muon tracks in each system. The information is then combined
at the Global Muon Trigger (GMT) stage, where �nal muon trigger candidates are
provided for the HLT �nal step.

Local trigger track segments are formed within DT and CSC and then transmit-
ted to respective track �nders.

In the DT case, the reconstruction of track segments is performed by electronics
installed on the detector. The DT Track Finder (DTTF) reconstructs the muon
track candidates and assigns a transverse momentum value to the track candidates.
The track reconstruction process exploits both information on segment parameters,
e.g. position and bending angle, and reconstruction quality parameters, such as
the number of DT layers used to build a track segment. The reconstructed local
segments are then stored for each DT sector.

In the CSC case, segments are built separately from the cathode and anode
hits of a detector. Because of the CSC structure, cathode-based local segments
provide information on the azimuthal position, while anode-based segments provide
information on the radial distance from the beam line and precise timing information.
These segments are then correlated if both of them exist in the same chamber. The
reconstructed local segments are then stored and �nally transmitted via optical
�ber to the CSC track �nder.

The hits from the RPC chambers are used directly for muon trigger candidate
recognition. The RPC trigger is based on the spatial and temporal coincidence of
hits in di�erent layers. The trigger logic compares the pattern of signals from all
RPC chamber layers to prede�ned hit patterns in order to �nd muon candidates.
After this procedure the muon candidate is provided with an estimate of thepT ,
charge,� , and � .

Muon candidates built by the track �nder systems from DTs and CSCs and from
the RPC trigger system are sent to the GMT. Synchronization, merging, duplicate
canceling andpT assignment of the muon candidates are the main tasks performed
by the GMT, as well as sorting muon candidates according to a programmable rank
and quality assignment to outgoing candidates. Candidates with the highest rank
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are �nally sent to the global CMS trigger.

High Level Trigger

The event selection at the HLT stage is based on software algorithms mirroring
the o�ine ones, although less sophisticated to match the time and CPU constraint of
the trigger selection. For each event, information coming from all CMS subdetectors
is exploited in order to establish if the event must be rejected or kept for further
analysis. The algorithm for the muon identi�cation and the determination of
its transverse momentum is composed of two main steps: Level-2 (L2), which
uses information from the muon system only, and Level-3 (L3), which adds the
information from the inner tracker.

At the L2 stage, muon tracks are reconstructed in the muon spectrometer. The
reconstruction starts from seeds built from patterns of DT and CSC segments and
con�rmed by the L1 decision. Once seeds are determined, tracks are then built
using a Kalman �lter technique. The set of all reconstructed tracks is then checked
to remove all possible duplicates of the same muon candidate. This operation looks
for the presence of shared hits in di�erent muon track candidates. The interaction
point position is used in order to constrain the track parameters and to improve
the transverse momentum. The number of successfully reconstructed muons and
their transverse momentum are then used to �lter the event.

The L3 muon trigger consists of three main steps: seeding, track reconstruction
in the tracker and a �nal combined �t in both tracker and muon system. The
seeding operation starts from the L2 information. Three di�erent algorithms are
available for the seeding task. In order to reduce the CPU time the faster algorithm
of the three is executed �rst. Slower algorithms are only called if the faster ones
fail to reconstruct a L3 muon.

The second step of the L3 is accomplished using a Kalman �lter technique
starting from seeds obtained in the previous step. Final combined track �t is
performed by a comparison of the reconstructed track in the tracker and the L2
muon track propagated to a common surface. Several parameters are used in order
to evaluate the compatibility of the two tracks, such as their separation, directions
or relative goodness-of-�t� 2. The number of successfully reconstructed L3 muons
and their transverse momentum is then used to �lter the event.

Each set of algorithmic processes, as well as their speci�c execution order, that
is used both to reconstruct the muon and to select the event constitutes what is
called anHLT path.
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Event reconstruction in CMS

The reconstruction ofphysics objects(electrons, muons, photons, charged and
neutral hadrons, etc.) is based on correlating signals coming from the various
subdetectors. In CMS this task is performed by the so-called Particle Flow (PF)
algorithm [17]. A particle traveling through the detector is expected to produce
signals in the various CMS subdetectors. These could give a track generated by
a charged particle, energy clusters in the calorimeters and/or a muon track. The
algorithm can test the association between any pair of such elements in the event.
The computing time of the algorithm is proportional to the square of the number
of particles, so the linking procedure is restricted to the nearest neighbors in the
(�; � ) plane. The algorithm eventually provides a distance between each linked
element that can be used in order to quantify the quality of the association. APF
block is typically formed by a maximum of three elements linked together directly
or indirectly, and it constitutes the input of the identi�cation algorithm.

3.1 Track reconstruction

Track reconstruction in the inner tracker starts from the reconstructed hits.
Multiple iterations of the combinatorial Kalman �lter algorithm [18] are used. The
basic idea of iterative tracking is that the initial iterations search for tracks that are
easiest to �nd (e. g. of relatively largepT and produced near the interaction region).
After each iteration, hits associated with tracks are removed, hence reducing the
combinatorial complexity, and simplifying subsequent iterations for more di�cult
classes of tracks (e. g. low-pT , or displaced tracks).

Each tracking iteration consists of into four steps: seed generation, pattern
recognition, ambiguity resolution and �nal track �t.

The seeds de�ne the starting trajectory parameters and associated uncertainties
of potential tracks. In the quasi-uniform magnetic �eld of the tracker, charged
particles follow helical paths and therefore �ve parameters are needed to de�ne a
trajectory. Extraction of these �ve parameters requires either three 3-D hits, or two
3-D hits and a constraint on the origin of the trajectory based on the assumption
that the particle originated near the beam spot. The seeds are constructed in the
inner part of the tracker and the track candidates are built outwards.

Starting form a coarse estimate of the track parameters provided by the seed, at
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each iteration the track parameters are updated combining the extrapolated track
state to the next layer and the actual recorded hit. Several hits on the new layer
may be compatible with the track, so a number of new trajectories are created and
propagated. The maximum number of propagated tracks is a tunable parameter of
the algorithm that allows to control the computing time.

Ambiguities in track �nding arise because a given track may be reconstructed
from di�erent seeds, or because a given seed may result in more than one trajectory
candidate. These ambiguities must be resolved in order to avoid double counting of
tracks. The ambiguity resolution is based on the fraction of hits which are shared
between two trajectories. If this fraction exceeds a value of0:5 the track with the
least number of hits is discarded. If the number of hits is the same, the track with
the highest � 2 value is discarded.

For each trajectory, the building stage results in a collection of hits and in an
estimate of the track parameters. In the �nal stage, the trajectory is re�tted using
a least square approach, implemented as a combination of a standard Kalman �lter
and smoother.

The CMS tracking code is continuously evolving to make its computing load
compatible with the increasing instantaneous luminosity of LHC, resulting in an
increasing number of primary vertices and tracks per bunch crossing. Considering
the proton-proton inelastic cross section to be� pp

inel = 69:2 mb, the mean number of
interactions per bunch crossing was 23 for the 2016 data taking period, and 32 for
the 2017 and 2018 data taking periods. The number of overlapping proton-proton
collisions per bunch crossing is usually referred to aspile-up.

3.2 Primary vertex reconstruction

The goal of primary vertex reconstruction is to measure the location, and the
associated uncertainty, of proton-proton interaction vertices in each event using the
available reconstructed tracks. It consists of three steps:

ˆ selection of the tracks;

ˆ clustering of the tracks that appear to originate from the same interaction
vertex;

ˆ �tting for the position of each vertex using its associated tracks.

The selection involves choosing tracks consistent with being produced promptly
in the primary interaction region. This is done by imposing requirements on the
maximum value of signi�cance of the impact parameter relative to the center of
the beam spot, the number of strip and pixel hits associated with a track and the
normalized� 2 from a �t to the trajectory.

The selected tracks are then clustered on the basis of theirz-coordinates at their
point of closest approach to the center of the beam spot. The clustering algorithm
must balance the e�ciency for resolving nearby vertices in cases of high pileup
against the possibility of accidentally splitting a single interaction into more than
one cluster of tracks.
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After identifying the candidate vertices based on the clustering algorithm, only
candidates containing at least two tracks are �tted using anadaptive vertex �tter
to compute the best estimate of the vertex parameters: thex, y and z position and
covariance matrix, as well as the indicators for the success of the �t, such as the
number of degrees of freedom for the vertex, and weights of the tracks used in the
vertex.

In the adaptive vertex �t, each track in the vertex is assigned a weight between
0 and 1, which re�ects the likelihood that it genuinely belongs to the vertex. Tracks
that are consistent with the position of the reconstructed vertex have a weight close
to 1, whereas tracks that lie more than a few standard deviations from the vertex
have small weights. The number of degrees of freedom in the �t is de�ned as

ndof = � 3 + 2
N tracksX

i =1

wi , (3.1)

wherewi is the weight of thei th track, and the sum runs over all tracks associated
with the vertex. The number of degrees of freedom can be used to select true
proton-proton interactions.

3.3 Muon reconstruction

The muon reconstruction starts from the so-called �local reconstruction�. At
this level the information from only a single muon chamber (DT, RPC or RPC) is
used to determine the passage of the muon through the chambers [19]. The electric
signal produced in a wire or strip is read out by front-end electronics. Each signal
is associated with a position in space-time and it is usually referred to as �hit�.
In a DT, the position of the crossing particle in the wire plane is determined by
measuring the particle arrival time using a Time-to-Digital Converter (TDC). The
position x of the particle with respect to the wire can be computed as:

x = ( tT DC � tped) � v, (3.2)

where tT DC is the arrival time registered by the TDC, tped is the time pedestal
correction andv is the drift velocity. The main contributions to tped are:

ˆ the time of �ight needed for the muon to reach the chamber;

ˆ the propagation time of the signal along the anode wire;

ˆ Level-1 trigger latency.

The electric �eld in a DT cell is designed in such a way that the drift velocity can
be considered constant along the drift path.

A hit in a CSC chamber is reconstructed by a combination of the position of
the signal from cathode strips and anode wires. Anode wires in a CSC are bundled
forming a wire group of1-2 cm width. This results in a less precise measurement in
the radial direction. The measured time in a CSC is calibrated such that hits from
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muons produced promptly in the triggering bunch crossing have a time distribution
centered at zero.

From the reconstructed hits, straight-line track segments are built within each
CSC or DT chamber.

Standalone muon tracksare built by reconstructing muon trajectories, from DT
and CSC segments and from RPC hits, using a Kalman-�lter technique. Segment
groups coming from DT and CSC are used for the seeding procedure of the algorithm.
To improve the momentum resolution, a beam-spot constraint can be applied in
the �t.

Tracker muon tracks are built by propagating the track reconstructed in the
inner tracker to the muon system. Each track with transverse momentumpT >
0:5GeV and a total momentum ofp > 2:5GeV is extrapolated to the muon system.
The track-to-segment matching is evaluated by measuring the distance of the
extrapolated track and the segment in a local(x; y) coordinate system. The
extrapolated track and the segment are matched either if the absolute value of the
di�erence between their position in thex coordinate is smaller than3cm, or if
the ratio of this distance to its uncertainty is smaller than 4. A track built in the
tracker can be quali�ed as a tracker muon track if at least one matching segment is
found.

Global muon tracksare built by performing a matching between the standalone
and the tracker tracks. The matching is performed by a comparison of the track
parameters of the tracks propagated onto a common surface. Also in this case,
the track �tting procedure is based on a Kalman �lter technique that exploits the
information both from tracker and standalone tracks.

3.3.1 Muon identi�cation

Reconstructed muons are given in input to the PF algorithm. For muons, a set of
selection criteria are applied to reconstructed candidates with a standalone, global
or tracker associated track. The selection cuts rely both on quality parameters of
the reconstructed track and on information from the other subdetectors. These
criteria were de�ned in order to allow the analyses to tune the muon selection to
reach the desired balance between e�ciency and purity. Variables coming from
the �tting procedure, such as� 2, the number of hits per track, or the degree of
tracker-standalone track matching, are used as selection criteria. The muon segment
compatibility is computed by propagating the tracker track to the muon system, and
evaluating both the number of matched segments in all stations and the closeness
of the matching in position and direction. Other used variables exploit features
not coming from the track parameters, such as the compatibility with the primary
vertex. Di�erent sets of cuts correspond to di�erent identi�cation types, often
referred to as �muon ID�. The one used in this analysis is theTight muon ID. It
aims to suppress muons from hadronic punch-through, muons from decays in �ight
and cosmic muons. Tight muon ID selects PF muons which are both tracker and
global muons. The inner track must have hits on at least six layers, including at
least one pixel hit. The tracker muon must have matched segments in at least two
muon stations. The global muon �t must have� 2=dof < 10 and include at least
one hit from the muon system. Furthermore, a tight muon must be compatible

24



3. Event reconstruction in CMS

with the primary vertex, so additional requirements on the impact parameter are
set: the distance from the primary vertex must be less than2mm on the xy plane
and smaller than5mm alongz.

3.3.2 Muon isolation

To distinguish between prompt muons and those coming from the weak decay
of light or heavy quarks, the isolation of a muon is evaluated relative to itspT

summing up the energy in geometrical cones,� R =
p

(� � )2 + (� � )2, surrounding
the muon. Di�erent de�nitions of isolation are possible.

The PF relative isolation (I P F ) is based on objects reconstructed by the PF
algorithm. It is de�ned as the sum of the transverse energy of all charged hadrons,
neutral hadrons and photons contained in a cone around the muon direction and
divided by the muon pT . The cone width � R =

p
� � 2 + � � 2 is set to 0:4. A

correction is applied in order to take into account for the pile up energy from photon
and neutral hadron. A �loose� working point is used corresponding toI P F < 0:25.

3.4 Electron, hadrons and photons

Electron reconstruction is based on combined information from the inner tracker
and the calorimeters. Due to the large amount of material in the tracker, electrons
often emit bremsstrahlung photons and photons often convert toe+ e� pairs. For
this reason, the basic properties and the technical issues to be solved for tracking
and the energy deposition patterns of electrons and photons are similar. Isolated
photon reconstruction is therefore conducted together with electron reconstruction.

Once muons, electrons, and isolated photons are identi�ed and removed from the
PF blocks, the remaining particles to be identi�ed are hadrons from jet fragmentation
and hadronization. These particles may be detected as charged hadrons (� � , K � , or
protons), neutral hadrons (e. g.K 0

L ), non-isolated photons (e. g. from� 0 decays),
and more rarely additional muons (e. g. from early decays of charged hadrons).

3.5 Jets

Jets can be reconstructed in two di�erent ways: using the standard jet re-
construction algorithm, which employs the sum of the energies deposited in the
calorimeters (Calo jets), or by clustering particles reconstructed by the PF algorithm
(PF jets).

In sequential clustering algorithms, such as the anti-kT algorithm [20], the
distance between entities (particles, pseudojets) and the entity-beam distance are
de�ned and computed. If the distance between two entities is found to be the
smallest then the two entities are combined into a single object whose momentum
is the vector sum of the two entities momenta. If instead the smallest distance is
the one between an entity and the beam, then one removes the entity from the list
of particles/pseudojets and declares it to be a jet. The procedure is then repeated
until no entries are left.
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3.6 Missing transverse energy

Neutral weakly interacting particles, such as neutrinos, escape from the detector
without producing any signal. The presence of such particles must be inferred from
the imbalance of the total momentum. The vector momentum imbalance in the
plane perpendicular to the beam axis is called missing transverse momentum and
it is de�ned as the negative of the vector sum of the transverse momenta of all
�nal-state particles reconstructed in the detector:

~E miss
T = �

X
~pT . (3.3)

The magnitude of the missing transverse momentum is called missing transverse
energy, and is denotedE miss

T .
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4

Machine Learning in High Energy
Physics

4.1 Brief introduction to Machine Learning

The expressionmachine learningwas coined in 1959 by Arthur Samuel [21] and,
since the ending of the last century, Machine Learning (ML) has become one of
the pillars of information technology and ubiquitous used in daily technologies. A
Google search or a video on YouTube or Net�ix are information that a complex
structure of learning algorithms records in order to build a customised environment.
Spam �lters are another example of application of ML algorithms. An increasing
improvement of pattern recognition techniques allows not only social networks
(Facebook, Instagram etc...) to identify di�erent people in photos, but also to create
3D images of human tissues and organs for medical purposes.
The advent of �Big Data�, that is data not only big in size but also in variety,
velocity, veracity, etc., has led to the blossom of learning algorithms in many �elds.
That is to be combined with a technological progress in storage and computational
power (CPUs and GPUs), together with lower maintenance and material costs.

Among all types of ML, three main categories can be distinguished:supervised
learning, unsupervisedlearning andreinforcement learning. Since only the �rst one
of this categories is useful for the purposes of this work, we will go on describing
just that one.

4.1.1 Supervised Learning

In this speci�c type of learning algorithms the machine extrapolates a pattern
from labelled data. In other words, along with the inputfeatures also a target
variable is provided containing the label of the input data.
Using this particular approach, a model istrained on a prede�ned set oftraining
examples, which allows future predictions using new and unseen data.
Suppose we have a set of known inputs (also calledfeatures) x i each with a certain
weight wi . In order to infer a quantity y, we de�ne a predictor y0 = h(x i ) de�ned
as:

y0 = b+ wi � x i
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with bas a given bias. Training a model simply means adjusting the weights and the
bias from labelled examples. The idea is that through some iterations, the model
attempts to assign a category to the input it receives and then, after comparing
its prediction to the actual label, calibrates its own weights correspondingly to the
mistake it has done.
The loss is a number indicating how far the model prediction was from the label.
In Figure 4.1, two di�erent models are shown: Figure 4.1a shows a model with high
loss and Figure 4.1b one with low loss. The arrows are a visualisation of the com-
puted loss: the right model show a lower loss and thus a better prediction capability.

(a) Model example with high loss. (b) Model example with low loss.

Figure 4.1: Di�erent models for a supervised Machine Learning algorithm. In the left
model, an high loss is obtained while in the right model, a lower loss is
achieved. Red arrows represent loss while the blue line represents predictions.

The squared loss , an example of loss function, is de�ned as follows:

(observation� prediction(x))2 = ( y � y0)2

An example is themean square error(MSE): the averaged squared loss per example
over the whole dataset. To calculate the MSE, all the squared losses for individual
examples are summed up and then divided by the number of examples used in the
training:

MSE =
1
N

X

(x;y )2 D

(y � prediction(x))2

where:

ˆ (x; y) represents an example in which:

� x is the set of features that the model uses to make predictions.

� y is the example's label (the quantity to predict).

ˆ prediction(x) is a function of the weights and bias in combination with the
set of featuresx.

ˆ D is a dataset containing many labelled examples, which are(x; y) pairs.
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Mean squared error is not the only metric used in Machine Learning, but it is
commonly-used especially in regression problems. For instance, themean absolute
error (MAE) is another loss function de�ned as follows:

MAE =
1
N

X

(x;y )2 D

jy � prediction(x)j

4.1.2 Training a ML model

The model takes one or more features as input and return one prediction (y') as
output. Initially, all the weights are randomly set. After each iteration, the value
of the weights are modi�ed taking into account the computed loss. This is the
learning procedure and it continues until the algorithm discovers values of weights
with the lowest loss: that is convergence of the model.
Calculating the loss function for every value ofwi is an ine�cient way of �nding the
convergence point. One common approach to this problem is calledgradient descent.
After choosing a starting value for the weights, typically random and non-zero, the
gradient descent algorithm computes the gradient of the loss curve at the starting
point. Mathematically speaking, a vector of partial derivatives with respect to the
weights, is computed and in case of a negative gradient, the algorithm performs the
next step (shown in Figure 4.2), thus approaching the minimum.
The gradient descent algorithm multiply the gradient by a scalar value known as
learning rate (or step size: one of the model'shyperparameters) to determine the
next point. Tuning the learning rate is not trivial: if a learning rate too small is
selected, the learning procedure will take too long; conversely, if it is too large, the
next point will exceed the minimum weight value and the correct value will never
be reached.
When large volumes of data come into play, other parameters in the gradient
descent strategy become very relevant for a fast convergence of the minimisation
algorithm towards �nding the global minimum, e.g. the gradient descentbatch size:
it corresponds to the number of examples you use to calculate the gradient in a
single iteration. By default, the batch matches the entire dataset. However, it is
not rare for datasets to contain millions and millions of examples as well as a huge
number of features. That may a�ect the computation so, in order to avoid such
problems, smaller batch sizes might be better: in thestochastic gradient descent
(SGD), for instance, the batch size is brought to one single example per iteration.
Given enough iterations, SGD works but the training phase is very noisy in terms
of loss function.
A trade-o� in this sense is the so called mini-batch GD, in which the original
training set is divided into smaller batches: these are chosen at random and allow
the parallelization of the entire process, which might be extremely useful in case
of heterogeneous hardware devices available for training, providing GD algorithm
convergence more e�ciently.

29



4.1. Brief introduction to Machine Learning

Figure 4.2: Schematic representation of the gradient descent mechanism [22].

Figure 4.3: Example model that over�ts data. In black a model for the data classi�cation
is shown. In green an over�tted model is shown.

4.1.3 The problem of Over�tting

A common problem with Machine Learning isover�tting . That might occur
when a model is trained for too many iterations on a dataset: this will cause the
loss computed on the data used for the training to fall very closely to zero, while
the loss computed on never seen data to skyrocket, i.e. a lack of generalization
capability. As an example in Fig. 4.3, decision boundary for the red vs. blue data
points are set by two di�erent models: the black line and the green line. The �rst
model is quite simple (despite some misclassi�cations) and works quite well for new
untrained data. However, during the training, the lowest loss possible might be
computed using a complex cut, as shown in the green line. In that case the ability
of such model to predict data with an entire new dataset decreases and predictions
are no longer reliable.
In conclusion, a model should be trained taking in to account the balance between
over�tting (inducing lack of generalization) and under�tting (possible symptom of
lack of optimization).
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4.1.4 Data Splitting techniques

A Machine Learning model aims to make good predictions on new, previously
unseen data. To make sure that tests can be done on data not used in the training,
there are di�erent techniques:

1. Split into a Training and Test Set;

2. k-fold Cross-Validation;

3. Leave One Out Cross-Validation;

4. Repeated Random Test-Train Splits.

Since only splitting data in to Training and Test set will be used in this work, we
will not discuss the other techniques any further.

4.1.5 Training, Validation and Test split

The technique consist in splitting the available data in a training set, validation
and a test set. The �rst one will be used to perform all the training and tuning
on the model and will be constantly checked with the validation test (not used in
the training), while the test set will be left untouched. When the model has been
�nally trained to his �best� it can be �nally evaluated on a dataset (the test set) it
has never seen before. This algorithm evaluation technique is very fast. It has the
following pros and cons:

ˆ Pros: It is ideal for large datasets (hundreds of thousands of records). Splitting
a large dataset into large sub-datasets allows that, �rst, each split of the
data is not too tiny, and second, both are representative of the underlying
problem. Because of the high speed, it is useful to use this approach when
the algorithm you are investigating is slow to train.

ˆ Cons: A downside of this technique is that it can have a high variance. This
means that di�erences in the training and test dataset can result in meaningful
di�erences in the estimate of accuracy. Furthermore, in order for this split to
work, the test set has to be representative of the dataset as a whole, i.e. the
test set should not have di�erent characteristics than the training test.

In Figure 4.4, the model learned from the training data is quite simple. This model
is not perfect, since a few predictions are wrong. However, this model does about as
well on the test data as it does on the training data. In a way, using this particular
model, over�tting does not occur.

4.1.6 ML model validation

After training and checking the model on train and validation set respectively,
the best model is evaluated on the test set. In Figure 4.5, an example of work�ow
is shown: the training set is �rstly checked by the validation set, which provides
the model's optimal parameters for another cycle of training; then, the best model
is tested again using the testing subset to obtain a reliable model.
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