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Abstract

This Thesis presents the analysis strategies and outcomes of a search looking for long-
lived Heavy Neutral Leptons (HNLs) in proton-proton collision data corresponding to
137fb~! integrated luminosity, collected by the CMS experiment at the Large Hadron
Collider with /s = 13 TeV. The HNL particles are searched for via charged-current
production and semi-leptonic decay mode into a lepton and jet that can be displaced
from the primary collision point. A fine-grained event categorisation scheme ensures
enhanced sensitivity to a number of HNL benchmark models including both Dirac-
and Majorana-type particles. The search employs a novel deep neural network-based
displaced jet tagger and a complementary event-level boosted decision tree algorithm
with the aim of separating HNL signal events from Standard Model (SM) background
processes. The blinded analysis uses a data-driven background estimation method to
evaluate the expected yields, the method being validated in two control regions. After
unblinding, no excess of events was found and upper limits on the HNL production
cross-section were set for a broad range of HNL mass, lifetime and coupling scenarios,
including universal mixing with all SM lepton generations. A particular focus of this
Thesis was the evaluation of displaced lepton reconstruction and identification of
scale factors, which were found to be one of the dominant systematic uncertainties
associated with the signal interpretation. The results presented in this Thesis are
competitive with previously published similar searches in high energy physics and
are the first in the CMS collaboration to consider arbitrary coupling combinations

involving all three SM lepton generations.
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Chapter 1

Introduction

The Standard Model (SM) of particle physics is the most comprehensive theory that
describes mathematically the nature and interactions of fundamental particles and
forces governing all visible matter in the Universe. The SM has been extensively
tested experimentally and is known as one of the most successful scientific theories
of the twentieth century. Nevertheless, the SM is not the ultimate theory of Nature,
as it lacks a description of or justifying some empirical observations made about
the Universe. For instance, it only includes three fundamental forces that typically
manifest at the quantum level, while it fails to describe the gravitational force
that governs matter at macroscopic levels. In addition, the SM does not give any
explanation for the existence or nature of Dark Matter, despite numerous empirical
observations of its effect in the cosmos. Moreover, the Universe mainly consists
of matter particles, while predictions of the early Universe postulate that equal
amounts of matter and antimatter were produced after the Big Bang. The SM
gives no explanation for the extent of matter-antimatter asymmetry observed in the

current-day Universe.

Experimental tests conducted in the field of high energy physics (HEP) reach an
impressive TeV energy scale. Large-scale accelerator complexes, such as the Large
Hadron Collider (LHC), located at the European Organisation for Nuclear Research
(CERN), achieve the highest particle collision energies mankind has ever produced
in a controlled laboratory environment. However, these energy scales are still about
fifteen orders of magnitude away from the Planck scale, beyond which the laws
of physics are expected to break down and quantum gravity effects are expected
to dominate. Therefore, the SM might be an effective theory of an even more

fundamental theory governing higher energy physics processes.

The SM assumes that neutrinos are massless elementary particles governed by the



weak force. The observation of neutrino oscillations, and the mixing between several
neutrino flavours in flight, established that at least two of the SM neutrinos have
mass. The evidence for non-zero neutrino masses is arguably the first indication for
physics beyond the Standard Model (BSM). The extraordinarily small magnitude
of neutrino masses questions our understanding of mass generation for elementary
particles, and may be an indication of a different origin for neutrino masses, beyond

the Dirac mass model.

Currently, the leading theoretical candidate to explain neutrino masses is the so-called
Seesaw mechanism [1-5]: the smallness of the observed neutrino masses is due to
the existence of a new heavy stable particle called the heavy neutral lepton (HNL).
Such hypothetical particles are singlets under each gauge group of the SM, therefore
they cannot interact with SM particles through electroweak or strong interactions.
Hence, they are said to be sterile. However, they can be produced through other
mechanisms, such as mixing with SM neutrinos. According to the Seesaw mechanism,

HNLs would give rise to gauge-invariant mass terms for the SM neutrinos.

The goal of this Thesis is to present an overview of the experimental and statistical
methodologies employed to search for long-lived HNLs with the CMS experiment,
as well as the results of the data analysis process. Previous analyses [6-8] in HEP
typically focused on searching for HNLs with relatively high masses (O(100 GeV) -
O(1TeV)), leaving prompt signatures in the detectors. Since no evidence was found
for HNLs in that mass range, the interest of researchers slowly shifted towards long-
lived particles leaving signatures that are displaced from the primary proton-proton
interaction point. The search presented in this Thesis investigates HNL models with
relatively lighter masses of 1-24 GeV, therefore having longer lifetimes. Due to their
long lifetimes, the HNL models studied in this Thesis result in displaced signals in
the CMS detector. The experimental signatures investigated in this search are the
presence of a prompt, well-isolated lepton, which the events are triggered on, as
well as a displaced lepton associated with a displaced jet, resulting from the decay
of the long-lived HNL. Long-lived signatures come with their own challenges, as
general-purpose experiments, such as CMS experiment at CERN, were originally
designed to capture prompt physics kinematics. The main challenges of capturing
displaced signatures include the difficulty of designing triggers, reconstruction and
identification algorithms, as well as controlling SM background processes leaving

similar signatures in the detector.

Machine learning (ML) has become increasingly popular in HEP in the past few
decades, this research field being one of the first to apply such techniques at various

stages in data analyses searching for new particles or performing precision measure-



ments. ML algorithms proved rather promising in searches for long-lived particles
leaving displaced signatures in detectors, typical for BSM physics. Identification of
particle jets by their flavour origin (tagging) is of particular importance to many
searches for BSM physics. A novel deep neural network (DNN)-based jet tagger
was successfully developed by the CMS Collaboration with the aim of conducting
searches for long-lived BSM particles [9]. Consequently, the new displaced jet tagger
was applied in the search for long-lived HNL particles in proton-proton (p-p) collision
data collected with the CMS experiment between 2016-2018 described in this Thesis,
consisting of an integrated luminosity of 137.19 fb~!. Furthermore, a complementary
boosted decision tree (BDT) event classifier was added to the analysis with the
aim of separating HNL signal events from background, which was designed to be

complementary to the displaced jet tagger algorithm.

The Thesis follows the structure listed below. Chapter 2 gives a thorough introduction
to the theoretical foundations of the SM, as well as its shortcomings and proposed
extensions, including the justification for the Seesaw mechanism and the potential

existence of HNLs.

Chapter 3 presents the experimental setup of the LHC and the CMS experiment,
summarising their technical working principles and structure of subdetectors. In
addition, a brief introduction is provided to the trigger system employed during data
collection, as well as its upgrade for the High-Luminosity LHC (HL-LHC). Chapter 4
provides an overview of the physics object and event reconstruction algorithms
employed to process raw signals collected by the CMS detector into complex p-p

collision event structures.

Chapter 5 describes the main statistical analysis techniques and methodologies
employed throughout the search for long-lived HNLs, including Monte Carlo (MC)
simulations of HNL signal and SM background processes; introduction to the concepts
of the two ML algorithms used in the analysis process: BDTs and deep neural
networks and statistical methods employed for uncertainty calculations and inference

on hypothesis testing via likelihood methods and upper limit (UL) setting.

Chapter 6 describes the efforts of the Phase-2 upgrade process of the CMS Level-1
trigger (L1T) system for the HL-LHC. The HL-LHC will pose a particular challenge
to the trigger system as the number of simultaneous interactions in p-p collision
events will increase by an order of magnitude. To mitigate the increased level of
pile-up (PU) events, information from the CMS detector’s tracking system will be
included in the L1T. Therefore, an end-to-end neural network was proposed to
reconstruct the primary vertices (PVs) in p-p collision events, as well as correctly

associate particle tracks with them.



Chapter 7 introduces the search for long-lived HNLs decaying semi-leptonically into
a displaced jet and lepton. Besides adopting the new DNN displaced jet tagger,
a novel aspect of the search is that it considers simultaneous couplings of HNL
particles to all three generations of SM leptons. Chapter 8 explains the design
process of the event-level binary classifier aiming to distinguish HNL signal events
from SM background, using a BDT algorithm. Chapter 9 presents the evaluation
of the efficiencies and scale factors applied in displaced lepton identification and
reconstruction, as well as the treatment of other systematic uncertainties considered
in the analysis. Finally, Chapter 10 presents the data-driven background estimation
approach employed in predicting the yield of HNL signal and SM background events
in the blinded signal region of the search. Comparing the expected results to those

observed in data, ULs are set for a range of HNL benchmark scenarios.






Chapter 2

Theoretical background

2.1 The Standard Model of Particle Physics

Particle physics is the discipline of physics that studies elementary particles, as well as
their mutual interactions through forces, aiming to understand the fundamental laws
of nature. These fundamental particles constitute the building blocks of the Universe,
currently known to be indivisible, with no internal structure. The mathematical
formalism describing the laws governing these elementary particles and the associated
fundamental forces is called the Standard Model of particle physics. A brief overview
of this theory is presented in the following sections, based on Refs. [10-13]. Natural
units are used throughout this chapter and electric charges are given in units of the

electron’s charge.

2.1.1 Overview

The SM is the currently best-known and extensively tested theory that unifies three
of the fundamental forces that govern elementary particle interactions: the electro-
magnetic, the strong and the weak forces, each being represented in fundamental
interactions through an exchange of their corresponding mediator particle, called a
gauge boson. These force carrier particles are the excitations of quantum fields acting
on fundamental particles at interaction points. The mechanism of each fundamental
interaction is described through the symmetry group of a quantum field theory (QFT):
electromagnetic (EM) interactions are described by the theory of quantum electro-
dynamics (QED); strong interactions are described by quantum chromodynamics
(QCD) and weak interactions are described through quantum flavourdynamics. The

unification of the electromagnetic force with the weak force results in the electroweak

7
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theory (EW) described by the unified Glashow-Salam-Weinberg (GSW) model [14-16].
Spontaneous electroweak symmetry breaking (EWSB) gives rise to the masses of
fundamental particles through the Higgs mechanism [17, 18]. The mediator particle
of the Higgs field is the Higgs boson, a prediction of the SM that was the final missing
piece to validate the SM theory. Its discovery by the ATLAS and CMS Collaborations
in 2012, resulted in the success of endorsing the SM as the fundamental theory of

elementary particles and forces [19, 20].

These attractive forces, with different scales of strength, mainly govern at the quantum
level of nature, while being negligible at macro-scales. The fourth fundamental force
of Nature, gravity, however, has a negligibly weak effect at subatomic levels, whereas
it becomes the main attractive force at large scales within the Universe, being
responsible for its overall structure. To date, no satisfactory quantum theory of
gravity has been established. Consequently, the gravitational force has not yet been

successfully integrated into the SM.

Fundamental particles consist of spin-1/2 fermions, integer-spin force mediator gauge
bosons and the spin-0 Higgs boson. Fermions are further grouped into quarks
and leptons, both categories consisting of three generations of particles, where the
quantum properties of the second and third generations are the exact copies of
their first-generation cousins, except their masses being increasingly heavier. Each
generation of fermions consists of two leptons or two quarks, respectively. The
building blocks of ordinary matter consist of only first-generation particles, whereas
their unstable, heavier versions decay through the mechanisms described by the
fundamental interactions of particle physics. Eventually, all second- and third-
generation particles decay to first-generation particles, which eventually group to
form the constituents of more complex structures of matter, again, through the

previously described fundamental forces.

Quarks may never be found as free particles in Nature, due to the strong force that
governs them [21]. In fact, they are always found in bound states called hadrons,
where quarks either group in pairs, called mesons, or groups of three, called baryons,
according to the quark model of particle physics. However, at high energies, quarks
may form even more exotic states, such as tetraquarks, pentaquarks and beyond,
recently discovered by the LHCb collaboration [22, 23]. Top quarks, however, due to
their large mass, do not hadronise before they decay, being the only "free quarks".
Leptons, on the other hand, are always free particles, according to the SM. Quarks
carry colour charge, a manifestation of their interaction with the strong force, whereas

leptons do not have colour charge.

The dynamics of fundamental fermions are described by the Dirac equation, which
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predicts the existence of antiparticles. In fact, each elementary particle has a
corresponding antiparticle of the same mass but opposite-sign electric and parity
charges. Therefore, when a fundamental particle interacts with its own antiparticle,

they annihilate into energy in the form of a photon.

Table 2.1 summarises the properties of the fundamental fermions, including their
electromagnetic charges and masses. Masses of charged leptons and of the top quark
are obtained through high-precision measurements, whereas masses of other quarks
are estimated via the MS-scheme [24]. Neutrinos are known to have non-zero masses,
however, their exact values are yet to be determined. Currently, there are only upper
limits available, which are observed to be at least nine orders of magnitude lower
than other fermion masses. Apart from neutrinos, fermions of a particular generation
have rather similar masses, which is thought not to be a coincidental aspect of the
SM theory, but rather a low-energy manifestation of physics beyond the SM, as

discussed in the next section (Sec. 2.2).

Table 2.1: Summary of the twelve fundamental fermions grouped by leptons and
quarks, as well as by generation [24].

Generation Leptons Quarks
Particle (sym.) Q Mass Particle (sym.) Q Mass
: electron (e7) —1 ~ 511 keV up (u) +2 2.161550 MeV
First . i +0.48
neutrino (v,) 0 <1lleV down (d) -3 4.677517 MeV
Second muon  (u=) —1 ~ 106 MeV charm  (¢) +3 1.27+£0.02GeV
neutrino (v,) 0 S1leV strange  (s) —3 9311 MeV
Third tau (77) -1 ~1.78 GeV top (t) 4% 172,76 £0.30 GeV
neutrino (v;) 0 SleV bottom  (b) —3 4181003 GeV

Table 2.2 presents the properties of fundamental spin-1 vector bosons and their
associated fundamental forces. Photons and gluons are massless force carrier gauge
bosons while the electroweak bosons gain their mass via the Higgs mechanism by
interacting with the scalar Higgs field. Consequently, an additional spin-0 boson
emerges of mass myg = 125.25 + 0.17 GeV, called the Higgs boson. The masses of
the Higgs and electroweak bosons are obtained from direct measurements [24]. In
addition, table 2.3 shows which fermions experience the fundamental forces listed
above. Since all charged fermions are massive particles, they all interact with the
Higgs field via Yukawa interactions. Neutrinos, on the other hand, have very small,
non-zero masses, currently not described by the SM. In fact, the SM predicts neutrinos

to be massless particles that therefore do not couple to the Higgs field. More details
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on potential neutrino mass generation mechanisms will be discussed in the next
section (Sec. 2.2).

Table 2.2: Summary of SM fundamental forces with their associated mediator spin-1
gauge bosons, indicating the gauge symmetries that govern them. Since the Higgs
boson is a spin-0 scalar boson, it is not a force carrier particle.

Force Gauge group Particle Mass Charge
Electromagnetic U(1) v 0 0
W= 80.4 £ 0.012 GeV +1
Weal SU@) 7 911876 £0.0021GeV 0
Strong SU(3) g 0 0

Table 2.3: Table presenting the forces experienced by fermions.

Strong FElectromagnetic Weak
up-type
Quarks down-type v v v
charged v v
Leptons neutrino v

2.1.2 Gauge theories

Group theory is a discipline of mathematics that studies symmetry groups. A special
branch of group theory is Lie Theory which deals with continuous symmetries. In
the language of mathematics, a group is defined as a collection of transformations of
a given set, G, and an associated binary operation, *, that satisfies a set of axioms.
Symmetry is the invariance of an object under a set of transformations that eventually

form a symmetry group [13].

Gauge theories correspond to symmetry groups of fundamental fields within the SM
that obey invariance under local gauge transformations. Such transformations induce
phase transformations to these particle fields with varying shift size at different points
in spacetime. In contrast, global gauge transformations induce a constant phase
shift to the fundamental fields at all spacetime coordinates, therefore preserving
invariance under such transformations by definition. The mathematical formalism
that describes the properties and interactions of fundamental particles within the
SM obeys the Lie algebra of the symmetry groups they interact with. The Lie
algebra is a vector space equipped with a Lie bracket operation which is a bilinear
operation that takes two elements (vectors) from the vector space and returns another
vector, satisfying properties, such as bilinearity, antisymmetry and the Jacobi identity.

Consequently, the generators (or basis vectors) of the Lie group algebra generate
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finite transformations and form the basis of the corresponding gauge fields, i.e. the
mediator gauge bosons. If the generators of the Lie group commute, then such a
group is said to be an Abelian group. While the SM is a non-Abelian group, its
subgroup describing electromagnetic interactions is Abelian. Overall, the SM is a
Poincaré symmetry group that is invariant under the spacetime transformations of
special relativity, such as translations and rotations of spacetime coordinates, as well
as transformations of gauge fields. The SM is the product of unitary and special
unitary groups of gauge fields discussed in detail later in this section. A unitary

group is defined as:

UUT=UWU =1 (2.1)

where UT is the Hermitian conjugate of unitary matrix U and I is the identity matrix.

Special unitary groups SU(N), besides obeying equation 2.1, also satisfy det(U) = 1.

The Lagrangian formalism of the SM enables the translation of the abstract math-
ematical concepts of group theory into a physical context and aids working with
symmetries in a convenient manner. The Lagrangian density, £(¢, 0,,¢), describes the
dynamics and interactions of fundamental particles in terms of quantum fields ¢(x)
and their 0,¢(x) spatial derivatives in spacetime coordinates (1 = 0,3 = {t,z,y, z}),
adopting the 4-momentum notation: x = (¢, ). In fact, the Lagrangian, L, yields the
equations of motions of such quantum systems. A Lagrangian may be decomposed
into a kinetic energy term, 7', that contains partial derivatives of fields and a potential

energy term, V, that contains the mass, m, of particles that are excitations of the

fields:

L:T—V:/ﬁd?’f. (2.2)

In fact, the Lagrangian is the volume integral of the Lagrangian density. However, in
the rest of the text, the latter will be referred to as the Lagrangian. The Lagrangian
may be decomposed into a free field (i.e. freely propagating particles) and an
interaction part involving multiple particles: £ = L+ Liy;. The action S of a system

is defined as:

S = /L dt = //Edsa? dt = /cd‘*z. (2.3)

Quantum fields follow the principle of least action (05 = 0), giving rise to the

FEuler-Lagrange equations:
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oL oL
9, <W> 55 =0 (2.4)

Another fundamental aspect of the SM is its consistency with N6ther’s theorem [25],
implying the existence of a conservation law associated with each continuous symme-
try of a field theory under a gauge transformation. In other words, if the Lagrangian
density stays invariant under a gauge transformation, then there is a conserved
current from which one can construct conserved charges or quantum numbers. How-
ever, one can find discrete symmetries in Nature such as charge- (C), parity- (P)
and time-conjugation (T). While their joint operation (CPT-conjugation) is a con-
served symmetry of Nature, individual symmetries have been observed to violate
conservation laws, for instance, the weak interaction has C-, P- and CP-violating
effects. Charge conjugation for a left-handed neutrino would yield a left-handed
antineutrino, which does not couple to the SM weak bosons. Therefore, the weak
interaction maximally violates C-symmetry. Furthermore, based on the Sakharov
conditions, to establish the matter-antimatter asymmetry observed in the Universe,

C- and CP-symmetries must have been violated in the early Universe.

The Lagrangian of a free non-interacting scalar field may be written as:

L5 = 3 [ (0,0) (0.6) — m*¢? (2.5)

where n* = diag(1,—1,—1,—1) is the Minkowski-space metric. An equation of
motion for scalar fields is obtained by substituting Lg into the Euler-Lagrange
equation 2.4, resulting in the Klein-Gordon equation. The latter is the relativistic
generalisation of Einstein’s energy-momentum relation (E? = p'2 4+ m?) written in a

Lorentz-invariant formulation:

n"9,0,¢0 +m*¢ = 0. (2.6)

The Klein-Gordon equation permits negative-energy solutions (also arising from
Einstein’s equation) which is difficult to interpret in a physical context since it would
predict a negative probability density. Moreover, since it originates from Einstein’s
relativistic equation for any particle, the Klein-Gordon equation should describe all
particles observed in Nature. However, it has no solution for spin—% fermion fields
but only spin-0 bosons that can take the same quantum state, whereas fermions obey
Pauli’s exclusion principle. In the context of the SM, the Klein-Gordon equation is

the free-field part of the Higgs boson.
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In an attempt to solve the issue of negative-energy solutions of the Klein-Gordon
equation, Paul Dirac sought to find an equation of motion that is linear in terms of

the field and similar in form to the (non-relativistic) Schrodinger equation:

i0,6(1, 7) = ( - Zjnw + V(:E)) 6(t, ) (2.7)

In fact, Dirac found a solution to the relativistic spin—% fermion fields by substituting

the Dirac Lagrangian, Lp:

Lp =iy 0up — mapyp (2.8)

into the Euler-Lagrange equation, obtaining the Dirac equation:

i7" (96 — mp = 0 (2.9)

where () is the spacetime-dependent fermion field expressed as a 4-component
Dirac spinor, consisting of the spin-up and spin-down eigenstates of the positive
energy and negative energy solutions to the equation. The positive energy solutions
are interpreted as the particles while negative energy states represent antiparticles.
The quantity v* represents the Dirac gamma matrices that obey Clifford algebra
with the anti-commutation relation {v*,7"} = y#+* + 4"+* = 2n*”. The adjoint
Dirac field is defined as ¥ = 114°.

Quantum electrodynamics
Quantum electrodynamics (QED) is the relativistic formulation of electromagnetism
and its Lagrangian, Lqrp, is required to stay invariant under local U(1) symmetry

transformations: Lqgrp ﬂ E{QED = Lqgp [11]. Starting from the Dirac Lagrangian

(Eq. 2.8), a free fermion field transforms under local U(1) as:

o LUy = i@y, (2.10)

where ¢ is the electric charge of the free fermion and «(x) is a spacetime dependent

phase. Consequently, the Dirac Lagrangian transforms as:

£o ™ Ly = Lo — gy (Bualx) v # Lo (2.11)
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introducing a non-vanishing term in «(x). In order to restore local invariance, an
interaction term is added to the QED Lagrangian, representing the interactions

between charged fermions and photons:

£int = —qawlﬁflu (212)

where A, is the gauge boson (photon) field; in other words, the electromagnetic

four-potential. This vector field transforms as:

Ay — A, = A, — O(x) (2.13)

restoring the gauge invariance of Lqrp by cancelling the additional non-vanishing
term in the Dirac Lagrangian of equation 2.11. To complete the QED Lagrangian,
another gauge-invariant kinetic term is added, representing the freely propagating
photon field:

1
Lonnge = = F* Fi (2.14)

where F,, = 0,4, — 0,A, is the field strength tensor of the electromagnetic field.
Absorbing the vector field A, into the covariant derivative, D, = 0, + iqA,, the

complete, gauge-invariant QED Lagrangian can be expressed as:

_ I
ﬁQED = /CD + Eint + 'Cgauge = Z@D/VMDM@ZJ - m@/f"éb - ZFM F,ul/ (215)

Applying the interaction and gauge terms of the QED Lagrangian to the Euler-
Lagrange equations, one recovers Maxwell’s equations. Since adding a gauge boson
mass term (~ m%4 A*A,) to Lqrp would violate its local gauge invariance, the photon
is predicted to be a massless vector boson. The importance of local gauge invariance
lies in the fact that only such QFT models are renormalisable, hence predictive
beyond a typically low-energy regime [26]. Consequently, the range of the photon
field is practically infinite. Finally, based on Nother’s theorem, the conservation law
associated with the QED Lagrangian obeying U(1) symmetry is the conservation of

electric charge.
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Quantum chromodynamics

While QED transforms under U(1) with a single generator, i.e. a single force mediator
boson (the photon), the strong and weak forces obey local gauge invariance via special
unitary group transformations, SU(N). Such groups have N? — 1 generators, giving
rise to N? — 1 gauge bosons. Therefore, the gauge boson field may be rewritten in
terms of the group generators t: A, = Ajt", as well as the covariant derivative of
SU(N) becomes:

D, = 0, + igA%® (2.16)

Consequently, the field strength tensor for a SU(N) group can be also expressed in

terms of the group generators:

1
Fu = _*[D,w D, = Ay — 0A, — g[AWAV] -
g (2.17)

= (0,42 — 0,A% — gf AL A )t = F 10

where 2% are the antisymmetric structure constants of the Lie group defined with
the commutation relation: [t %] = ift¢. If f% =0 Va, b, c, then the generators
are commutative and the symmetry group they serve basis to is an Abelian group,
like the U(1) Lie group of the electromagnetic force. However, if the generators of the
Lie group do not commute (f%¢ # 0Va, b, c), the symmetry group is a non-Abelian
group and implies self-interactions of the gauge fields. SU(NN) symmetry groups are

non-Abelian, therefore their vector bosons self-interact.

Quantum Chromodynamics (QCD) is the fundamental theory of strong interactions
between quarks and the mediator gauge bosons of the strong force, the gluons,
described by the SU(3)¢ symmetry group [12]. Consequently, QCD is a non-Abelian
gauge theory implying self-interactions among its gauge bosons. Its conserved
quantity based on Nother’s theorem is the colour charge C'. Gluons possess double
colour charge and quarks have a single colour charge, while all other fundamental
particles are colour neutral, therefore only quark fields interact with the gluon fields.
Colour confinement is the key phenomenon observed in QCD that prevents the
individual quarks and gluons from being directly observed as isolated particles due
to their strong interactions. When quarks or gluons try to separate from one another,
the energy between them increases, and new quark-antiquark pairs are created from
the vacuum, forming new hadrons. In fact, only colour singlets are observed in

Nature, hence quarks are always bound into hadrons either as a gq pair called meson
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or as a qqq/qqq triplet called (anti-)baryon [21]. More exotic states of hadrons, such
as tetraquarks and pentaquarks, have been also observed in high energy collisions
at the LHC [22, 23]. As a matter of fact, baryon number, B, is also a conserved

quantity in particle interactions: B = N (baryons) — N (antibaryons).

The Dirac spinor of a quark with flavour f = u,d, s, ¢, b,t has three components:

Yy = (Vfred, Vf.blue, Vf green) Which transforms under local SU(3) as:

SU(3)

vy —

Wy = e9s3@) 3 g, (2.18)
where gg is the coupling strength of the strong interaction, @(x) is a three-dimensional
phase and 4 are the 3> — 1 = 8 generators of the SU(3) symmetry group, represented
by the 3 x 3 non-commuting Gell-Mann matrices. As a result, the QCD Lagrangian,

Lqcp, has the following for:

(s 1 a a,uv
Locp= >, Uy (in"D, —my)py — =Go G (2.19)

uv
Fmudsebi 4

where my is the mass of the quark with flavour f and G, are the 8 gluon field
strength tensors. To keep the QCD Lagrangian gauge invariant, no mass term
~ mgGa’“GZ can be added to it, which means gluons must be massless gauge bosons.
Since rotations of left and right-handed fermion fields in the left and right isospaces
are invariant, the QCD Lagrangian has chiral symmetry U(2),x U(2)g. The last
(gauge) term of the Lagrangian describes the dynamics of gluon self-interactions in
QCD, gluon fields possessing double colour charge. This has the consequence that the
strong force between gluons becomes increasingly large at smaller distances, called
vacuum screening. The strong coupling constant ag = g% /4 is said to be a running
coupling, indicating its changing strength by the scale of energy transfer in a given
QCD interaction. The strength of the coupling constant decreases as a function of
the energy scale where the interaction takes place, eventually leading to asymptotic
freedom at very high energies. At energies achieved in collider experiments, the strong
force becomes sufficiently weak to treat quarks and gluons as quasi-free particles
called partons. Using perturbation theory, high energy hadron-hadron collisions are

analysed in terms of single parton-parton collisions.

Parton distribution functions (PDFs) quantify the probability of finding a specific
parton with a given fraction, z, of the proton’s total momentum (or energy) at a
given energy scale, up, of a hadron-hadron interaction. The dimensionless quantity
x is also called the Bjorken scaling variable. The momentum contributions from all

partons with flavour, f;, result in the following normalisation equation:
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partons 1

)y /PDF (2, fibi3) - 2de = 1, (2.20)
I 0

where the factorisation scale pur defines the boundary between long-distance, non-
perturbative low-energy physics and the short-distance, high-energy hard-scattering
interactions where hadron constituents can be distinguished into partons. Below
the factorisation scale, soft gluon emissions are absorbed into the PDF as they are
treated as part of the internal proton structure. Above the factorisation scale, parton

emissions in hadron interactions are treated as part of the hard-scattering process.

Extrapolating from experimental data, such as scattering experiments involving
protons and neutrons, PDFs may be evaluated for hadrons revealing their internal
structures at high energy scales (> 1 GeV) and the fraction of the hadron’s total
momentum carried by individual partons. Consequently, it has been observed that
besides the valence quarks (those that form pairs and triplets as building blocks
of hadrons), virtual gluons and sea quarks also carry significant fractions of the
total energy of hadrons at high energies [27]. Once gluon fields reach sufficiently
high energies, exceeding the mass of a quark-antiquark pair, such particle pairs may
be created from vacuum. However, due to colour confinement, they quickly form
composite colour singlet particles via hadronisation processes [21]. Moreover, in
high-energy particle collisions such hadronisation effects result in outgoing highly

collimated cascades of hadrons called jets.

On the other hand, the strong coupling constant increases rapidly at low energies.
At energy scales as low as ~ 300 MeV, ag reaches unity and calculations become
non-perturbative, leading to divergences in infinite series calculations of observables.
As a consequence, it becomes impossible to directly calculate the internal structures
of hadrons at such energies and lattice field theory is used in calculations, instead.
Therefore, QCD is considered to be a short-range force, but rather strong at nuclear

scales.

Electroweak interactions

Weak interactions are based on the non-Abelian SU(2) symmetry group, where the
conserved charge is the third component of the weak isospin, 7T3. Based on the
outcome of the Wu experiment [28], where maximal parity violation was observed in
charged current (CC) interactions, the weak force is required to have a V-A (vector
minus axial vector) structure, unlike the EM or strong force. This means that in a

spatial mirroring of x — —x, weak interactions behave differently. In fact, fermion
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fields can be decomposed into their left (L) and right-handed (R) chirality eigenstates:
3
¥ = 1+ by using chiral projection operators: Pr, p = 1(1F7°), where 7° =i [[ +".
i=0
The consequence of the V-A structure of the weak interaction is that only left-handed
fermions (¢z) and right-handed anti-fermions (1) couple to the charged weak
bosons, W*, forming weak isospin doublets: (T',T3) = (%, j:%), the group symmetry
often being denoted as SU(2). Right-handed fermions and left-handed anti-fermions
form isospin singlets with the charged weak bosons: (T,T3) = (3,0). A common

notation used for the left-handed fermion doublets and right-handed singlets is:

VL, Usr,
p L = iL =
v : ( an ) i ( diL ) (2.21)

Yr: lir, ViR, WiR, diR-

where ¢ and v denote the ¢ = 1, 2,3 generations of charged leptons and neutrinos,
respectively, while v and d denote the up- and down-type quarks. To date, no
right-handed neutrinos or left-handed anti-neutrinos have been observed in nature.
Moreover, since they are colourless fermions with neutral electric charge, they do
not couple to the strong or EM forces. Therefore, such neutrinos seem not to
participate in any SM interaction and are considered sterile. However, there is no
fundamental reason for right-handed neutrinos and left-handed anti-neutrinos not to
be included in the SM. Historically, neutrinos were thought to be massless particles
and their contributions were expected to vanish in the Yukawa component of the SM
Lagrangian (see Sec. 2.1.3). However, neutrino oscillations proved that neutrinos
do have mass, even if it seems to be orders of magnitude smaller than the other
fermions. Further discussion about the neutrino mass hierarchy problem and mass

generation mechanism is left for Sec. 2.2.

The gauge transformation of the SU(2), symmetry group takes the following form

o SRy — (igd(@)35,, (2.22)

where & are the 3 Pauli spin matrices, which are the group generators of SU(2),, and
g is the coupling strength of the weak interaction. Consequently, the weak interaction
has 3 gauge fields, W.

Electroweak (EW) unification is based the Glashow-Salam-Weinberg (GSW) model [14—
16] which consists of an internal symmetry between QED and the weak interaction:
SU(2),® U(1)y, where Y is the weak hypercharge, the equivalent of electric charge
in the EW theory. The U(1)y gauge symmetry transforms as:
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P Sy = i3y, (2.23)

where ¢’ is the coupling strength associated with the U(1)y symmetry and %Y is its
single generator. The gauge field analogous to A, in the U(1)y symmetry group is
B,,. Thus, the EW local gauge transformation obeys:

SU(2)L®U(1)y 5

o SVQLEY Wy igdi(x) 37 ig' §Y A () (2.24)

The defining conservation relation of the EW unification is:

1
¢=Ti+3Y (2.25)
giving a relation between the electric charge, isospin and weak hypercharge of a

particle. The EW Lagrangian can be written as:

1

TV W (2.26)

— 1
EEW = Z@D’}/NDM’QZ) - ZB;UJBMV -
where B and W are the field tensors of the B, and W gauge fields. It can
therefore be seen that the last two terms of the Lagrangian are the gauge terms,
indicating self-interaction for the Wi gauge fields via the non-commuting relations
between the Pauli spin matrices. The covariant derivative D,, takes the following

form:

1 1
DN = aﬂ + Zg/BM§Y + igWﬁ§0a. (227)
Given the possible chirality states of fermions involved in the EW interaction

(Eq. 2.21), the fermionic interaction term of the EW Lagrangian may be decomposed

into its chirality states:

ﬁfermionic = ZJL/YMD/IJ@ZJL + ZER/VMDfd)R (228>

where
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1 1

DE=0,1, +ig'B,=Y I, +igW'=o"
g 2 "2 (2.20)
DF =9, + ig'Buy Vi

The physical bosons associated with the EW theory are extracted from the relations
above, where the charged-current (CC) mediators of the weak interaction are a linear

combination of W!}Q:

1
+_ 1 172
Wi = 7 (Wu F zW“) (2.30)
whereas the neutral-current (NC) propagator, the Z boson and the photon are linear

combinations of Wi’ and B,

Z, _ c?s Ow —sinfy \ (W2 (2.31)
A, sinfy  cos Oy B,
where Oy, = arctan% is the weak mixing (Weinberg) angle, measured directly by

experiment to be sin? Oy & 0.22 [24]. It has been established by experiment [29],

that Z bosons also violate parity.

Despite the EW Lagrangian being invariant under local gauge transformation, it
does not describe the observed universe correctly as it does not contain mass terms
for mediator gauge bosons o m%V/ZW“’“Wg, or mass terms for fermion fields o
my (YR + YriL), with the latter having different transformation properties for the
L and R fermion fields. While photons are indeed massless bosons, as are gluons, the
W+ and Z° bosons have been measured to be massive [30, 31]. In addition, many
fermions have been observed to have non-zero masses [32] (including neutral leptons,
the neutrinos which are assumed to be massless by the SM). Therefore, in order to
make the SM a self-consistent theory, a new mechanism is needed that can explain,
that explains the masses of observed elementary particles, which is discussed in the

next subsection.

2.1.3 Electroweak symmetry breaking and fermion mass

generation

In order to make the SM a self-consistent theory that can describe all fundamental

interactions and particles observed in nature, including the mass generation mecha-
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nism of elementary particles, the Higgs mechanism is introduced to spontaneously
break the symmetry of the electroweak interaction within a local gauge symmetry [17,
18]. In fact, local gauge symmetry of the SM is still preserved, while the lowest
energy (vacuum) state of the EW symmetry (SU(2),® U(1)y) is broken while still
obeying a different local gauge symmetry (U(1)gys) explained via the electroweak

symmetry breaking (EWSB) mechanism:

SUQ2), @ U(l)y 225 U(1) par. (2.32)

The SM Higgs mechanism introduces an SU(2) doublet of complex scalar fields with
4 additional degrees of freedom, a weak hypercharge of Yy = 1 and a weak isospin of

_ 1.
Ty = —1:

+ 1 ;
=)= L (ot (2.33)
¢ V2 \ ¢35 + igy
where H is known as the Higgs field and one of two complex scalar fields is required
to be charged (¢T), while the other to be neutral (¢°) in order to correctly describe

the physical weak bosons in the Higgs mechanism. The Higgs field must remain

invariant under the following Lagrangian:

Lttiggs =(D,H) (D"H) — V(H) (2.34)
—(D,H)"(D*H) — * H'H — \(HTH)? '
where D,, has the same form as Eq. 2.27 and Lyegs 0beys global U(1) symmetry.
For the V(H) potential energy term to have finite minima, A has to be positive.
However, there are no limitations on the values taken by p?. If u? > 0, the V(H)
potential is fully symmetric around H = 0, obeying local gauge symmetry. However,
if u? < 0, the local U(1) symmetry is broken and the V' (H) potential can take infinite
4 2

minima values: Z ¢ = v* = _E with one ground state realised, where v denotes

: A
=1
the non-zero Higgs field vacuum expectation value (VEV). A common way to denote

this is as follows:

1 {0
=7 (U) . (2.35)

Considering small perturbations around the vacuum state of the Higgs field and
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introducing the unitary gauge in order to eliminate unphysical massless Goldstone
bosons (corresponding to each broken generator in the EWSB mechanism), the Higgs
doublet field becomes:

1 0
50 v

Inserting this form into Lpyiges, the kinematic term involving the EW covariant

derivative yields the weak boson mass terms:

my = ;gv = 80.4 GeV my = ;v\/g2 + g7 =91.2 GeV (2.37)
as well as confirming the masslessness of the photon: m4 = 0. The strong interaction
of the SU(3)¢ is unaffected by the EWSB mechanism, which means the gluon fields,
G}, do not couple with the newly introduced scalar fields and remain massless.
Consequently, by introducing the scalar Higgs field into the framework of the SM
to break the EW symmetry, a mechanism describing the mass generation of weak
gauge bosons is obtained while showing consistency with the masslessness of the EM

and strong forces’ gauge bosons.

The masses of the weak gauge bosons need to be measured experimentally since the
values of the Higgs VEV and the coupling strengths of the EW interaction (g, ¢’)
are free parameters of the SM. As the mediating gauge bosons of the weak force
are massive particles, the associated coupling strength appears weaker than that of
the EM and strong forces at low energies, as well as operating over short distances
limited by the masses of the weak bosons. However, at higher interaction energies,

the strength of the weak force can be comparable with the QED interaction.

The value of the Higgs VEV can be determined in terms of the Fermi coupling

constant, Gp:

v = (V2Gp) 7 ~ 246GeV. (2.38)

The quadratic terms in h(z) of the Lyiges predict the existence of a scalar boson of
mass my = v2 v, depending on the VEV and the free parameter ), which is the
coupling constant of the scalar Higgs field. The Higgs boson was discovered in 2012
by the ATLAS and CMS experiments at CERN [19, 20|, validating the last missing
piece of the SM. Its mass has been measured to be mpy = 125.25 + 0.17 GeV [32].
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Yukawa interactions

The mechanism through which fermions acquire mass after EWSB is incorporated
in the SM Lagrangian via the Yukawa interaction term. As discussed above, only
particles that couple to the Higgs field gain mass, whereas massless particles, such
as photons and gluons, do not. Originally, neutrinos were thought to be massless
particles in the SM, therefore, neutrinos were omitted from the Yukawa interaction

term of the SM Lagrangian in its original form.

The fermion mass term in the SM Lagrangian must remain invariant under local
SU(2).® U(1)y transformation and has the form:

Lyukawa = — 9f(LHR + RHCL)

ij T ij A ij A c 2.39
:—Z(G/LiLngR‘i‘G[J)QiLdeR‘i‘G(}QiLH ujR) ( )
i,J

where gy is the Yukawa coupling to fermions, f, and L, R are the SU(2) left-handed
doublets and right-handed singlets, respectively. H is the Higgs doublet field and H€ is
its conjugate. The extended form of the Yukawa interaction contains the fermion fields
as given by Eq. 2.21 and G, p y are the Yukawa coupling matrices between multiple
fermion generations in the charged lepton, down- and up-type quarks. Gy is a diagonal
matrix, hence flavour violation cannot be observed in the charged lepton sector of
the SM, GG is also diagonal for similar reasons. Gy is the 3 x 3 Cabibbo-Kobayashi-
Maskawa (CKM) quark-mixing matrix whose (partially correlated) elements contain
4 free SM parameters that need to be measured experimentally. An important
feature of Lyurawa is the lack of a neutrino term, as it would require the existence
of right-handed neutrinos, and no right-handed neutrinos have been observed in
nature thus far. Therefore, the default construction of the SM assumes neutrinos to
be massless fermions. Since neutrinos have been observed to be massive particles
with masses orders of magnitude lighter than those of other fermions, a different
mechanism needs to be constructed to describe neutrino mass generation, as well
as to explain the large discrepancy between their masses and those of other SM

particles (for further details, see Sec. 2.2).

Substituting the unitary gauge H doublet (Eq. 2.35) into Lyukawa, introduces terms
in v that represent the fermion masses, while those containing h(z) represent the
fermion fields contributing to the Higgs boson. Consequently, the masses of fermions

must depend on the Yukawa coupling and the VEV:
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vgf
mp = —=. 2.40
! \/§ ( )
Therefore, lighter fermions have weaker Yukawa couplings. Since the Yukawa
couplings are free parameters of the SM, fermion masses have to be measured

experimentally.

2.2 Physics beyond the Standard Model

This Section discusses several open questions of the Standard Model, as well as
phenomena observed in Nature that seem to deviate from the current theory. Several
extensions to the SM are discussed, particularly those that are relevant to the search
on long-lived heavy neutral leptons described later in this Thesis. These extensions
have the potential to accommodate some of the theoretical and/or experimental
puzzles of the SM.

2.2.1 Introduction

Even though the SM has passed many tests over the years with flying colours and all
its predictions have eventually been confirmed, there are still a number of fundamental
open issues that it either fails to give any information about or contradicts based
on its initial form of construction. A number of theories have been constructed to
extend the SM such that it could explain such phenomena that are known to be
beyond the SM (BSM). These BSM theories may even shed light on the nature of
the SM theory itself, as well as solve the theoretical puzzles it currently poses. In
addition, BSM phenomena may hide New Physics (NP) that the high energy physics
(HEP) community is currently seeking. While physicists have, up until now, aimed
to prove the validity and robustness of the SM, their current efforts are focused
on trying to break it in various ways: precision measurements; direct or indirect
searches for new BSM particles; searches for decay patterns violating the symmetries
of the SM etc.

As mentioned in the previous Section, the SM seems to be a rather ad-hoc theory
constructed based on profound theoretical ideas in order to fit experimental obser-
vations. The fact that it has 26 free parameters put in by hand, i.e. measured
experimentally, instead of resulting from higher theoretical principles, may hint at

the SM being essentially an effective theory, a low-energy manifestation of a higher
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order theory, possibly even a Grand Unified Theory (GUT). Even though the SM
having been confirmed and rigorously tested up to the EW scale, it may still break
down at some higher energy scale, below the Planck scale, Apjgner ~ 10*° GeV, which
is about 15 orders of magnitude higher than the currently accessible energies in a
controlled laboratory environment at the Large Hadron Collider (LHC). Based on
the running of the coupling constants of the three fundamental forces of Nature
(setting gravity aside), there are strong reasons to believe that they may unify at
some higher energy scale. In that case, the three symmetry groups of the SM may be
unified in a similar manner to the GSW mechanism associated with EW unification
and eventually described by a single, larger symmetry group under a joint theory.
Furthermore, the mass of the Higgs boson is around the EW scale, far lighter than
any naive prediction based on the assumption that the SM is a valid theory up to the
Planckian scales. There is no reason to believe that the SM is the ultimate theory of
Nature valid all the way up to Planckian energy scales that dominated the Universe
during the Big Bang. Moreover, the failure to include gravitational interactions in
the framework of the SM, as well as the weakness of the gravitational force at the
quantum level are a clear sign that there must be different mechanisms at work at
higher energy scales. A working theory is still yet to be developed that would fully

describe quantum gravity.

In addition, there are further theoretical puzzles regarding the nature of the SM
theory. There is no explanation for the three-generation structure observed both in
the quark and leptonic sectors of the SM. Moreover, the masses of charged fermions
belonging to any given generation seem to be closely related, which seems unlikely
to be accidental. Nevertheless, there is a mass hierarchy structure between the three
generations of charged fermions, spanning over 5 orders of magnitude. Furthermore,
the strength of the coupling constants of the three gauge interactions are of similar
orders of magnitude, as well. Another theoretical puzzle is the electric charge
quantisation among fermions: from all possible real values, they take either integer
or rather simple rational values. There may exist a hidden symmetry describing this

pattern at currently unknown energy scales.

There are four "accidental" global symmetries unused in the construction of the
SM. To date, baryon and lepton number conservation have been validated through
multiple measurements, yet it is not strongly justified by the SM. The vast matter-
antimatter asymmetry observed in the Universe is a sign that these global symmetries

must be broken for a matter-dominated Universe to exist.

On top of all, neutrinos seem to violate the observations described above. Firstly,

the SM was constructed under the assumption that neutrinos are massless fermions.
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However, the observation of neutrino mixing by multiple experiments demonstrates
that they do have mass. Nevertheless, their mass is extremely small, more than 6
orders of magnitude smaller than the lightest charged fermion, the electron. Through
flavour mixing, they violate lepton number conservation, while their mass production
mechanism must be different to the other fermions of the SM. In addition, the
mass hierarchy in the neutrino sector is as yet unclear; they may be either Dirac
or Majorana particles, or possibly even both simultaneously. Neutrinos are rather
elusive particles and their measured properties are the first objective proof for the
breaking of the SM, adding more open questions to it, rather than answering existing

ones.

Another strong hint for NP comes from recent observations in the precision mea-
surement sector via the anomalous magnetic dipole moment of the muon measured
in the Muon g-2 experiment [33]. The current discrepancy between theory and the
measured magnetic dipole moment of the muon is at 4.20 deviations, which may be

a sign of BSM physics contributions to the loop diagrams involved.

There is also further compelling evidence for BSM physics observed in the wider
Universe, at macroscopic scales. Based on cosmological and astronomical observations,
there must be a non-luminous, gravitationally interacting matter penetrating the
Universe, referred to as dark matter. The nature of this form of matter is as
yet unknown and is the subject of a wide range of searches and phenomenological
proposals. In addition, there is evidence for the accelerated expansion of the Universe,
which is attributed to so-called dark energy, not described by the laws of the SM.
If dark energy was simply vacuum energy represented via a cosmological constant
added to the SM Lagrangian, its predicted value would be 10'?° larger than the one
measured in HEP experiments. Moreover, there is no explanation within the SM
regarding the cause of rapid inflation in the early Universe, which is observed by
the homogeneity and isotropic nature of the current day Universe, as well as its flat

horizon.

Neutrino masses

The observation of neutrino oscillations, the mixing between different neutrino
flavours in flight, established that at least two of the SM neutrinos have mass.
The evidence for non-zero neutrino masses confirmed by oscillation experiments is
arguably the first compelling evidence for BSM physics measured in a laboratory
environment. The upper limit on the neutrino masses has been established from a

number of different experimental results, including results from cosmology [32, 34],



2.2. Physics beyond the Standard Model 27

as well as direct measurements from the decay of Tritium [35] and the double beta
decay of Ca*®. The extraordinarily small magnitude of neutrino masses questions
our understanding of the mass generation of elementary particles and may indicate a

different origin for neutrino masses beyond the Dirac mass model [36, 37].

Cosmological probes set an upper limit on the total mass of neutrinos to be at the

sub-eV level [32]:

> my, < 0.120 eV, (2.41)

i=1,2,3

while direct measurements of Tritium [-decays place an upper limit on the electron

neutrino masses to be m, < 0.8 eV.

Assuming a 3-neutrino model, neutrino flavour states are linear superpositions of
3 neutrino mass eigenstates. The relationship between the former and the latter is
governed by the Pontecorvo-Maki-Nakagawa-Sakata (PMNS) matrix, which is the

equivalent of the CKM matrix for the quark flavour sector:

Ve Uel Ue2 UeS 151
V,u = U,ul UMZ U,uS Vo (242)
Vr UTl U7'2 U’T3 %

This relationship allows the possibility for neutrinos to oscillate between different
flavour states, while manifesting their mixed mass eigenstates in flight. Solar and
atmospheric neutrino oscillation experiments, as well as reactor neutrino experiments,
have the sensitivity to measure differences between two neutrino mass eigenstates,
based on the initial flavour and energy spectrum of the emitted neutrinos. Further-
more, these experiments allow the measurement of various parameters within the
PMNS matrix, yielding a relatively uniform distribution, as opposed to the one of
the CKM matrix which has a roughly diagonal pattern. There is no explanation in
the SM for these observations. In addition, both matrices allow the presence of a
CP-violating phase, which has been successfully measured for the CKM matrix via
various meson mixing and decays. Current neutrino oscillation experiments are still
not yet fully sensitive to measure CP violation in the neutrino sector, which is one
of the primary goals of future neutrino experiments. The current measurements of

neutrino mass differences are as follows:
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Ami = m3 —m? = (7.53 £ 0.18) x 107%eV?, (2.43)
|Amas|* = |[m3 — m3| = (244 £0.12) x 10726V, (2.44)

Since only the absolute mass difference between mass eigenstates 2 and 3 is known,
it is still not yet clear what the neutrino mass hierarchy is. If Am32, > 0, neutrinos
follow a normal hierarchy (m,, < m,, < m,,), whereas if AmZ, < 0, neutrinos follow
an inverted hierarchy (m,, < m,, < m,,). Fig. 2.1 shows the smallness of neutrino
masses in comparison to other SM fermions, as well as hints at a potential hidden
symmetry between charged leptons arising from the similarity of the masses within

each generation.
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Figure 2.1: Fermion masses structured by their hierarchical order in 3 generations.
The neutrinos are denoted as v; by their mass eigenstates and normal ordering is
assumed. Since their exact masses are unknown, mass ranges are shown based on
neutrino oscillation experiments. Figure taken from Ref. [38].

Two fixed-target, short-baseline neutrino oscillation experiments, LSND [39] and
MiniBooNE [40], saw an excess of electron-neutrino and antineutrino appearance
events at a short distance where oscillations from muon-neutrinos were not expected
to occur. Such an excess was speculated to arise from a manifestation of a fourth-
generation sterile neutrino. However, recent results from the subsequent MicroBooNE
experiment [41] show no such excess and much of the sterile neutrino hypothesis’

potential parameter space has been ruled out.

Nevertheless, the neutrino mass generation mechanism still remains a puzzle. The
construction of the SM assumes neutrinos to be massless particles since the generation
of Dirac mass terms in the SM Lagrangian assumes coupling between both left
and right chiral states of fermions. Since the Goldhaber experiment [42] observed

no neutrinos with right-hand helicity states, and no anti-neutrinos with left-hand
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helicity states within the margin of error of the experiment, in the massless neutrino
interpretation, this would have coincided with the non-existence of right-hand (left-
hand) chirality states of neutrinos (antineutrinos). Therefore, no right-hand neutrino
singlets would exist in the SM. As a consequence, no neutrino Dirac mass term would
have been possible to be added into the SM Lagrangian, with the following form

under spontaneous symmetry breaking:

,CD = —mD<l/_Rl/L + I/_LVR) (245)

where R and L denote the right and left-hand chiral states of the neutrino. However,
if neutrinos have mass, their helicity and chiral states may differ, which means
right-handed neutrinos could still exist, even though it would be rather difficult to
directly detect them. Even if right-handed neutrinos do exist and can be added to
the SM Lagrangian in the usual way via a Dirac mass term, their extremely small
mass would still not be justified, suggesting that a different mechanism may be

needed to generate neutrino masses.

For example, the Majorana mass generation mechanism assumes that SM neutrinos
consist of a superposition between both right- and left-handed chirality states, a

similar approach to constructing the SU(2) interactions of the weak theory:

v=vp+uv,=Cul +v, = yf + vy (2.46)

where ¢ is the CP-conjugate field for the right-handed neutrino and corresponds
to a left-handed antineutrino. Since neutrinos are neutral particles, it can be easily

deduced that such Majorana neutrinos would be their own antiparticles:

v =l v’ =+ =0 (2.47)
The Majorana mass term after symmetry breaking would have the following form:

1 — —

EM = —§M(VgVL + VgVR), (248)
constructed by mixing same-chirality fields. Since the left-chirality neutrino term is
part of an SU(2),, doublet field, its Yukawa term would be inconsistent with the Higgs
doublet model and would require the Higgs field to be extended into a triplet state.

Therefore, Majorana mass terms cannot be added to the SM Lagrangian in a gauge
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invariant manner and the lepton number would be violated in processes involving
Majorana neutrinos. In this scenario, processes such as neutrinoless double-3 decays
would be observable in nature, a phenomenon currently being actively sought via
dedicated HEP experiments [43].

In conclusion, the neutrino mass generation mechanism remains an open question
since neither the Dirac, nor the Majorana models satisfy all the requirements for
a gauge invariant theory consistent with the SM. Whether neutrinos are Dirac or
Majorana particles is still a mystery, although there are BSM theories that would
allow neutrinos to be both Dirac and Majorana particles simultaneously. Section 2.2.2
introduces one such theory that predicts the existence of heavier counterparts to the
neutrinos observed in SM interactions. Such heavy sterile neutrinos are the subject

of the search presented in this Thesis.

Dark Matter

Dark matter is perhaps the most compelling and probably first evidence for BSM
physics, with its effects first being observed in the 1930s, even before the birth of
the current SM theory. At the time, astrophysicists observed that, based on the
dynamics and brightness of galaxy clusters, there must exist a non-luminous matter
interacting gravitationally to account for the discrepancies between the amounts of
visible matter and gravitationally interacting matter. It has been estimated that
galaxy clusters consist of only about 2% visible matter of their total gravitationally

interacting mass [44-46].

Another revolutionary discovery came in the 1970s with the measurement of galaxy
rotational curves [47] showing large discrepancies between their theoretically proposed
velocities using simple Newtonian gravity relations and those observed experimentally.

the predicted velocity is given by:

v(r) = (2.49)

where v is the rotational velocity of a galaxy at radius r from its centre, G is Newton’s
gravitational constant and M is the total mass of the galaxy within the radius r.
Even accounting for additional mass arising from supermassive black holes lying
in the centre of galaxies, the measured velocities could not be explained solely by
the amount of visible matter (stars, dust, gas etc.). It was proposed that a halo of
additional, invisible matter permeates throughout galaxies, making their outer edges

rotate much faster than theoretically expected, based on the distribution of visible
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matter. In fact, this halo of dark matter seems to be spherical, extending beyond
the region of visible matter inside galaxies. Since this matter is not planar, unlike
the typical shape of galaxies, it is assumed to be a collisionless form of matter, only
weakly interacting with itself. These results appeared about 100 years after the first
studies on velocity dispersions of stars orbiting the galactic centre of the Milky Way.

The existence of dark matter was further confirmed by gravitational lensing effects
observed in galaxy clusters by the Hubble Space Telescope [48], where light emitted
from far away galaxies bends due to extreme space-time curvature caused by the
presence of non-luminous, massive bodies permeating the clusters, yet differing
from black holes. Furthermore, the dynamics of galaxy cluster collisions show that
while most galaxies pass each other without interaction, the hot gas permeating
two clusters would indeed interact electromagnetically, causing friction and lagging.
Nevertheless, similarly to the galaxies of the two colliding clusters, the dark matter
permeating them does not interact, its motion remaining unaffected, as demonstrated

by gravitational lensing effects.

Finally, the study of the Cosmic Microwave Background (CMB) led to astonishing
results regarding the origin and the early evolution of the Universe. In the 1990s
there were observations of anisotropies in the CMB spectrum by NASA’s COBE
satellite [49], which were subsequently studied in detail by NASA’s WMAP [50] and
the European Space Agency’s (ESA) Planck satellites [51] in the first decade of the
215 century. The angular power spectrum observed by these experiments shows
fluctuations in the CMB temperature over the sky, largely attributed to plasma
fluctuations in the early Universe, before photons decoupled from matter and the
Universe eventually cooled. The detailed structure of the angular power spectrum
predicts the existence of gravitational matter clumps that did not interact with
primordial photons and which behaved differently from baryonic matter. Moreover,
the peaks in the CMB anisotropy can be used to predict the age (~13.8 billion
years) and shape of the Universe (flat), along with its composition: 4.8% baryonic
matter and radiation, 25.8% dark matter and 69% dark energy, a shocking result
regarding our understanding of the Universe. It demonstrated that less than 5% of
the constituents of the Universe are described by the SM. There was no knowledge
of the nature and origin of the remaining 95% of the Universe’s total mass-energy

content; only its effect is known.

As a consequence, attempts to directly detect dark matter have been a priority for
the HEP community in recent decades, although no evidence has been found for
an elementary particle that would meet all the requirements for dark matter. The

most popular dark matter candidate hypotheses assume it to be a non-baryonic,
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massive particle that either interacts weakly or not at all with SM particles. Its
nature can be categorised by its velocity, from cold (non-relativistic) to hot (highly
relativistic) dark matter. Most popular theories support either cold or warm dark
matter candidates. Sterile neutrinos are excellent candidates for both cold and warm

dark matter.

Matter-antimatter asymmetry

One of the other fundamental mysteries of the Universe is its structure, which consists
solely of matter. Based on standard cosmological models, equal amounts of matter
and antimatter must have been produced in the early Universe after the Big Bang.
Since the Universe was still constrained within a small space, matter and antimatter
particles would continuously annihilate into photons which, in turn, would pair
produce, leading to an equilibrium of matter-antimatter abundance. Therefore, there
must have been a process in the early Universe that created a vast excess of matter

over antimatter.

In the 1960s, Andrei Sakharov proposed a set of necessary conditions for baryogenesis

to occur [52]:

e baryon number B violation;
e C- and CP-symmetry violation;

« interactions out of thermal equilibrium.

So far, no baryon number violating process has ever been observed in Nature. Baryon
number violation can occur at non-perturbative levels of the SM at high energies
via quantum tunnelling effects, called sphalerons [53]. However, the conditions such
processes required to observe cannot be produced at present-day colliders. Sphalerons
are saddle points in the EW potential, converting a triplet of baryons into a triplet
of anti-leptons. Nevertheless, the difference between baryon and lepton number
(B — L) is still an exact symmetry of the SM and, hence would be conserved. At the
high temperatures of the early Universe prior to EWSB occurring, the abundance of

sphalerons is expected to have wiped out any potential baryon excess.

C- and CP-symmetry violations have been observed in weak SM interactions, origi-
nally in the quark sector [54]. Both the CKM and PMNS matrices accommodate

a CP-phase; however, the extent of CP violation observed in the quark sector is



2.2. Physics beyond the Standard Model 33

insufficient to explain the asymmetry observed between matter and antimatter. CP-
symmetry violation is yet to be confirmed in the neutrino sector, but it is one of
the research goals of next-generation neutrino experiments [55]. Nevertheless, an

additional source of CP violation must have existed in the early Universe.

Finally, CPT-symmetry, which is a fundamental symmetry of the SM, ensures that
all processes compensate for one another, hence no baryon excess could eventually
occur. The non-equilibrium condition is satisfied via the rapid inflation model of
the early Universe, which proposed that different regions of the rapidly expanding
Universe became separated at a higher rate than pair-annihilation between matter
and antimatter could occur. Thus, the process generating baryon excess would have

to occur at a slower pace than the expansion rate.

It can therefore be concluded that there must have been additional, yet unknown
processes that occurred in the early Universe that, in turn, generated a net excess of
baryonic matter that eventually led to a matter-dominated Universe. Nevertheless, it
is still unclear what caused the primordial antimatter to disappear or BSM processes

could have caused the antimatter to vanish.

2.2.2 The Seesaw mechanism

The so-called type-1 Seesaw mechanism is a generic model used in the development
of a gauge-invariant theory to explain the magnitude of neutrino masses [56-58]. The
most generic, renormalisable Lagrangian mass term that could be integrated into

the SM consists of a superposition of the Dirac and Majorana mass terms:

1 _ _
Lp-m = 5 [mDWUR +mpv§od + Mvng} + h.c. (2.50)

This can be decomposed into matrix form as:

ED_M:—;(UL vg)< 0 WZZ’)(UE)Jrh.C. (2.51)

While the Dirac mass term ensures the possibility of neutrino masses arising from
the EWSB of the Higgs mechanism, the Majorana term adds a gauge-invariant
component to the Lagrangian. The physical neutrino states are then the eigenvalues

of the mass matrix M and can be obtained via diagonalising M in a similar manner
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to the procedure used to determine the masses of the neutral gauge bosons, i.e. by

solving the characteristic equation:

det(M — A) = 0. (2.52)

This yields two solutions:

M+ M2 —am2, M+ M[1—4(72)? 253

A = = =
=+ my 9 9

Based on the assumptions of the type-I Seesaw mechanism, the Majorana mass term
M is far larger than the Dirac mass term mp (M > mp). As a result, Equation 2.53

can be further simplified using Taylor’s expansion:

my & ;M + ;(M + 2”]37) (2.54)
Consequently, two mass states are obtained: one for a light, "active" neutrino state
(v) that participates in SM interactions via the EW interaction and one for a heavy
Majorana state neutrino, (/N) that cannot participate in SM interactions, since it is
mostly a right-handed massive neutrino and would only couple extremely weakly
to the weak gauge bosons. They are therefore sterile fermions that can only mix
with the active neutrinos of the SM. The mass eigenstates of the active and sterile

neutrinos are:

mp
m_=m,~— and m,=my~ M. (2.55)
In the context of the Seesaw mechanism, the Dirac component of the neutrino masses
must be around the same scale as the charged lepton masses, i.e. of the order
of O(1MeV) — O(1GeV). In order to obtain the much smaller observed neutrino
masses (around O(0.1eV)), the Majorana mass component must be large, that is, at
around the GUT scale: ~ O(10GeV). In fact, this may not be a coincidence, and
the Seesaw mechanism could potentially further motivate the legitimacy of GUT
theories. Nevertheless, testing this hypothesis at such energy scales remains an
unachievable challenge at the present time. Assuming the Majorana mass to be
generation independent, the neutrino masses would have the following relationships

(assuming normal hierarchy): my, : my, : m,, =m?:m2 :m?.
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Figure 2.2: Exclusion limits on the mixing between the electron-, muon- and tau-

neutrino and a single heavy neutrino in the mass range of 10 MeV — 100 GeV, as
well as the expected sensitivity from future experiments [59].
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The Neutrino Minimal Standard Model (vMSM) [60] has been proposed as a minimal
extension to the SM to accommodate the non-zero neutrino masses. It predicts the
existence of three heavy right-handed Majorana neutrinos, called Heavy Neutral
Leptons (HNLs), denoted as Ny, Ny, N3, each one corresponding to the three fermion
generations of the SM. These hypothetical particles are singlet fermions under each
SM gauge group, hence they cannot interact with any SM particles or forces, but only
mix with the active SM neutrinos. Eq. 2.55 predicts the HNL masses to be around
the GUT scale, which makes this model rather difficult to test experimentally with
current technology. There are, however, phenomenological models that predict HNLs
with much lower masses, but that are still consistent with small Higgs couplings, such
as the inverse and linear Seesaw models, even though such models are less natural
for GUT-scale Majorana masses [59]. In fact, measurements of the top quark and
Higgs boson masses revealed that the YMSM could be a consistent effective theory
up to very high energy scales, potentially right up to the Planck scale. The HNL
candidates sought in this Thesis range between 1-24 GeV. Other searches, past and
present, listed in Fig. 2.2 and Ref. [59], have sought HNL candidates with masses
between ~10 MeV and the TeV scale.

The vMSM is constructed in a similar manner to the EW theory introduced in
Sec. 2.1.2, and is governed by the following symmetry groups: SU(2),® SU(2)z®
U(1)p—r, where the generator of the U(1) symmetry is B — L. The associated

conservation law is therefore given by:

1
q="T3p +T3r + 5(3 —L). (2.56)

If SU(2), remains unbroken at high energy scales (assuming the validity of the SM
up to GUT scales), but SU(2)g does not, the above relationship may be simplified

to give:

1
ATyp = —5A(B ~ L). (2.57)

Eq. 2.57 introduces a potential source of baryon and lepton number violation while
preserving the invariance of B — L [61]. This could potentially explain the matter-
antimatter asymmetry observed in the Universe via leptogenesis, which would, in turn,
induce the baryogenesis required by the Sakharov conditions defined in Sec. 2.2.1. In
fact, the Lagrangian in Eq. 2.51 would violate both baryon and lepton numbers, but
their difference would remain constant, too, according to the generator of the U(1)

symmetry group. The mass matrix contains CP-violating phases and HNL decays
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could include lepton number violating (LNV) processes and provide out-of-balance
lepton excess. This, in turn, would result in an excess of baryons via anomalous
fermion number non-conservation. The observed matter-antimatter asymmetry in
the Universe places constraints on the extent of LNV effects and predicts that the
two heavier HNLs, Ny and N3, must have almost degenerate masses, as is the case
with the active neutrinos (see Eq. 2.44): |my, — my,| < muy,, my,. In addition, this
phenomenon places limits on the mass range of the heavier sterile neutrinos of 0.15
GeV < my,, < 100 GeV [62]. Big Bang Nucleosynthesis (BBN) also places limits on

the possible lifetimes of these heavier sterile neutrinos: 753 < 0.2 s [63].

The existence of HNLs may not only provide a reasonable framework for describing
the origin and scale of neutrino masses (as well as being a source of baryogenesis),
but they are also excellent potential candidates for warm dark matter particles,
particularly their lightest version, N;. Based on theoretical models [64], the lightest
sterile heavy neutrino would couple very weakly to SM neutrinos, as well as having a
mass around O(1 — 10keV) and a lifetime exceeding the age of the Universe. Its tiny
Yukawa coupling would leave the lightest active neutrino almost massless. Being a
stable particle and not interacting with other SM particles would make the lightest
HNL particle an excellent dark matter candidate, even though it would be rather
challenging to detect. Nevertheless, the two heavier HNLs, Ny and N3, would be
expected to have stronger couplings to active neutrinos, making their mixing with
SM neutrinos a potentially viable approach to detect them. In fact, the couplings of
N, and N3 to active neutrinos are hypothesised to be roughly of similar strength
and due to their approximately degenerate masses, the two heavier sterile neutrinos
can be treated as a single HNL in experimental searches, denoted N. Consequently,
the coupling strength or mixing angle between N and a SM neutrino of flavour « is

denoted V,,, where a = e, u, 7.

HNLs can either couple to a single SM neutrino flavour or mix with multiple
generations simultaneously. Previous HNL searches have mostly considered single-
generation coupling scenarios, setting limits on a broad range of HNL couplings and
masses ranging between 100 MeV and TeV scale, as presented in Fig. 2.2. There
are also further constraints placed on the HNL mass-coupling phase space by the
Seesaw mechanism and BBN, as already discussed earlier in this Section. The HNL
lifetime is typically a backward oblique line in these diagrams, the lower the HNL
mass, the more displaced it is for the same coupling. In fact, different strategies are
needed to cover the broad spectrum of possible HNL coupling and mass scenarios,
based on the accessible lifetimes to individual experiments, as well as their sensitivity,
production and decay modes investigated. First of all, one needs to consider the

possible production modes of HNL particles via mixing with active neutrinos in EW
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interactions:

« W boson decays: W& — (5 v — (1, N;
« 7 or Higgs boson decays: Z°, H — vay — Vo N;

o Heavy- and light-flavour meson decays (if kinematically allowed, putting a limit
on the probed HNL masses): X+ — Xoﬁfaua — XoﬁfaN,

where the subscript "1" in Efa indicates that it is a prompt lepton produced alongside
the HNL, offering a feature that could be used for online event selection (trigger).
X* indicates a charged meson decaying into a lighter neutral meson, x°. HNL
production via Z or Higgs boson decay offers a rather unattractive channel for
searches as such decays would result in large missing energy events with no other
features that could be exploited for online selection. Nevertheless, such processes
are being investigated in current hadron collider data. HNL production via meson
decay is kinematically limited to the mass of the parent meson - typically a few
GeV - making the available HNL mass parameter space rather limited. In addition,
the products from such meson decays have soft kinematics, making them rather
challenging for online event selection in general-purpose detectors. Fig. 2.3 shows the

Feynman diagrams associated with the HNL production channels discussed above.

Figure 2.3: Feynman diagrams presenting various HNL production channels via
mixing with active neutrinos of flavour o = e, u, 7. The left and middle diagrams
show HNL production via EW gauge boson on-shell decays, while the diagram on
the right shows HNL production via charged meson decay.

HNL decays take place exclusively via electroweak gauge bosons that then decay
into SM particles. The analysis presented in this Thesis is a search for HNL particles
decaying via off-shell EW bosons; however, if my > mw z g, the HNLs decay via
on-shell gauge bosons. Based on the decay channel, such processes can be categorised

into either leptonic or semi-leptonic final states:

e Leptonic final states:
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— Via off-shell W* boson: N — vz — EQi,BW*jF — @5@71@;

— Via off-shell Z* boson: N — vg — v32* — vsly (5.
e Semi-leptonic final states:

— Via off-shell W* boson: N — vz — EQiﬁW*jF — E;ﬂqc]’;

— Via off-shell Z* boson: N — vg — vgZ* — v3qq.

The subscripts "2" and "3" indicate that the lepton is a daughter particle of the
HNL and can be potentially displaced, depending on the lifetime of the HNL. The
subscripts # and ~ indicate the flavour of the neutrinos and leptons involved in the
final state. The leptonic final states consist of three well-isolated leptons associated
with some missing energy from the undetected neutrino. For leptonic decays via
an off-shell Z* boson, the two charged leptons originating from the HNL have the
same flavour, while those coming from an off-shell W* boson may have different
flavours. Semi-leptonic final states are, however, fully visible and the HNL mass can
be directly reconstructed from its decay products. In fact, semi-leptonic final states
are particularly attractive for searches due to their higher decay cross-section, which
is more than double that of the corresponding leptonic final states. Nevertheless,
increased SM backgrounds may make it challenging to identify these final states.
Lepton number violation can occur in collision events associated with HNLs if the

HNL is a Majorana particle.

é:f,y.q

A
\
A
\ 4

)+
lap

(a) (b)

Figure 2.4: Feynman diagrams representing the leptonic and semi-leptonic HNL
decay channels via mixing with active neutrinos of flavour § = e, u, 7. The left
diagram shows an HNL decaying via an off-shell W* boson, while the diagram on
the right shows an HNL decay via an off-shell Z* boson. v marks the flavour of the
final state leptons resulting from the off-shell bosons.

Based on the extent of simultaneous HNL mixings with the three SM neutrino
generations, its Dirac or Majonara nature could be revealed if, in case of discovery,

the HNL couplings lie in the red (normal hierarchy) or blue (inverted hierarchy)
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regions of the coupling matrix shown in Fig. 2.5. The lines in the matrix are
normalised with respect to all three lepton flavours: V2/(VZ + Vi + V?). The
elements of this coupling matrix have been determined by fitting current neutrino
oscillation data, EW precision measurements and existing exclusion plots (Fig. 2.2).
In addition, identification of the HNL coupling strengths would indirectly reveal
the value of the leptonic CP-phase. This would be a significant breakthrough since
the leptonic CP-phase embedded in the PMNS matrix has been experimentally
challenging to measure and would allow the completion of the measurements of all
the elements of the PMNS matrix.
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Figure 2.5: The range of normalised flavour mixings between HNLs and active
neutrinos, consistent with the current neutrino oscillation data, assuming degenerate
heavier sterile neutrino states. The different contours correspond to the allowed case
of normal hierarchy (red) and inverted hierarchy (blue) within the shown uncertainties.
Figure taken from Ref. [59].

2.3 Long-lived particles

This Section presents the general concept of a long-lived particle (LLP) and the
motivation for long-lived HNL searches. While the SM contains long-lived particles
with displaced signatures, such as displaced tracks or vertices, LLPs are also a broad
and well-motivated sector of BSM physics. A brief overview of the opportunities and

challenges in searching for LLPs with general-purpose detectors will be given.

2.3.1 Introduction

Long-lived particles consist of a family of elementary or composite particles that

have long lifetimes resulting in a measurable displacement between their production
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and decay points.

Historically, general-purpose detectors at the LHC have been designed to search
for prompt, highly energetic particles, with the goal of discovering New Physics via
such processes. However, in recent years there has been a shift of interest towards
particles manifesting displaced signatures as potential candidates for BSM processes.
Searches for such LLPs need different experimental approaches and analysis designs
compared to prompt analyses, from dedicated triggers to sophisticated statistical

interpretation of the results.

The proper lifetime of a particle is defined as:

(2.58)

where N (t) is the average number of remaining particles after time ¢ has passed and
Ny is the total number of particles at time ¢ = 0. For LLPs, the lifetime can be
interpreted as a distance, c7p, assuming the LLP is travelling at roughly the speed
of light. The total decay width of a particle is inversely proportional to its proper

lifetime:

r=—. (2.59)

70

The average distance travelled by a LLP particle of mass m and momentum p in the

transverse plane of a detector from its production point is given by:
2 2p
< Ly, >= | =F~vctg = {/ =—cT 2.60
Y \/; Bryero \/; mCro ( )

According to Fermi’s golden rule, the partial decay width of a particle that transitions

where (7 is its boost.

from state 7 to state f is:

Lji = 27| Tyl p( ), (2.61)

where TY; is the transition matriz element (ME) and p(E;) is the density of states
at energy F;. The transition ME can be expressed via the Lorentz-invariant ME,

My, which, in turn, describes the dynamics of the interactions and is computed
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from the appropriate Feynman rules. As a result, longer lifetimes correspond to
small transition amplitudes from weaker couplings; smaller available phase space
(either small mass split between particles in a decay chain or a multitude of final
state particles) or heavy off-shell mediator particles involved in the decay process.
Consequently, composite SM particles decaying via the weak force have longer
lifetimes, compared to those undergoing decay via the strong force, as illustrated in
Fig. 2.6. Hadrons decaying via the weak gauge bosons are classified as long-lived,

whereas those decaying via the strong interaction have extremely small lifetimes.

In fact, particle lifetimes in the SM range over many orders of magnitude, from the
shortest (Z boson ~ 2 x 107 s) to stable particles, such as the electron. In the SM
protons are also considered stable, as they are the lightest composite baryons, yet a
number of BSM models predict their decay. Searches so far set the proton lifetime
limit beyond the age of the Universe (> 10%° years) [32]. '"Detector-prompt" particles
have shorter lifetimes than the resolution of the detector, that is they decay close to
their production point, which the detector cannot resolve. "Detector-stable" particles
manifest themselves as apparently stable particles because their lifetimes are longer
than the physical length of the detector, therefore they are unlikely to decay inside
it. However, LLPs have lifetimes such that the distance they travel before decay is
short enough to produce a displaced signature inside the detector in relation to their
production point. The typical lifetime range for which a particle is considered an
LLP is between 10 gm and 10 m.
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Figure 2.6: Particle masses and lifetimes for both elementary and composite SM
particles. Prompt and stable particles are marked by the shaded regions, while
lifetimes of 10 um up to 10 m are associated with LLPs decaying inside a general-
purpose detector. Figure from Ref. [65].
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Typically, a particle can decay via multiple channels and the total decay width of

such a particle is the sum of the associated partial decay widths:

r=%T; (2.62)

J

Consequently, for a particular decay channel, the branching ratio is defined as:

BR(j) = 2. (2.63)

BSM theories often predict the existence of LLP particles over a wide mass and lifetime
range. As shown in Eq. 2.61, new weak-scale particles can easily have long lifetimes
due to their small couplings to SM particles, the suppressed phase space available
for decays or the approximate symmetries that stabilise them. The experimental
signatures of such hypothetical BSM particles in general-purpose detectors are varied,
ranging from displaced tracks, vertices or jets, to disappearing or kinked tracks,
showing rather different topologies from SM processes. Fig. 2.6 presents graphically

the potential signals that may indicate sources of New Physics.
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Figure 2.7: Schematic view of a variety of BSM LLP signatures in general-purpose
detectors at the LHC shown in their transverse plane. Figure from Ref. [66].

2.3.2 Long-lived Heavy Neutral Leptons

The Seesaw mechanism does not place constraints on the mass and possible lifetime

of HNLs, therefore it is feasible to extend the search range to HNLs manifesting
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as long-lived signatures. In general-purpose detectors, the accessible lifetimes of
long-lived HNLs are between 10 gm and 10 m, while the masses range between 1
and 20 GeV. No HNL signatures below 1 GeV are considered, as such HNL decays
exceed the physical limits of the detector. They also typically proceed via two-body
processes, where two quarks hadronise to form a meson. On the other hand, HNLs

heavier than 20 GeV tend to decay promptly.

1072

1074

Figure 2.8: Contour lines for various HNL decay lengths, c7p, assuming equal
coupling to all three neutrino generations simultaneously. Shaded areas correspond

to approximate current exclusion limits by different experiments. Figure from
Ref. [67].

Direct searches for HNLs have been performed using model-independent phenomeno-
logical approaches, assuming that the HNL mass, My, and coupling to SM neutrinos
of flavour ¢, V,, are free parameters (see Ref. [59]). The lifetime (expressed as a
distance in such searches), ¢y, of an HNL parametrically scales as a function of its
mass and coupling strength to a single generation lepton ¢, therefore it is a backward
oblique line in the phase space diagram in Fig. 2.8. In a generic scenario where an
HNL with a mass of a few GeV couples to all three generations simultaneously, the

decay width I'y is approximately proportional to:
Ty GG Y Vil (2.60)
l=e, u, T
This equation is valid for both Dirac and Majorana-type HNLs.

Similar searches for long-lived HNLs relevant to the results of this Thesis have been
previously performed by CMS [6], ATLAS [7, 68] and the LHCb [69] collaborations

both via semi-leptonic and fully-leptonic decay channels. However, such searches
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mainly focused on single-generation HNL couplings that are now disfavoured by

theoretical predictions (see for example Fig. 2.5).






Chapter 3

Experimental Setup

This Chapter presents the experimental setup used to search for long-lived HNLs,
as well as provides a brief introduction to future efforts in the field of HEP. The
analysis presented in this Thesis uses data collected by the CMS experiment between
2016 and 2018 at the Large Hadron Collider, located at CERN. An introduction to
the accelerator complex housed at CERN is presented, as well as the technology of
the LHC. Furthermore, a detailed description of the various detector layers relevant
to the long-lived HNL search is presented. Finally, a brief discussion focussing on
the Level-1 trigger upgrade program of the CMS detector for the High-Luminosity
LHC is provided.

3.1 The Large Hadron Collider

The Large Hadron Collider (LHC) is the world’s most powerful accelerator and one
of the most complex machines ever built by humankind. The LHC is a circular
synchrotron with two oppositely travelling beams of charged hadrons brought into
collision at four interaction points (IP), each surrounded by a detector capturing the

decay products of the collisions between the two beams [70].

The LHC was designed and constructed at the European Organisation for Nuclear
Research (CERN) as a collaborative international project, committed to peaceful
and open-data research in nuclear and high-energy physics. It is housed in a roughly
26.7 km circumference circular tunnel, 50-175 m under the Swiss-French border, near
Geneva. The LHC tunnel was originally constructed for the Large Electron-Positron
Collider (LEP), and was one of the most challenging civil engineering projects

undertaken by humankind. LEP was used in the 1990s and was the largest lepton

47
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collider to date, providing precision measurements of various SM particle properties
(most importantly, the Z and W boson masses) and confirming the consistency
of the SM, via its "clean environment" obtained by colliding elementary particles.
Nevertheless, its main limitation for reaching higher collision energies resulted from

the large energy loss arising from synchrotron radiation emitted by electrons:

2
E
AE = — 4

N 603R<m002)4 (31)

where ¢ is the charge of the accelerated particle to energy E on a circle of radius
R, € is the vacuum permittivity, c is the speed of light and my is the rest mass of
the accelerated particle. As electrons are the lightest charged leptons of the SM,
when accelerated to high energies in a circle, they emit much more synchrotron
radiation than protons, due to their rest mass being orders of magnitude larger. The
LHC exploits the fact that protons are composite particles where collisions take
place between constituent partons, allowing it to access a broader energy range with
less synchrotron radiation. However, hadron collisions result in a more complicated
environment to study. The main limiting factor of hadron colliders is the magnetic
field strength generated by the superconducting dipole magnets, discussed later in

this Section.

The primary goal of the LHC is the discovery and study of the Higgs boson, by
conducting experiments at the TeV scale and having the ability to thoroughly explore
SM physics at the EWSB scale. Furthermore, part of the LHC’s scientific program
has been to conduct precision measurements of the SM and to study an exotic form
of matter, the so-called quark-gluon plasma, by reconstructing the primordial state of
the Universe after the Big Bang. In addition, LHC experiments have been searching
for BSM phenomena (supersymmetry, ¥MSM, Dark Matter etc.) aiming to confirm

or disprove such hypotheses.

The LHC has multiple operational modes, primarily colliding proton-proton (p-p)
beams, which is also the main focus of this Thesis; the descriptions below therefore
focus on p-p data collection. Nevertheless, the LHC reserves a month each year for

heavy ion collisions, including lead, oxygen and xenon.

Particles are brought into collision at four sites around the LHC ring, each IP being
surrounded by an experiment, each with its own physics program. The CMS and
ATLAS experiments are general-purpose detectors, that research a broad range of
physics processes. They independently confirmed the discovery of the Higgs boson
in 2012. The ALICE detector was designed to accurately test heavy ion collision
environments in order to study the physics of the quark-gluon plasma. The LHCb
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experiment has been designed to conduct precision measurements in the heavy
flavour physics sector and to study the matter-antimatter asymmetry observed in
the Universe. Of course, all the collaborations mentioned above have the ability to
perform other types of physics searches outside their optimal design, providing a

cross-check of the results from fellow LHC experiments.

Focusing on the p-p program of the LHC, Fig. 3.1 provides an overview of the CERN
accelerator complex, bringing p-p beams to record energies. Protons are obtained
from a canister of compressed hydrogen gas that is injected into the LINAC 2 linear
accelerator, where an electrostatic field strips off the electrons from the hydrogen
gas, leaving protons that are then accelerated to 50 MeV energy. Following that, the
protons are transferred into a system of synchrotron pre-accelerators that gradually
accelerate the proton beams before finally injecting them into the LHC ring: the
proton synchrotron booster (PSB) accelerates the protons to 1.4 GeV, after which
the proton synchrotron (PS) further accelerates them to 25 GeV; the protons are
then passed into the Super Proton Synchrotron (SPS) which accelerates them to 450
GeV. The SPS then injects the protons into the LHC ring, which consists of 8 radio
frequency (RF) cavities that accelerate the protons up to 6.5-7 TeV. As of December
2022, the largest proton beam energy achieved at the LHC was 6.8 TeV at the start
of Run-3, colliding protons at record centre-of-mass energies of 13.6 TeV [71]. The
data analysed in this Thesis was collected during Run-2, between 2016 and 2018,
with /s = 13 TeV.

Proton beams at the LHC are organised in 2808 bunches of 1.15 x 10! protons with
25 ns (~ 7.5 m) spacing, which are kept in circular motion by a Lorentz force created
by an 8.4 T magnetic field. Such large magnetic fields around the LHC ring are
generated using 1232 Niobium-Titanium superconducting dipole magnets, cooled to
1.9 K by the world’s largest liquid nitrogen and helium cryogenic systems to date?.
The proton beams are brought into contact by focusing quadrupole magnets at a rate
of 40 MHz. As mentioned before, the main limitations to the LHC reaching higher
collision energies are the current technological capabilities of developing stronger
superconducting magnets that can keep protons in circular motion and bring them
into collision at IPs. In addition, higher-order magnets keep the proton beams
focused in order to counteract the repelling Coulomb force between protons within
a bunch, as well as at the IPs. In technical terms, p-p collisions are called "bunch

crossings' and recorded interactions are referred to as "events'.

The rate of event production in LHC collisions is given by:

1Once completed, the International Thermonuclear Experimental Reactor (ITER) will become
the "world’s largest and most powerful fridge" [72, 73].
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The CERN accelerator complex
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Figure 3.1: Schematic diagram of the CERN accelerator complex, highlighting various
accelerator stages before the proton beams are injected into the LHC superconducting
synchrotron ring. In addition, other particle extraction facilities and experiments
are shown. Image credit: CERN.
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where o is the cross-section for a given process and L is the instantaneous luminosity

determined by the particle beam parameters. The LHC design instantaneous lumi-

2 571, However, during Run 2, the LHC achieved a record

2

nosity was 1.0 x 103* cm™
instantaneous luminosity of 2 x 10** cm™2 s=! with a further planned increase in
Run 3. The integrated luminosity, £, is given by the total number of recorded events

collected by an experiment over its operation period, measured in inverse femtobarns
fb~! =10 x 104 m?:

dN
N = /Edt — oL (3.3)

Fig. 3.2 shows the total integrated offline luminosities recorded by the CMS detector
during its operation periods, including Run 3, as well as the cumulative luminosity
delivered by the LHC. During Run 2, CMS recorded 137 fb~! of p-p collision data,
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the analysis of which is described in Chapters 7-10 of this Thesis.
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Figure 3.2: Diagrams showing the cumulative integrated luminosity versus day (left)
and over the total operation period (right) recorded by CMS for p-p collisions at
nominal centre-of-mass energy. The right diagram also shows the total integrated
luminosity delivered by the LHC [74].
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Figure 3.3: Distribution of the average number of interactions per bunch crossing
(pileup) for p-p collisions during Run 2 (13 TeV) operation of the CMS detector. The
overall mean values and the minimum bias cross-sections are shown [74].

In order to maximise the rate at which rare events occur in p-p bunch crossings, the
geometry and number of protons stored in each bunch must be optimised. Protons
that do not undergo collisions are kept in orbit and the bunch is brought into collision
at the next IP. Over time, the LHC fill drops in luminosity due to protons being lost
in collision events. The number of p-p interactions occurring per bunch crossing is
called pile-up (PU). Figure 3.3 shows the PU distribution for the Run-2 operation
of the CMS experiment, per year and in total. The two-peak feature in the 2017
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pileup distribution is a result of the introduction of luminosity levelling in the CMS
detector to avoid aggressive event filtering at the start of each LHC fill, such that
the detector data storage system can keep up with the incoming event rate at higher

luminosities.

3.2 The CMS detector

The Compact Muon Solenoid (CMS) experiment is one of the general purpose
detectors at the LHC [75, 76]. The main physics goals governing its design were the
discovery and precision measurements of the Higgs boson, as well as direct searches
for BSM physics, such as supersymmetric (SUSY) particles, dark matter and vMSM,
among others. Furthermore, being a general-purpose detector, CMS is capable of

making precision measurements for testing the SM and to search for signs of New

Physics (NP).
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Figure 3.4: Exploded views of the CMS detector showing an onion-like layer structure
and the effects of the strong magnetic field (2 and 3.8 T, respectively) on charged
particles (diagrams from [77, 78]). The left figure is a section of the detector in its
transverse view. The right figure is a 3-dimensional projection of CMS enhancing the
concentric nature of the sub-detector layers (tracker, electromagnetic and hadronic
calorimeters, superconducting solenoid and muon chambers, as well as the forward
hadronic calorimeter) around the collision point in the centre of the beamline.

The CMS detector (shown in Fig. 3.4) is a spectrometer consisting of a hermetic,
concentric multi-layer structure surrounding the LHC beam axis. Each detector
layer serves a different purpose, with the cylindrical structure being divided into a
barrel section and two disk-like endcap sections in the forward region. An important
aspect driving the detector design and layout was the choice of the magnetic field

configuration for precise charged particle (track) momentum measurements, as well
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as charge identification under the Lorentz force generated by the magnetic field.
Large bending power is needed to precisely measure the momentum of charged
particles. Just outside the CMS calorimeters sits a 13 m long, 5.9 m inner diameter,

superconducting solenoid yielding a magnetic field of 3.8 T at its centre [79].

The CMS detector consists of the following detector layers listed moving radially
outward from the beam axis, which is embedded in a beryllium beampipe. The
silicon tracking system consists of an inner layer of pixel detectors surrounded by a
silicon strip tracking system. The role of the tracker is to accurately measure the
trajectories (tracks) of charged particles moving outwards from the IP, as well as
to locate the primary vertices of hard scattering processes and to identify potential
secondary vertices. The tracker is surrounded by the electromagnetic calorimeter
(ECAL) followed by the hadronic calorimeter (HCAL), each of which absorbs the
energies of incoming particles, in order to measure the energy deposited. The ECAL
focuses on the measurement of electrons and photons, whereas the HCAL absorbs
hadronic particles that pass through the ECAL. The superconducting solenoid magnet
was installed outside the HCAL and is surrounded by 4 layers of muon chambers
embedded in the iron return yoke. The role of the return yoke is to guide and
confine the magnetic field outside the solenoid magnet, besides providing structural
support to the experiment. Fig. 3.4a presents a slice in the transverse plane of
the CMS detector showing the response of the various detector layers to different
particle types, as well as the typical trajectories of charged particles as a result of
the strong magnetic field. The CMS detector weighs 14000 tons and has a length
of 21.6 m and a diameter of 14.6 m. The experiment has some 75 million readout
channels that are operated synchronously at 40 MHz bunch crossing frequency. The
following subsections discuss the technical aspects of each detector system of the

CMS experiment in more detail.

Geometry and coordinate system

For event reconstruction purposes, the CMS experiment adopts a right-handed
Cartesian coordinate system with the point of origin at the IP. The z-axis is chosen
to align with the beamline and points anticlockwise along the LHC ring. The y-axis
points vertically upwards, while the x-axis points towards the centre of the LHC

ring.

For simplicity and due to the cylindrical shape of the CMS detector, alternative
coordinate systems are also used for various physics reconstruction purposes. These

are based on polar coordinates: ¢ is the azimuthal angle in the transverse (x-y)
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plane, relative to the x-axis; r is the radial distance; 1 denotes the pseudorapidity of
a particle. Pseudorapidity is a transformation of the polar angle, 6, relative to the

beam axis and the relativistic particle, and is defined as:

n = —Intan (Z) (3.4)

For higher pseudorapidity values, particles travel closer to the beamline, consequently,
they are considered to move in the "forward region" of the detector 2. For instance,
particles emerging from PU interactions typically possess large n values. Another

useful quantity is the angular separation between objects defined in the (7, ¢) plane:

AR = /AR + A¢2. (3.5)

Certain physics processes of interest have a significant presence in the transverse

plane of the detector, therefore it is useful to define the following quantities:

SRPN — /2 2.
 transverse momentum of a particle: pr = ,/p2 + Dys

e missing transverse momentum: pPs = — 3. pb where pi is the transverse

momentum of each visible particle ¢ in the detector;
 missing transverse energy: EJS = |pmiss|;
 transverse impact parameter, d,,, which is defined as the shortest distance

between a track and the beam line in the transverse plane;

« transverse impact parameter significance: d5¢ = dqy/0(dyy), the fraction

between transverse impact parameter and its uncertainty.

3.2.1 Tracking system

The tracking system of the CMS detector [80] is its innermost component, lying
closest to the IP. The role of the tracker is to accurately reconstruct charged particle
trajectories that are bent in the strong magnetic field created by the solenoid magnet,

as well as to identify primary vertices from hard scattering processes in each collision.

2The forward region of CMS typically refers to the portion of the detector that is situated at
smaller angles with respect to the beamline. It covers particles emitted at relatively small angles
from the beamline in the direction of the beam.



3.2. The CMS detector 55

In addition, the tracker has the ability to identify and locate secondary vertices from

decaying particles, such as tau leptons or B hadrons.

Due to its proximity to the IP, the tracker faces the highest emerging particle flux,
(O(1000)) per bunch crossing. Consequently, the design of this detector system
needs to prioritise robustness against radiation damage, as well as high spatial and
temporal granularity and excellent resolution for precision tracking. Furthermore, the
design of the inner tracker needs a low material budget to avoid unwanted scattering
interactions that would degrade measurements of outgoing particles. These scattering
processes include electron bremsstrahlung, photon conversion and hadron nuclear

interactions.

To satisfy the requirements for radiation hardness, low material budget, fast and
accurate response, high granularity, as well as excellent track and vertex resolution,
the inner tracking system of the CMS experiment was built entirely of silicon detectors.
The CMS tracker has a length of 5.8 m, a diameter of 2.5 m and pseudorapidity
coverage of |n| < 2.5, and represents the largest silicon tracker ever built for a physics
experiment. The fundamental working principle of silicon trackers is based on ionising
radiation of passing charged particles in their depletion zone free of charge carriers.
The ionising radiation creates electron-hole pairs in the silicon that are converted
into an analogue signal, measuring the hits of the passing charged particle in each
silicon detector layer. The momentum resolution of the tracker is 1-2% for outgoing
particles with pr up to 100 GeV in the central rapidity region. At higher energies,

the resolution quickly deteriorates as the curvature of particle tracks decreases.
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Figure 3.5: Schematic diagram of one-quarter of the Phase-1 CMS tracking system
in r-z view. The pixel detector is closest to the interaction point and is shown in
green. The silicon strip detectors are depicted as red and blue segments depending
on whether they are single-sided or double-sided strip modules, respectively. Figure
adapted from [81].

The tracking system of the CMS experiment consists of two main detector subsystems,
both made of silicon, as shown in Fig. 3.5. The innermost layer is a pixel detector,

extending to a radius of 20 cm around the beamline, receiving the largest particle
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flux of all detector layers in the experiment. It has a symmetric cylindrical geometry
around the beamline with the capability of measuring hit positions in 3 dimensions.
Between 2008 and 2016, the pixel detector operated with 3 layers in the barrel region
and 2 endcap disks in order to withstand a luminosity of 1 x 103 cm=2 s, the default
design of the LHC. After 2017, the luminosity delivered by the LHC was doubled
and the CMS pixel detector was, therefore upgraded at the end of data taking in
2016. The Phase-I (2017-2025) pixel detector consists of 4 layers in the barrel region
and 3 endcap disks, resulting in a total of 124 million individual pixels of size 100
pm X 150 pum. The transverse resolution of the pixel detector is 10 pum, whereas the
longitudinal one is 20 pm. The total area covered by the pixel tracker is 1.9 m? with a
In| < 2.5 coverage. In addition to a more refined granularity and enhanced radiation
hardness, the upgraded pixel detector has better track reconstruction efficiency and

resolution performance compared to its predecessor [82].

The pixel detector is surrounded by several layers of silicon micro-strip detectors
ranging in distance from 20 cm up to 110 cm radially around the beamline. They
cover a total surface area of approximately 200 m? and |n| < 2.5, with 9.3 million
strips operating under a reduced particle flux relative to the pixel detector, hence
the use of less expensive silicon strip detectors. While some of these silicon strips
have a tilted module configuration aiming to provide 2-dimensional hit positions and
better coverage, most of the strips only provide 1-dimensional measurements. The
silicon strip detector consists of four main subsystems. Between radii of 20-55 cm,
one finds the Track Inner Barrel (TIB) and Track Inner Disks (TID), consisting of 4
barrel layers and 3 disks, respectively, with a resolution of 13-38 pm in the transverse
plane. These are surrounded by the Tracker Outer Barrel (TOB) at 55-110 cm radii
consisting of 6 larger strip layers placed in parallel with the beamline. To either side
of the TOB, perpendicular to the beamline are the Tracker End Caps (TEC), which
consist of 9 disks of micro-strips with similar dimensions to those in the TOB. The
TECs and the TOB have a resolution of 18-47 pm [82].

Information from the tracker is crucial for most physics analyses to identify various
particle types and their corresponding charge based on the track curvature. Never-
theless, signals from the tracking system are also used in the online trigger system
to decide whether to keep events with interesting experimental signatures, as will be

discussed in Sec. 3.2.6.

Tracking information has a crucial role in the HNL analysis presented in this Thesis,
as it is needed for the correct identification of both prompt and displaced signature

tracks associated with long-lived HNL decays.
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3.2.2 Electromagnetic calorimeter

The CMS electromagnetic calorimeter (ECAL) [83] is a high granularity, compact,
homogeneous detector with the role of efficiently measuring the energy and position
of incoming electrons and photons that produce electromagnetic showers in the
material of the calorimeter. High energy electrons emit bremsstrahlung radiation
when penetrating dense materials whereas photons interact via electron-positron pair

production with the same material.

The CMS ECAL is made of lead tungstate (PbWQ,) crystals, which have rather
advantageous properties for effective energy measurements of photons and electrons.
Lead tungstate has a short radiation length of Xy = 0.89 cm, so electromagnetic
showers have a limited longitudinal extent. In addition, it has a narrow Moliere
radius of only 7, = 2.19 cm, limiting electromagnetic showers in the lateral direction,
as well. Besides being a radiation-hard material, lead tungstate has a fast response

time® of 25 ns, being in synchrony with the bunch crossing frequency [83].

The ECAL has two main detector subsystems, as presented in Fig. 3.6. The elec-
tromagnetic barrel (EB) consists of 61200 crystals with a depth of about 26X,
covering a pseudorapidity range of |n| < 1.479. Each crystal has a 0.0174 x 0.0174
coverage in the n¢ plane, giving them a rectangular wedge shape. The advantage
of this geometry is that no particle trajectory is completely aligned with the cracks
between crystals. Therefore, there is relatively little loss of electromagnetic shower
components in the ECAL crystals. The front face of the barrel crystals has a size of

22 x 22 mm, roughly corresponding to the material’s Moliere radius.

On either side of the EB, perpendicular to the beam axis lie the electromagnetic
endcaps (EE), which are made of 7324 crystals with a thickness of about 25X
and 1.479 < |n| < 3.0 coverage. The front face of these crystals has a size of
28.6 x 28.6 mm and they are arranged in 5 x 5 crystal units. Just in front of the
EE lie the electromagnetic pre-shower detectors (ES), which are sampling detectors
with alternating layers of lead absorbers and silicon strips. The role of the ES is
to distinguish displaced photons originating from neutral pion decays — originating
from detector material effects — from prompt photons produced at the IP. The ES
has a coverage of 1.653 < |n| < 2.6.

When electrons and photons pass through the lead tungstate crystals, they emit
a blue-green scintillation light that is captured by photodetectors placed at the
rear side of the crystal blocks. Since lead tungstate has a relatively low light yield,

380% of the emitted light collected in this time.
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Figure 3.6: Schematic diagram of one-quarter of the CMS ECAL in r-z view,
presenting the layout of the lead tungstate crystals in the electromagnetic barrel
(EB) and endcap detectors (EE), as well as the position of the pre-shower detector
in front of the EE. Figure taken from [84].

the scintillation light signal needs to be amplified before it is digitised. In the
barrel area silicon avalanche photodiodes (APD) with an amplification factor of 50
are used, whereas the endcap has vacuum phototriodes (VPT) operating with an
amplification factor of 10. The resulting optical signals are digitised by analogue-
to-digital converters (ADC) at a 40 MHz rate. This set of discrete amplitude
measurements is passed to the buffer waiting for the Level-1 trigger system to decide
whether the collision event should be stored offline for later processing, as will be

discussed in Sec. 3.2.6.

The energy resolution of the ECAL has been determined from electron test beam

measurements [85]:

where A = 2.8% is the stochastic term determined by event-to-event fluctuations of
energy deposits; B = 12% is the noise term characterised by preamplifier and pile-up
effects and C' = 0.3% is the constant term assigned to account for intercalibration

errors and crystal non-uniformity.

The ECAL has a crucial role in the analysis presented in this Thesis for the correct
identification of electrons associated with long-lived HNL decays, as well as measuring
the properties of the displaced jet. In addition, signals from the ECAL are employed

in the study of electron identification scale factors presented in Chapter 9.
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3.2.3 Hadronic calorimeter

The CMS hadronic calorimeter (HCAL) [86] is a sampling detector designed to
measure the properties of collimated particles forming jets, by providing good
hermiticity and containment. The HCAL is designed to measure the energy and
position of not only charged hadronic particles originating from p-p collisions, but
also neutral hadrons that do not leave tracks in the tracking system and interact
only minimally with the ECAL. Due to its compactness and hermetic coverage, the
HCAL is capable of measuring any energy imbalance in the transverse section of the

detector arising from neutrinos or potential neutral NP candidates.

The HCAL consists of alternating layers of non-magnetic brass absorber plates
interleaved with active layers of plastic scintillator tiles. When a hadronic particle
arrives at the HCAL, it undergoes nuclear interactions with the dense absorber
material, generating hadronic showers of particles detected via scintillation light
in the active layers of the detector. The scintillation light is produced in the blue-
violet region of the visible light spectrum and is subsequently converted by optical
wavelength-shifting fibers to the green region. The signal is then amplified by a
factor of 2000 by hybrid photodiodes to determine the energy deposited by incident

hadrons.

Figure 3.7: Schematic diagram of one-quarter of the CMS HCAL in r-z view,
presenting the layout of the sampling detectors in the hadronic barrel (HB), endcap
detectors (HE) and outer (HO) detectors, as well as the position of the forward
hadronic (HF) detector down the beamline. Figure taken from [75].

The HCAL has 4 main components, as depicted in Fig. 3.7. The hadronic barrel
(HB) covers a pseudorapidity range of || < 1.3 and consists of 36 identical azimuthal
wedges split into 2 barrels. Fach wedge has a spatial granularity in the (7, ¢) plane of
0.087 x 0.087, similar to the ECAL towers. The size of the HB is spatially constrained
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by the position of the solenoid and the outer edge of the ECAL, lying radially from
the beamline between r = 1.77 m and r = 2.95 m. This corresponds to 5.8 to 10.6

nuclear interaction lengths (\;) at increasing 7 values [86].

On either side of the HB, perpendicular to the beamline, lies the hadronic endcaps
(HE), covering a pseudorapidity range of 1.3 < |n| < 3.0. Up to |n| < 1.6, its spatial
granularity corresponds to that of the HB, and beyond that it doubles in size, while

maintaining a nuclear interaction length about ~ 10);.

In order to mitigate the limited size of the HB, an outer hadronic calorimeter (HO)
has been placed outside the solenoid magnet as a "tail catcher" for hadronic showers

reaching 11.8\; depth and covering |n| < 1.26.

The HCAL is complemented by additional forward calorimeters (HF) placed +11.2 m
from the IP along the beamline. The HF is designed to have extremely robust
radiation hardness, since it receives high levels of particle flux at 3.0 < |n| < 5.2. The
HF is composed of thick steel absorbers embedded with quartz fibers that measure
the energy deposited by forward jets via Cherenkov light produced by the showering

particles.

The energy resolution of hadrons passing through the calorimeter system varies
non-linearly, as well as the fraction of their energy deposit in the two calorimeter
system [87]. Consequently, using cosmic ray muons and LHC beam data, the hadronic
energy resolution of the barrel HCAL and ECAL combination are parameterised

as [88]:

on \* [ 846% \ )
( E[GeV]) —~ (E[Ge\/]) +(7.4%)2. (3.7)

As with the ECAL, signals from the HCAL are stored in buffers, and held until the

Level-1 trigger decision is made on whether to retrieve the collision event.

Alongside the other detector layers discussed in this chapter, the HCAL is one of
the key elements in detecting displaced jets, which are important for identifying
the long-lived HNL signatures studied in the analysis discussed in this Thesis. In
addition, the HCAL aids in the measurement of the missing transverse momentum,

miss

pr®, of events used to train the binary event classifier presented in Chapter 8.
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3.2.4 Solenoid magnet

The superconducting solenoid magnet of the CMS experiment [79] was built to aid the
accurate measurement of the momentum and charge of charged particle trajectories
bending under the Lorentz force it creates. With dimensions of 13 m in length
and 5.9 m in inner diameter, it fits the tracking and calorimeter systems inside the
cylindrical coil. The CMS magnet is capable of storing 2.6 GJ of energy when fully
charged by a 19.14 kA current and creating its maximum 4 T magnetic field. it is the
largest superconducting solenoid ever built for a physics experiment. However, due to
durability considerations, the CMS magnet has actually been operated at 3.8 T. The
solenoid magnet consists of a 4-layer winding of superconducting Niobium-Titanium
(NbTi) fibers cooled to a temperature of 4.6 K.

The CMS solenoid magnet is surrounded by an iron return yoke system that is needed
to contain and guide the magnetic field, as well as provide structural support to help
the detector withstand the large forces created by the strong magnetic field. The
steel yoke consists of 5 barrel wheels and 6 endcap disks interspersed with the muon
chambers and weighs a total of 10000 tons (the largest contribution to the total mass
of the CMS experiment). Due to its density, the iron yoke also serves to filter out
any surviving hadronic activity from collisions, ensuring that only muons and weakly

interacting particles, such as neutrinos can pass through them.

3.2.5 Muon system

The muon system is one of the most crucial detector layers of the CMS experiment [89],
since the efficient, precise identification and measurement of muons has a critical
impact in a multitude of SM and BSM searches. Muons are measured independently
in three different detector layers of the CMS experiment (inner tracking system, after
the solenoid and the muon system itself), yielding an impeccable muon reconstruction
efficiency of 95-99% and a muon momentum resolution of ~ 1%(~ 10%) for muons
with pr = 10 — 100 GeV (1 TeV), demonstrating a robust performance for the muon
system. Muons penetrate the calorimeter system without much interaction and

energy loss, being only one of few particles surviving up to the muon chambers.

The muon spectrometer consists of 3 different detector technologies, all relying on
gas ionisation technologies, as depicted in Fig. 3.8. The chambers are embedded in
the iron return yoke, which also serves as an absorber to any surviving hadronic

showers (known as "punch-through"). Beyond the yoke, only muons and undetected
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neutrinos. The muons ionise the gas molecules in the chambers and the resulting

electrons are collected, producing an electric signal.
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Figure 3.8: Schematic diagram of one-quarter of the CMS detector in r-z view,
presenting the layout of all detector subsystems, but with a focus on the structure of
the muon system. The various muon chambers are interleaved between the iron flux
return yoke. The drift tubes (DTs) are located in the barrel region (labelled as "MB'
in orange), while the cathode strip chambers (CSCs) are located in the endcaps of
the muon system (labelled "ME" in green). The resistive plate chambers (RPCs) are
located in both the barrel and endcap regions of the muon system (labelled "RB'
and "RE" in blue). Figure taken from [90].

The barrel region (|n| < 1.2) of the spectrometer consists of drift tubes (DTs), which
are suitable, as the muon rate, the neutron-induced background and the strength
of the magnetic field are relatively low, with the latter also being fairly uniform.
The endcap regions (0.9 < |n| < 2.4) of the muon system consist of cathode strip
chambers (CSCs), where the non-uniform magnetic field increases, as well as the
muon rate. These two detector subsystems provide excellent position reconstruction.
Complementary to the DTs and CSCs, resistive plate chambers (RPCs) are added
in both the barrel and endcap regions (|n| < 1.6), providing a fast response and
good time resolution for the detected muons to be associated with the correct bunch
crossing. However, RPCs have rather a coarse position resolution compared to.

Information from all three subsystems is then passed to the Level-1 trigger.

The reconstructed hit spatial resolution of the muon system is about 50-300 pm,
whereas the reconstructed hit efficiency ranges between 94-99%. The segment
efficiency of the muon detector is about 97%. The resolution of muons with pt up to
~100 GeV is 1% in the barrel and 3% in the endcap, while it reaches ~ 6% in the
barrel for muons with pp = 1000 GeV. The muon momentum resolution measurements

were obtained using cosmic ray data and 13 TeV collision data, combining information
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from both the inner tracking system and the muon detectors [90].

The muon system has an important role in detecting prompt and displaced muons
associated with the HNL production and decays studied in this Thesis. The displaced
muon identification and reconstruction systematic study presented in Chapter 9,

relies on inputs from the muon system.

3.2.6 Data acquisition system

Collision event rates at the LHC reach an exceedingly large rate of 40 MHz, posing a
major challenge for processing capabilities, bandwidth and data storage limitations
while data taking is performed. The data associated with one collision event has
a size of 1-2 MB, which means the 40 MHz event rate would correspond to a data
production rate of 40 TB/s. The transfer rate for events sent to permanent storage

is approximately 2 GB/s, 4 orders of magnitude lower.

To reduce these data rates to more manageable levels, CMS employs a two-tier
online event trigger system run consisting of the Level-1 trigger (L1) followed by the
High-Level trigger (HLT), each having a different design [77, 91-93|. The triggers
significantly filter the incoming events by orders of magnitude while the detector
collects data. Each trigger level performs fast online (partial) reconstruction of
collision events by looking for pre-defined patterns, such as the presence of specific
particles with particular properties, such as energy and pr limits as well as isolation
from other particles. These patterns are identified via detailed studies performed
before individual LHC runs take place and trigger menus (i.e. set of selection criteria,
known as trigger seeds) are created based on the interests of different analysis groups.
Characteristic patterns for "interesting" processes (typically SM EW processes and
possible BSM signatures) may contain specific objects such as leptons, photons, high-
pr tracks, energetic jets, high missing transverse energy carried away by undetected
particles or energy sum quantities. Events that are disregarded by the trigger system
are lost forever. "Uninteresting", well-known physical events are typically inelastic
scattering of partons resulting in QCD multi-jet events that have high cross-section
rates, also referred to as pileup. Filtering out such events keeps the incoming data
rate under control: reducing online and offline event storage, lowering the bandwidth
required to transfer data, optimising the storage space on disks, maintaining stable

event rates and so on.

Some SM processes with high production rates may exceed bandwidth capacities,

but which must be recorded for offline analysis. Such processes are filtered through
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a so-called prescaling approach, which means that only a pre-set fraction of these

events are actually recorded and sent for storage by the trigger system.

Level-1 trigger system

The Level-1 trigger (L1T) [94] consists of custom-built electronics that perform event
reconstruction (data processing) using configurable field-programmable gate array
(FPGA) chip devices with large data bandwidth and powerful parallel computation
capabilities. The L1 trigger reduces the event rate from 40 MHz to 100 kHz, by a
factor of 400. The L1T is a low resolution, but rather fast and flexible (through
FPGAs), fixed-latency algorithm looking at simpler patterns (in particular for
muons, electrons, photons, jets or 7 candidates) using coarse readouts from front-end
electronics from only the calorimeters and muon systems, creating Trigger Primitives
(TP). The data is kept in buffers, located close to the detector. The total time
allocated for making trigger decisions is < 4pus, corresponding to 144 bunch crossings.
Hence, the time allocated to L1T calculations is less than 1 us as about 2 us are
needed to transfer the signals between the detector and processors via high-speed
optical links. If the trigger signal is delayed, the event is lost forever. Fig. 3.9 shows
a schematic diagram of the Phase-I Upgrade of the CMS L1T used during Run 2
data taking. It consists of: primitive generators (top layer), trigger components
(blue) and the Global Trigger (purple), which takes the final decision [95].

High-level trigger system

The second trigger stage is the High-Level Trigger (HLT) [97], a CPU-based PC farm
with about 30,0000 nodes, located on the surface, directly above the CMS detector.
The software-based system further reduces the event rate to ~1 kHz with a variable
latency of about 200 ms on average [96]. The HLT is a more sophisticated software
system, which employs the full granularity from all CMS sub-detectors and performs
a quick event reconstruction, almost at offline-level quality. The HLT uses a more
complex trigger menu than the L1T, taking advantage of the high-resolution objects

it has access to, as well as full tracking information.

Once an event passes the HLT selection, it is sent to permanent storage and detailed
reconstruction at the Tier-0 Grid computing site. The CERN GRID computing
infrastructure distributes data around the globe and uses parallel computing resources,
as well as back-up systems from this network of computers. Despite the performant
and optimised trigger system of the CMS experiment, a few PB of data are still
collected yearly during data-taking periods.
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Figure 3.9: Schematic view of the upgraded Phase-I Level-1 trigger architecture
used during the Run-2 data collection period of the CMS experiment [96].

3.3 The High-Luminosity LHC and CMS Phase-2
Upgrade

3.3.1 Overview

During its first three runs, the LHC is expected to collect 300 fb~! of data. Since the
discovery of the Higgs boson in 2012, no NP phenomena have been directly observed
at the LHC, which has put the HEP community into a dilemma. Hypothetical,
multi-TeV mass particles, as well as other exotic processes, may have such low cross-
sections that they could be easily missed with the current LHC setup and trigger
system. Moving towards precision measurements of well-understood SM processes,
it will be necessary to increase data rates for improved event yield, particularly for
unseen SM interactions with low production probability. Low cross-section processes
of interest are the Higgs self-coupling in di-Higgs production, vector boson scattering

processes or dark matter searches, among many others.

In order to address the low rate of "interesting" physics processes, an upgrade to
higher luminosity has been approved and planned to be implemented around 2029.
The High-Luminosity LHC (HL-LHC) would run at 5 x 103* ecm™2 s™! instantaneous
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luminosity on average, collecting 3000 fb~! of data over 10 years of running. The
highest instantaneous luminosity it is expected to reach will be 7.5 x 10** cm—2
s1. As a result of the increased luminosity, around 200 inelastic interactions would
occur per bunch crossing [98]. This would increase the probability of rare interaction
processes occurring, increasing the number of collected events. Nevertheless, the
rate for low-interest pileup interactions will increase dramatically, as well. The great
challenge of the HL-LHC will be controlling the incoming data rate: maximising
the detection and recording of the desired rare processes while rejecting PU with

optimal efficiency.

To address the high pileup conditions expected at the HL-LHC, extensive upgrade
work will be conducted after concluding the Phase-1 LHC life cycle. The goal
of such upgrade studies will be to reject pileup while maximising the acceptance
of hard-scattering events of interest. This will be achieved by upgrading current
detector technologies to higher granularity and improved radiation hardness, as well
as improving the CMS trigger system. More details about the Phase-2 L1 trigger
upgrade of the CMS experiment are given in Sec. 3.3.2.

3.3.2 Phase-2 Upgrade to the Level-1 trigger system

The HL-LHC will present a demanding environment with higher radiation and more
challenging track and vertex reconstruction. Consequently, there will be a necessity
for significant changes to both the LHC and the CMS detector. The Phase-2 upgrade
of the CMS detector is scheduled to finish by 2028, which means that in the upcoming
years, significant efforts will be invested in R&D and implementation work for the

upgraded detector.

First of all, several layers of the current detector will deteriorate by the end of Phase-1
due to the high radiation deposited over the lifetime of the LHC. Radiation damage
has a particularly pronounced effect on the tracker, since it lies closest to the IP
point where the most energetic particles pass and deposit part of their energy, as
discussed in Sec. 3.2.1. Furthermore, the scintillating materials of the calorimeters
will gradually lose transparency when subjected to high radiation doses over time,
especially in the endcaps. Hence, materials with better resilience to radiation damage

and improved detection performance will need to be used.

To meet the demands of high PU conditions, increased granularity is required in all
sub-detector layers, particularly for the upgraded tracker, as well as the calorimeter
modules and muon system. High granularity will be needed to identify tracks

and primary vertices associated with hard-scattering processes. With about 200
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PU events on top of every hard scatter, this task will be rather challenging. The
increased granularity of the tracker will ensure reduced channel occupancy, therefore
hit merging in the pixels will be corrected to improve the distinguishability of spatially
close tracks. Furthermore, a dedicated primary vertex (PV) finding algorithm will
be added to the upgraded L1T. In order to reduce the effect of particle interactions
with the tracker material, less material will be used to construct it. Finally, tracker

information will be made available at the Level-1 trigger [99].
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Figure 3.10: Functional diagram of the components to the Phase-2 Level-1 Trigger
architecture [99].

As discussed in Sec. 3.2.6, the Phase-1 L1 trigger receives information from the
front-end electronics of only three sub-detector layers: the two calorimeters and
the muon chambers, but not the tracker. However, to mitigate high PU conditions
at the HL-LHC, including the tracker information in the L1T will be a necessity
in Phase-2. To make this possible, particle-flow-based reconstruction algorithms
will be implemented on FPGA chips, with the potential of additional machine-
learning-based software. Consequently, the L1T architecture will be restructured,
allowing more sophisticated online reconstruction of physics objects and complex
global event quantities, compared to its Phase-1 version. The latency of the trigger
will be increased to 12.5 us, while the data rate passing the L1T will rise to 750
kHz. Preliminary studies show that employing Phase-1 L1T algorithms at HL-LHC
PU 200 conditions will result in a data rate of 4000 kHz [100]. If the tracker
information could be included, the rate would only be 500 kHz. Fig. 3.10 illustrates
the proposed architecture for the Phase-2 L1T upgrade, encompassing the new

sub-detector modules and increased granularity.






Chapter 4

Event Reconstruction

This Chapter describes the reconstruction and identification of essential physics
objects used in the CMS experiment, with a particular focus on those employed in
the long-lived HNL search presented in this Thesis. The chapter starts with, a brief
discussion of the reconstruction of low-level event objects such as tracks, primary
vertices and calorimeter clusters. Then, the discussion is extended to the methods
used to combine these event objects to obtain physics objects describing the global
event, such as muons, electrons, jets and missing energy. As the CMS detector was
not explicitly designed to detect the displaced signatures manifested in the decays of
long-lived HNLs, determining the reconstruction and identification performance for

displaced physics objects is critical.

4.1 Particle Flow reconstruction

The offline reconstruction of event observables and physics objects is obtained via
the particle flow (PF) algorithm [78], which combines various detector signals in
an optimal manner to describe particles representative of the global event. Due to
the fine granularity and hermeticity of the CMS detector, as well as the cutting-
edge algorithms applied, the PF algorithm provides excellent measurements of
kinematic particle properties and position, as well as highly efficient identification
performance. Physics objects are first identified as PF candidates, such as leptons or
charged /neutral hadrons, and eventually expanded into the reconstruction of more

complex objects such as jets and missing energy.

69
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4.1.1 Track reconstruction

Track reconstruction is an important step in the measurement of the momentum,
charge, position and identification of charged particles. Charged particles interact
with the tracker material, leaving hits in the pixel and strip detectors. In the
magnetic field produced by the CMS solenoid, charged particles develop helical
trajectories as they travel through the detector. The curvature of these helical
tracks is determined by their momentum and charge, therefore reconstructed tracks
provide crucial information on the kinematics of charged particles and can improve
upon energy measurements delivered by the calorimeter system. Consequently, track

reconstruction efficiency must be maximised.

Particle tracks are identified via a twelve-step iterative combinatorial track finder
(CTF) algorithm [82]. Each iteration consists of four algorithmic steps: seeding,
trajectory finding, track finding and selection. The first step of an iteration consists of
selecting a trajectory seed based on pre-defined criteria on a handful of hits. Based on
the track seed, a first rough estimate of the track parameters is provided. The second
step extrapolates the trajectory of the particle based on the input parameters from
the seed step, using a Kalman Filter! [102, 103]. The third step involves updating
the track parameters and fitting hits along the estimated trajectory, adding them to
the track. In the final step, tracks are selected based on pre-defined quality criteria
such as the number of fitted hits layers, x?/ndof of the fit and whether they originate
from a PV. This aims to reduce "fake" tracks from the final track collection. "Fake"
tracks are misreconstructed tracks of poor quality with missing hits in at least one

layer [78].

The first few iterations in the CTF algorithm aim to find tracks with high purity
originating close to the IP. To reduce combinatorial complexity, hits assigned to
tracks in one iteration are removed from subsequent iterations. In order to maximise
track reconstruction efficiency, subsequent iterations relax quality criteria, with
later iterations searching for high-pr tracks and/or displaced tracks, relevant for the
long-lived HNL search described in this thesis. Tracks found in all 12 steps of the

iterative method are saved into the track collection of the p-p collision event [104].

!The Kalman Filter is a "local fitter" since it estimates a joint probability distribution over the
variables of interest by updating them following each new measurement. It permits the estimation
of the evolution of a dynamic system, making the technique suitable for track building. The
robustness of the method is the independence of multiple measurements on the same detector
layer of which only one can lie on any track. The algorithm is named after Rudolf E. Kalmén,
Hungarian-American engineer who was one of the primary pioneers of the theory in the 1960s [101].
The success of the algorithm is proven by the fact that it is widely used in HEP track fitting, as
well as in other science and engineering applications.



4.1. Particle Flow reconstruction 71

The tracking efficiency is > 99% for isolated muons in the range of 1 < pr < 100 GeV,
whereas for charged pions it is slightly lower (~ 90%) due to energy loss via nuclear
interactions in the tracker material [82]. On the other hand, electrons lose much
of their energy before even reaching the calorimeter system due to bremsstrahlung.
Consequently, a dedicated tracking algorithm called the Gaussian sum filter (GSF)
is used for electron track reconstruction, which takes into account such effects [105].
In addition, the GSF algorithm has the capability to identify electron-positron pairs

resulting from photon conversions in the tracker material.

Track reconstruction is relevant to the studies of displaced lepton reconstruction and

identification presented in Chapter 9.

4.1.2 Vertex reconstruction

The reconstruction and identification of primary vertices (PVs) close to the IP, as
well as correct association of tracks with the reconstructed PVs is a crucial step in
offline reconstruction of p-p collision events. As discussed in Sec. 3.1 in Fig. 3.3,
around 34 p-p interactions were produced per bunch crossing during Run-2 in the
CMS detector, however only about 25 PVs were successfully reconstructed per
collision event on average, typically only one of them showing "interesting" physics
features characteristic of a hard-scattering physics process. Tracks from other PVs

are classified as pileup (PU) and are rejected.

To reconstruct a PV in a p-p collision event, tracks are clustered via a deterministic
annealing (DA) algorithm [106] based on seed tracks consistent with their proximity
to the IP. Candidate vertices with at least two tracks are fitted via an adaptive vertex
fitter (AVF) in order to determine the vertex parameters, such as its coordinates
and quality measures [107]. The hard scattering PV in a p-p event is chosen by the
highest-p% sum of associated tracks, while the other reconstructed PVs in the event
are discarded as PU [82].

Primary vertex reconstruction is relevant for the HNL search discussed in this thesis,

particularly for the physics object reconstruction presented in the next Section 4.2.

4.1.3 Calorimeter cluster reconstruction

The energies deposited by incident particles via electromagnetic and hadronic showers
are reconstructed in the two calorimeter systems of CMS. The shower deposits in the

ECAL crystals and the HCAL components are clustered and a calibrated estimate
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on the energy, position and timing of the cluster is provided. The calorimeter system
is crucial in the reconstruction and measurement of photons and neutral hadrons, as
they do not leave tracks [78, 108]. In fact, the calorimeter system provides additional
measurements of the properties of charged particles that are complementary to those
performed by the tracker. The PF algorithm combines information from the tracker
and calorimeter systems to reconstruct charged particle candidates, as discussed in
Section 4.2.

4.1.4 Muon tracking

The muon system delivers high purity measurements of muon tracks, as well as their
correct identity (ID), as muons are the only charged particles that survive beyond

the calorimeter system? [89, 90].

Muon seed tracks are first reconstructed using hit information from the DT and CSC
systems via linear fits. Following that, a Kalman Filter-based track reconstruction
algorithm extrapolates the muon track trajectories, using information from all
three muon systems, including the RPC, as well. Muon tracks reconstructed using
information only from the muon chambers are called standalone muons. The PF
algorithm combines track information from the muon system with tracks reconstructed
in the tracker to improve muon identification and kinematic reconstruction, as

discussed in Sec. 4.2.1.

Muon track reconstruction is crucial for the derivation of systematic uncertainties
associated with the reconstruction and identification of displaced muons, which is

presented in Sec. 9.2.

4.2 Physics object reconstruction

4.2.1 Muon reconstruction

Two types of muon objects are reconstructed by the PF algorithm, the two being com-
plementary to each other and maximising the offline muon reconstruction efficiency
in CMS. As mentioned in the previous Section, tracks reconstructed in the muon
chambers, called standalone (SA) muons, are combined with tracking information

from the inner tracking system. By extrapolating SA muon tracks inwards to the

2punch-through will be discussed in Sec. 4.2.1
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tracker, and associating charged tracks with them, one obtains global muons. Global
muon tracks are fitted via a Kalman Filter algorithm, improving the reconstruction
and momentum resolution of the muon tracks by including information from the two
detector systems. This algorithm is more efficient for high energy muons, as they
are more likely to reach the muon chambers and to leave several hits from which
to reconstruct an SA muon segment. By extrapolating muon tracks reconstructed
using tracker information with loose conditions applied (pr > 0.5 GeV, p > 2.5 GeV)
outwards to the muon chambers, while finding compatible hits in the muon system
and taking into account detector effects such as the magnetic field, Coulomb scat-
tering in the detector material and other energy losses, tracker muons are obtained.
This algorithm is more effective for low-momentum muons (< 5 GeV) as it requires
only at least one hit in the muon system to be identified as tracker muon. Muons
reconstructed in the HNL analysis presented in this Thesis are required to be either
global or tracker muons, about 99% of muons produced within the acceptance of
the muon system being reconstructed as such [90]. Figure 4.1 presents a schematic
diagram of the various muon types reconstructed by the PF algorithm and their

reconstruction algorithms.

Muon Local Reconstruction Tracker Muons
Input: muon hits Input: inner tracks; muon segments
Output: segments Output: sub-set of tracks matching to
muon SE'gITIE nts

Standalone Muons

. CaloMuons
Input: muon segments and hits

Output: tracks in the muon detectors Input: inner tracks, calorimeter hits

Output: sub-set of tracks compatible
with MIP hypothesis

Global Muons

Input: inner tracks and stand alone
muon tracks with hits

Qutput: global muon tracks

Figure 4.1: Flow-chart describing the different types of muons reconstructed within
the PF algorithm in CMS. Segments are made of several hits. Global muons
consist of standalone muon tracks reconstructed in the muon spectrometer and then
extrapolated inwards to the tracker, finding compatible tracks. Tracker muons ensure
that a track reconstructed in the tracker has matching hits in the muon station.

As mentioned previously, the CMS detector system is designed to ensure that only
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muons reach the muon chambers from all SM particles except neutrinos that pass
through undetected [89]. Nevertheless, occasionally, energetic hadronic particles,
(usually associated with a jet) may reach and be detected by the first few layers
of the muon spectrometer. This effect is called punch-through and is reduced by
applying various quality criteria on the reconstructed muon tracks, as well as the

identification of muon objects in the PF algorithm.

The HNL analysis presented in this Thesis uses two types of muon candidates. To
capture prompt muons from W boson decays, that events are triggered on, tight
muon identification criteria are required. Such prompt muons must be well-isolated
from nearby hadronic activity resulting from PU. The relative isolation criterion is
set to I!y, < 15%, where I/, is defined as:

Ich.had. + max (07 Ineut.had. + ]’y - 5 ' IPU) 1

P

where Iehhad.; Ineut.had., Iy denote the summed energy deposits of charged hadrons,
neutral hadrons, and photons within a cone of AR < 0.4 around the muon direction,
respectively. Contributions from PU tracks are taken into account, as well, by
accounting for half their energy deposit as a correction to the neutral energy deposit.
It is assumed that the pion isospin triplet (7+, 77, 7%) has a production rate for each

particle, therefore the neutral to charged track ratio in PU is expected to be half.

Tightly identified muons must be reconstructed as both a global and tracker muon.
The inner tracker track must have at least six hits and at least one of them in
the pixel detector. The global muon fit must be well-reconstructed tracks with
x*/ndof < 10 and have at least one hit in the muon stations. The tracker muon must
have at least two matching segments in the muon chambers, avoiding fake muons
from punch-through. Tight muons must originate close to the PV (|d,,| < 0.01 cm;
|d.| < 0.05 cm), suppressing displaced muons resulting from the decays of b- and
c-hadrons, as well as cosmic muons and PU tracks. Good efficiency is observed in
the selection of tight muons of at least 90%, residual differences between simulation

and data being corrected by (pr,n)-dependent scale factors [90].

The other type of muon accepted in the analysis presented in this Thesis are displaced
muons resulting from the decay of long-lived HNL candidates, which must pass loose
muon identification criteria. Loose muons do not have to meet any isolation criteria
or be compatible with originating from the PV of the event. In addition, they are
not included in the event trigger criteria, therefore a looser transverse momentum

threshold of pr > 3 GeV is applied since the kinematics of the HNL decay products
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are typically softer than those for prompt muons. The reconstruction and loose
identification efficiency for displaced signal PF muons are presented in Fig. 4.2.
Displaced PF muons are reconstructed with very high (~ 95%) efficiency for pr > 5
GeV and transverse displacements below 10 cm. Highly displaced and low-pr muons
have suboptimal reconstruction performance due to the physical limitations of the
tracker and its lower resolution for soft tracks, respectively. Nevertheless, the loose

muon identification criteria show impeccable performance, close to 100%.

Studies of the modelling of displaced muon reconstruction and loose identification
in simulation are discussed in Sec. 9.2, where (duy,pr) and (d5Y, pr)-dependent
scale factors are derived, respectively. These scale factors are incorporated in the

systematic uncertainties of the final result of the analysis presented in this Thesis.
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Figure 4.2: Signal muons from HNL decay reconstruction and identification efficien-
cies as a function of generator-matched lab-frame pr and transverse displacement.
Reconstruction efficiencies show a drop at low-pr and with increasing L,,. Figures
from [109].

4.2.2 Electron reconstruction

Tracks linked to ECAL clusters can be reconstructed as electron objects by the PF
algorithm [78]. As for the muon selection, tight and loose electron candidates are
defined to target cases where either ¢, or /5 is an electron. While the former uses
an MVA approach in the identification process, the latter uses a cut-based approach
relying on sequential selection [108]. Electron candidates found within AR < 0.05 of

a PF muon with pr > 3 GeV are not selected to veto electrons radiated by a muon.

As with the muon selection, prompt electrons must be isolated, with their relative

isolation being defined as:
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Ich.had. + max (O, Ineut.had. + ]7 U Aeﬁ.)
e = (4.2)

rel. = o )

Pr

where the charged and neutral energy deposits within a cone of AR < 0.3 around
the electron candidate are used. The correction to the PU contribution Ipy = Aeg - p
is determined by the n-dependent effective areas and p denotes the median of the
transverse energy density in 01 X d¢ calculated from all PF particles within an
event. Tight electron candidates in the barrel (endcap) region need to originate
from the vicinity of the PV within |d,,| < 0.05 (0.10) cm and |d,| < 0.10 (0.20) cm.
As mentioned before, tight electrons rely on MVA-based selection criteria based
on the variables shown in Table 4.1, as well as other variables described in [108].
The MVA-based electron identification approach is more robust and has excellent
performance in identifying prompt electrons from W boson decays, which events are

triggered on [108].

Loose electron identification uses a custom cut-based selection, ensuring sufficiently
high efficiency in finding displaced electrons resulting from the decay of a long-lived
HNL. Table 4.1 shows the variables and the selection criteria applied for the cut-based
selection, derived by relaxing certain requirements of the standard loose electron
ID, with different criteria required in the EB and EE detector regions. Various
shower-shape variables are used such as the ratio of hadronic to electromagnetic

energy (Eya.q./Frm) and the second moment of the log-weighted distribution of
5%5
in>'<m
via the |1/Esc — 1/p| variable, where Egc is the supercluster energy and p is the

crystal energies in 1 (0;5). In addition, the electron track properties are exploited
track momentum. Two angular variables (|9sced — Mtrack| and |Pseed — Dtrack|) are used,
representing the angular separation of the seed cluster and the extrapolated track
position. Displaced electrons arising from prompt photons interacting with the tracker
material and consequently converting into an electron-positron pair are rejected if
two such tracks can be fitted to a common vertex. Loose electrons must pass a
pr threshold of 5 GeV and stay within the tracker volume (|n| < 2.4). Figure 4.3
shows the reconstruction and loose identification efficiency for signal electrons in
the analysis. Both the reconstruction and identification of displaced electrons have
much poorer performance than muons due to the more complex signatures electrons
leave in the detector, as well as muon reconstruction benefiting from the excellent
performance of the muon spectrometer. The best electron reconstruction efficiencies
are ~ 80% at pr > 10 GeV and L,, < 0.6 cm, dropping to ~ 50% at pr =5 GeV

and L,, ~ 6 cm.

The modelling efficiency of displaced electron loose identification in simulation is
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Table 4.1: The applied custom loose cut-based electron identification criteria.

Quantity ECAL barrel ECAL endcap
Tomin < 0.0112 < 0.0425
|Tseed — Thrack| < 0.00377 < 0.00674
| bseed — Brrack ] < 0.0884 < 0.169
Ehaa./Erm < 0.05+ 1.16/ Egc + 0.0324p/Esc < 0.0441 + 2.54/ Esc + 0.183p/ Esc
11/Esc — 1/ <0.193 <0.111
Conversion veto yes yes
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Figure 4.3: Signal electrons from HNL decay reconstruction and identification effi-
ciencies as a function of generator-matched lab-frame pt and transverse displacement.
Electron reconstruction efficiencies show poorer performance compared to muons
due to the more complex signatures they leave in the CMS detector system. Figures
from [109].

further studied in Sec. 9.3, where (d;i?f, pr)-dependent scale factors are derived based
on photon conversion studies. These scale factors contribute to the systematic

uncertainties in the final result of the analysis presented in this Thesis.

4.2.3 Jet reconstruction

In p-p collisions at the LHC, proton-constituent partons interact with each other
in the so-called hard-scatter, usually producing other final-state partons in the
process. Nevertheless, quarks and gluons produced as part of a hard-scattering
process typically hadronise into a collimated shower of hadronic particles known
as jets. The properties of the parent parton that initiated any given jet can be
determined by combining the information from reconstructed PF candidates forming
the jet.
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Jets in CMS are reconstructed from PF candidates clustered using the anti-kr
algorithm [110]. The jet momentum is determined as the vector sum of all particle
momenta in the jet. The inputs to the anti-kr algorithm are either PF candidates or
previously clustered PF candidates. The anti-kr algorithm relies on the following

two variables:

1
din - pT (43)
T;
. 1 1 ARE-
d; j = min <%, p%> RQJ, (4.4)

where d; g is the distance between a PF particle cluster and the beam; d; ; is the
distance between pairs of clusters ¢ and j; AR, ; is the angular distance between
clusters ¢ and 7 and R is the benchmark cone size chosen to be R = 0.4. After
calculating and ranking all distances d; g and d; ; between pairs of clusters, if the
smallest distance is of an inter-jet cluster, the two clusters ¢ and j are merged into
one and the algorithm recalculates all distances. However, if the smallest distance is
of a beam-jet pair, the cluster ¢ is considered the final jet state and removed from
the jet collection, followed by all distances being recalculated. The iterations end
when no PF candidates remain to be clustered into jets. As a result, this algorithmic
procedure leads to mostly cone-shaped jets, with some exceptions when two hard
particle candidates overlap within an angular distance of 2R from each other. In

such a case, the algorithm must adjust the jet shape.

The influence of pileup is mitigated using the charged hadron subtraction (CHS)
technique [111], where charged jet constituents not belonging to the PV are removed,
making the reconstructed jet objects resilient against charged PU. The analysis
described in this Thesis employs PF jets for offline reconstruction with improved
energy and position resolutions compared to other types of reconstructed jets within
the CMS experiment. The overall PF jet energy is mostly obtained from charged
hadron tracks (around 65% of the total jet energy), as well as photons (contributing
around 25% of the total jet energy measurement) and neutral hadrons (~ 10% of

total measured jet energy).

The reconstructed jet energy does not typically match the energy of the parton that
initiated the jet, due to differing performance in the various subdetectors, losses in
uninstrumented areas of the detector, and random fluctuations in the hadronisation
process of partons. Therefore, the reconstructed jet must be calibrated using jet
energy corrections (JECs) derived from the simulation of the detector response after

comparison to the data [112, 113]. An offset correction is applied to the jet transverse
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Table 4.2: Jet identification criteria for 2016 and 2017/2018 data-taking scenarios.

Variable 2016  2017/2018
Neutral hadron fraction < 0.90 <0.90
Neutral EM fraction < 0.90 <0.90
Number of constituents >1 >1
Charged hadron fraction >0 >0
Number of charged constituents > 0 >0
Charged EM fraction <0.99 -
> 1.2r > 1.2
2 L ] 2 [ ]
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Figure 4.4: Signal jets from HNL decay reconstruction and identification efficiencies
as a function of generator-matched lab-frame pr and transverse displacement. Figures
from [109].

momentum to account for contributions from pileup. Further corrections are then
applied to account for the non-uniform detector response as functions of n and pr
of the jets. In addition, residual corrections are applied, which account for jet pr
differences observed between data and simulation. Finally, jet energy smearing is
applied to simulated jets to match the jet energy resolution (JER) observed in data.
Each correction listed above has an associated statistical and systematic uncertainty
propagated to the overall JEC values [114, 115].

The analysis considers central jets within || < 2.4 whose calibrated transverse
momentum is greater than 20 GeV and which pass tight PF jet identification criteria
displayed in Table 4.2, ensuring that spurious jets arising from detector noise are
omitted while maintaining a high efficiency for genuine jets. Figure 4.4 shows the
reconstruction and tight identification efficiency for signal jets originating from HNL
decay in the analysis. PF jets are reconstructed with very high (~ 100%) efficiency for
pr > 30 GeV and transverse displacements below 10 ecm (~ 95%). Highly displaced
and lower-pr jets have suboptimal reconstruction performance due to the finite jet

energy resolution. Nevertheless, tight jet identification criteria show impeccable
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performance, close to 100% for pr > 20 GeV and L,, < 10 cm.

Deep neural network-based displaced jet tagger

A novel deep neural network-based (DNN) displaced jet tagger is employed in the
analysis presented in this Thesis with the aim of capturing displaced jets originating
from the semi-leptonic decays of long-lived HNL particles. The DNN jet tagger
architecture is based on the one presented in Ref. [9], which was the first CMS machine
learning (ML) technical paper proving the feasibility of using domain adaptation
(DA) in the context of HEP research.

The DNN jet tagger was developed to identify displaced jets manifesting different
characteristics from SM jets, having the ultimate goal of finding jets originating from
BSM processes. The baseline DNN architecture was inspired by recent b-tagging
algorithms developed in the CMS experiment aiming to capture jets resulting from
the decay of hadrons containing a b-quark [116]. As B-hadrons have a lifetime of
O(107"%s), they travel a finite distance in the detector (1-10 mm) before decaying.

In contrast to b-tagging, searching for BSM jets has the challenge of not knowing the
lifetime, hence the displacement of the tagged jets. As a result, the lifetime of the
long-lived particle (LLP) is a free model parameter in the DNN architecture. BSM
jets ranging from detector-prompt signatures to jets reaching the end of the inner
tracker are considered by the displaced jet tagger. One advantage of the DNN tagger
is the lack of an explicit requirement on reconstructed secondary vertices (SVs) in
the collision event, which eventually extends the phase-space that can be accessed
within the analysis. Moreover, the use of DA mitigates the need to calculate scale
factors implemented in simulation for each input variable employed by the tagger
(exploiting the order of 700 low-level event features) to account for any mismodelling

issues between simulation and data.

A more detailed description of the DNN architecture applied in the long-lived HNL
search, as well as its classification and performance, is provided in Sec. 7.5 and
Ref. [109].

4.2.4 Missing transverse energy reconstruction

Since colliding protons and consequently, their constituent partons have negligible
transverse momentum, due to energy-momentum conservation laws, the total mo-

mentum in the transverse plane after collision is expected to be zero. Thus, any
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missing momentum or imbalanced energy in the transverse plane might indicate
the presence of particles that do not interact with the detector material either as
SM neutrinos or NP particles. Therefore, it is crucial for the CMS experiment to
accurately reconstruct the total transverse momentum and energy of all PF particles.
Missing transverse momentum and energy are physics variables used in physics
analyses quantifying the imbalance of momentum and energy in the transverse plane
of the detector, as defined in Sec. 3.2 [117].

miss

However, the measurement of p'** can be biased by detector effects such as inefficient
tracking, minimum energy thresholds in the calorimeters, non-linearities in calorimeter
response, electronics noise or the misreconstruction of muons as hadrons. In addition,

miss

misreconstruction of the p'*** variable might be caused by background effects such as
cosmic rays or beam-halo particle collisions. Anomalous high-p2** events resulting
from spurious detector effects or physics background are discarded by dedicated
algorithms and filters in order to avoid them being identified as potential BSM events.
These filters have been applied in the HNL analysis as part of the pre-selection

requirements for events.

miss

Following the corrections applied on the reconstructed jet pr in the event, the pf

scale must be adjusted accordingly via similar jet energy corrections:

Z5:1I1‘1iss,corr. _ ﬁ%iss o Z(p%‘orjret _ ﬁT jet): (45)

jet

where the sum runs over all corrected jets with pr > 15 GeV. Jets that deposit
more than 90% of their energy in the ECAL are not included in the sum, ensuring
that photon and electron jets are omitted in the p correction process. The four-
momenta of any muons found in jets are subtracted when performing the correction

and added back to the corrected object [117].

The transverse energy is one of the most essential input variables in the binary
event classifier separating signal HNL events from SM background, as discussed in
Chapter 8.






Chapter 5
Analysis techniques

This Chapter describes the statistical analysis techniques employed throughout this
Thesis. The first part of the Chapter provides a brief introduction to the Monte
Carlo event simulation method, employed to model various key physics observables
in the collected p-p data, as well as to help with event selection optimisation and
training multivariate algorithms (MVA). The second part of this Chapter gives a
brief description of the working concepts of the two main MVA algorithms adopted
in the search for long-lived HNL particles: boosted decision trees (BDTs) and neural
networks (NNs). Finally, various statistical formulations are presented, related to
uncertainty calculations and statistical inference, which are employed in evaluating

the results of the analysis via a frequentist maximum likelihood framework.

5.1 Monte Carlo event generation

To compare theoretical predictions of particle physics events with the reconstructed
data from the detector, multi-step Monte Carlo (MC) generators are used to translate
parton-level physics interactions into particle-level events, which are then passed
through a detector simulation tool [118]. In addition, MC simulated events help
understand the modelling of data, the main background sources and validate control
over them, help in defining event selection and categorisation, in training Multivariate
Analysis (MVA) discriminants, as well as performing statistical inference. The MC

event generation consists of four steps detailed below.

83
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Parton-level event generation

First, parton-level hard-scattering processes are generated by modelling the initial-
state distribution of partons inside the colliding protons and computing the relevant
matrix element (ME). Hard-scattering processes of interest can be both SM or BSM
physics processes. The MC method samples such hard-scattering events from the
corresponding cross-section integral predicted by theory. The advantage of the
MC method is the ability to simulate high-dimensional final-state parameter space
integrals where the uncertainty is independent of the integral’s dimensionality but
only depends on the number of simulated events (N) by ~ +/N. Therefore, it is
crucial to generate simulation sets with high event yield, also called high statistics

simulation sets.

The parton shower (PS) simulates the emission of soft gluons and quarks from
the initial and final-state partons. This process involves the successive branching
of partons into lower-energy partons following random stochastic processes. The
final-state partons eventually hadronise into jets of particles. Particles (gluons,
quarks, photons etc.) emitted from the hard-scattering partons involved in the
proton-proton collision are called initial state radiation (ISR), whereas particles
emitted from particles produced in the hard-scattering process are called final state
radiation (FSR).

Hard-scattering processes are generated at finite precision, in terms of contributing
partons to the main diagrams of the processes. Leading order (LO) processes
include only tree-level diagrams in the simulated physics process, whereas higher
order (next-to-leading order, NLO or next-to-next-to-leading order, NNLO) diagrams
include additional loops, providing higher precision to the simulations but also
considerably more computational time, as well. The level of precision, as well as
the MC event generator tools used in the simulation of background hard-scattering
processes employed in the analysis presented in this Thesis are stated in Sec. 7.2. The
MADGRAPH event-generator is used to simulate signal HNL events at LO precision
studied in the analysis [119].

The ME simulation is dependent on the power of g which is calculated to a finite
order in the simulation process. The associated radiative QCD emissions follow
perturbative QCD models, typically of higher energies than those in PS. The ME
calculation of soft gluon emissions in the simulated hard-scattering processes may
generate inaccurate results, whereas the PS lacks strength in accurately modelling
hard gluon emissions from initial- and final-state partons. Including radiative

emissions from both ME and PS results in an overestimation of hadronic activity
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in simulated events. To avoid this double-counting issue, various jet matching or

merging schemes are employed [120, 121].

Events from a certain process are generated with equal probability to contribute to
the cross-section integral. An event weight can be assigned to every MC generated
event, based on the associated process cross-section, o, and the number of generated
events, N, to ensure the simulated sample represents the integrated luminosity of
the collected data set, L:

ol
Wgen = W (51)

If few events are generated, the event weight for an individual event will be large.
For instance, the simulation of QCD multijet events is extremely computationally
demanding with large theoretical uncertainties. As few such events are generated,
the associated generator-level event weights are orders of magnitude larger than
those for simulated events associated with other SM processes. Such events manifest
themselves as sharp peaks with large uncertainties in MC simulation to data compar-
ison histograms of kinematic observables due to their statistically limited yields with
large generator event weights, as seen in the plots presented in Sec. 7.4.3. In addition,
simulated samples with parton showers simulated at NLO precision may give rise
to (unphysical) negative event weights to account for interference, singular phase
space and particle emission (double) counting corrections [122]. At an integrated
sample level, these negatively weighted events should cancel out with the majority
of positively weighted events. MC simulated events with negative generator weights
become problematic in phase-space regions with low expected event yields, their
integrated sample yield possibly going negative, which is unphysical. Moreover, MC
events with negative generator weights are an issue when training MVA classifiers,

as their interpretation is misleading for the algorithm (as discussed in Sec. 8.3).

Particle-level event simulation

The next step in the MC event generation chain is the conversion of parton-level
events into particle-level shower history. Final-state coloured partons from hard-
scattering processes and PS go through a hadronisation process that binds them into
colour-neutral baryonic and mesonic states. At this stage, any unstable particles
in the event will ultimately into detector-stable particles, such as electrons, muons,

photons, neutrinos, protons, neutrons, or mesons such as pions and kaons.

At this energy scale (~ few GeV), the QCD strong coupling constant becomes ~ O(1)
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and perturbation theory breaks down. In this non-perturbative regime, dedicated
empirical hadronisation models are used such as string fragmentation and cluster
models [120, 121].

Simulation of the underlying event

Secondary interactions unrelated to the hard-scattering process must also be simu-
lated, such as multiple parton interactions, PU, and beam-beam remnants, called
underlying event (UE) [123]. In the MC simulation sets employed in the analysis
described in this Thesis, PU interactions are overlaid with the hard-scatter events
of interest. Both the parton-level and particle-level interactions in the PS and the
UE are generated with the PYTHIA event-generator [124]. The PDFs used by the
event-generator to model the distribution of initial-state particles in colliding protons
are NNPDF3.0 LO and NLO [125, 126].

Detector simulation

In the final stage of the simulation procedure, final-state particle-level events are
passed through a simulation of the CMS detector based on the GEANT4 simulation
toolkit [127]. This simulation package propagates final-state particle interactions with
the CMS detector materials producing secondary particles, as well as simulating their
dynamics in the magnetic field present throughout the CMS detector subsystems.
In addition, the GEANT4 toolkit simulates the electronic read-out channels via
a digitisation step. Consequently, similar event reconstruction techniques can be

applied to simulated particle physics events as in real data.

Details of the signal and background simulation sets employed in the long-lived HNL

analysis are given in Secs. 7.1 and 7.2.

5.2 Machine learning

Typical problems in HEP research involve the detection of very small signal yields over
an order of magnitude larger background sample. Therefore, sophisticated statistical
techniques have been developed to improve signal-over-background (S/B) ratios in
selected phase spaces, typically applying a series of event selection requirements, also
called physics observable "cuts". Following extensive studies on the modelling of the

observables of interest, the optimisiation of selection requirements to maximise (S/B)
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ratios was typically done by hand. As analyses became increasingly more complicated,
particularly in hadronic collisions with increased background processes compared
to lepton colliders, manual tuning of variables became increasingly involved and
time-consuming. The advent of machine learning (ML) applications in HEP provided
an exciting opportunity to discover rare physics processes over large background
samples, while the tuning of the event selection is performed in an automated manner
by the ML algorithms.

Typical HEP problems consist of classification processes identifying signal processes,
while simultaneously rejecting background in large data sets. Hence, the binary class
system would be signal S versus background B. Another type of ML-related problem
occurring both in physics and other disciplines is regression tasks, trying to predict
a single continuous value mapping the inputs into a continuous function. Typical
regression tasks in HEP relate to object reconstruction and identification. The
application of ML techniques in HEP provided a two-way collaboration opportunity
between physics research and the field of ML algorithm development, leading to
state-of-the-art results in both research areas. The following Section provides a brief
introduction to the main ML techniques employed in the analysis presented in this
Thesis.

5.2.1 Boosted decision trees

Decision Trees (DT) [128] are one of the most simple "traditional" machine learning
algorithms. Their strength lies in their straightforward interpretability, as well as

relatively fast training.

A decision tree consists of consecutive sets of binary selections (nodes) using observ-
ables (see Fig. 5.1). Each binary selection depends on formerly given answers and
the final outcome (leaf node) of the tree is a classification of the given input, followed

by a pre-defined maximum number of nodes.

Decision trees are first trained (i.e. optimising the selection) on samples of events
with known labels, (z,y), called supervised learning. As mentioned previously, many
HEP problems consist of identifying signal processes, while rejecting background.
The ML algorithm seeks to construct a function F'(x) which would approximate the
"true" mapping of the data between x and y. In each node j, the working points
c; are varied while the efficiency of separation between signal and background are
evaluated through the loss function, for instance, the cross entropy function [128] in

the case of binary classifiers:
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Figure 5.1: Schematic diagram of a simple binary decision tree where S is signal
while B is background.

S Z log(pi) + (1 —y;) - log(1 — py)) (5.2)

where y; is the binary indicator of the class label (0 or 1) of a single training example
1, p; is the predicted probability of the observation being in either of the classes,
while N is the size of the training sample. To keep the nodes statistically significant,
no further splits are produced below a pre-defined non-zero threshold of passing

events.

However, single decision trees are not robust enough since they are easily subject
to statistical fluctuations. Therefore, they can be grouped in ensemble methods,
linearly combining multiple decision trees (weak learners) giving a pseudo-continuous

final output based on the majority vote of all trees in the forest:

Ntrees

= Z w; x hi(%;C)) (5.3)

where each decision tree with binary classification output h; € {—1, 1} is weighted by
w;, based on its performance. ¥ are the set of data inputs in the ensemble method.
While individual decision trees can have relatively low accuracy, the combined output

of the majority vote will result in a strong learner.

There are various methods for training sequences of trees such as boosting, where

the weights of misclassified events are increased, such that future learners enhance
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their focus on them, while reducing their interest in correctly classified events. Such
ensemble methods are called Boosted Decision Trees (BDT) [128, 129]. BDTs employ
a gradient descent method to iteratively minimise the loss function with respect
to the model parameters. Through the minimization process of the loss function,
misclassified events are assigned larger gradients, hence the output of the majority

vote would gradually tend towards .

The major drawback of boosting methods is the possibility of overtraining or overfit-
ting the random forests, such that the decision trees become sensitive to statistical
fluctuations. This results in accurately learning the details of the given training
set but leads to poor generalisation. Pruning' is an effective approach for keeping
overtraining under control, as well as stopping BDT iterations at an optimal point,
beyond which the algorithm would not improve in its performance but rather just
overtrain itself (see Fig. 5.2). In addition, the learning rate of the BDT can be
controlled by the shrinkage parameter to slow down the contribution of trees added
in later iterations to the BDT.

During the training phase, half of the data sample is usually split into training and
test samples (typically an 80%-20% split). The test sample serves to study the
performance of the selection requirements learnt by the BDT during the training
phase. The validation is usually quantified by the same loss function, as the one used
for training, for which the training samples should not outperform the test samples.
Additionally, once the BDT model is finalised on the training and testing data, it is
used with a statistically independent validation data set. The training and testing
data are discarded for future studies, such as statistical inference. The typical split
on the overall available data set for training, testing and validation is 40%-10%-50%.
The gradient boosting algorithm employed throughout this Thesis is called XGBoost,

providing state-of-the-art performance [130].

The performance of a BDT classifier can be assessed by the Receiver Operating
Characteristic (ROC) curve proving an efficient method for visualising the discrimi-
nation power of a given BDT model [128]. At each point on the ROC curve, the true
positive rate (TPR) corresponding to the signal efficiency at a specific classifier output
threshold, ¢, and the false positive rate (FPR) corresponding to the background

rejection are evaluated:

Leutting away insignificant nodes
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_ S(z|c)

TPR = (S| ) (5.4)
Bl(zlc

FPR = =2, (5.5)

where S(z|c) and B(z|c) denote the number of signal and background events passing
the classifier output threshold c. Another quantitative measure used during model
optimisation is the purity associated with a specific selection. Purity is the fraction
of correctly classified signal events divided by the sum of the signal and misclassified

background (i.e. contamination) events: p = NE:** /(N + Nji>*).

Another method to quantitatively evaluate the performance of a BDT to other
methods is the area-under-the-curve (AUC), defined as the area between the ROC
curve and the x-axis, which represents the zero signal efficiency. Hence, it ranges
between 0 and 100%, where the maximum value corresponds to perfect classification
of signal and background events. A benchmark AUC value of 0.5 corresponds to a

random classifier.

Cross-
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Figure 5.2: The cross-entropy validation function development the training and
testing data samples as the number of BDT training iterations is increased. There is
an optimal cut for the iteration number to maximise training on the data sample
while minimising overtraining.

5.2.2 Neural Networks

Historically, artificial neural networks (NN) have been proposed to model biological
neural systems [131]. Since the advancements of technology, NNs have been developed

and employed in a wide range of applications, becoming cutting-edge technology.
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The central element of an NN is an artificial neuron that calculates the response y

to a given vector of inputs -

y= h(i W;T; + wo) (5.6)

=1

where w0 are the weights imposed on each input element, wy is the bias term and h is
the activation function of the neuron. Usually, the shape of the activation function is
step function-like, for instance rectified linear unit (ReLU) f(x) = max(0, =), sigmoid
f(z) =1/(1 4 e *) or hyperbolic tangent f(z) = tanh(z)(e® — e *)/(e* + e *), in
order to learn non-linear correlations. The output layer uses a softmax function to
transform the output vector into a vector of class probabilities ranging between 0 to
1:

where z; is the input to node k in the output layer and N is the total number of

classes.

The most commonly used NN architecture is the multilayer perceptron (MLP)
consisting of an input layer, output layer and single or multiple hidden layers [128,
132]. Each neuron in the NN receives input from all neurons in the previous layer
and passes its output to all neurons in the next layer. The input to the first layer
of neurons is typically the raw input data, whereas the output from the last layer
of neurons is the network’s prediction. The more hidden layers a network has, the
deeper it is, and hence the more complex (see Fig. 5.3). MLPs can also be referred

to as a fully connected, feedforward or dense neural network (dNN).

Another type of commonly used NNs are convolutional neural networks (CNN),
which are specifically designed for processing and classifying data that has a grid-like
structure, such as images, histograms or time-series data. The key feature of CNNs
is their ability to learn features from the input data using convolutional layers, by
applying filters (also called kernels or feature detectors) to small regions of the input
data, and then pool or downsample the output to reduce its dimensionality. The
study presented in Chapter 6 employs one-dimensional CNNs on a sequential series

of tracks that have several kinematic and quality features associated with them.

Neural networks are typically constructed via supervised learning on a training

data set, but not necessarily. Unsupervised learning algorithms also exist and are
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Figure 5.3: Schematic sketch of a multilayer perceptron or dense neural network with
one input layer, two hidden layers and an output layer of two nodes corresponding
to a binary classifier model.

used for clustering problems, for example autoencoder algorithms [128], Gaussian
Mizture Models [128] or Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) [133]. During the training procedure, a loss function (typically a mean
square error (MSE) function or cross-entropy) is minimised with respect to the
network weights. The minimisation of a loss function is not trivial, therefore it is
based on an iterative method using gradient descent, called (error) backpropagation.
As a result, the NN model weights are updated in each layer. Unfortunately, the
training of an NN can easily become exhaustive, hence overfitting may occur. To
control the extent of overfitting, regularisation techniques are employed. As in the
case of BDTs, connections between nodes in the NN may be randomly "dropped"
during training, called dropout. To measure the performance of a NN during its
training phase, a test set is provided over which the NN model is run. If the loss of
the test set starts to increase after a number of training iterations, the NN model

might be overtraining and is typically stopped at that point.

There is no clear answer whether NNs are better than BDTs or vice versa, the choice
of algorithm should be made based on the type of problem to be solved. While
BDTs are robust and easier to interpret, their main disadvantage is their inability to
properly predict complex-shaped functions. BDTs need to be kept shallow to prevent

overtraining, otherwise, the algorithm can become sensitive to outliers.

On the other hand, the advantage of NNs is their efficiency in predicting or approxi-
mating complicated functions. BDTs work well with a relatively small number of
input features, whereas NNs are capable of processing hundreds or even thousands

of input features, as the network structure can be extended both in width and



5.2. Machine learning 93

depth (called deep learning) in order to improve its performance, without the risk of
overfitting. However, their results are rather cumbersome to interpret and involve

finding the relevant correlations between input parameters.

5.2.3 Domain adaptation

Domain adaptation (DA) is an ML method employed in the DNN displaced jet tagger
with the aim of addressing modelling differences between simulated input features
and those from collected p-p data. As mentioned in Sec. 4.2.3, about 700 input
features are fed into the DNN tagger, making it impossible to manually check the
correct modelling of all of them via data to MC plots in all possible parameter spaces
considered. However, there could be substantial differences between the simulated
input features and data, given the limitations of MC generators, inaccurate detector
modelling or difficulties modelling various particle interactions with the detector
material. Typically, various correction scale factors are derived in different control
regions to quantify the extent of mismodelling of physics variables, for example those
presented in Chapter 9. However, such procedures would be unfeasible at the scale

of input features used to train the DNN jet tagger.

Consequently, training the DNN displaced jet tagger to classify jets solely with
mismodelled input features in the MC samples used would result in discriminator
outputs that do not perform correctly in real p-p data. Potentially, correction scale
factors could be derived a posteriori from the DNN tagger output to account for
such mismodelling issues. Nevertheless, it is more desirable to train the DNN tagger

a priori in a way that is insensitive to poor modelling in simulated samples.

The DNN displaced jet tagger employed in the analysis presented in this Thesis
uses unsupervised DA by backpropagation [134] to account for modelling differences
between simulated samples and collected data domains. The DNN tagger has two
main branches as illustrated in Fig. 5.4: one branch is responsible for classifying the
flavour of simulated displaced jets, called class label predictor and another branch for
penalising the ML algorithm to learn the features of the simulated samples versus
real data in the domain label classifier branch. The two branches are unified at the
end of a feed-forward feature extractor branch, responsible for mapping the network

input to a space of latent features that are fed into the two branches.

The domain label classifier branch is added to the NN architecture as a gradient
reversal layer (GRL) and is trained via backpropagation. The additional loss term,
Ly, quantifying the efficiency of the domain label classifier is added to the DNN,

following the same form as Eq. 5.2, since the domain label classifier is a binary classifier
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(simulation versus real data). The loss term of the multi-class label predictor is
defined as:

1 N M
N SN yl - log(p! (5.8)

i
where j is the class label and M is the total number of classes in the class label
predictor branch, i.e. the number of displaced jet flavour classes considered. The
total loss function of the DNN tagger is the linear sum of the class label and domain

label classifiers:

L=L,+ AL, (5.9)

where \ is a hyperparameter set to control the extent of DA and is optimised manually.
Via this hyperparameter, the GRL ensures that the DNN penalises mismodelled
input features while still enhancing the network’s power to discriminate between jet

flavour classes as a trade-off.
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Figure 5.4: Schematic diagram of a NN employing domain adaptation by backprop-
agation via introducing a gradient reversal layer (bottom pink branch). The NN has
a feed-forward architecture with a feature extractor (green) and class label predictor
(blue) branch. The DA branch connects to the feature extractor branch and has the
role of domain label classifier [134].

5.3 Statistical methods

This Section discusses the various statistical methods employed in the analysis
presented in this Thesis. The first part of the Section discusses the quantification of
correlation between two distributions, as well as uncertainty computations for the

treatment of systematic uncertainties. Quantifying the extent of correlation between
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physics variables becomes a relevant problem in the design of the event-level binary
classifier presented in Chapter 8, as well as in the context of the ABCD background
estimation method (see Sec. 5.3.6 and 10.1). The second half of the Section presents
the framework for statistical inference employed to set upper limits on long-lived

HNL model parameters.

5.3.1 The Pearson correlation coefficient

The Pearson correlation coefficient [135], p, is a quantitative variable that determines

the extent of linear correlation between two variables x and y, with weights w:

p = corr(z, giw) = ——DBW) (5.10)
Veou(z, 3 w)cov(y, y; w)
where cov(z,y; w) is the covariance between variables = and y defined as:

> Wi ’

where m(x; w) and m(y; w) are the weighted means of variables x and y, respectively.
Values of the Pearson correlation coefficient range between -1 to 1, negative values
showing anticorrelation while positive values indicate a correlation between variables.
The higher the absolute value of the correlation, the stronger the (anti)correlation

between feature pairs.

5.3.2 The mutual information coefficient

The mutual Shannon information entropy or M-score [136], is a non-linear measure
of statistical dependency between two random variables (observables), X and Y. In

the discrete case, this is defined as:

M=I(X,Y) = HX)+HY)-H(X,Y) = >_ fxy(iy;) log, (M) ’

(5.12)

where f(X,Y) is the two-dimensional joint probability density mass function and
f(X), f(Y) are marginal densities. The function H(X) = —; f(x;) log, f(z;)
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denotes the Shannon entropy of X. By definition, when the random variables are
statistically independent, the joint density factorises f(X,Y) = f(X)f(Y) and the
mutual entropy will be zero. This quantity therefore provides a stronger, more

generic statement than linear correlation being zero.

Discretised densities of continuous observables are estimated via unit mass normalised
histograms. The number of bins in two dimensions is chosen automatically using the
Scott rule [137], and the histogram range per dimension is determined so as to contain
99% of the empirical probability mass to minimise the impact of outliers on binning.
The maximum possible M-score value depends on the underlying distributions. To
take this into account, a typical additive normalisation is used, which scales the

maximum possible value of the M-score to unity:

In(X,Y) =2

(5.13)

A simple exact relationship between the unnormalised mutual information, M, and
Pearson linear coefficient, p, exists, assuming both marginal distributions are normally
distributed:

M = —; log (1 - p?). (5.14)

5.3.3 Statistical methods employed to estimate uncertainties

The following statistical uncertainty estimation methods are employed in the evalu-
ation of the scale factors presented in Chapter 9, as well as in the calculations of
statistical uncertainties of weighted MC events in histograms of kinematic observables
and the ABCD background estimation methods used in the analysis discussed in
this Thesis.

Clopper-Pearson binomial confidence interval

The Clopper-Pearson binomial confidence interval is a statistical method for estimat-
ing the range of plausible values for a binomial proportion, which is the probability
of success in a sequence of independent trials with two possible outcomes [138]. The
method is based on the idea of constructing a confidence interval for the binomial

proportion using the binomial distribution:
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010W<«9<9upEB<3;k,n—k—l—1)<7Iz<B< kb ln— k:) (5.15)
where k is the number of passing events; n the total number of counts; « is the
target error rate (i.e. the significance level); § = k/n is the probability of success
and B(p,v,w) is the p™ quantile from the beta distribution with shape parameters
v and w [139]. The Clopper-Pearson method provides a conservative estimate of the
confidence interval by computing the lower and upper bounds of the interval using

the inverse of the cumulative distribution function of the binomial distribution.

The lower and upper statistical uncertainties on # are calculated as follows:

(elow) =0- 910w = - B <§7 k,n —k+ 1) (516)

k
o (0p) = BEL T P k) _ (5.17)

SIS

At the limit case of 0 total counts (n = 0), the lower and upper uncertainties are
set to 0. When the total counts are non-zero but 0 events pass (k = 0), the lower
uncertainty is set to 0, while the upper uncertainty is set to 1 — (%)1/ " If k =n, the

k

lower uncertainty becomes = — (%)1/ " and the upper uncertainty is 1 — %

The statistical uncertainties for the scale factors derived in Chapter 9 are provided

in App. A and are determined using the simple error propagation formula.

Uncertainty on weighted sum of events

Let n = Zf‘io w; N; be a weighted sum of event counts NV; with weight w; of type i.
The error on variable n is calculated as follows, assuming a Poisson error on the
event counts o(N;) = /N;:

Pull values

The pull value is a measure of the correlation between two variables x and y with

uncertainties o, and o,:
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oy + 0y

The pull value indicates by how many standard deviations z deviates from y, taking

pull = (5.19)

into account the uncertainties on both measurements. Pull values close to zero (0-2)
indicate that the two measurements show good statistical compatibility, while large
pull values (typically above 3 or 4) may indicate a possible systematic effect or a
measurement error, and can trigger a detailed investigation of the sources of the

discrepancy.

5.3.4 Likelihood model

In HEP, the likelihood function is often used to determine the parameters of interest
(POI) of a theoretical model that best describes the observed data. This is done
by comparing the predicted distribution of events from the theoretical model with
the observed distribution of events in the data. The expected number of events,
E[n;], given the expected signal (s;) and background (b;) yields in channel i of a

multi-channel experiment is defined as:

—

~—"

where p is the signal strength parameter, the POI of the experiment and g is the
set of nuisance parameters (NP) describing various systematic effects the signal and

background yields depend on.

The likelihood function is defined as the probability of observing the data given the
theoretical model and its parameters. Assuming that the number of experimental

observations, n;, are distributed according to a Poisson distribution [140, 141]:

n;
Y
n;!’

7.

Poisson(n; | \;) =e (5.21)

where \; = E[n,] is the mean expected value of the distribution, the Poisson likelihood

model is constructed as follows:

Li(1, 0| n;) = Poisson (n; | bi(0) + - 5:(0)) - p(0), (5.22)
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where p(g) is the prior distribution for the set of NPs, 5, assumed to follow a Gaussian

distribution:

() = ——=e 2%, (5.23)

where k denotes a single NP from the set of NPs considered. Note that the likelihood

function is not a probability density distribution of the signal strength parameter.

The goal of the likelihood model is to find the set of model parameters that maximise
the likelihood function, called mazimum likelihood estimation (MLE) [140, 141]:

L(p) = max L(u, 0 | 7i), (5.24)
Z
that provides a conditional set of NPs that maximise the likelihood function £, given

the value of p and all observed measurements, 7, in all experimental signal categories.

The likelihood model is particularly useful in HEP as it allows for the estimation of
uncertainties in model parameters and predictions. This is achieved by constructing a
likelihood function that includes the effects of statistical and systematic uncertainties
in data and the theoretical model considered. The uncertainty on a given parameter
is then determined by examining the change in the likelihood function when that

parameter is varied within its uncertainty range.

5.3.5 Profile likelihood ratio

The profile likelihood is a statistical method that is more sensitive to the POI than
the standard likelihood [140, 141]. In many cases, the POI is only a small part of a
larger set of parameters that describe the system being studied. In such cases, it
can be difficult to obtain precise estimates of the POI, as the other parameters can
introduce significant uncertainty into the analysis. The profile likelihood addresses
this issue by profiling over the other parameters, effectively integrating them out of
the likelihood function. As a result, the dimensionality of the problem is reduced,
allowing for more precise estimates of the POI. Furthermore, the profile likelihood
has desirable mathematical properties that make it a well-behaved statistical method,

allowing for accurate and reliable calculations of confidence intervals and p-values.

The profile likelihood ratio is a normalised version of the profile likelihood:
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where 6(p) is the conditional maximum likelihood estimator of  in s, i.e. for any

— —

value p where 0(u) is maximal, é(u) is obtained. This process is repeated for all values
of p and divided by the overall maximum unconstrained likelihood, maxz ; £(p, g | i)
to obtain the profile likelihood ratio that is only dependent on the POL A(x). In
Eq. 5.25, fi is the maximum likelihood estimator of u and 0 is the unconstrained

maximum likelihood estimator of 6.

The negative logarithm of the likelihood ratio is typically used and referred to as
the log-likelihood, ¢(1) = —In(A(p)) so that the function becomes a minimisation
problem. According to the Neyman-Pearson lemma [142], the profile likelihood ratio
test has the highest statistical power for a given test statistic, hence the highest

signal purity.

5.3.6 The ABCD method

The ABCD background estimation method is a useful technique employed in HEP
searches to estimate the background contribution in the (blinded) signal region in cases
where the background is difficult to model or estimate directly from simulation [143].
The basic idea of the ABCD method is the choice of two statistically independent
observables for the background processes (X, Y'), that offer discrimination between
the signal and background classes. The method is based on the observation that
if two variables are statistically uncorrelated, then the probability density function
of their product can be factorised into the product of their individual probability

density functions:

p(x,y) = p(x)q(y), (5.26)

in other words, the background distribution of events in one variable should be

independent of the distribution of events in the other variable.

In the ABCD method, the data is divided into four regions based on two variables,
A, B, C, and D. One of the regions (typically region D) is chosen as the (blinded)
signal region. The remaining three regions (A, B, and C) are used as control regions

to estimate the expected background contribution in the signal region:
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N = Ngk& x NOk& /NYKe, (5.27)

where N; is the number of observed events in regions i = A, B, C. The phase-space
division of the ABCD background estimation method is schematically illustrated in
Fig. 5.5.
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Figure 5.5: Schematic diagram of the ABCD background estimation technique
definition where D is the blinded signal region of the analysis.

In practice, a likelihood model is constructed by separately considering terms for each
SR category while incorporating the background prediction of the ABCD method,

as well as the signal contamination in sidebands A, B and C in the likelihood fit:

L= TT £eO)Lh0)L;(6)L(6), (5.28)
=48
L7 (n'0) = Poisson (n" | () + - s7(6)) - p(0),  m=a,bc  (529)
b. e o o
L%(n?|6) = Poisson (nz | b"babl +p-540) | - p(d), (5.30)

where g is the signal strength parameter, s and b" are the expected signal and
background yields in category i, region m, respectively. Assuming that the signal
and background event counts in all four regions follow a Poisson distribution, the
uncertainties in regions A, B and C are Poissonian: o, = \/N,, where m = A, B, C.
Consequently, the pre-fit uncertainty on the expected event counts in region D is

derived via the error propagation formula (Eq. A.1):
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op = Npy/— + — + —. (5.31)

The ABCD method relies on the assumption that the two variables used to define the
regions are uncorrelated, and it can be sensitive to systematic uncertainties related
to this assumption. Thus, careful checks and validation of the method are required

to ensure its reliability.

5.3.7 Hypothesis testing

A test statistic is a mathematical function that can be used in statistical hypothesis
testing to evaluate whether the observed data is consistent with a given hypothesis
or not. The test statistic is a numerical summary of the data that is calculated based
on a statistical model and is used to compare the observed data with what would be
expected under the null hypothesis (i.e., the hypothesis being tested). The choice of
test statistic should be based on the properties of the data and the hypothesis being

tested, as well as any assumptions or limitations of the statistical model.

In hypothesis testing, the null hypothesis (Hy) typically represents the status quo (SM,
background-only) or the absence of any new effect, while the alternative hypothesis
(H;) represents the possibility of an alternative effect (signal-plus-background). The
test statistic measures the degree of discrepancy between the observed data and
the null hypothesis, and this discrepancy is used to calculate a p-value, which is
the probability of observing a test statistic, z as extreme or more extreme than the

observed value, assuming the null hypothesis is true:

D= / ” fla)d, (5.32)

where f(z) is the probability density function and # is the measured test statistic value.
Often, the p-value is expressed in terms of the number of standard deviations of the
normal distribution above which the integrated probability distribution corresponds

to the value of a pre-specified threshold called significance level, py [144]:

p=1-®(Z), (5.33)

where ®(z) is the cumulative distribution function of the normal distribution and

Z is the required significance. For setting upper limits (ULs), the typical required
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significance level is py = 0.05, corresponding to the 95% confidence level (CL) and a

significance of Z ~ 1.64 standard deviations.

If the p-value is below the significance level, it suggests that the observed data are
unlikely to have occurred by chance under the null hypothesis and that there is
strong evidence against the null hypothesis. This can lead to the rejection of the
null hypothesis in favour of an alternative hypothesis. Conversely, if the p-value
is large, it suggests that the observed data are likely to have occurred by chance
under the null hypothesis and that there is weak evidence against the null hypothesis.
This does not necessarily mean that the null hypothesis is true, but rather that the
observed data are consistent with the null hypothesis. It is important to note that
the p-value is not a direct measure of the size or practical significance of the effect or
association, or the probability of the null hypothesis being true or false, but rather a

measure of the strength of evidence against the null hypothesis.

Upper limit setting

In HEP, upper limit setting is a statistical method used to set constraints on the
existence or properties of New Physics, based on the observed data. Typically, for
UL setting the definitions of the null and alternative hypotheses are reversed, such
that Hy becomes the background-plus-signal hypothesis whereas H; is defined as the
background-only hypothesis with ¢ < fi. The test statistic for UL setting is defined
as [145]:

(5.34)

The UL on the model parameter can then be interpreted as a constraint on the
existence or properties of the new particle or phenomenon, by comparing it with the
predicted values from various theoretical models or scenarios. For example, if the
upper limit on the cross-section or signal significance of a new particle is smaller than
the theoretical prediction, it suggests that the particle may not exist or may have
different properties than expected, and can guide the design of future experiments

or the development of new theoretical frameworks.

Goodness-of-fit test

The goodness-of-fit test (GOF) is a statistical method that can be employed to

evaluate the compatibility of a given model or probability distribution with the



5.3. Statistical methods 104

observed data in the absence of an alternative hypothesis. In the case of the analysis
presented in this thesis, a GOF test is used to test the compatibility between the
observed data and the SM background-only hypothesis, i.e. the lack of HNLs observed.
The saturated likelihood-ratio test statistic used in this test quantifies the level of

agreement between the observed data and the null hypothesis [146, 147):

—

~ L, 0
Jsat = —2In )\sat(,ua ) =—2Iln <£lu’ )7
sat

(5.35)

where L, is the saturated likelihood constructed by artificially setting all NPs to
their measured values. The saturated likelihood acts as a normalisation term, hence
the resulting test statistic tends to a x? distribution in the limit of large data. In the
HNL analysis presented in this Thesis, the probability distribution of the statistic is
generated using MC toys* and compared to the observed value in data. The large
p-values observed between the toy MC distributions and the test statistic provide
confidence in the compatibility of the observed data and the SM background-only
hypothesis.

The asymptotic approximation

The asymptotic approzimation [145] of the likelihood-ratio test statistic, g, relies on
the asymptotic properties of the maximum likelihood estimates, which can be shown
to be approximately normal under certain conditions, such as large sample sizes or
when the number of parameters is small compared to the sample size. Specifically,
the probability distribution of a likelihood-ratio test statistic f(g, | 0) can be shown
to follow a 2 distribution if the null hypothesis is true, whereas for the case of an
alternative hypothesis the probability distribution f(q, | 1) follows a non-central x?

distribution.

Consequently, the asymptotic approximation of the likelihood-ratio test statistic
allows for the computation of p-values and confidence intervals without the need
for Monte Carlo simulations or numerical methods, which can be computationally

expensive and time-consuming.

2artificially generated data using models that are often designed to mimic the basic characteristics
of real data, but with known properties and without the complexities of the actual data
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The Asimov data set

The Asimov data set is an artificially created "representative" data set that mimics
the expected behaviour of the real data, without actually having to collect and
analyse real data [145]. The Asimov data set is constructed by setting the values
of the observed variables to their expected values under the specific hypothesis and
adjusting the uncertainties to reflect the expected statistical fluctuations in the
background. In the analysis presented in this Thesis, the simulated Asimov data set

is employed in obtaining the expected ULs on various long-lived HNL models.

Discovery sensitivity

The discovery sensitivity is a quantitative measure used in the optimisation processes
of event selection criteria and defining thresholds in the ABCD background estimation
method of the analysis. The discovery sensitivity formula employed in this analysis is

a result of the asymptotic approximation [148] applied on the Asimov data set [149]:

s o2 2 o2s 1/2
o oron[52058] S it]) o

where s,b are the expected signal and background yields, respectively, and oy, is
the uncertainty on the background prediction. Assuming s < b and g, ~ 0, the

expression reduces to Z ~ s/+/b.

Nuisance parameter pulls and impacts

To test the effect of NPs on the best-fit value of the POI considered in the analysis
presented in this Thesis, two statistical tools are used: pull values and the impact of
the NPs on the best-fit value of the POI. By quantifying the effect of NPs on the
POI, the robustness and reliability of the analysis can be assessed, ensuring that
both statistical and systematic uncertainties are properly accounted for in the final

results.

The NP pull values are defined similarly to Eq. 5.19:

pull = : (5.37)
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where 8 is the best-fit value of the NP, 6 is the initial (pre-fit) value, conventionally

set to zero, and oy is the input uncertainty.

The effect of the NPs on the POI influences the rate and shape of the POI. Varying
the values of the NPs from their nominal values by +10 deviated ones, their impact
value is the difference in the POI estimate at +10 deviation (fip++,) and their mean

estimate:

impact = Ap* = figr, — fi- (5.38)

The impact value can be interpreted as a correlation between the NPs and the POI:
the higher the impact value of an individual NP, the stronger the effect on the best-fit
value of the POI.






Chapter 6

Track-to-vertex association for the
Phase-2 upgrade of the Level-1

trigger system

6.1 Introduction

As already introduced in Sec. 3.3, HL-LHC will increase the design luminosity of the
LHC by a factor of between five and seven, which will enable scientists to perform
more precise measurements of known particles, to search for NP, as well as to study
rare processes. One of the main challenges faced by the CMS detector during the
HL-LHC run will be to cope with the increased number of simultaneous collisions, as
a result of the increased luminosity. Around 200 inelastic interactions are expected
to occur in each p-p bunch crossing, resulting in increased PU conditions in the CMS
detector. Consequently, the Level-1 trigger (L1T) system needs to be upgraded, as
part of the Phase-2 upgrade of the CMS experiment.

The Phase-2 upgrade of the L1T will include information from the outer tracker
modules for the first time, introducing track finding and primary vertex (PV)
reconstruction in the L1T. Tracks with pp > 2 GeV will be reconstructed by in-
situ momentum measurement electronics, called Level-1 time-multiplezed track-
trigger (TMTT) track finder algorithm [99, 150]. In order to efficiently reject
pileup background, the aim of the L1T upgrade is to develop a fast and robust PV
reconstruction algorithm that will correctly associate hard-scattering tracks with the
PV, while separating them from PU. The goal of the work presented in this Chapter
was the development of a binary classifier for track-to-vertex association in the L1T

upgrade. The classifier will be employed downstream from a PV reconstruction

108
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algorithm to determine whether a given track originated from the PV. The aim was

to develop an end-to-end neural network for both tasks, as discussed in Sec. 6.4.

An additional challenge of the L1T upgrade is fitting the newly developed trigger
algorithms, particularly the vertex reconstruction and association algorithm on
custom hardware front-end FPGA electronics. A total latency of 12.5 pus will
be allocated per bunch-crossing for L1T processing, of which about 5 us will be
allocated for the track-finding algorithm. Consequently, the design of the track-trigger

algorithm must prioritise memory efficiency and latency.

The study discussed in this Chapter was produced in collaboration with the work
presented in Ref. [151].

6.1.1 Baseline vertex reconstruction and track association

algorithms

A proposed simplistic clustering algorithm for vertex reconstruction in the L1T is a
grid-based binning method called FastHisto [76, 100, 152]. Reconstructed tracks are
projected on the beamline, identifying the z-coordinate of the impact parameter, z,
they originate from. The zy position of tracks is filled in a 256-bin histogram ranging
between -15 cm to +15 cm and weighted by their transverse momentum. Clusters
are identified by looking at local maxima and finding a window around the position
of the three consecutive bins with the highest combined pr. The reconstructed
PV corresponds to the middle of the three bins. FastHisto is a simple, quick, but
rather crude method that can be implemented efficiently on FPGAs. One of its main
issues is its failure to account for fake tracks with unphysically high pr, accidentally
associating them with the PV. In addition, it does not account for the worsening of

the zy resolution at high 7, leading to degraded PV resolution.

The baseline track-to-vertex association method is a fized window scan (FW) around
the reconstructed PV, applying a selection to the separation between each track
and the vertex: |§z| = |zlrack — plastHistoPV] “which is set as a function of the 7 to
reflect the pseudorapidity dependence of the zy resolution. This method is reasonably
effective, fast, simple, and easily implementable on the FPGA hardware. Nevertheless,
it does not take into account complex track features and may incorrectly associate
PU tracks in proximity to the reconstructed PV. Fig. 6.1 presents a visual illustration

of the algorithm procedure.
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Figure 6.1: Event display of the FastHisto clustering algorithm, illustrating its
vertex association in the zy position along the beamline. The true vertex in the event
is contained within a fixed window since its associated tracks are reconstructed with
a resolution. The left narrow peak is a "fake" track that was incorrectly constructed
by the Kalman Filter by accidentally matching unrelated hits in the tracker. Its
narrowness is a hint of its unphysical nature.

6.2 Training samples

The study presented in this Chapter was performed using two simulated data sets
and employing a software simulation of the TMTT track-finder algorithm [99, 150]
to reconstruct tracks from charged particles. Reconstructable tracks at the generator
level are called Tracking Particles (TP), and the performance of the vertex finding

and association algorithm is measured relative to tracks matched to TPs.

The simulation sets were generated at 14 TeV p-p collision energy with an average
PU of 200 (PU200) interactions overlaying the hard-scattering process, describing
the expected background environment at the HL-LHC. A maximum of 250 tracks per
event were considered in the training of each track-to-vertex association algorithm
described in Sec. 6.3. In order to reject fake tracks with unphysically large pr, only
tracks with pt < 500 GeV were selected. The generator truth level information from
tracks originating from the signal PV was flagged in the simulation set, and employed
during the training of supervised learning algorithms, as well as the assessment of

their performance.

A MC set of 100,000 tt events was employed for the training and validation of the

track-to-vertex association algorithms investigated, as top pair production involves a
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large invariant mass system with a decay resulting in a high multiplicity of high-pr
tracks. In addition, a set of 33,000 simulated Z — pp events were employed in the
study due to the "clean" topology of the decay system with a well-defined PV and

high-pr tracks. Both systems have desirable properties for PV reconstruction and

track-to-vertex association algorithm development efforts.
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Figure 6.2: Track and event feature distributions of selected signal and PU tracks.

In order to train the binary classifiers for the track-to-vertex association, it is crucial
to understand how various track features will perform as potential inputs, as well as
understand their potential correlation. A number of possible input features describing
the kinematics, position, orientation and fit accuracy of tracks were investigated
for both signal and background tracks: zq, 0z, pr, 1, tan A, x%, p% and 1/R?, where
x? is the goodness of fit parameter given by the Kalman Filter for reconstructed
tracks; tan A = sinh 7 is a representation of the angle measured by the pseudorapidity
including information on the azimuthal angle, since tracks should be uniformly

distributed in ¢; 1/R? is the curvature of the track, containing the same information
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as pr. Initial investigations showed that p%, 1/R? and tan A were redundant variables,
because the performance of the BDT classifier described in Sec. 6.3.1 did not change
when they were included as input features. Hence, they were disregarded in all
subsequent analyses, since they contained overlapping information with pr and 7.
Eventually, the inverse of the pr was employed in training the binary classifiers due
to memory efficiency considerations in the FPGA chips and being provided as an
output of the Kalman filter. The remaining 5 input features were used to build the

various binary classifier models described in Sec. 6.3.

Fig. 6.2 presents distributions of input features characterising the kinematics of
both signal and background tracks, as well as overall event observables such as the
summed pr of tracks in an event and those associated with the PV. In addition, two
heatmaps are presented showing the correlation between the pr resolution and y? of

signal tracks.
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Figure 6.3: Quantifying feature correlations via scatter plots for tt ("true') and PU
tracks ("false").

Possible correlations between 6 input features were quantified using scatter plots



6.3. Track-to-vertex association with MVA methods 113

and heatmaps to further understand the characteristics of the inputs used with
the MVA methods considered. Fig. 6.3 presents the 2D distributions for tt and
PU tracks for each feature pair, without showing their density in each 2D bin.
There is a clear correlation between 7 and tan A, but otherwise, other distributions
are rather symmetric demonstrating no correlation between various other features.
Hard-scattering tracks from the tt events tend to occur at lower n values given the
high invariant mass of the system, whereas the pseudorapidity is rather flat for
the Z events. Pile-up tracks, on the other hand, peak at |n| values of around 1.5.
Furthermore, some PU tracks have unphyisically high p values, since they are "fake"
tracks constructed by accidentally associating unrelated hits in the tracker by the
Kalman Filter. In addition, it can be observed that these tracks tend to cluster
around 0z = 0, while physical tracks have a uniform distribution in dz. Some of
the associated heatmaps can be found in App. B, further proving no correlation
between various feature pairs. The total pr sum per signal vertex has a three-peak
structure for Z — pp events reflecting whether both muons are reconstructed in the
event, the > pr peaking at around the Z mass for such events. If no muon tracks
are reconstructed, the > pr of the PV peaks at 0 GeV, whereas if one muon track is

reconstructed, the distribution peaks at around 40 GeV.

6.3 Track-to-vertex association with MVA meth-

ods

6.3.1 Association using boosted decision trees

As discussed in the previous Section, a range of possible input variables describing
track kinematics and position were considered for training the BD'T model designed to
separate signal tracks originating from the hard-scattering PV from tracks resulting
from PU interactions. Initial studies considered the following set of six input features:
20, 02, pr, N, tan A, x2, while training several BDT models with varying number of
input feature sets. The BDT algorithm of choice was GradientBoostingClassifier
from the sklearn package [153] which was trained exclusively on the tt PU200 sample.
For the initial investigations, only the default BDT parameters were used, as defined
in the sklearn documentation: learning rate 0.1; number of estimators 100; minimum
number of samples per leaf 1 and maximum tree depth of 3. A hyperparameter scan
on the BDT parameters showed little dependence on the training parameters when
evaluating the performance of the BDT model given a fixed set of input features.

The loss function employed for the training was binary cross-entropy, the available
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tt simulation sample being split 90%-10% between the training and testing phases.

The various BDT models were compared by their performance via their AUC and
validation cross-entropy loss parameter. The extent of the correlation between input
features could also be quantified by its impact on classification performance when
added to the BDT model. It was found, as expected, that n and tan A were strongly
correlated, therefore the latter was dropped from the input feature set, aiming to
keep the BDT model as simple as possible, given the latency limitations for its
possible hardware implementation. In addition, for memory efficiency reasons (given
no bias was observed in the input variable distributions), the absolute values of 7

and 0z were used in training the final BDT model.

The performance of the BDT models with varying numbers of input features was
compared using plots of the AUC versus the logarithmic loss (see Fig. 6.4). It
was found that including 6z and pr in the BDT model was the most crucial in
defining the performance of a model, rather than the total number of input features.
Moreover, ordering the input features by their contribution to the model’s decision-
making power confirmed that, indeed, the aforementioned variables were the most
discriminating ones, as shown in Fig. 6.5. The order difference in importance between
input variables for the two signal samples considered is due to differences in their

event topologies.
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Figure 6.4: Graphs presenting the possible correlations between the AUC and the
logarithmic loss for the various BDT models trained on the tt sample. In the left plot,
the number of input features for individual models is illustrated in a different colour
while the right plot shows the impact on the BDT performance of the inclusion of
specific input variables, such as dz and pr.
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Figure 6.5: Quantifying relative feature importances in the BDT model for tt (left)
and Z — ppu (right) signal processes.

6.3.2 Association using dense and convolutional neural net-

works

Two neural network (NN) models were investigated as candidate algorithms for track-
to-vertex association that could eventually be integrated into the end-to-end NN.
Due to latency and memory limitations, the two networks needed to be designed with
a relatively low number of parameters while maintaining reasonable discriminating

performance.

Both a dense and a one-dimensional convolutional NN architecture were considered
for the task (see Sec. 5.2.2). Each network had two hidden layers, each with 32 nodes
and a ReLu activation function. A dropout of 10% was applied after each hidden
layer in order to keep overtraining under control. The activation function of the last
layer was a sigmoid, while the loss function optimised throughout the training was
binary cross-entropy. A kernel size of 1 was applied in the CNN when training on
an entire event, which was a requirement for the end-to-end NN implementation. A
batch size of 400 events was trained for 20 epochs. The split between training and
testing data sets was 90%-10%. The two networks were trained separately on tracks
originating from tt and Z — pp events. The same input features were employed as
for the BDT classification model: zy, 6z, 1/pr, 1, x*. Figs. 6.6 and 6.7 show the
progress of optimisation of the classification accuracy and the cross-entropy loss as
the training of the dense NN (dNN) and CNN progressed by epoch. There is no
evidence of overtraining in the loss curves and good separation between signal and

PU tracks was observed.

A hyperparameter scan was performed to tune the network parameters for better
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Figure 6.6: Classification accuracy (left) and cross-entropy loss (middle) development
by training epoch of the dense NN model, as well as in the test data set. The dense
NN output (right) shows good separation in the test set. Top plots show the dNN
training and test performance for tt events, whereas the bottom was trained on
Z — i events.

performance, as well as different ANN and CNN network architectures were tested.
Larger NN architectures showed only 0.5% improvement in performance, whereas

latency and memory usage increased significantly.

6.3.3 Performance of the MVA models considered for track-

to-vertex association

Two measures are used to evaluate the performance of the binary classifiers employed
for track-to-vertex association. ROC curves are the traditional way to illustrate
the performance of binary classifiers as discussed in Sec. 5.2.1. In addition, a
precision-recall curve is typically used for L1T problems, reflecting the physical
nature of the inputs and measuring the performance of the trigger itself. The
physical requirements of trigger algorithms prioritise both the efficiency of correctly
associating tracks to the PV, as well as the purity of the tracks being flagged as
originating from the signal vertex while minimising mistagging. Therefore, purity vs
matching efficiency curves were introduced to quantify the performance of the binary
classifiers. Purity is defined as the fraction of reconstructed tracks associated with a

reconstructed PV that actually matches the corresponding generator level PV: purity
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Figure 6.7: Classification accuracy (left) and cross-entropy loss (middle) development
by training epoch of the convoluted NN model, as well as in the test data set. The
CNN output (right) shows good separation in the test set. The top plots show the
CNN training and test performance for tt events, whereas the bottom was trained
on Z — up events.

= 1 - contamination. Efficiency is defined as the fraction of reconstructable generator
level tracks associated with a PV found in the reconstructed vertex: efficiency =
1 - missed tracks. In this study, the aim is to minimise the AUC from the ROC
curves, while maximising it for the purity vs matching efficiency curves. Two more
quantitative measures were also considered in evaluating the performance of the
track-to-vertex association models: the Characteristic True Positive rate (REY) at
which the False Positive (FP) rate is 1% and the Characteristic Purity value (P¢) at
which the matching efficiency is 95%.

Fig. 6.8 shows the performance of the four track-to-vertex association models in-
vestigated in this study on both tt and Z — puu events. The fixed window scan
systematically underperforms compared to all MVA methods in both signal topologies.
The BDT and dNN show comparable performance, whereas the CNN model has the
best performance from all track-to-vertex association models considered, being able
to reject 99% of PU tracks while correctly associating 54% of tt and 69% of Z — upu
tracks. Moreover, it provides 81% purity for tt tracks and 48% for Z — uu tracks at
95% efficiency. Nevertheless, the CNN model had 1441 parameters, adding much

latency and memory usage for eventual implementation in FPGA hardware.
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Figure 6.8: ROC curves (top) and purity vs matching efficiency (bottom) curves
comparing the performance of the four track-to-vertex association models investigated
in this study. The left plots show the training performance on the tt data set, whereas
the middle ones on Z — puu events. The right plots compare the performance of the
two NNs on both data sets.

6.4 End-to-end neural network for vertexing

In the context of the L1T upgrade, FastHisto served as the baseline algorithm while
a proposed end-to-end neural network was developed to optimally identify the z
position of PVs and associate signal tracks with them [99]. The end-to-end nature of
the NN consists of having several layers of separate NN sub-systems with different
operational tasks, all connected together from the primary input data set to the
final output. The advantage of the end-to-end NN architecture is the simultaneous
optimisation of each processing step, instead of manually optimising them in isolation.
However, end-to-end NNs yield larger and more complex architectures with additional
challenges to validate their performance. Nevertheless, intermediate representations
between processing steps can reveal significant correlations between the model inputs
that may otherwise remain elusive. Thus, end-to-end models can serve as valuable
aids in comprehending unfamiliar problem domains and identifying effective data

representations for a particular problem.

The L1T upgrade aims to integrate the novel end-to-end NN into FPGA chips

while designing it to perform better and more robustly than the previously proposed
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FastHisto method. In addition, a design priority was keeping its latency and simplicity
relatively low compared to other well-established clustering algorithms. The proposed
end-to-end NN architecture is illustrated in Fig. 6.9. Histograms were created via 1D
CNN using weighted event tracks, followed by a peak finding algorithm employing
another layer of CNNs. The peaks in the weighted track histogram were interpreted
as an estimation of the PV position. Besides identifying the PV position, the NN
was trained to supply latent variables for inferring the track-to-vertex association
probability, P(track|z"). A modified version of one of the proposed track-to-vertex
association algorithms would then have been integrated at the final "convolutions"
stage of the end-to-end NN.
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Figure 6.9: Schematic of the proposed end-to-end NN architecture for PV recon-
struction and track-to-vertex association for the Phase-2 L1T upgrade [99].

6.4.1 Epilogue

Further studies were proposed for the continuation of the work presented above,
particularly for the track-to-vertex association algorithms. Investigating the perfor-
mance of the various algorithms introduced in Sec. 6.3 for vector-boson fusion (VBF)
Higgs boson decays to invisible final states would have added a different topology
of interest for the HL-LHC physics program. In addition, the final track-to-vertex
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association models should have been trained on mixed signal samples, as only one

algorithm could have been implemented in the end-to-end NN.

The track-to-vertex association models presented above were eventually integrated
into the CMS offline software in order to study the improvement of the trigger
efficiency compared to the case when FastHisto was used. The output of the CMS
offline software showed some bias in the reconstructed z, of the PV. After careful
studies, it was found that the issue resulted from a reconstruction bias in the TMTT
track-finding algorithm used for the tracks that the algorithms were trained on. A

new set of simulated tracks was produced via a hybrid track-finding algorithm.

Ultimately, the architecture of the end-to-end NN was slightly modified, including
the inputs of a BDT algorithm that discriminates real tracks from fake ones. The
2o position of the reconstructed PV was passed to the track-to-vertex association
model consisting of a three-layer dense NN. Information from the BDT was also
fed to the track-to-vertex association algorithm, along with the pr and 7 of the
reconstructed tracks. The end-to-end NN was successfully implemented in FPGA
firmware and showed promising performance results compared to the cut-based

approach considered previously [154].

6.5 Summary

This Chapter presented a study of track-to-vertex association algorithms developed
as part of the Phase-2 upgrade efforts of the CMS Level-1 trigger. An end-to-end
neural network was proposed to reconstruct the hard-scattering PV and to infer its
position using deep learning techniques. In addition, the end-to-end neural network
would associate signal tracks with the reconstructed PV. The design of the end-to-end
neural network prioritised low latency and memory efficiency while retaining robust
performance as it was implemented in FPGA firmware employed in the upgraded L1

trigger.

The proposed track-to-vertex association algorithms showed significant performance
improvement compared to the cut-based approach originally proposed. The end-to-
end NN was successfully integrated into FPGA hardware, showing promising results

and improvement in performance in comparison to the baseline model.






Chapter 7

Search for long-lived heavy neutral
leptons with the CMS detector

This Chapter presents the analysis strategy employed to search for long-lived HNLs
in data collected by the CMS experiment between 2016-2018. Sections 7.1 and 7.2
present the simulated signal models and relevant SM background processes used in
the analysis. Section 7.3 discusses the trigger strategy used to collect possible signal
events. Section 7.4 introduces the various physics objects and their selection criteria.
Finally, Sec. 7.5 provides a brief introduction to a novel deep neural network-based
(DNN) displaced jet tagger (Ref. [9]) that aims to identify the displaced topology of
HNL signal decay products.

In addition to the displaced jet tagger, the analysis employs an event-based classifier
that aims to capture the higher-level kinematics of signal events, which forms the
subject of Chapter 8. The sources of systematic uncertainty considered in this
analysis are discussed in Chapter 9. The results of this analysis are then presented
in Chapter 10, employing a data-driven background estimation technique using the

previously mentioned event- and jet-level discriminants.

The analysis strategy presented in this Chapter is based on the work of an analysis
team that the author of this Thesis was part of and made contributions to. Con-
sequently, certain figures and ideas in this Chapter are based on works previously
published in Ref. [109].
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7.1 Heavy neutral lepton signatures

Long-lived HNLs are an attractive and well-motivated BSM scenario to investigate in
experiments at the LHC, as discussed in Secs. 2.2.2 and 2.3.2. There is still a large
part of the mass-coupling parameter space uncovered by previous searches, which
this analysis has the potential to probe. In this analysis HNL masses in the range
1-24 GeV! with lifetimes ranging between 10> mm up to 10 metres are sought. Both
Dirac and Majorana-type HNLs are considered, both of which can induce lepton
flavour wviolation (LFV), whereas the latter can produce lepton number violation
(LNV), as well. If HNLs were discovered, the result could shed light on whether HNLs
are Dirac-type or Majorana-type particles. This analysis considers only one active

HNL with couplings Vi, V,, and V; to the three lepton generations, respectively.

(a) (b)

Figure 7.1: Feynman diagrams presenting the CC HNL production and semi-leptonic
decay channels considered in this analysis. Charge-conjugate modes of the on- and
off-shell bosons are also considered. The left diagram shows an opposite-sign dilepton
final state available for both Dirac and Majorana HNL scenarios, whereas the right
diagram shows a same-sign dilepton final state possible only for Majorana-type HNLs.
The latter is an instance of LNV.

Searching for HNL signatures with the CMS detector has its own challenges, particu-
larly for long-lived scenarios. Firstly, long-lived HNLs typically produce soft, low-pr
decay products that are difficult to trigger on. Therefore, to capture HNL signal
events, additional particles also need to be produced that can be used for triggering.
While there are a number of potential HNL production scenarios possible in CMS
(listed in Sec. 2.2.2), this analysis focuses on the charged-current (CC) production
mode, which results in a prompt, energetic lepton (¢;) that the event is triggered
on, and a neutrino that mixes with the HNL. The HNL then decays off-shell via a
W boson into a displaced, soft secondary lepton (¢5) and a pair of boosted quarks
(q¢') that collimate into a displaced jet, captured by the DNN displaced jet tagger

discussed in Sec. 7.5. Two HNL production and decay modes are shown in Fig. 7.1,

!Though derived limits are produced for HNL masses up to 20 GeV.
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indicating both opposite-sign (OS) dilepton final states produced by both Dirac and
Majorana-type HNLs, as well as same-sign (SS) dilepton final states produced only
by Majorana-type HNLs, being an instance of LNV. Both processes can produce
dilepton states of differing flavours, being a case of LF'V. In the case that the HNL
is a Majorana particle, its partial width would be twice as large as the case for Dirac
HNL particles:

Dhtajorana = I Dirac + ngrac = 2 I'birac- (7.1)
HNL production via B and D meson decays is not considered in this analysis, since
the decay products associated with the HNL are soft tracks that are challenging to
trigger on in CMS. Moreover, such decays are limited by the mass of the parent
meson, hence limiting the potential HNL masses probed (typically below 1 GeV).
Since such HNL particles are soft, they decay via two-body decays, resulting in a
displaced lepton and a quark pair that eventually forms a light meson: N — /5X,
where X denotes a light meson. A dedicated search is needed to investigate such

scenarios.

Furthermore, HNL production via Z or Higgs boson decay is discarded in this search
since such processes would need to trigger on the associated SM neutrino produced
along with the HNL particle. Neutrinos do not interact with the detector material,
therefore they manifest as large missing energy in collision events. However, it is

very challenging to trigger on small amounts of missing energy in CMS events.

This analysis focuses exclusively on semi-leptonic decays of HNLs aiming to fully
reconstruct the HNL with visible physics objects in the detector. Semi-leptonic HNL
decays have branching ratios almost twice as high as fully leptonic ones. Despite
the latter are considered to have "cleaner' event signatures, the DNN displaced jet
tagger has the potential to accurately identify both the hadronic part and displaced
lepton (if merged into the jet) of the HNL decay.

In conclusion, the HNL production and decay channels searched for in this analysis

proceed exclusively via CC, providing a semi-leptonic final state via three-body decay
of the HNL:

pp — W — glN — £1£2W* — 61 gzqq_/ (72)
=~

displaced jet

This analysis considers multi-generational mixing, coupling the HNLs to all three

generations of SM neutrinos, as opposed to the single-generation couplings previously



7.1. Heavy neutral lepton signatures 125

considered in such searches. In fact, based on the vMSM and Fig. 2.5 in Sec. 2.2.2,
simultaneous couplings to multiple SM neutrino generations are more likely for both
Dirac and Majorana HNL scenarios. The HNL coupling to tau-neutrinos is still
relatively unexplored (Fig. 2.2c in Sec. 2.2.2), posing an interesting opportunity for a
break-through application of the DNN jet-tagger. Nevertheless, this channel has its
own challenges, since if tau leptons decay leptonically, they always emit a neutrino,
which results in the detectable daughter lepton being soft because the associated
neutrino carries away most of the tau lepton’s energy. Therefore, triggering on events
with the leading lepton being a tau is difficult and inefficient. Hadronic tau decays
could be investigated, however, the lowest single-tau trigger thresholds in CMS

surpass the kinematic limits for tau particles resulting from W boson decays [95].

The cross-section, o, for an HNL particle being produced in p-p collisions via W

boson production can be expressed as:

ooc = o(pp — W) - B(W — (N) (7.3)

m2 2 m2
=o(pp = W) - B(W = )Y [Vi]? (1—§> <1+ = ) , (7.4)
7 My 2myy

where o(pp — W) denotes the cross-section for on-shell W boson production in p-p
collisions; B(W — ¢N) is the branching fraction for a W boson decaying leptonically
to an HNL particle; V; is the coupling strength between the HNL particle and an
SM neutrino of flavour ¢; my is the mass of the HNL particle and myy is the mass of

the W boson.

7.1.1 Heavy neutral lepton signal simulation

The analysis presented in this Chapter relies heavily on HNL signal and SM back-
ground samples generated using MC techniques, as described in Sec. 5.1. These MC
samples are used to determine optimal event selections and categorisations, visualise
the distributions of various key observables, train and test MVA algorithms used in
the search, and predict the number of expected signal and data-driven events to in-
terpret the results. The HNL signal samples employed in this search are generated at
leading-order (LO) using MADGRAPH5__aMC@QNLO v2.6.5, based on the theoretical
model described in Ref. [155].

A total of 76 generated signal samples were produced for both Dirac and Majorana
HNL scenarios for different HNL masses in the range 1-24 GeV and different cou-
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Figure 7.2: Generated HNL signal samples using MADGRAPH in the mass-coupling
plane for both Majorana (left) and Dirac (right) scenarios, with equal couplings
to all three lepton generations (|V.| = |V,| = |V;]). The colour-coded, tilted lines
correspond to HNLs with the same proper lifetime.

pling strength V, values, scanning HNL proper lifetimes, as presented in Fig. 7.2.
For simplicity, we will refer to the mean proper decay lifetime (79) or the mean
proper decay length (c7) as just “lifetime” or “decay length”, unless stated other-
wise. The samples were generated with equal coupling strengths for all three SM
neutrinos, that is, V, =V, = V,.. Lepton flavour violation can occur in this HNL
model if more than one coupling V; is non-zero. Simulated HNL events can be
reweighted to different coupling scenarios by calculating additional matrix element
(ME) weights with MADGRAPH5 aMC@NLO, thus enabling efficient scanning of the
mixing space [156]. Therefore, only one signal sample needs to be generated, thus

minimising computational time and memory usage.

Since the HNL mass, my, and proper lifetime, 79, is fixed during the event generation
and subsequent detector simulation, the arbitrarily reweighted coupling combinations

must stay consistent with the total decay width (I'y) of the generated HNL process:

1 /
- = Ptot(mN7‘/e7v,u7 T) = Z Ff(m]\h‘/Z) = Z Pe(TﬂN,‘/@/). (75)

To l=e,u,T l=e,p,T

For each generated HNL sample, 66 equidistant weights are stored for reweighting the
sample to different coupling scenarios while keeping the total decay width constant.
The barycentric coordinates f., f,, and f; are used to represent the relative ratios
between the couplings |Ve| : [V, | 0 |V = fe: fu : fr, where Z fo = 1. The chosen

l=e,u,T
coupling points in the fy,-space are shown in Fig. 7.3.
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Figure 7.3: The 66 relative coupling points used for each HNL signal sample
generated with equal couplings to the 3 SM neutrino generations |V,| = |V,| = |V;|.
These coupling points are expressed in barycentric coordinates (fo + f, + fr = 1).

The HNL production cross-sections at LO were found to be compatible with the
next-to-leading order (NLO) cross-sections within the estimated scale uncertainty.
To normalise each LO signal cross-section, an averaged correction factor of (k =

onLo/oLo &~ 1.10) was applied. The LO scale uncertainty was taken as a theoretical

uncertainty.

Table 7.1 presents an overview of the branching fractions for various HNL masses
decaying via a range of tree-level decay modes. The branching ratios for Majorana
HNLs are the same as those of the Dirac-type HNLs if the charge-conjugated decay
modes are taken into account.

Table 7.1: Branching ratios calculated by MADGRAPH for the tree-level decay
modes of Dirac HNLs at various masses.

HNL mass
Decay mode 1 GeV 5 GeV 10 GeV 20 GeV
N — vqq 28.5% 21.1% 18.3%  19.0%
N — vor (invisible) 123%  7.9%  6.1% 5.5%
N — ¢~ ¢*v (leptonic) 22.0% 22.6% 241%  24.2%

N — ¢7qq (semi-leptonic) 37.2% 48.4% 51.5%  51.4%

Fig. 7.4 presents the kinematic properties at generator-level for a variety of bench-
mark HNL signatures with different masses and lifetimes, that are close to the

expected sensitivity limits for the search presented in this Thesis. HNLs are pro-
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duced in the central pseudorapidity region, their transverse momentum distribution
peaking at around 40 GeV. Generator-level kinematic properties of the leading and
subleading leptons (¢, 2) associated with various coupling scenarios of a particular
HNL benchmark model are also shown. While they are all typically produced in the
central pseudorapidity region, their pr distributions vary significantly for pure-tau
coupling scenarios (|Ve| = |V,| = 0;|V;| > 0), since the majority of the energy from
the decaying 7 particle is carried away by undetected neutrinos. Consequently, the
detectable daughter particle (either electron or muon) becomes rather soft. As a
result, it is technically extremely challenging to trigger on such events, with a soft

leading lepton.

The lowest possible pr thresholds are highly desirable for /5, regardless of its flavour.
The analysis is only sensitive to leptonically decaying tau particles since trigger
strategies for hadronically decaying taus with sufficiently low pr thresholds are not
available. Consequently, for pure-tau coupling scenarios, if either tau particle decays
hadronically, such events would be missed as only one lepton would be produced in

the event, while the analysis selection requires the presence of two.

In order to ensure a statistically significant simulated signal sample, a large number
of events (~ 300k) had to be generated for all chosen benchmark models and data-
taking years. Consequently, a total of 300k x 76 (benchmark model) x 2 (Dirac
and Majorana) x 3 (years) ~ O(100M) MC events were generated for this analysis.
Moreover, the sample size is effectively reduced by a factor of nine due to reweighting
if the HNL couples only to a single lepton flavour, therefore the sample size of
pure-tau events is reduced by default for reliable statistical inference. These samples
were subdivided into statistically independent samples for MVA training, as well
as validation studies and statistical analysis in order to avoid overtraining bias.
An additional set of signal events has also been produced for validation studies of
the various MVA algorithms employed in this analysis, including the BDT event
classifier (see Chap. 8). These enriched signal samples contain approximately 3M
individual events for eight HNL benchmark models. These events were selected using

a pr > 20 GeV filter at generator level.



7.1. Heavy neutral lepton signatures 129

x10°

»  prorrreerpreeeeeee e e e ®» e e A RasameREEE
2 0121 y5=13 TeV ppﬁWﬁNI 7 2 [ Vs=13TeV, ppﬁWﬁNI ]
S [ —— my=1GeV, cr,=10cm ] S 8o —— my=1GeV, cr,=10cm ,
5 01 ----my=6GeV,cry=1cm - - r -~ my=6GeV, cry=1cm 1
8 r my =12 GeV, ¢ty =0.1 mm ] 8 [ my =12 GeV, ct, = 0.1 mm ]
T 0.08- - ] = -
£ 1 E™ ]
S [ ] <] L 4
Z 0.06- 3 = [ ]
L ] 40— —
0.04F { H —
L ] 20— —
0.02F - H g
=S L L L Lo ] [ T L L Lo L]

0 10 20 30 40 50 -4 -2 0 2 4
P, (N) [GeV] n (N) [GeV]

” r ————— . @ 04T T T T T T T T T
2 [ Vs=13 TeV, pp—W->NI, i 2 [ V=13 TeV, pp—W—NI, ]
S 0ak —— my=1GeV, cr,=10cm B S o012 —— my=1GeV, ct,=10cm B
o L -~ my=6GeV,cr=1cm ] © F -- my=6GeV,cr,=1cm ]
.8 s my =12 GeV, ¢ty =0.1 mm B ,8 0.1 my=12GeV, cry=01mm ]
N | e ]
5 02- e 5 008 B
2 L 4 z E Bl
r ] 0.06~ B
0_1; e ] 0.04} {
[ 1 0.02[- E
RE e By e el 1 e 1 ]

1 10° 107 1072 1 10 10 10°
Br (N) Ly (N) [em]

() (d)
@ AR B R A AR q P A A A -
£ 025 ys=13 TeV pp—>W—>NI ] £ r F 13 TeV pp—»W—»NI ]
S L mN_1ZGeVCc0_O1mm b S r my=12GeV, cr0_01mm 1
o L - - e-only coupling S 0 08; - - e-only coupling |
8 0'2; — w-only coupling 3 s — w-only coupling -
® F t-only coupling © [ t-only coupling |
E 015 m £ = -
S T TH B S r B
=z r ] =z E 4
0.1~ = u 1
005 1 - ]
G: i ] OH 1 L | | L]
0 20 40 60 80 100 -4 -2 0 2 4
p, (1) [GeV] n (1) [GeV]
(e) (f)
x10°
o e A R AARAREEE » R R e ARRAssasnss s 1
-;:) [ Vs=13 TeV ppaWaNI ] -g L Vs=13 TeV ppeWaNI 4
< 0.4—m-12(3chr-01mm — c r m_1ZGchr_01mm 1
51 [ N 0 ] © go N 0 B
o N - e-only coupling | - [ - e-only coupling™]
k] r — p-only coupling ] 3 t — u-only coupling |
g 0,3; T-only couplmgf: g 605 T-only couplmgi
S [ ] <} L ]
z [ ] P4 r ]
o-2r 7] 40~ .
0.1} { 20; n
[ P TR L UE T . LS J [ T Lo L L [
0 10 20 30 40 50 -4 -2 0 2 4

p, (1) [GeV] 1(,) [GeV]

Figure 7.4: Generator-level kinematic distributions of HNL particles and associated
leptons for various benchmark models and coupling scenarios: (a) HNL transverse mo-
mentum; (b) HNL pseudorapidity; (¢) HNL boost; (d) HNL transverse displacement;
(e) ¢; transverse momentum; (f) ¢; pseudorapidity; (g) ¢, transverse momentum; (h)
{5 pseudorapidity [109].
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7.2 Background processes

Understanding the potential sources of SM background contributions and having
control of their correct modelling is a crucial step in this analysis. Despite the heavy
dependence on simulated SM samples, the analysis employs data-driven techniques for
the estimation of the expected number of background events in the signal region (see
Sec. 10.1). Consequently, the perfect modelling of all individual physics observables

used in the analysis is not essential in terms of interpreting the obtained results.

As for the generated HNL signal samples, the available SM background samples were
divided into two statistically independent subsets employed for different tasks within
the analysis. The smaller subset was used for training the two MVA algorithms
utilised for signal selection against background, whereas the larger MC background
set was employed for MVA validation, data to simulation comparisons of key physics
variables and statistical inference of the obtained results. In order to avoid potential
overtraining bias, it is crucial to train the MVA algorithms on statistically independent

data sets from those used for performance evaluation.

Preliminary selection requirements were made to maximise HNL signal yields while
significantly reducing SM background contributions, resulting in the following SM

processes acting as main background sources:

. events consist of a W boson decaying leptonically and associated ISR,
FSR or pileup jets. The W decays into a prompt (leading) lepton that the
event is triggered on and a neutrino, whereas an additional lepton is produced
by the accompanying jets. The subleading lepton may be either a real one
produced via hadronisation of heavy-flavoured jets or a "fake' lepton masked
by misreconstructed or misidentified tracks. MC samples used for statistical
inference were generated using MADGRAPHS _aMC@NLO at NLO [157] in the
associated QCD process in the ME calculation where the parton showering
(PS) of accompanying jets were simulated with PyTHIA. MC samples used for
MVA training were produced with MADGRAPH at LO precision. LO samples
are preferred for MVA training in order to avoid events with negative generator
weights, as discussed in Sec. 5.1, whereas NLO samples provide better accuracy

for the rest of the analysis.

. events consist of prompt Drell-Yann (DY) decays to a pair of
leptons (Z/~v* — ¢¢) and accompanying jets. One lepton from the DY decay
serves as the leading lepton, whereas the other one is a prompt subleading lepton.

Such background events have significant contributions at low HNL displacement
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categories, particularly the oppositely-charged same-flavour (OSSF) ones. In
addition, if one of the leptons from the DY decay is lost or misidentified,
lepton contributions (either real or fake) from the accompanying jets can
become significant in other categories. Simulated samples used for statistical
inference were produced using MADGRAPHH aMC@NLO in the high dilepton
mass region (mg > 50 GeV) and MADGRAPH in the low dilepton mass region
(10 < my < 50GeV) at NLO and LO precision, respectively. The PS of
associated jets were simulated with PYTHIA. MC samples employed for MVA
training were generated at LO with MADGRAPH in the high dilepton mass

region only.

o V~*+jets events consist of a vector boson decaying leptonically in association
with a prompt photon that may be misreconstructed as a jet or lepton, as well
as other accompanying jets. Such backgrounds have a similar manifestation as
Z/v*+jets events. Z(— £0)y* decays were generated with MADGRAPH at LO,
whereas W(— (v)~* decays were simulated with MADGRAPH5_ aMC@NLO.
No W~* processes are used for MVA training while a Z~* sample produced
via MADGRAPHH aMC@QNLO is used for training the displaced jet tagger, but
not the BDT as their contribution in the signal region is relatively low and

contains negative weights, which is a problem discussed in Sec. 5.1.

. events may produce one or more real leptons via decays of
heavy-flavour jets, as well as contributions from fake lepton rates. Leptons
rarely occur in QCD events; however, the generally high rate of QCD multijet
production poses a significant background contribution in long-lived HNL
searches. Nevertheless, QCD processes containing two leptons are rather
challenging to simulate as they are rare compared to QCD multijet events
without them, so the MC generators need to be tuned accordingly. Therefore,
large generator weights can be assigned to some events, while the sample size
stays statistically reduced. As a result, large fluctuations with high statistical
uncertainties are observed in QCD events throughout the analysis. However,
this does not have a significant effect on the final result, as the background yield
is estimated using a data-driven technique. Likewise, the training of the DNN
tagger does not suffer from this issue because it does not require the presence
of two lepton events (see details in Sec. 7.5). On the other hand, the BDT
event classifier could potentially benefit from using real data to better model
QCD multijet events. QCD multijet samples were generated with PYTHIA at
LO precision for both types of MC background samples employed in the search.

. contributions from both tt and single-top events, where

the top quarks decay either leptonically or semi-leptonically, resulting in a
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prompt leading lepton and displaced subleading lepton(s) from b-jets. Top
quark backgrounds produced using the POWHEG event generator at NLO
accuracy were used for statistical inference, whereas for MVA training, tt

events generated with MADGRAPH at LO were used.

The colour-coding of SM backgrounds described above corresponds to the colours

used in plotting them in various control and signal region plots in the analysis.

7.3 'Trigger strategy and data sets

The analysis described in this Thesis uses two sets of p-p collision data (single muon
and single electron/photon) at /s = 13 TeV, collected between 2016 and 2018 by
the CMS detector with single, isolated lepton triggers. The data sets correspond
to integrated luminosities of 35.9fb™*, 41.5fb™" and 59.7fb~! for each data-taking
year, respectively. As discussed in Sec. 7.1, the HNL signatures investigated in this
analysis manifest themselves as a prompt, isolated lepton, ¢; (either electron or
muon) from an on-shell W boson decay, which the event is triggered on, as well as a
displaced, softer secondary lepton, ¢5 (e or u) and a displaced jet identified with the
DNN jet tagger.

The transverse momentum thresholds applied in the single lepton trigger are shown
in Table 7.2. Due to imperfect detector resolution (called turn-on effect) the offline
leading lepton selection has a slightly increased (2 GeV) pr threshold in order to

ensure ~ 100% efficiency.

Table 7.2: pr thresholds employed by the single lepton triggers used in the analysis
for all three data-taking years. Offline pr thresholds were increased by 2 GeV to
improve the selection efficiency.

Trigger 2016 2017 2018

Single muon pr >24GeV  pr >27GeV  pr > 24GeV
Single electron/photon  pr > 27GeV  pr > 32GeV  pr > 32GeV

Some events with multiple energetic, isolated leptons of different flavours may overlap
in the two data sets used in each data-taking year. Hence, a dedicated cross-cleaning
procedure is used to avoid double counting such events. Leptons are ordered by
their pr and the highest pr lepton passing a tight isolation requirement is assigned
to be the leading lepton (¢1), while the second highest pr lepton is assumed to be
(3, such that pr(¢;) > pr(¢2). Requiring a second, loose lepton has around 38%

efficiency in selecting HNL signal events, as shown in Fig. 7.8. This surprisingly low
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efficiency is a result of the experimentally rather challenging low-energy signature
presented by HNL decay products. In addition, any event with the presence of a
third lepton is rejected, and all accepted events must have at least one reconstructed
jet. The reconstructed leading leptons are geometrically matched within a AR < 0.3
(AR < 0.1) window to the prompt electron (muon) the event was triggered on by
the HLT. In case the matching fails, the event is discarded.

Dilepton triggers could potentially further lower the pr requirements on the leading
lepton. However, such triggers have been found highly inefficient for selecting
displaced leptons, requiring significantly higher pr thresholds than the typical {5 pr
spectrum, which is rather soft (Fig. 7.4g).

7.4 Event selection and categorisation

This Section describes the main physics objects and event observables employed in
this analysis, along with their associated selection criteria (known as cuts) based
on the HNL signal event topology and trigger decision strategies used. Such event-
level selection requirements restrict the phase space of possible physics processes by

significantly reducing SM backgrounds while maximising HNL signal sensitivity.

Once all event-level preselection criteria have been passed, correct modelling of MC
simulated events is checked against collision data in control regions (CRs) where
the signal contamination is expected to be minimal. Robust control over simulation
is a crucial step in not only understanding both signal and background events in
the signal region (SR) but also feeding well-modelled event samples for training and
validation purposes to the MVA algorithms employed in the search. Nevertheless,
the final results are determined using a data-driven background estimation reducing

the reliance on simulated samples.

A refined categorisation scheme ensures broad reach and interpretability of the
analysis results. Event categories are chosen based on dilepton sign and flavour
combinations in order to test whether the HNLs are Dirac or Majorana-type particles
obeying or violating lepton flavour universality and lepton number conservation. In
addition, events are categorised by the displacement of the long-lived HNLs, testing
a broad range of HNL lifetimes and masses, which also impact the boost of the HNL
particle. Consequently, the decay products of the HNL can be either collimated
(merged) into a single displaced jet or the second lepton can be separated (resolved)
from the jet associated with the HNL decay.
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7.4.1 Physics objects

Primary vertex

Events with at least one well-reconstructed ("good") primary vertex (PV) are required.
Good PVs are defined as those reconstructed close to the IP that have at least five high
purity tracks associated with it, which also lie within |d,| < 24 cm and |d,,| < 2 cm
of the beam line. The primary p-p interaction vertex is chosen to be the good PV
with the highest p2 obtained by summing the energy of its associated tracks. The
rest of the good PVs are considered to be pileup vertices. Further explanation of

vertex reconstruction in CMS is presented in Sec. 4.1.2.

It should be noted that the analysis does not explicitly require the presence of
secondary vertices (SVs), in order to allow the search to include longer HNL lifetimes
since highly displaced SVs are generally poorly reconstructed in CMS. In addition, this
preserves sensitivity to prompt signal scenarios. Nevertheless, the set of reconstructed
SVs that share at least one track with the jet is passed as inputs to the displaced jet
tagger.

Muon candidates

Two types of muons are used in this analysis. The muon candidate identified as the
prompt leading lepton (¢;), must meet tight identification and isolation criteria [90],
as discussed in Sec. 4.2.1. Consequently, the lowest pr thresholds they pass must be
consistent with the trigger selection criteria discussed in Sec. 7.3, with a slight increase
in pr in order to ensure efficient offline selection of events: pr > 26, 29,26 GeV for
2016, 2017 and 2018, respectively. The leading muon track must originate from the
vicinity of the primary vertex within |d,,| < 0.01 cm and |d,| < 0.05 cm.

In contrast, muons identified as subleading leptons are only required to meet loose
identification criteria. No requirement is applied to the muon isolation and its
associated track is not required to be compatible with the primary vertex. Subleading
muons must exceed a pr threshold as low as 3 GeV. Both muon candidates must be

within the tracker acceptance, |n| < 2.4.

Dedicated identification and reconstruction scale factors for loose muons are derived
in Secs. 9.2.1 and 9.2.2. Muon object reconstruction in CMS is presented in detail
in Sec. 4.2.1.
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Electron candidates

As was the case with the muons, two types of electron candidates are required for this
analysis. The leading electron is required to meet tight, MVA-based identification
criteria [108] (see Sec. 4.2.2), as well as passing the following (offline) trigger pr
thresholds: pr > 29,34,34 GeV for 2016, 2017 and 2018, respectively. Electron
candidates found within AR < 0.05 of a PF muon candidate with pr > 3 GeV are
rejected in order to avoid selecting photons radiated from muons. Prompt electrons
are required to originate from close to the PV, that is, within |d,,| < 0.05 (0.10) cm
and |d,| < 0.10 (0.20) cm if they pass through the barrel (endcap) system.

Subleading electron candidates must fulfil a modified version of the loose identification
criteria imposed by the PF algorithm. Loose electrons are required to exceed a pr
threshold of 5 GeV. Both electron candidates must be contained within the tracker
acceptance, |n| < 2.4.

Dedicated identification scale factors for loose electrons are presented in Sec. 9.3.
A more detailed discussion of CMS electron object reconstruction is provided in
Sec. 4.2.2.

Jets

One of the key physics objects of this analysis are displaced jets resulting from the
decay of a long-lived HNL. Such jets are identified as novel deep neural network-based
(DNN) displaced jet tagger, briefly introduced in Sec. 4.2.3. A general description
of CMS jet reconstruction is provided in the same Section. The performance of
the jet tagger and a more detailed description of its architecture are discussed in
Sec. 7.5. A distinguishing feature of this analysis is that jets that contain leptons
are explicitly considered, whereas, in many standard CMS analyses, such jets are

always cross-cleaned with priority given to the lepton.

Jets in this analysis must satisfy the tight PF identification criteria, their calibrated
transverse momentum must exceed 20 GeV and they must lie within the tracker
acceptance, |n| < 2.4. The cutflow diagram shown in Fig. 7.5 presents further
selection criteria for HNL candidate jets. If the jet overlaps with the isolated leading
lepton ¢; within AR < 0.4, it is rejected as the lepton is the prioritised physics object.
In contrast, if the subleading lepton is contained within a jet candidate, the latter
may be accepted if its pr is above 30 GeV and the lepton is not isolated (/" > 0.15).

This ensures that the selected jets are not clustered from highly isolated leptons, as

the hadronic tracks contained in the jet likely originate from pileup. Such jets are
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also typically not very well-calibrated. Raising the jet pr threshold for jets merged
with leptons improves the modelling of various kinematic quantities incorporating
the jet’s kinematic information while maintaining sensitivity to HNL signatures. Jets

separated from the subleading lepton must pass the standard 20 GeV pr threshold.

Jet
Overlap with £; within overl ith £
AR(f;, jet) < 0.4 verap it

] S

Reject If AR(£s,jet) > 0.4 If AR({3,jet) < ?2,4 and i
and py > 20 Gev pr > 30 GeV and Irel < 0.15
\ 4 h 4
Accept Accept

Figure 7.5: Cutflow diagram presenting the selection of jets in the analysis.

HNL jet candidates denoted j*, are those closest in AR to the subleading lepton
after passing the criteria listed above. HNL jets can be categorised as merged if they
contain the fy within AR({5,j*) < 0.4, or resolved if they are separated from the
loose lepton, AR(¢3,j*) > 0.4, as shown if Fig. 7.6. The distribution of this variable

for different benchmark models is shown in Fig. 7.7c.

(a) Resolved scenario (b) Merged (boosted) sce-
nario

Figure 7.6: Diagrams presenting the categorisation of events by separation of the
jet and the subleading lepton, /5.
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Missing transverse energy

Given the semi-leptonic topology of the final states studied in this analysis, no major
missing transverse energy is expected, particularly for zero tau coupling scenarios. If
V. > 0, the missing transverse energy carried away by the neutrinos is comparable
to the typical detector missing-energy resolution of about 30 GeV. A set of filters
is implemented to reject events containing spurious ]TTmSS originating from various
detector effects. A description of the reconstruction of missing transverse energy in

CMS is given in Sec. 4.2.4.

Other event-level observables

Further event-level observables constructed from the properties of the physics objects
described above are used in defining the SR and CRs used in this analysis, as well as
input variables in the training process of the event-level boosted decision tree aiming
to capture prompt topologies of signal events while rejecting SM backgrounds. These

observables are as follows:

o m(l1,¢5): the invariant mass of the dilepton system, used to reject events from

Z/v*+jets processes.
o A¢p({ly,0s): the angular separation between ¢; and /5 in the transverse plane.
o AR({y,05): the angular separation between ¢; and ¢ in the n — ¢ plane.

o A¢({1,p™s5): the angular separation between ¢, and p&i in the transverse

plane.

~miss ) —*rnlss

o mry(ly, Py the transverse mass of the /1-p

against W+jets, defined as

system, used to discriminate

(0, PR) = /2 x Pt x P x (1 — cos(AG(pR, £1)))  (7.6)

o AR(l3,j*): the angular separation between {5 and the HNL jet candidate,
denoted j* (defined in Subsection "Jets" above), in the n — ¢ plane.

o m(ly,l5,j*): the 3-body invariant mass of the dilepton and j* candidate system,
defined as

m 61,62,'* =
( ) VP() + P(6) + P(*) if AR(fy,j*) > 0.4.

(7.7)
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where P(z) denotes the four-momentum of particle z. In order to avoid double
counting /5 in the merged scenario, the two definitions above are used in the

definition of the 3-body invariant mass variable.

Event shape angular observables

Several event shape variables are considered as inputs to the event level BDT,
exploiting geometric correlations between the reconstructed physics objects in the
signal event topology. These angular observables are derived from the eigenvalues of

the sphericity tensor [158]:

ZE:A 1)94. 1)@
8 = =t 7.8
> Pl (7:8)

where o, 8 = z,y, 2, and p; is the 3-momentum of a physics object ¢ from the

collection of jets and leptons present in an event.

The eigenvalues of this tensor are equal if the event has a spherical distribution. If

two or more jets are present in a collision event, at least one eigenvalue is zero.
From the eigenvalues of the sphericity tensor, \; > Ay > A3, the angular observables

can be calculated as follows [159]:

« Sphericity: S = 3(X\y + A3)
« Aplanarity: A = 3()\;)

o C-parameter: C' = 3(A1 s + A\ A3 + Ao\3)

In addition, the event isotropy and circularity variables are used [160]:

max(/;) — min([;)
max(/;)

o Isotropy: I = where [; =) [p? cos b +p§et sin ;|

jets
I

22\/;;_’_%@15)

jets

e Circularity: C' = min (

where i is the i*" granular step in the ¢ plane. The value of the circularity and the

isotropy is 1 for spherical events and 0 for linear events in the r — ¢ plane.

Distributions of the event shape variables listed above in the two control regions of
the analysis (defined in Sec. 7.4.3) are presented in Appendix C, Figs. C.17-C.16.
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7.4.2 Preselection of events

The preselection criteria listed below limit the phase space to enriched in HNL final
states, with high signal acceptance and significantly reduced background from SM
processes. Events with one isolated, tight lepton and one loose lepton are accepted,
meeting the criteria discussed in the sections above. The leading lepton must have
higher pr than the subleading, loose lepton. Events with the presence of a third
or more leptons are vetoed. At least one jet must be present in accepted events
but those with more than five are rejected. Kinematic requirements on accepted
jets and HNL jet candidates are presented in the Section above. Missing transverse
energy filters are applied in order to avoid events with large misreconstructed missing

energy.

The preselection criteria listed above are flexible enough to be employed in further

selections defining the signal and control regions of the analysis.

7.4.3 Analysis selections

The signal region (SR) for this analysis lies in a phase space where HNL particles
are most likely to be present. This region is kept blinded throughout the analysis,
only using simulated samples to estimate the expected signal and background yields
in this phase space, particularly for signal interpretation reasons once the SR gets
unblinded. Therefore, it is crucial to have confidence in the quality of the simulated
samples used throughout the analysis. As a result, two control regions (CRs) have
been defined by inverting some of the selections applied for the SR, hence minimising
signal contamination while maintaining the freedom to study the SM backgrounds
in data and simulation. This subsection presents a brief description of the selection
criteria used to define the SR and the two CRs, which are also summarised in
Table 7.3. Figure 7.7 shows the distributions of kinematic variables for the different
signal hypotheses used in the definition of the preselection criteria and analysis

selection requirements.
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Table 7.3: Overview of the preselection requirements, as well as definitions of the
signal and control regions for the analysis. The kinematic selection criteria for tight
leptons are shown per data-taking year (2016-2018).

Signal Drell-Yann (DY) Resolved
region CR CR

Lepton selection

Tight, isolated lepton (¢;)
Muon: pr > 26, 29, 26 GeV, |n| < 2.4 v v v
Electron: pr > 29, 34, 34GeV, |n| < 2.4

Loose lepton (¢5)

Muon: pr > 3GeV, |n| < 2.4 v v v
Electron: pr > 5GeV, |n| < 2.4
pr(€1) > pr(ls) v v v
Third lepton veto v v v
Jet selection
Merged jets (pr > 30 GeV, I'2 > 0.15,|n] < 2.4) v v v
Resolved jets (pr > 20 GeV, [n| < 2.4) v v v
1 < Njy <5 v v v
Event observables
pRiss < 100 GeV v v v
piss filter v v v
min AR({, jets) < 1.3 v v inverted
m(€l) > 20 GeV v v v
m(el) < 80 GeV v inverted v
70 GeV < m(fy,l2,j*) < 90 GeV v

Signal region

The key variable defining the SR is the minimal opening angle between the subleading
lepton and the HNL jet candidate, min AR(/s,jets). Since the HNL products
are expected to be collimated (as shown in Fig. 7.7c), min AR(¢s,jets) < 1.3 is
required. An upper limit of 100 GeV is applied on the p2** to reduce the contribution
from W+jets events with significant missing energy. In addition, further selection
requirements are applied to the dilepton mass of the event, based on Fig. 7.7d,
such that signal events are expected to lie between 20 < m(fy,¢3) < 80 GeV. The
lower threshold is expected to suppress QCD multijet events, while the upper bound
removes Z/v*+jets background, which is significant in opposite-sign, same-flavour
(OSSF) event categories. Fig. 7.8 shows a cutflow graph depicting the efficiency
of signal event selection after each cut is applied for a benchmark HNL process
and two main SM background processes, as well as data. The series of selection
requirements significantly reduce rates in the background processes while maintaining

high efficiency for signal selection.
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Figure 7.7: Reconstructed event observables for various benchmark HNL scenarios
assuming equal coupling to the first two generations, motivating the selection criteria
applied in the preselection of the analysis, as well as SR and CRs [109].

Control regions

The two CRs used in this analysis are defined by inverting one specific variable
defining the SR while keeping the rest the same. This ensures minimal signal

contamination in the phase space of the CRs.

The Drell-Yann (DY) CR is defined by inverting the upper limit on the dilepton
mass (m(ly, ;) > 80 GeV), creating a CR dominated by Z/v*+jets, particularly in
the OSSF event category.

The other CR used in the analysis inverts the AR opening angle selection to accept
events where the subleading lepton is highly separated spatially from the HNL jet
candidate: min AR(ls,jets) > 1.3. The CR is denoted resolved CR and has a rather

similar background composition to the SR.

The modelling of key physics object properties was inspected per year and category
in both the DY and resolved CRs via data to MC comparison plots (see Figs. 7.9-
7.12 for the DY CR and further validation plots, for both DY and resolved control
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Figure 7.8: Cumulative cutflow diagram presenting event-level preselection and
SR cuts after the trigger selection was applied for a representative HNL signal
model (Majorana-type of my = 10GeV, ¢1p = lmm), the two main SM background
processes and data (2016).

regions with additional categories in Appendix C). Both statistical and systematic
uncertainties resulting from the displaced lepton scale factors described in Chapter 9
are shown in the comparison plots. OSSF categories have Z/v*+jets as the dominant
background, whereas it is negligible in same-sign mixed flavour (SSMF) categories.
Overall, good agreement is observed for the main analysis physics objects — jets,
leptons and missing energy. A slight excess in data is nonetheless observed for low-pr
jets. Due to the limited number of events available in the QCD samples, large
fluctuations are observed for this process in most of the CR distributions. Some piiss
mismodelling can be seen in 2018 data; however, this is expected when taking into

account the jet energy correction uncertainties studied in Ref. [161].
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Figure 7.9: Distribution of the HNL candidate jet pr in the DY control region. The
distributions are shown for the 2016, 2017 and 2018 scenarios in the left, middle and
right columns, respectively. The distributions are shown for the OSSF categories in
the first two rows, and the SS mixed flavour categories in the bottom two rows.
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Figure 7.10: Distribution of the ¢; transverse momentum in the DY control region.
The distributions are shown for 2016, 2017 and 2018 scenarios in the left, middle and
right columns, respectively. The distributions are shown for the OSSF categories in
the first two rows, and the SS mixed flavour categories in the bottom two rows.
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Figure 7.11: Distribution of the ¢y transverse momentum in the DY control region.
The distributions are shown for 2016, 2017 and 2018 scenarios in the left, middle and
right columns, respectively. The distributions are shown for the OSSF categories in
the first two rows, and the SS mixed flavour categories in the bottom two rows.
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in the DY control region. The distributions are

shown for 2016, 2017 and 2018 scenarios in the left, middle and right columns,
respectively. The distributions are shown for the OSSF categories in the first two
rows, and the SS mixed flavour categories in the bottom two rows.

7.4.4 Event categorisation

Events in this analysis are categorised by the dilepton flavour and sign, the displace-

ment of the subleading lepton and the separation between the HNL candidate jet and

l5. This categorisation scheme for SR events ensures high sensitivity for the different

HNL benchmark processes, spanning a range of HNL mass and lifetime scenarios, as
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well as different HNL mixings. A total of 4(dilepton flavour) x 2(dilepton charge) x

3(ly displacement) x 2(separation) = 48 event categories are defined in the analysis:

« dilepton flavour: upu, pe, ee, ep, probing different HNL-SM neutrino coupling

scenarios;

« dilepton charge: opposite sign (OS) and same sign (SS), testing whether the
HNLs are Dirac (OS only) or Majorana-type (both OS and SS) particles;

o (5 displacement defined by the transverse impact parameter significance
variable, dsxig, in order to separate prompt and displaced HNL decays. The
d3%(¢5) displacement is divided into three categories:

— prompt: d3%({) < 1;
— intermediate: 1 < d3%({;) < 10;
ig(gg) > 10;

— displaced: d;;
« AR separation between ¢/ and j*: SR events are separated according
to whether the subleading lepton is merged inside the HNL candidate jet or

resolved from it:

— merged: minAR({,j*) < 0.4. Dominated by low-mass HNL processes
typically have such topologies;

— resolved: 0.4 < minAR({s,j*) < 1.3, being populated primarily by

higher-mass HNL scenarios.

7.4.5 Corrections to data and simulation

Several corrections are applied to physics objects in simulation in order to enhance
the agreement between data and simulation, ensuring robust control over the use of
MC-simulated events. These corrections are also considered sources of systematic
uncertainty, further detailed in Chapter 9. Corrections are applied to the following

physics objects:

« Jet energy resolution (JER): The energy of the jets in the simulation is
smeared such that the resolution matches the one found in data. For jets that
can be linked to particle-level jets, the difference in energy between the two jets
is either reduced or increased using scaling factors based on data-to-simulation
studies. If a reconstructed jet cannot be matched to a particle-level jet (e.g. it
originates from pileup), its jet energy is randomly increased using measured
resolutions provided by the CMS collaboration [112, 114, 115].
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« Jet energy scale (JES): The momentum of the reconstructed jets is calibrated
in both data and simulation through offset and response corrections [113].
Furthermore, data-only residual corrections are applied. These corrections are
also applied to piss.

o Pileup: Simulated events are reweighted in order to match the topology of
pileup distributions in data, separately for each data-taking year. Corrections
from data are based on the instantaneous luminosity per data-taking year and

a minimum bias cross-section of 69 mb [111].

e Muons: Prompt muon candidate trigger, isolation and identification scale
factors are applied based on measurements [90]. In the case of displaced
muon candidates, there are reconstruction and identification scale factors to
be considered. First, a set of muon reconstruction scale factors are applied
ensuring that the selected tracks have matching segments in the muon stations,
derived in Sec. 9.2.2. Then, loose identification scale factors are applied to the
displaced muon candidates, derived in Sec. 9.2.1. Consequently, the overall

efficiency for displaced muons is evaluated as: €iotal = Ereco X €ID-

e Electrons: Prompt electron identification and reconstruction scale factors are
applied based on measurements, as well as displaced electron reconstruction
efficiency SFs [108]. Displaced electron identification scale factors are derived

in Sec. 9.3 and consequently applied in the analysis.

7.5 Deep neural network-based displaced jet tag-

ger for heavy neutral lepton searches

A key feature of the HNL analysis is the implementation of a sophisticated deep
neural network-based (DNN) displaced jet tagger designed to identify the displaced
signatures of long-lived HNL decay products. The displaced jet tagger is a modifica-
tion of the previously published DNN multiclassifier described in Ref. [9], including
various extensions to address the experimental signature of displaced jets originating
from semi-leptonically decaying HNLs. This Section provides a brief introduction
to the signal and SM background jet truth classification schemes used through
the training of the displaced jet tagger, as well as the DNN architecture and its
validation in the analysis CRs. The output score of the displaced jet tagger is used
as a discriminating variable in the data-driven background estimation (see Sec. 10.1),

alongside the event-level BDT classifier presented in Chapter 8.
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7.5.1 Displaced signal jet subclasses

The categorisation of the signal jets the DNN is trained on is based on the semi-
leptonic HNL decay topologies. Typically, low-mass HNL decay products manifest
boosted kinematics, therefore, they are often collimated (merged) into a single jet. If
the displaced jet contains the subleading lepton originating from the long-lived HNL
decay, the jet is labelled by the flavour of the /5: QMU and QE. If the subleading lepton
is separate (resolved) from the displaced jet, the jets are labelled as Q. All hadronic
activity incorporated into a Q label jet consists of light-flavour jet constituents. No
displaced heavy-flavour jet constituents are considered for signal jet labelling during
training, since they are kinematically suppressed, and the coupling of HNLs to such

quarks is extremely small.

Other displaced signal jet categories exist in the default DNN jet tagger, such as
single lepton jets (MU, E, TAU), where only a signal lepton is clustered into a jet
by the anti-kr algorithm without any signal quarks. Their frequency is relatively
low compared to the categories introduced above. In addition, hadronic tau decay
signatures are merged into the displaced quark jet, Q category, as the jet tagger was

found to struggle to differentiate between the two subcategories.

7.5.2 Standard model background jet classes

A number of SM background jets are considered in the training and evaluation of the
DNN multiclassifier, including light-flavour (uds), gluon (g) and heavy flavour jets (c,
b). In addition, pileup jets are a significant background source due to their kinemati-
cally soft signatures (pr < 50 GeV), similar to those of HNL products. Prompt lepton
(e, 1, 7) and photon (7) jets are typically prompt leptons and photons clustered with
spurious hadronic activity into a jet by the anti-kr algorithm, similarly to the single
lepton jets signal classes described above(MU, E, TAU). These SM background jets
constitute a significant background for merged signal jet categories (QMU, QE). The
main characteristic of prompt lepton/photon jets is the fact that an unusually large
fraction (> 50%) of the jet energy comes from the corresponding lepton/photon, as
they do not originate from the hadronisation of the quark or gluon initiating the jet.
Typically, analyses remove such jets via overlap removal; however, this procedure is
not possible for the signal jets considered in this analysis, as jets merged with the

displaced lepton are used.
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7.5.3 Deep neural network architecture

The architecture of the DNN tagger was modified to accommodate displaced leptons
inside the jets. Consequently, a new set of input features was added, that relate to
the kinematics of the subleading lepton. Fig. 7.13 shows a schematic diagram of
the DNN architecture implemented in the displaced jet tagger algorithm, including
charged and neutral PF constituents, global jet features, PF muon and electron
information, as well as the reconstructed SVs. However, not all events contain
reconstructed SVs, therefore their existence is not an explicit requirement in the
event selection of the analysis, extending the phase-space which the search covers.
If no SVs are reconstructed in the jet, the impact parameter of the charged PF
candidates associated with the HNL jet candidate can still be used as a discriminating

feature.
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Figure 7.13: Schematic diagram of the DNN-based displaced jet tagger architecture
with the goal to capture the decay products of long-lived HNLs searched in this

analysis.

Besides training the DNN tagger on signal jets from the SR of the analysis, domain
adaptation (DA) is used to train the DNN on jets obtained from data in the CRs
in order to avoid the tagger learning differences between simulation and real data.
The advantage of DA is the lack of need to fine tune the extensive set (~ 700) of

low-level tagger inputs needed to ensure good data-MC agreement.

The DNN jet tagger is parametrised by the transverse displacement, L, of the HNL
particle obtained from generator-level information, in order to have a single network

for arbitray displacements. For the case of background jets, where such displacement
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information is not available, the L, is sampled from the signal distribution [162].

A profile likelihood ratio is used to evaluate the tagger output for each signal class
over all possible SM background classes, as the true L, is unknown. It is defined as

follows:

P(X/SM| L) = o) (7.9
3 Ple] L.y

= P(X/SM) = max [P(X/SM] Lyy)] for X € {LLP_Q + LLP_QTAU, LLP_QMU, LLP_QE}
(7.10)

where P(X/SM) is the maximum likelihood ratio of the displaced jet class over the
transverse displacement. The maximum likelihood ratio discriminant is normalised
from a [0,inf) range to a [0, 1] range to simplify the interpretation of the tagger
output. The tagger_score variable is the combination of the three HNL signal jet
classes given the topology of an event and the flavour of the subleading lepton /s,

used in the statistical evaluation of the results:

Q0 if AR(f,j*) > 0.4
tagger_score = ¢ QE if AR((y,j*) <04 &l =e (7.11)

7.5.4 Tagger performance and validation

An extensive set of validation studies was performed to gain confidence in the robust-
ness of the DNN displaced jet tagger. A number of ROC curves were constructed (see
Fig. 7.14) showing that the discriminating power between the HNL decay products
and SM backgrounds increases with displacement up to about 10 mm for nearly all
displaced jet classes. Beyond that displacement, the discrimination power plateaus or
decreases as no further tracking information is available. Only LLP_QMU jets exhibit
a further increase in discrimination power up to 100 mm due to the inclusion of
information from the muon system that helps identifying displaced tracks. The tagger
has slightly better performance for merged HNL scenarios with respect to resolved
jets. The implementation of DA did not dramatically reduce the performance of the

tagger.
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The tagger output was also validated through a large number of data-MC comparisons
in the DY CR for both resolved (Q, Fig. 7.15) and merged (QMU and QE) scenarios
(Figs. 7.16 and 7.17) in two representative dilepton categories, providing confidence
in the performance of the DNN tagger. No data-MC validation distributions showing
the tagger output were made in the resolved CR as merged jets cannot be selected

by definition in this CR.

7.6 Summary

This Chapter presented an introduction to the analysis scope and strategies employed
in an inclusive search for long-lived HNLs coupling to multiple generations of SM
neutrinos, testing lepton flavour universality and lepton number conservation rules
in the SM. The long-lived HNLs investigated are produced via CC weak decays to
a prompt lepton, which the events are triggered on, and an HNL that eventually
decays to a secondary lepton and a jet, marked by displaced topologies, captured via

a DNN-based displaced jet tagger.

An event-level binary classifier developed to capture the prompt kinematics of signal
events is the subject of the next Chapter 8, followed by a study of the sources of
systematic uncertainty arising from displaced leptons in Chapter 9. The results of
this search are presented in Chapter 10, based on data-driven background estimation

techniques, extracting background and signal yields in the blinded SR.
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Figure 7.14: Tagger ROC curves for signal (a) muon-jets; (b) electron-jets and
(c) quark-jets versus the equivalent SM background jet class taken from an exclusive
W+jets production sample, measured for an HNL with my = 4.5 GeV with various

proper lifetimes.
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Figure 7.15: Modelling of the tagger output in the DY control region, resolved
scenario. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OS
dimuon category in the first row, and the SS electron-muon mixed flavour category
in the bottom row. The poor agreement in the SS category results from the lack of
QCD multijet events, which are one of the main background sources for this category.

35.92 fl

CMS Preliminary
ol 0°

f:107
£400
LLI105

uuw, OS, DY+jets CR
R(Lj*)<0.4

<
T T T T T

0

+
. H

0.2 0.4 . 0.
data/MC = 1.25 F’(QMU/SM) w/ DA

()

CMS Preliminary 35.92 fl

nt
3,

eu, SS, DY+je1s CR

E

b(2016)

[ bisingle-t
v
DMuHue(
Wz

[ w—n

o data

b(2016)

[ tisingle-t
L

[ ] Muttjet
Wz
Hw—n

o data

0.2
data/MC = 0926 P(QMU/SM) w/ DA

(d)

41.53 fb(2017)

CMS Preliminary

Fiteaifl +
v *
06 0.8 1
P(QMU/SM) w/ DA

(b)

CMS Preliminary

data/MC'=1.06

41.53 fb(2017)

6
S10° = ey, SS, DY+jets CR
AR(l Iz' )<0.4

155

e 5
%oég'ﬁ*ﬁwﬁ ] H» ,,,,,,,,,,,
o

0.2
data/MC = 0.89 P(QMU/SM) w/ DA

()

CMS Preliminary

59.68 fb(2018)

uu, OS, DY+jets CR
[ Wsingle-t
v

D Multijet
Mz
W

© data

‘+f

7(.)MS Preliminary
10

0.2 1
SaamC 20555 PQMU/SM) w/ DA
()

59.68 fb(2018)

ey, SS, DY+jets CR

AR(1)<0.4 D“/smglet

e ++++**++ e o

0. 2
data/MC = 0. 721 P(QMU/SM) w/ DA

(f)
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dimuon category in the first row, and the SS electron-muon mixed flavour category
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Figure 7.17: Modelling of the tagger output in the DY control region, merged electron
scenario. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OS
dielectron category in the first row, and the SS muon-electron mixed flavour category
in the bottom row.






Chapter 8

Event-level classifier for the
long-lived heavy neutral lepton

search

In this Chapter, a binary event classifier employing a boosted decision tree (BDT)
algorithm to separate potential HNL signal events from SM background is described.
The event classifier is designed to complement the displaced jet tagger, discussed
in Sec. 7.5. The jet tagger captures the "displaced features" of the HNL jet, while
the BDT focuses on high-level event kinematic variables, which are expected to
be independent of the displaced jet features. The event classifier output is used
as a discriminating variable in the data-driven background estimation discussed in

Chapter 10.

8.1 Introduction

This Section introduces the training setup, MC samples and the various input features

used in the design of an optimal BDT model as an event-level discriminant.

The BDT is trained in the SR of the analysis defined in Sec. 7.4. The BDT modelling
is validated in both the DY and resolved CRs introduced in Sec. 7.4. The BDT is
trained on an independent set of Majorana HNL events, providing a balanced set of

opposite-sign (OS) and same-sign (SS) signal dilepton events.

The first step was an exploratory study to select the relevant BDT input features.
Eight dilepton event categories were employed in these studies, depending on the

flavour of the dilepton system (¢1 2 = u, €), as well as the dilepton system charge (i.e.,

157
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OS & SS final states), consistent with the categorisation scheme used for the analysis
(Sec. 7.4). The HNL search is sensitive to scenarios where a leptonically decaying
T particle produces a subleading lepton, ¢5. In this case, the lepton was expected
to have a softer pr spectrum and the presence of missing energy from its daughter
neutrinos. In contrast, other kinematic quantities in the event were expected to be

unchanged.

The BDT event classifier was trained on an independent set of SM MC background
samples generated at LO, presented in Table 8.1. The SM background processes used
for the BDT training are consistent with those introduced in Sec. 7.2: leptonic decays
of the W boson; tt/single-top production and dilepton production via the Drell-Yan
process. Other background types with relevant yield of events are omitted from the
training process due to low event yields in the available MC samples (e.g. multi-jet
events produced via QCD processes) or lack of availability of an independent LO
MC sample as in the case of vector boson fusion with +. The classifier performance
is tested on the set of NLO MC samples introduced in Sec. 7.2, employed in the
event selection definition studies and background estimation of the analysis. The
BDT event classifier was trained inclusively for both boosted and resolved event
categories, as well as all displacement scenarios, however, a separate BDT classifier

is trained for each year of data-taking.

Before training the BDT, the correlations between the potential input features were

investigated. The following kinematic input features were considered as potential
BDT iDPUt variables: p$iss ) HT7 |A¢<£17ﬁ%ﬂss)|7 mT(glaﬁf‘liSS% m<‘€17‘€2>7 ’A¢(£1’£2)’7
AR(ly, ls), m(ly, ls,j*), as defined in Sec. 7.4, as well as those listed below:

« dilepton charge: -1 for OS and +1 for SS;

o pr(f1),pr(f2) & pr(j*): the transverse momenta of the leading and sub-leading
leptons, as well as the jet tagged as the HNL jet candidate, j*;

o |n(61)], In(l2)| & |n(j*)|: the absolute value of the pseudorapidity of the leading
and sub-leading leptons, as well as the jet tagged as HNL jet candidate, j*;

o the flavour of the leading and subleading lepton;

« angular variables describing the event shape: isotropy (7), circularity (C),

sphericity (S), aplanarity (A) and C-parameter (defined in Sec. 7.4).

The absolute value of the opening angle and of the pseudorapidity are used as they

are symmetric about the detector’s central axis. Hence, no additional information
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can be gained from by the sign of those variables. However, taking the absolute
value statistically doubles the available distributions for the positive values, and the
number of events present at BD'T nodes, splitting over those specific variables within

the decision tree.

8.2 Correlation studies

Choosing statistically independent BDT input features minimizes the usage of
redundant input variables. One quantitative method used to determine the extent of
the linear correlation between any given pair of variables is the Pearson correlation

coefficient, p, introduced in Sec. 5.3.1.

Figs. 8.1 and 8.2 present the correlation matrices of signal and background for the
input features listed above. Potential linear (anti)correlation is observed between the
following feature pairs in the case of signal processes, ordered by (anti-)correlation
strength, p > 0.4:

o event isotropy & event circularity;
 event sphericity & event shape C;
o |Ag(ly, la)] & AR(ly, Ly);

o ()] & [n());

o pr(la) & m(ty,4s);

e event isotropy & event aplanarity;
e event circularity & event aplanarity;
o Hy & [Ad(ly, b)];

o Hr & AR((q,0);

o Hr & pr(j*);

o Hrt & event isotropy;

o Hrt & event circularity;

o |Ap(ly, )| & event isotropy;

o |Ap(ly,02)| & event circularity;
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o AR(ly,0s) & event isotropy;

o AR(l,05) & event circularity;

e pr(j*) & m(ly, 0, 3%);

o PSS & mey (€, PR,

« event sphericity & event aplanarity;

o event aplanarity & event shape C.
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Figure 8.1: Correlation matrix presenting the linear (anti)correlation strength
between all possible BDT input feature pairs. The matrix is based on the signal

simulation in the SR for the 2016 data-taking period.

Potential linear correlation is observed between the following feature pairs in the

case of background simulation, ordered by (anti-)correlation strength, p > 0.35:

« event isotropy & event circularity;
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o event sphericity & event shape C;

« [n(f2)] & In(ir)l;

o |Ap(ly,0s)| & AR(lq,0s);

« pr(le) & m(ly, b);

« Hr & pr(j*);

o pr(j*) & m(ly, b, J);

o« PP & mr (6, pE);

« pr(l) & m(ly, £y, §°);

o event aplanarity & event shape C;

« Hp & m(ly, b, ]%);

o |Ap(ly, )| & event isotropy/circularity;
o AR(l,05) & event isotropy/circularity;
o AR(ly,0ls) & m(ly,4y);

o AR(ly,0ly) & m(ly, s, j%);

o |n(f1)| & event sphericity;

e [n(f1)| & event shape C;

« event isotropy & event aplanarity;

» event circularity & event aplanarity;

» event sphericity & event aplanarity;

o m(ly,ly) & m(ly, ly,§*).

The first two correlations are due to Hr being calculated from the |pr| of all jets
in the event. There is a correlation in 7 between the HNL jet candidate, j* and the
subleading lepton, arising from the definition of the former. The dilepton mass is a
partial input to the m(fy, {5, j*) variable. p™* is a component of the my(f;, pais)
and |A@(¢y, piiss)| variables, hence the potential correlation. Correlations observed
between |A¢({1,l2)| and AR(¢1, (), as well as, various other angular variables occur

by definition.
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Figure 8.2: Correlation matrix presenting the linear (anti)correlation strength
between all possible BDT input feature pairs. The matrix is based on the background
simulation in the SR for the 2016 data-taking period.

The mutual information (MI) is a measure employed to quantify the higher-order
dependence of the two variables, as introduced in Sec. 5.3.2. In this study, the
normalised version of the MI is used to understand the extent of the correlation
between the potential BDT input variables (Eq. 5.13).

Figs. 8.3-8.4 show a pair of correlation matrices between potential BDT inputs
employing the MI metric, one for signal and one for background. The higher-order
correlations observed between variable pairs are consistent with those observed with

the Pearson linear correlation coefficient.

As mentioned previously, the BDT event classifier is used in the data-driven back-
ground estimation method described in Sec. 10.1. The m(¢y, {5, j*) variable is used
for event preselection before conducting the ABCD background estimation in the
blinded signal region employing the displaced jet tagger information and the BDT
score. The event classifier output must be fully decorrelated with the DNN jet tagger
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Figure 8.3: Correlation matrix, presenting the higher-order correlation strength
between all possible BDT input feature pairs. The matrix is based on the signal
simulation in the SR for the 2016 data-taking period.

output since the variables employed in the ABCD method must be independent.
Consequently, the input variables chosen to train the event-level BDT classifier
cannot be used as input variables to train the tagger. Furthermore, the BDT output
is constructed to be uncorrelated with the m(¢q, ¢s,j*) variable in order to minimize
bias in the methods. Nevertheless, two BD'T models were explored, and eventually,
the uncorrelated BDT was implemented in the data-driven background estimation,
where the BDT output is uncorrelated with m(¢y, ¢5,j*) and the DNN jet tagger
information variable. For reference, plots from the correlated BDT are presented
in Appendix F.4 to prove that better BDT performance could be achieved if more
input variables are used, but with the BDT score becoming increasingly correlated
with the DNN tagger output.

The tagger score was evaluated depending on the event topology:

o In the merged dilepton scenario, the profiled QL tagger score was used, where L
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Figure 8.4: Correlation matrix, presenting the higher-order correlation strength
between all BDT input feature pairs. The matrix is based on the background
simulation in the SR for the 2016 data-taking period.

is the flavour of 4,.

o In the resolved dilepton scenario, the profiled Q tagger score was used.

A detailed description of the profiled tagger score evaluation can be found in Sec. 7.5.

Using an extensive set of heatmap distributions in Appendix F.1 between the
tagger score and various BDT input features, the extent of any correlations can
be determined. Stronger correlation is observed in the general shape and mutual
information value between the tagger score and m(¢y, l,j*), m(¢1,43), Hr, pr(ls),
pr(j*) and |n(j*)|. The displaced jet tagger is designed employing information about
the tagged HNL jet and subleading lepton (in the merged scenario), hence the

correlation observed with the above variables.

In Figs. 8.5 & 8.6, rankings of potential BDT input features by the extent of their

correlation with the tagger score in the four dilepton flavour categories (dilepton
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charge combined, 2016 simulation) are constructed using the Pearson correlation
coefficient and the mutual information as quantitative metrics. Both metrics prove
that the pr(¢2), pr(G*), [nG*)|, m(l1,¥le,j*), m(ly,¢2), Hr and A¢(l,ls) are the
most correlated variables with the tagger score, providing information on building
BDT models that are uncorrelated from the tagger, as well as avoiding the usage
of redundant input variables (further information in Sec. 8.4). A similar set of
studies was performed to investigate the correlation between m(¢y, ¢s,j*) used as a

preselection variable and the possible BDT input features, see Appendix F.3.
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Figure 8.5: BDT input feature ranking by the extent of correlation with the tagger
score, using the Pearson correlation coefficient (2016 simulation).

8.3 Data resampling

A separate set of training samples was isolated from the rest of the analysis to train
the BDT event classifier and the displaced jet tagger in order to keep them unbiased
during their validation studies. The training simulation set contains ~20% of each
generated Majorana HNL sample (~85,000 events) described in Sec. 7.1. A subset
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Figure 8.6: BDT input feature ranking the by extent of correlation with the tagger
score, using the mutual information metric (2016 simulation).

of MC background events was randomly selected such that the overall class balance
between signal and background processes was 50-50% during training, in order to
avoid class imbalance. Within the background class, individual MC processes were

subsampled based on their expected relative contribution to the signal region counts.

The overall yield for all background processes in the signal region that passed
preselection cuts, inclusive of the dilepton flavour and charge categories, was evaluated.
The relative ratios between the individual background processes within the SR were
then calculated for each data-taking year and plotted in a pie chart (Fig. 8.7). To
keep the training and evaluation sets statistically independent, the background
events were sampled from MC data sets with LLO precision in the accompanying
preshower processes: W+jets, DY + jets and tt/single-t. The various background
processes were sampled according to the fractions listed in Table 8.2. Besides having
access to a statistically independent simulation set, using solely LO samples for the
training phase has the advantage that no events have negative generator weights,

and therefore no further reweighting was needed. Processes below 5% occurrence
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rate were removed from the BDT training sample, and the fractions of the remaining

background processes were recalculated.

Table 8.2: Predicted relative ratios between background MC processes per data-
taking year used in order to subsample the background simulation sets for the BDT
training.

Process

year 2016 2017 2018
Wjets 63.5% 65.1% 64.5%
DY + jets 30.3% 29.2% 30.0%
tt/single-t 6.2% 5.7%  5.5%

It can be seen that QCD multijet events are a substantial background process of
~ 25% of all background processes. However, the simulated QCD multijet samples
available for MVA training did not contain enough events after passing all the dilepton
preselection cuts. Consequently, QCD multijet samples were omitted from the BDT
training process. Nevertheless, the BDT classifier was also evaluated using the QCD
multijet samples available for the analysis. Since the uncorrelated BDT classifier
was used along with the displaced jet tagger, their performance was expected to
be orthogonal and, therefore, the number of QCD events should be reduced by the
tagger.

8.4 The boosted decision tree model evaluation

and validation

To train the BDT event classifier, the XGBClassifier [130] library was used with
the logistic loss function introduced in Sec. 5.2.1, a learning rate of 0.05 and 1000
estimators (weak learners). Early stopping was applied to avoid overtraining the

algorithm. The simulation set is separated into training (80%) and test samples

(20%).

The training and test set classification error and logarithmic loss are monitored,
observing them decrease as more weak learners are added during the training. Early
stopping is applied if the test sample loss stops decreasing for 10 epochs in order
to avoid overtraining (Figs. 8.8-8.9). A similar set of figures was developed for the

correlated BDT model, presented in Appendix F.4.

A feature selection study was conducted to train a BDT classifier independent
of the tagger and m(¢y, l2,j*) variable (uncorrelated BDT), and to find the best-

performing classifier, despite its correlation with the tagger information (correlated
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Figure 8.7: The relative background ratios of MC simulated events in the signal
region, for each data-taking year. All dilepton flavour and charge categories are
combined for each year. For the BDT training, simulated background processes with

LO precision were employed.
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Figure 8.8: Classification error development by training epoch for the uncorrelated
BDT model, as well as in the test data set.
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Figure 8.9: Logarithmic loss development by training epoch for the uncorrelated
BDT model, as well as in the test data set.

BDT). The input features for the two alternative BDT classifiers are listed in
Table 8.3. Event variables depending on the HNL jet candidate kinematics, dilepton
and subleading lepton properties are removed from the uncorrelated BDT model,
minimising its dependence on the tagger score. The relative importance of the BDT
input features during training is shown in Fig. 8.10, measured by the weight metric,
and showing a different ranking for the two different BDT models. Some of the most
discriminating variables in the correlated BDT model are the m(¢y, (5, j*), pr(¢2), Hr,
m(l1,03), pr(i*), |Ap(ly, ls)| and AR(¢y, ¢5), strongly depending on the j* kinematics
and dilepton features of the event. Removing these crucial variables degrades the
performance of the BDT but also removes any correlation with the displaced jet

tagger score.

Fig. 8.11 shows the strength of the correlation between the DNN tagger output and
the uncorrelated BDT score illustrated via 2D heatmaps, giving confidence in the
relatively low correlation between the two discriminating variables used in the ABCD

data-driven background estimation technique.

Three HNL signal models with largely different topologies were selected to test the
performance of the BDT. The masses of the three HNL benchmark models are 4.5, 8



8.4. The boosted decision tree model evaluation and validation 171

Table 8.3: Input variables used in the two BDT models considered. The first
BDT model considered is uncorrelated with the displaced jet tagger and m(¢y, {2, j*)
variable, whereas the second BDT model is highly dependent on them.

Input features Uncorrelated BDT Correlated BDT
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Figure 8.10: Feature importances weighted by weight for the two BDT models
considered (2016 simulation): left plot corresponds to the uncorrelated BDT; right
plot corresponds to the correlated BDT.

and 12 GeV, while their lifetimes are 100, 10 and 0.1 mm, respectively. The BDT
performance is assessed by plotting the Receiver Operating Characteristic (ROC)
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curve for an independent, high-yield dataset containing the three HNL signal samples
separately, as well as for simulated background processes at NLO precision in the
SR, intended for evaluation and analysis purposes (see Sec. 7.2). The independent,
high-yield HNL samples were produced with a generator filter that required at least
one lepton with pr > 20 GeV be present in each event.

The ROC curves in Fig. 8.12 present the background efficiency against signal efficiency
for the uncorrelated BDT model output for the three independent HNL benchmark
models separately for each data-taking year. The area-under-the-curve (AUC) is the
quantitative method to assess the performance of the classifier model. In this case,
the AUC is defined as the area between the ROC curve and the y-axis. Hence, the
BDT optimisation aims to reduce the AUC value; the higher the signal efficiency for
a given background efficiency, the better the discriminating power the BDT model
has. The uncorrelated BDT model’s performance showed an AUC of around 0.17
for the three signal samples and the three separate years. The step-shapes observed
in the ROC curves are due to the statistically limited QCD multijet samples with
relatively large event weights. The ROC curves for the correlated BDT model are
presented in Appendix F.4, showing slightly better performance.

To compare the BDT performance against a simple "cut-and-count" approach, a
variable scan study was performed plotting the ROC curves for all BDT input
variables separately for each of the three HNL signal samples. Fig. 8.13 shows that

miss

the most performant individual variables are pi | isotropy and m(¢1, paiss).

miss

The ROC curve corresponding to the pp™® variable scan was plotted in the same
Figure as the BDT ROC curves for all three signal samples considered. A curve
corresponding to equal signal and background efficiency equivalent to random guess
is also shown in the same Figure. The ROC curves resulting from logistic regression,
one of the simplest methods of MVA classification algorithms, were overlaid in the
same Figure, as well. The BDT outperforms all the other classifiers, as expected.
Furthermore, a baseline cut-based approach was applied for comparison with the
following criteria: Hr < 180 GeV; mrp ({1, piis*) < 80 GeV and pi's < 80 GeV giving
a signal efficiency of 90-95% at a background efficiency of about 70% for all three
HNL signal samples. The signal and background efficiency at this working point
gave a reduced performance compared to the BDT classifier but better performance
compared to the simple p2 scan. The background efficiency at a BDT working
point of 0.7 was about 15%, whereas the signal efficiency was about 45% for the
uncorrelated BDT model.

The BDT model scores were evaluated for both signal and background events in

the independent evaluation data set and presented in Fig. 8.14 separately for each
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dilepton flavour, charge and separation (boosted vs resolved) category. A single HNL
signal model was used for this study with mgyy, = 8 GeV, c¢rg = 10 mm, whereas
background processes were weighted by their event weight. To avoid fluctuations in
the distributions from low-yield, high event weight QCD events, the weights for this
process were set to 1 in this study. Good separation between signal and background
was observed for most categories, with the exception of opposite-sign same-flavour
resolved dilepton categories, where the DY +jets sample is the most dominant SM
background process, which the uncorrelated BDT struggled to separate signal events
from. A slightly better performance was observed in the case of SS categories as

compared to the OS categories.

Finally, the BDT model scores were evaluated in the analysis CRs for MC and
data. Figs. 8.15-8.16 present the validation of the BDT output in the two CRs for
four representative dilepton event categories. Good data-MC agreement is observed
overall, with only minor fluctuations outside statistical and systematic uncertainties.
Potential sources for the mild mismodelling issues at higher BDT scores are the low
statistics in the QCD multijet simulated samples, as well as the BDT struggling
to separate DY+jets background events from the signal in the OSSF categories.
Nevertheless, such mismodelling issues can be overcome through the use of data-driven

background estimation techniques as discussed in Chapter 10.

8.5 Summary

This Chapter detailed the development of an event-level binary classifier employing
a BDT algorithm. The BDT event classifier is used in the data-driven background
estimation of the analysis, along with the displaced jet tagger output (see Sec. 10.1).
The ABCD method requires that the two discriminating variables used for the
method need to be statistically independent. Consequently, the BDT classifier was
designed to be uncorrelated with the displaced jet tagger, by picking input variables
that are independent of it, as well as validating this assumption via 2D heatmaps
and a quantitative measure such as the mutual information. The performance of the
BDT event classifier was validated in the SR with an independent simulated data set,
showing a background efficiency of about 15% at a BDT working point of 0.7, and a
signal efficiency of about 45%. Compared to logistic regression or simple cut-based
models, the BDT event classifier has the best discrimination power between signal
and background processes. Finally, the BDT output was validated in the analysis’
CRs, showing good agreement between data and simulation within statistical and

systematic uncertainties, providing confidence in the robustness of the method.
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Figure 8.11: 2D heatmaps showing almost no correlation between the score of the
uncorrelated BDT model and displaced jet tagger score (2016 simulated background
(top four) and signal (bottom four) processes), categorized by dilepton flavour and
combined dilepton charge in the SR of the HNL search.
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Figure 8.12: BDT performance ROC curves on the evaluation data set for the
uncorrelated BDT, presented per separate data-taking years.
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Figure 8.15: Distribution of the uncorrelated BDT model score in the DY control
region. The distributions are shown for the 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OSSF
categories in the first two rows, and the SS mixed flavour categories in the bottom
two rows.
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Figure 8.16: Distribution of the uncorrelated BDT model score in the resolved control
region. The distributions are shown for the 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OSSF
categories in the first two rows, and the SS mixed flavour categories in the bottom
two rows.






Chapter 9

Displaced lepton systematic
uncertainty studies for the
long-lived heavy neutral lepton

search

This Chapter presents the main sources of systematic uncertainty considered in
the search for long-lived HNL particles. Most systematic uncertainties discussed in
Sec. 9.1 have an impact on the predicted HNL signal yield in the blinded region
of the analysis, whereas the expected background yield is estimated directly from
data. Sec. 9.2 discusses the methods used in estimating the efficiencies and scale
factors applied to displaced muon identification and reconstruction performance of
the CMS detector. In addition, displaced electron identification efficiencies and scale
factors are determined in Sec. 9.3. The results of these studies are implemented as

corrections to the HNL signal models.

9.1 Sources of systematic uncertainty in the search

for long-lived heavy neutral leptons

This Section presents the sources of systematic uncertainty applied in the HNL
analysis as nuisance parameters in the statistical evaluation. The majority of the
considered systematics impact the signal hypothesis, most of them being derived
from simulation, whereas the expected background yields are evaluated via the

ABCD method, independently of the systematic uncertainties listed below. The
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impacts of these nuisance parameters are profiled for background-only, as well as
background+signal hypotheses via maximum likelihood fits to data. Uncertainties
were treated to be uncorrelated between the different data-taking years. The size of
the effect on the HNL signal cross-section of each listed systematic uncertainty is

quantified in Table 10.1 via percentage impacts.

9.1.1 Signal systematic uncertainties

 Prompt lepton efficiencies Systematic uncertainties on the reconstruction,
identification and trigger efficiency of the prompt lepton candidates are taken
into account by varying the applied pr and n-dependent scale factors within

their uncertainties.

» Displaced lepton efficiencies Systematic uncertainties on the identification
efficiency of the displaced lepton candidates are taken into account by varying
the applied pr and |d;i§7|—dependent scale factors within their uncertainties.
Their determination is given in Sections 9.2.1 and 9.3. In addition, systematic
uncertainties on displaced muon reconstruction are considered by varying
the pr and |d,,|-dependent scale factors within their uncertainties, which are
derived in Section 9.2.2. Systematic uncertainties on the displaced electron
reconstruction efficiencies are accounted for by varying the pr and n-dependent

scale factors within their uncertainties.

o Pileup A systematic of 5% is applied to the expected pileup contribution in

data, derived from minimum bias cross-section.

» Jet energy scale (JES) Systematic uncertainties on the jet energy scale
in simulated jets are taken into account by varying the applied pr and n-
dependent scale factors within their uncertainties. The resulting discrepancies

are propagated to the missing transverse momentum.

« Jet energy resolution (JER) Systematic uncertainties on the jet energy
resolution are derived by varying the difference in the pr distribution between
the simulated jets and their corresponding generator-level counterparts. If no
generator-level jets are matched to the reconstructed one within AR < 0.4, a

random smearing is applied.

e Unclustered energy Missing transverse energy that is unaccounted for by

the JES and JER corrections is varied within its uncertainty.
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o Parton distribution function Systematic uncertainties on the parton dis-
tribution functions (PDF) are derived by the prescribed variations on PDF
set [126].

e Factorisation and renormalisation scale The simulation samples are
adjusted by a precomputed set of weights from the event generators, varying
the factorisation and renormalisation scales by factors of 2 or 0.5. The overall
impact on normalisation is approximately +12% and is treated as part of the
theoretical uncertainty. Factorisation scale factors are used in perturbative
quantum field theory to separate long-distance and short-distance physics,
while renormalisation scale factors are used to regulate and absorb divergences

in quantum field theory calculations.

e Luminosity The uncertainties on the measured integrated luminosity per
data-taking year (2016-2018) are 1.2%, 2.3%, and 2.5%, respectively [163-165].

9.1.2 Background systematic uncertainties

Uncertainties on the background prediction include a statistical component from
the data yields in the sideband regions used in the extrapolation and an additional

scaling factor per category derived from closure test studies (see Sec. 10.1).

9.2 Displaced muon efficiencies

This Section presents a detailed description of the strategies used in the HNL search
to evaluate efficiencies and scale factors applied as corrections to the signal displaced
muon in long-lived HNL decays. The main corrections considered for displaced
muons are on their identification and reconstruction efficiency in a 2D kinematic

phase-space.

9.2.1 Displaced muon identification efficiency

This Section presents the strategy used in the HNL search to evaluate the displaced
muon identification (ID) efficiency, using the tag-and-probe method. Simulated events
of B¥ — J/YK* — u~ptK* are employed to obtain displaced muons mimicking
the signature of long-lived semi-leptonic HNL decays. The dimuon pair produced

via the J/v¢ decay are used for the tag-and-probe method.
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The tag-and-probe technique is a widely used data-driven method in high energy
physics mostly for calibration and efficiency measurements. A well-known, standard
candle resonance process is chosen that is compatible with the phase space of physics
objects one aims to measure. Since the subleading leptons in long-lived HNL decays
are rather soft and displaced, the J/¢¥ — Migﬂ;robe resonance decay to dimuon
final state is used as standard candle. However, J/¢¥ meson decays are prompt,
therefore their direct production cannot be used for this study aiming to capture
displaced muons. Instead, one exploits their production via B-meson decays, as
mentioned above. In the resonance decay, one muon is being triggered on (i.e.
tagged muon) with tight identification and reconstruction criteria, while the other
muon associated with the resonance (i.e. probe muon) has no identification or
reconstruction constraints. Having a tracker-based analysis, probe muons are first
identified as tracker muons. The yield of tracker muons would be the denominator
in the efficiency calculations of the tag-and-probe method whereas those that also
pass loose identification requirements, would give the numerator.

_ Nprobe(ID and reco)

9.1
Nprobe (reco) (9-1)

Differences in the identification efficiencies between data and simulation for a given
set of physics observables would yield the scale factors required to be applied as
corrections in the analysis. Physics observables considered for displaced muon
identification scale factors are related to the kinematic observables and displacement
of the muons, for instance, transverse momentum, pseudorapidity, impact parameter
or impact parameter significance. Final scale factors were determined for the following
parameter spaces: pr vs |d5| and pp vs |dg,|. Since the analysis uses a categorisation
of events in d3¢, the scale factor set implemented in the analysis will be of the first pair
of variables. These scale factors are applied as corrections to signal MC leptons with
a statistical uncertainty of 1o variation, propagated to the final limits estimation.
Scale factors are defined as the fraction between the efficiency in data over the

efficiency in simulation as

Edata (l’, ?J)

SF(x,y) = P

, (9.2)

where x and y represent a pair of physics observables as those mentioned above.

One of the main limitations of this approach is the limited lifetime of B-mesons
(ctp ~ 0.1 mm), resulting in low statistics in high displacement bins that this analysis

aims to probe since some of our HNL signal model lifetimes reach orders of magnitude



9.2. Displaced muon efficiencies 185

higher.

Since this analysis uses default loose muon identification criteria for displaced muons
without any isolation requirement, there is no need for additional isolation efficiency
measurements. Loose ID muons consist of muons reconstructed by both the PF

algorithm and as tracker- or global muons (see Sec. 7.4).

Simulated signal samples of the B-meson decay process used in the tag-and-probe
study were generated with EvtGen at LO. The single muon trigger selection of the
tag-and-probe events ensures the presence of a tag muon with pr > 8 GeV and does
not bias the selection of the associated probe muon: HLT Mu8. This trigger path is
pre-scaled, having between 2.4-8.6 pb~! of overall luminosity, depending on the year
of data collection (see Table 9.1).

Table 9.1: Table presenting the corresponding luminosities for each HLT path in
data per data-taking year.

2016 2017 2018
HLT Mu8 v 3.9pb ' 24pb ' 86pb '

Further pre-selection of the events ensures that the dimuon mass is compatible with
the J/1 meson’s mass (2.9 GeV < m,, < 3.3 GeV) and both muons are present
within the tracker acceptance (|fttag probe| < 2.4). Furthermore, the selection ensures
that the tagged muon has at least two hits in the muon chambers and pr > 8 GeV.
No requirements on consistency with the B-meson mass between the dimuon system
and an additional track are required. Therefore, both prompt and displaced J/v
particles were selected but due to their different phase-space, they populate different
kinematic bins. The overall ID efficiency per bin would not be affected if muons from

both displaced and promptly produced .J/t¢ populate them or only displaced ones.

A J/4 mass peak is reconstructed for dilepton systems retained from data where the
probe muons pass or fail loose identification criteria and is fitted with a relativistic
Breit-Wigner with asymmetric running width numerically convoluted with Crystal-
Ball function, whereas the combinatorial background is fitted by a falling exponential
function. The optimisation algorithm of the fitting function is a global Nelder-
Mead (simplex) search with final local gradient descent (migrad). The optimization
algorithm uses a binned Poisson log-likelihood loss. For further details on the analytic
fitting method please consult [166]-[167]. Figures 9.1-9.2 present the fitted peaks
in both simulation and data in the first bin of each parameter pair considered for
scale factor in the 2016 data-taking year. The difference between the total fit and
background fit gives the yields for the efficiency calculations.

Displaced muon identification efficiencies are evaluated for both data and MC in the
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Figure 9.1: Fitted peaks for simulated (top row) and data (bottom row) “pass” and

“fail” probe muons in the first bin of the pr vs |d%9| parameter space (2016).
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Figure 9.2: Fitted peaks for simulated (top row) and data (bottom row) “pass” and

“fail” probe muons in the first bin of the pr vs |d,,| parameter space (2016).
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full 2D phase space of pp vs [d52¢| and |d,,| variable distributions (see Figs. 9.3 and
9.4) for all three data-taking years.
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Figure 9.3: Identification efficiencies of data (left) and MC (right) as a function of

the probe muon pr vs [d5¥| for all 3 data-taking years (2016 to 2018, top to bottom).
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Figure 9.4: Identification efficiencies of data (left) and MC (right) as a function of
the probe muon pr vs |d,,| for all 3 data-taking years (2016 to 2018, top to bottom).
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Finally, the scale factors for the displaced muon ID as a function of pt vs |d§§f

and |d,,| variable distributions are presented in Tables 9.2 and 9.3 for all three
data-taking years (equivalent heatmaps are shown in Appendix D.1). The pr vs
\d;é/g] set of scale factors were implemented as corrections in the analysis framework.
The scale factors derived were assigned statistical uncertainties only, using error
propagation (see App. A). Most scale factor values are within 2-3% deviations from
unity, a promising result regarding the effectiveness of displaced muon identification
measurement. Due to the limited statistics in higher displacement bins of B-meson
decays, values in the highest |d,,| bin are prone to larger fluctuations from unity

with larger associated uncertainty.

Table 9.2: Scale factor values evaluated for displaced muon loose identification criteria
as a function of the muon pr and ]d;iyg| obtained via the tag-and-probe method in
B* — J/WYK* — p~ut K* events for all three data-taking years. These values have
been implemented in the analysis framework as correction scale factors.

(a) CMS Preliminary, 3.9 pb~! (2016)

pr (GeV) vs |d§§lg 1073 —-3.0 3.0-10.0 10.0-100.0
16.0-30.0 0.99+£0.01 0.984+0.03 0.99+0.02
10.0-16.0 0.99+£0.01 0.97£0.02 0.99+0.02
6.0-10.0 0.99£0.00 1.01£0.00 1.00£0.01
4.0-6.0 1.00£0.00  0.99£0.02 0.94+0.06
3.0-4.0 1.01£0.01 1.01£0.02 1.0240.03
(b) CMS Preliminary, 2.4 pb~! (2017)
pr (GeV) vs |dfvi?f 1073 —3.0 3.0-10.0 10.0-100.0
16.0-30.0 1.00£0.01  0.96£0.08 1.01+0.00
10.0-16.0 0.99£0.01 1.00£0.02 0.9940.01
6.0-10.0 0.99£0.00 0.99£0.01 0.9940.01
4.0-6.0 1.00£0.00 1.00£0.01 0.99+0.01
3.0-4.0 0.99£0.01 1.00£0.02 0.98%£0.03
(c) CMS Preliminary, 8.6 pb~! (2018)
pr (GeV) vs ‘d;?f 1073 —3.0 3.0-10.0 10.0-100.0
16.0-30.0 0.99+£0.02 1.01+£0.00 0.87+£0.10
10.0-16.0 1.00£0.00 1.00£0.06 0.99+0.01
6.0-10.0 1.00£0.00 0.98+0.03 1.00+0.01
4.0-6.0 0.99£0.01 0.99£0.01 0.9940.03
3.0-4.0 0.99£0.01 1.01£0.01 0.98+0.02
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Table 9.3: Scale factor values evaluated for displaced muon loose identification criteria
as a function of the muon pr and |d,,| obtained via the tag-and-probe method in
B* — J/wK* — u~ptK* events.

(a) CMS Preliminary, 3.9 pb~! (2016)

pr (GeV) vs |dyy| (cm) | 1073 = 0.1 0.1-1.0 1.0-10.0
16.0-30.0 1.00£0.01 0.34%£5.31 nanzdnan
10.0-16.0 0.9940.01 0.864+0.11 2.08+3.52
6.0-10.0 1.00£0.00 1.00£0.06 0.0040.68
4.0-6.0 0.9940.01 1.004+0.02 inf£nan
3.0-4.0 1.00£0.01  0.98+£0.06 1.97421.16
(b) CMS Preliminary, 2.4 pb~! (2017)
pr (GeV) vs |dyy| (cm) | 1072 — 0.1 0.1-1.0 1.0-10.0
16.0-30.0 0.9940.01 1.02£0.00 nans+nan
10.0-16.0 0.9940.01 1.01+0.15 0.00£nan
6.0-10.0 0.9940.00 0.954+0.04 0.00£nan
4.0-6.0 1.00£0.00 0.96+£0.04 0.03+3.45
3.0-4.0 0.9940.01 0.97+0.03 2.42+3.97
(c) CMS Preliminary, 8.6 pb~! (2018)

pr (GeV) vs |dyy| (cm) | 1072 — 0.1 0.1-1.0 1.0-10.0
16.0-30.0 1.01+£0.00 0.24+0.23 nan+nan
10.0-16.0 1.00£0.00 1.01+0.00 nanzZnan
6.0-10.0 1.00£0.00 0.98£0.04 0.00%xnan
4.0-6.0 0.99+£0.01 1.00+£0.01 1.38+1.97
3.0-4.0 0.9940.01 0.96+0.04 0.61£1.24
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9.2.2 Displaced muon track reconstruction efficiency

This Section presents the strategy used in this analysis to evaluate the displaced muon
reconstruction efficiency, employing the same tag-and-probe method and software

tools as the ones presented in Sec. 9.2.1.

Fig. 4.2 in Sec. 4.2.1 shows a decrease in muon reconstruction efficiency of muons from
HNL decays at low generator-matched pr and increasing transverse displacement,
L,,, the latter being correlated with the impact parameter d,, variable used in the
rest of the analysis. Consequently, it is expected to have significant deviations from

unity on the muon reconstruction scale factors derived in that kinematic phase-space.

The tag-and-probe method used in this study employs the J/1) dimuon resonance
as a standard candle, produced via the same B-meson decay chain as in the muon
identification efficiency study presented in the previous section. Both simulation
and data samples have been reused for this study, including the same pre-scaled
trigger path. The tagged muon which is being triggered on, is defined as a tight,
well-reconstructed muon that matches a track. The probe muons in the samples
used in this study, as well as the ones in the previous section, are by default muons
with matching tracks in the tracker. However, if there is no matching muon for a
reconstructed tracker track, the latter is still retained in the sample and the dimuon
mass is in fact, the invariant mass of the tagged muon and the probe tracker track.
While the previous study only considered tracks that had a matching muon, this
study also employs unmatched tracks as probe muon candidates. In the case of
evaluating the muon reconstruction efficiencies, the yield of tracker muons would be
the numerator in the efficiency calculations whereas the yield of all tracks retained
in the samples, either matched or unmatched to muon candidates, would determine

the denominator.

o Nprobe (tracker muons) . 9.3)

Nprobe (tracks)

This study uses the same event pre-selection, ensuring compatibility with the J/
meson’s mass peak, as the tag-and-probe method presented in the previous section,
with the dimuon mass being required in the 2.9 GeV < m,, < 3.3 GeV mass range,
as well as both the tagged muon and the tracker track being required to be within
the tracker acceptance. Due to the HLT path employed, the tagged muon is required

to have pr > 8 GeV and at least two hits in the muon chamber.

In addition, the fitting algorithm used in determining the expected pass and fail

probe tracks or tracker muons is the same as in Sec. 9.2.1, based on a relativistic
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Breit-Wigner function with asymmetric running width numerically convoluted with
a Crystal-Ball function, whereas the combinatorial background is fitted by a falling
exponential function. Since the impact parameter error and significance variables
were not saved for tracker tracks in the samples used in this study, the efficiency
calculations and scale factors have been derived on the pr vs |d,,| variable pair,
instead. A set of J/1 resonance mass fits in a number of bins of interest is presented
in Figs. 9.5-9.7. Some fail bins show very little or no signal peak, resulting in unitary

efficiencies in such bins, while other bins may be statistically limited.
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Figure 9.5: Fitted peaks for simulated (top row) and data (bottom row) “pass” and
“fail” probe tracker muons and tracks in the first bin of the pr vs |d,,| parameter
space (2016).

Displaced muon reconstruction efficiencies are evaluated for both data and MC in
the full 2D phase space of pr vs |d,,| variable distributions (see Fig. 9.8) for all three
data-taking years. As expected, efficiencies show larger deviations from unity in

low-pr bins.
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Figure 9.6: Fitted peaks for simulated (top row) and data (bottom row) “pass” and
“fail” probe tracker muons and tracks in a mid-range bin of the pr vs |d,,| parameter
space (2016).
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Figure 9.7: Fitted peaks for simulated (top row) and data (bottom row) “pass” and
“fail” probe tracker muons and tracks in the highest bin of the pr vs |d,,| parameter
space (2016).
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Figure 9.8: Reconstruction efficiencies of data (left) and MC (right) as a function of
the probe muon pr vs |d,,| for all 3 data-taking years (2016 to 2018, top to bottom).
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Finally, the scale factors on displaced muon reconstruction as a function of pr
vs |dg,| variable distribution are presented in Table 9.4 for all three data-taking
years (equivalent heatmaps are shown in Appendix D.2). These scale factors have
been implemented as corrections in the analysis framework, besides the loose muon
identification scale factors evaluated in the previous section. The scale factors derived
were assigned statistical uncertainties only, evaluated via error propagation. Most
scale factor values are within 2-3% deviation from unity, except at low-pr, as was
expected from previous observations in generator-matched studies. Some bins have
limited statistics with large resulting statistical uncertainties. Scale factor values of
such bins were manually adjusted via extrapolation from nearby bins, for instance,

those in the high pr-|d,,| corner of the 2D kinematic phase-space studied.

Table 9.4: Scale factor values evaluated for displaced muon reconstruction as a
function of the muon pr and |d,,| obtained via the tag-and-probe method in B* —
J/WK* — p~ut K* events for all three data-taking years. These scale factors are
eventually propagated in the analysis framework as corrections.

(a) CMS Preliminary, 3.9 pb~! (2016)

pr (GeV) vs |dyy| (cm) 107°—-10"% 1073 —-10"2 1072-0.1 0.1-10.0

16.0-30.0 0.87+0.05 0.88£0.12 1.00+0.00  1.00=£0.00
10.0-16.0 0.98£0.03 0.97+0.37 1.00+£0.00  1.00+£0.01
6.0-10.0 1.0140.00 0.97+0.02 0.96£0.04 1.00£0.00
4.0-6.0 1.00£0.03 1.0240.00 1.01+£0.00  1.00£0.00
3.0-4.0 1.4240.11 1.324+0.08 0.95+0.03  1.03+£0.00

(b) CMS Preliminary, 2.4 pb~! (2017)

pr (GeV) vs |dyy| (cm) 107°—-10"% 1073 -10"2 1072-0.1 0.1-10.0

16.0-30.0 0.98+0.04 1.01£0.00 1.01£0.00 1.01+0.00
10.0-16.0 0.98£0.02 0.97+0.03 1.01+0.00  1.01=£0.00
6.0-10.0 0.994+0.11 1.01£0.00 1.01£0.00 1.01%0.00
4.0-6.0 1.00+0.03 1.03£0.00 0.83£0.10  0.95%0.06
3.0-4.0 0.90£0.06 0.87£0.04 0.884+0.04 1.02+0.01

(c) CMS Preliminary, 8.6 pb~! (2018)

pr (GeV) vs |dyy| (cm) 107 —-10"% 1073 —-10"2 1072—-0.1 0.1-10.0

16.0-30.0 1.00£0.00 0.98+0.02 0.98+£0.02 1.01+0.01
10.0-16.0 0.99£0.08 1.01£0.01 0.94£0.10 0.9240.08
6.0-10.0 0.95£0.06 0.99£0.38 1.01+£0.00  0.81£0.08
4.0-6.0 0.95£0.11 1.03£0.00 0.99£0.05 0.82%+0.07
3.0-4.0 0.73£0.06 0.94£0.16 0.70£0.07  1.01£0.00




9.3. Displaced electron efficiencies 197

9.3 Displaced electron efficiencies

In this Section, a detailed description of the strategies used in the HNL search to
evaluate efficiencies and scale factors applied as corrections to the signal displaced
electrons in long-lived HNL decays is presented. The main corrections considered for

displaced electrons are on their identification efficiency in a 2D kinematic phase-space.

9.3.1 Displaced electron identification scale factors

This section presents the strategy used in the analysis to evaluate the displaced

electron identification efficiency, via asymmetric photon conversion in events of

Zy =ty = o pte(eT)
Z = p ity = et (), (9-4)

where (e¥) represents a low-pr electron that potentially fails reconstruction and/or
identification criteria. In this study, both initial state radiation (ISR) photons
produced along with the Z boson (Z7) and final state radiation (FSR) photons
produced via the Z boson decay (Z — u~ ") are considered (see Fig. 9.9). Such
photons can be either external (real) photons that interact with the detector material
and hence convert into displaced electron-positron pairs (Figs. 9.9a and 9.9b) that
are aimed to be studied, or they may be internal (virtual) photons producing prompt
signatures of dielectrons (Figs. 9.9¢ and 9.9d). Since internal photon conversions
into electron pairs occur close to the interaction point at low displacement, they do
not serve as intrinsic mismodelling to scale factors capturing higher displacements
and hence no special treatment is required. In asymmetric photon conversions, one
particle of the electron-positron pair carries a significant fraction of the photon
energy, which serves to be a good approximation to the overall photon kinematics,
as well as a probe for nonprompt electron efficiency measurements in the detector’s

tracking material.

This study employs the existing HNL analysis framework for prompt and displaced
lepton reconstruction and identification. The data set and simulated samples used
are the same as in the HNL analysis (Chapter 7) and events are selected using the
same single lepton triggers. Only MC samples containing ISR and FSR photons

associated with a Z boson are considered in this study. Other SM processes have
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Drell-Yan process where the on-shell photon Drell-Yan process where the on-shell photon
undergoes external photon conversion with the undergoes external photon conversion with the
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Figure 9.9: Feynman diagrams of external (real) and internal (virtual) photon
conversions into electron-positron pairs.

negligible cross-sections for photon conversions in comparison to the ones mentioned

above and are therefore omitted from this study.

A pair of oppositely-charged, prompt, and isolated muons passing tight identification
criteria are selected to reconstruct the Z boson mass, with a similar set of ID,
kinematics and quality selections as the leading muons triggered on in the main
analysis. The leading muon must exceed pr > 26,29, 26 GeV per data-taking year
while the subleading muon must exceed pr > 10 GeV. Both muons must be within
the acceptance of the tracking volume (|n| < 2.4). The leading muon in the event
is tagged as leading lepton, {1, whereas the subleading one is tagged as subleading
lepton, 5. Electrons from photon conversions are selected in a similar manner as the
subleading electrons in the main analysis with pr > 5 GeV and |n| < 2.4 and passing
customized loose identification criteria defined in the main analysis framework. The
electron with the highest pr in the event is selected as a candidate nonprompt

electron for the identification efficiency studies and is tagged as trailing lepton, e.

A set of selection requirements is imposed in order to define a control region where
electrons from asymmetric photon conversions are studied and identification scale

factors will be established. Since this control region requires the presence of at least
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three leptons, it is called the 3-lepton CR.

First, a set of generator-matched studies was performed in order to ensure maximal
purity in the control region of selected asymmetric photon conversion events. The
main concern of the latter is the contamination from fake electrons resulting from
multijet production. Maximizing the purity of genuine photon conversions in the
selected samples ensures better accuracy in the calculation of scale factors on displaced
electrons. Using the generator-matched information on the trailing electron in the
two MC sets employed for this study, signal electrons that likely result from prompt
photon conversion are flagged accordingly. Electrons that are not matched to a
generator-level prompt photon are flagged as background electrons. The following
distributions present a justification for the kinematic phase space selection defined
in the control region of the asymmetric photon conversion studies. In Fig. 9.10 no
phase space preselection cuts are applied, aiming to find the optimal areas enriched

in genuine photon conversions.
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Figure 9.10: Generator-matched distributions aiming to select the optimal phase
space enriched in genuine photon conversions in order to maximize purity in the
control region used in the asymmetric photon conversion study, using simulation
from 2016. The top row shows the trilepton mass vs dimuon mass distributions for
signal (left), background (middle) and signal purity (right) highlighting the region
of optimal purity selection. The bottom row presents the opening angle AR(¢;e)
between the leading muon and trailing electron vs AR between the subleading muon
and trailing electron.

Figs. 9.10a-9.10c show signal and background distributions between the trilepton
mass vs dimuon mass, as well as the signal purity in that kinematic phase space. The

optimal selection for enriched photon conversions is found in the 30 < m(f;lze) <
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100 GeV and 20 < m(f1f5) < 80 GeV regions. This selection also aims to mainly
capture FSR processes and reduce potential background from misidentified ISR jets
as photons. Figs. 9.10d-9.10f present the signal and background distributions on
the AR opening angle between the trailing electron and leading/subleading muons,
respectively. The signal purity in this kinematic phase space proves that the trailing
electron from asymmetric photon conversion is produced closely in angle either to
the leading or subleading muon, which may be easily explained by the kinematics
of FSR photons in Fig 9.9b. Therefore, the optimal selection was found to be in
the AR(f1e) < 1 or AR(fse) < 1 region. In some bins, the signal purity takes on
unphysical values due to the presence of events with negative generator weights since
this study uses NLO MC samples. This effect is especially pronounced where event

counts are low.

Consequently, the following set of selection criteria is applied in the study of asym-
metric photon conversions in the 3-lepton CR, where the first set of cuts has been
established based on generator-matched studies using information on the parent of

the selected trailing electron:

o Cuts specific to the asymmetric photon conversion study:
— 30 < m(l1lze) < 100 GeV,

20 < m(flfg) < 80 GeV;

AR(l1e) <1 or AR(lye) < 1;

pT(ﬁg) > 10 GeV

o Cuts related to the event pre-selection criteria used in the HNL analysis

framework:

— pr(fy) > 26,29,26 GeV (2016, 2017, 2018);
— pr(e) > 5 GeV;

— [n(li2)] < 2.4, |n(e)] < 2.4;

= Djets > 0;

— pr(boosted jet) > 30 GeV, |n(boosted jet)| < 2.4 and relative isolation of
the electron I,q(e) > 0.15;

— pr(resolved jet) > 20 GeV, |n(boosted jet)| < 2.4.

where boosted jet is defined as AR(jet, e) < 0.4 and resolved jet is separated from
the trailing electron, AR(jet, e) > 0.4.
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Two sets of data-to-MC plots are made based on whether the trailing electrons are
simply reconstructed as PF electrons or if they additionally pass custom loose electron
identification criteria. While the former serves as the denominator in the subsequent
efficiency calculations, the latter constitutes the numerator as per Equation 9.1.
Figures 9.11 and 9.13 present a broad set of data to simulation plots for a number of
kinematic observables for the 2016 data-taking year. Further such plots are shown
in Appendix E.1, Figs. E.1-E.5. Overall, good agreement between data and MC is
observed in most such variables. Electron ID efficiencies are evaluated for a subset
of them (d3¥9(e), day(e), pr(e), In(e)|, dilepton and trilepton masses) by dividing the
right-hand side plots (ID+reco) with the left-hand side ones (reco only), as presented
in Fig. 9.14. Statistical uncertainties are evaluated for both efficiency distributions.
Uncertainties on data efficiency are calculated via the Clopper-Pearson binomial
proportion confidence interval at 1o deviation, using Eq. 5.15 [138]. Since MC-
simulated samples at NLO contain negative weights, the Clopper-Pearson confidence
interval is not suitable for calculating uncertainties on MC efficiencies. Consequently,
statistical uncertainties on the MC efficiencies are evaluated via error propagation.
For more details on the statistical estimates used in the evaluation of uncertainties,

please consult Sec. 5.3.3.

As a comparison to the evaluated 1D MC efficiency distributions on electrons from
asymmetric photon conversions, a set of MC efficiency distributions was produced on
reconstructed signal electrons from 3 benchmark HNL decays, using custom electron
identification. Fig. 9.16 shows that reconstructed signal electrons have higher MC
efficiencies than displaced electrons captured via asymmetric photon conversions.
Differences between electron efficiencies from the 3 HNL benchmark models may
occur whether the reconstructed signal electron is boosted inside the HNL jet or
not. Since lighter HNL models tend to produce highly boosted decay particles, the
daughter electron would be merged inside the HNL jet, having an environment with
higher activity and lower isolation. The blue distributions in Fig. 9.16 correspond to
a boosted HNL scenario, whereas the red and green distributions may be resolved
from the HNL jet, hence showing better agreement with each other, as opposed to

the blue one with different event topology.
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Figure 9.11: Data to MC agreement plots in the 3-lepton CR for dilepton mass
m(¢10s), trilepton mass m(¢1¢se) and trilepton pr. Plots on the left do not have
custom electron ID applied whereas those on the right do.
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Figure 9.12: Data to MC agreement plots in the 3-lepton CR for the trailing lepton
dgy(e), diif(e) and trilepton charge. Plots on the left do not have custom electron ID
applied whereas those on the right do.



10 20 30
data/MC =0.783 p.(e) (GeV)

()

9.3. Displaced electron efficiencies 204
CMS Preliminary 35.92 fb'(2016) CMS Preliminary 35.92 fb'(2016)
o E . , , 2. s . , , 3
$10° E uue, OS, 3 lepton CR 510 E uue, OS, 3 lepton CR 3
> b >10%E =
w10t @'Y E CustomiD §DZY
10° ;' T - 10°F E
107 10° 4z
10f 10f 1
1 ;E 1 ;E = e data
O, &k ‘ E O, & ' ‘ ‘ :
S 158 SIMEE LS S8
S o TSR e T S 1 SRUSR ++
[ %900 —— [0 o o900 " o o |
© OSE © 08? + + 3
o 40 60 [a)] 40 80 100
data/MC = 0.779 pT(I1) (GeV) data/MC = 0.672 pT(I1) (GeV)
(a) (b)
6CMS Preliminary 35.92 tb(2016) CMS Preliminary 35.92 fb™(2016)
a10°E T T T 3 a o F T T T 1
S10°E uue, OS, 3lepton CR E S10°E e, 08, 3 lepton CR E
E 3 4 —
I-ﬁ104;; éDZY Lﬁ10 £ CustomID %DZY
10°E - 10° E
10°F = 107 4z
10F - (= E
E g E e 3 data
1 . ‘ ‘ E e . [ =
3 it I 3 ! IENENE
§ 0.8? 40 i +i+ i1%)0 § O'SEH 40 +++60 80 +114%)0
data/MC = 0.745 pT(I?) (GeV) data/MC = 0.644 pT(Iy) (GeV)
(c) (d)
CMS Preliminary 35.92 fb™'(2016) CMS Preliminary 35.92 fb(2016)
L10°F ' ' 3 2, sE ' ' :
G105 b “ue. OS, 3lepton CR 3 S'Y E uue, OS, 3 lepton CR E
51043 §DZY 5104? CustomID éDZY
= 10°k -
10°E E E
PE ey 1P 126
10F - 10g E
F 3« data F 3 » data
e = 1e E
= e —e— 3 = #: 3
© — [ © e .
0 0
a a

10 20 30
data/MC = 0.677 p_(e) (GeV)

(f)

Figure 9.13: Data to MC agreement plots in the 3-lepton CR for the leading,
subleading and trailing lepton pr distributions. Plots on the left do not have custom
electron ID applied whereas those on the right do.
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Figure 9.14: Efficiency and scale factor distributions evaluated for displaced custom
electron identification performance for a number of kinematic variables of interest
(2016).



9.3. Displaced electron efficiencies 206

CMS Preliminary 41.53 tb(2017) CMS Preliminary 41.53 fb'(2017) CMS Preliminary 41.53 fb7(2017)
> 1.5 . > 1.5r . > 1.50 q
o [$) o
= N f= N =
2 F June(CustomiD) -3 F Juue(CustomiD) -2 £ June(CustomID)
£ T 7« ¢(data) g T 1« e(data) g T 1« e(data)
L 1« g(simulation) L 7 « g(simulation) L 7 « e(simulation)
0.5 - 0.5 - 0.5 -
[ ] [ ] C .
I S ] .1 E o ] [, — ]
[ = —] L
g 15 g 15 g 15
Sos So5 So5
2 1%*2 107" 4 1o = 1%’2 107" 1 10 sig 107 = 0 10 G \792
g hy(€) (cm K da(e) 8 p.(€) (Ge
(a) (b) (c)
15 CMS Preliminary 59.68 fh(2018) 15 CMS Preliminary 59.68 fb(2018) 15 CMS Preliminary 59.68 fb(2018)
c r C r = r
2 F June(CustomiD) -2 F June(CustomiD) -2 F June(CustomID)
E LN 1« ¢(data) E T 1 « ¢(data) ua:__l L 1« ¢(data)
E J « g(simulation) E 1 « e(simulation) E 1+ e(simulation)
0.5 . - 0.5 B 0.5 o
- = ., F =, o Lo ]
S15§ 515 S15
[$] 1 [} 1 [$) 1
Eo.gl;.—.—H “‘!084._._._‘—.7 "(—“0-8’
® ) ®
® 10° 107 ! 1o ® 10% 10" 1 10 sig, 10° S 10 @) (Ge\792
R hy(€) (em 8 du(e) 8 P

(d) (e) (f)

Figure 9.15: 1D efficiency and scale factor distributions evaluated for displaced
electron custom identification performance for dg,(e), d3¥(e) and pr(e) kinematic
variables for 2017 (top) and 2018 (bottom) data-taking years.
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Figure 9.16: 1D efficiency distributions evaluated for reconstructed signal electrons
from 3 HNL benchmark models using custom identification. The distributions are
shown for d,,(e) (top), d32¢(e) (middle) and pr(e) (bottom) kinematic variables in
the three data-taking years 2016, 2017 and 2018 (left to right).
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Figure 9.17: 2D efficiency distributions evaluated for displaced electron identification
on both data (left) and MC (right) for kinematic variable pairs of interest (2016).
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Finally, a set of “raw” scale factors are evaluated for displaced electron identification
by dividing the data efficiencies with the MC ones, as those presented in Figs. 9.17.
The results on the 2D efficiency distributions presented in Fig. 9.17 are on the
2016 data set, whereas those for 2017 and 2018 can be found in Appendix E.2.
Uncertainties are evaluated via error propagation for both up and down deviation
separately and their average is taken. Tables 9.5 and 9.6 present the set of scale
factors measured for pr(e) vs d¢(e) and d,y(e), respectively, for all three data-taking
years on displaced electrons from asymmetric photon conversions (their heatmap
versions are shown in Appendix E.3, as well as for all subsequent tables below). Due
to low MC statistics in higher displacement d,,(e) bins, the scale factors at higher

impact parameter values have large uncertainties.

)

Table 9.5: Scale factors evaluated via the “raw” approach on displaced electron
identification for pr(e) vs di¢(e) kinematic variable pair for all three data-taking
years.

(a) CMS Preliminary, 35.92 pb~! (2016)

pr (GeV) vs d59(e) | 0.01-3.0  3.0-10.0  10.0-100.0
20.0-100.0 1.00£0.09 0.71£0.15 1.3540.59
13.0-20.0 0.93+0.06 0.7840.10 0.90-:0.34
8.0-13.0 0.93+0.07 0.7040.14 1.46-:0.90
5.0-8.0 1.0240.10 0.96+0.22 0.810.37

(b) CMS Preliminary, 41.53 pb~! (2017)

pr (GeV) vs d39(e) | 0.01-3.0  3.0-10.0  10.0-100.0
20.0-100.0 0.97+0.08 0.85£0.13 1.69+0.90
13.0-20.0 0.95+0.05 0.934+0.10 0.72+0.16
8.0-13.0 0.98+£0.06 1.0140.13 1.5240.55
5.0-8.0 1.0440.07 1.02+0.16 1.0320.38

(c) CMS Preliminary, 59.68 pb~! (2018)

pr (GeV) vs d¥9(e) | 0.01-3.0  3.0-10.0  10.0-100.0
20.0-100.0 0.93£0.07 0.97£0.14 0.94%£0.32
13.0-20.0 0.89£0.04 0.9320.09 0.7240.14
8.0-13.0 0.924£0.06 0.8940.12 0.6140.21
5.0-8.0 0.88+£0.06 1.1240.15 1.4740.49
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Table 9.6: Scale factors evaluated via the “raw” approach on displaced electron
identification for pr(e) vs d,(e) kinematic variable pair for all three data-taking
years.

(a) CMS Preliminary, 35.92 pb~! (2016)

pr (GeV) vs dyy(e) (cm) | 0.01-0.1 0.1-1.0 1.0-10.0
20.0-100.0 0.81+0.12 0.90£0.14 0.95£0.65
13.0-20.0 0.90£0.11 0.944+0.11 0.95+0.26
8.0-13.0 0.76£0.15 0.924+0.16 0.64+0.20
5.0-8.0 0.86+0.18 0.93+0.17 0.86+0.40
(b) CMS Preliminary, 41.53 pb~! (2017)
pr (GeV) vs dyy(e) (cm) | 0.01-0.1 0.1-1.0 1.0-10.0
20.0-100.0 0.954+0.17 1.154+0.18 0.5040.26
13.0-20.0 0.88+0.09 0.94+0.09 0.83+£0.31
8.0-13.0 0.92+£0.13 1.054+0.15 0.97+0.29
5.0-8.0 1.07£0.20 1.054+0.16 1.0340.38
(c) CMS Preliminary, 59.68 pb~! (2018)
pr (GeV) vs dyy(e) (cm) | 0.01-0.1 0.1-1.0 1.0-10.0
20.0-100.0 1.00£0.14 0.90+0.12 1.57£0.77
13.0-20.0 0.904+0.09 0.85+0.08 1.2940.41
8.0-13.0 0.84+0.14 0.84£0.10 1.02+0.25
5.0-8.0 0.89+0.14 0.84+0.14 0.86£0.35

Since the scale factor results presented above may lack robustness due to statistical
limitations in some histogram bins, we introduce a “geometric mean” approach to
determining synthetic 2D scale factor histograms extrapolated from single-variable
scale factors (See bottom of Figs. 9.14a, 9.14c and 9.15). An outer product is
performed between the 1D scale factor histograms of the d3¢(e) and pr(e) kinematic

variables and a square root is applied on the resulting 2D distribution, i.e.:

SF(i, j) = \/SF@)SF(j) (9.5)
o(SF(i, ) = ;J (s g+ SFO T Y) (900

where o(SF(i,7)) is the uncertainty on the 2D scale factor calculated via error
propagation in bin (7, j) of the 2D distribution. The resulting distributions are
presented in Table 9.7. Most bins have lower uncertainties and at higher displacement
show more robust values in comparison to the “raw” scale factors presented in

Table 9.5. In addition, pull histograms are evaluated between the two approaches
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as presented in Table 9.8, showing that most scale factor values are within 1-1.5
standard deviations between the two methods, providing confidence in the “geometric
mean” approach. Mean pull values per 2D distribution estimated for each data-taking
year are 2016: 0.16 + 0.57; 2017: 0.21 £ 0.65; 2018: 0.39 £ 0.72 showing a relatively
low bias for the “geometric mean” estimator. In addition, a set of scale factors is
evaluated similarly for the d,,(e) vs pr(e), as well as the n(e) vs pr(e) variable pairs

shown in Appendix E.3 for all data-taking years.

Table 9.7: Scale factors evaluated via the “geometric mean” approach on displaced
electron identification for pr(e) vs d32(e) kinematic variable pair for all three data-
taking years. Uncertainties presented are statistical only.

(a) CMS Preliminary, 35.92 pb~! (2016)

pr (GeV) vs di@g(e) 0.01-3.0 3.0-10.0 10.0-100.0
20.0-100.0 0.91+0.03 0.82£0.03 0.9640.08
13.0-20.0 0.90+0.02 0.81£0.02 0.94£0.07
8.0-13.0 0.89+0.02 0.80£0.02 0.93£0.07
5.0-8.0 0.94+0.02 0.85£0.02 0.99+£0.08
(b) CMS Preliminary, 41.53 pb~! (2017)
pr (GeV) vs d;’;yg(e) 0.01-3.0 3.0-10.0 10.0-100.0
20.0-100.0 0.93£0.03 0.92+0.03 0.99+£0.06
13.0-20.0 0.92£0.02 0.92+0.03 0.98+0.06
8.0-13.0 0.96£0.02 0.96+0.03 1.02+0.06
5.0-8.0 0.98£0.02 0.97+0.03 1.04+0.06

(c) CMS Preliminary, 59.68 pb~! (2018)

pr (GeV) vs d5i9(e) | 0.01-3.0  3.0-10.0  10.0-100.0
20.0-100.0 0.87+0.02 0.90£0.03 0.84+0.04
13.0-20.0 0.86+0.01 0.8840.02 0.830.04
8.0-13.0 0.87+0.01 0.8940.02 0.84-0.04
5.0-8.0 0.87+0.01 0.9040.02 0.84-0.04
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Table 9.8: Pull values estimated between the “raw” and “geometric mean” scale factor
approaches on the pp(e) vs d(e) kinematic variable pair for all three data-taking
years.

(a) CMS Preliminary, 35.92 pb~! (2016)

pr (GeV) vs d39(e) | 0.01-3.0  3.0-10.0 10.0-100.0
20.0-100.0 0.88 20.76 0.65
13.0-20.0 0.51 028  -0.12
8.0-13.0 0.49 073 0.59
5.0-8.0 0.73 0.50 -0.46

(b) CMS Preliminary, 41.53 pb~! (2017)

pr (GeV) vs d9(e) | 0.01-3.0 3.0-10.0 10.0-100.0
20.0-100.0 0.45 058 0.78
13.0-20.0 0.55 0.10 -1.52
8.0-13.0 0.30 0.39 0.90
5.0-8.0 0.85 0.27 -0.03

(c) CMS Preliminary, 59.68 pb~! (2018)
pr (GeV) vs d;@f(e) 0.01-3.0 3.0-10.0 10.0-100.0

20.0-100.0 0.77 0.48 0.29
13.0-20.0 0.67 0.48 -0.74
8.0-13.0 0.94 -0.04 -1.10
5.0-8.0 0.22 1.49 1.27

Since the results from the “geometric mean” approach show robust values with lower
uncertainties, while still being compatible with the scale factors calculated via the
“raw” approach, the former are propagated to the final limits. In addition to the
statistical uncertainties evaluated above via error propagation, a set of systematic

uncertainties was added to the final scale factor uncertainties.

Asymmetric photon conversion events are divided by the number of pile-up primary
vertices in each event into high pile-up and low pile-up categories, based on Fig. 3.3.
Once scale factors are evaluated for both categories, half the difference between
the low and high pile-up region scale factors is applied as systematic uncertainty
to the scale factors derived inclusively (Table 9.7). The total uncertainty on the
scale factors propagated in the analysis is the quadrature sum of their statistical and

systematic uncertainties:

_ 2 2
Ototal — \/Ustatistic + Osystematics (97)

presented in Table 9.9. Scale factors and efficiencies evaluated in the low and high

pile-up regions are shown in Appendix E.4. Pull histograms are produced between
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the inclusive scale factor values and those evaluated in the low and high pile-up
regions, showing that most scale factor values are within 1-1.5 standard deviations.
Mean pull values per 2D distribution on average show bias towards higher scale
factor values in both the low and high pile-up regions with standard deviation per

distribution ranging between 0.11-0.91.

Table 9.9: Scale factors evaluated via the “geometric mean” approach on displaced
electron identification for pr(e) vs d3i9(e) kinematic variable pair for all three data-
taking years including systematic uncertainties. These scale factors are eventually
propagated further in the HNL analysis.

(a) CMS Preliminary, 35.92 pb~! (2016)

pr (GeV) vs d59(e) | 0.01-3.0  3.0-10.0  10.0-100.0
20.0-100.0 0.91+0.05 0.824£0.08 0.96+0.17
13.0-20.0 0.90+0.05 0.8140.08 0.94-0.16
8.0-13.0 0.89+0.07 0.8040.10 0.93+0.18
5.0-8.0 0.94+0.06 0.854+0.09 0.99-+0.18

(b) CMS Preliminary, 41.53 pb~1 (2017)

pr (GeV) vs d;@g(e) 0.01-3.0 3.0-10.0 10.0-100.0
20.0-100.0 0.93+£0.06 0.92+0.06 0.99£0.12
13.0-20.0 0.92+0.05 0.92+0.05 0.98£0.13
8.0-13.0 0.96+0.04 0.96+0.04 1.02+0.15
5.0-8.0 0.98+0.08 0.974+0.08 1.04+0.11
(c) CMS Preliminary, 59.68 pb~! (2018)
pr (GeV) vs dff;’(e) 0.01-3.0 3.0-10.0 10.0-100.0
20.0-100.0 0.87+0.02 0.90£0.04 0.84£0.04
13.0-20.0 0.86+0.03 0.88+0.02 0.83£0.04
8.0-13.0 0.87+0.02 0.89+£0.03 0.84£0.04
5.0-8.0 0.87+0.02 0.90£0.05 0.84=£0.05
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9.4 Summary

This Chapter presented the main sources of systematic uncertainty considered in
the search for long-lived HNL particles. A special focus was given to the strategies
used in evaluating the efficiencies and associated uncertainties of displaced leptons,
eventually assigned as corrections to signal processes. Scale factors assigned for muon
identification criteria (Fig. D.1) prove a robust performance of the loose muon ID
used in the HNL search. Muon reconstruction scale factors (Fig. D.3) also show a
solid performance of the CMS detector in the majority of the kinematic phase space
considered, except at low-pr. The outstanding performance on muon reconstruction
and identification of the CMS detector is attributed to the additional information
used from the muon chambers, which the electron reconstruction and identification
lacks. Therefore, as expected, electron identification efficiencies (Fig. E.15) showed a
considerably lower performance to muons. Nevertheless, the estimated scale factors

are within 10-20% from unity.

The majority of the systematic uncertainties discussed in this Chapter affect the
predicted HNL signal yield since it was taken from simulation, whereas the yield of
background contribution is taken from data directly. The subject of Chapter 10 is a
detailed discussion on the methods used in estimating the expected background con-

tributions in the HNL search, as well as the treatment of its systematic uncertainties.






Chapter 10

Background estimation and results

This Chapter presents the data-driven background estimation approach employed in
predicting the yield of SM background events in the blinded SR of the long-lived
HNL search. Using this information along with the expected HNL signal yields, the
background-only hypothesis was tested via goodness-of-fit tests. No excess in data
was found, therefore upper limits were set on the signal strength in the HNL mass,

my, and coupling, V2, parameter space.

10.1 Background estimation

This Section briefly presents the data-driven SM background estimation in the blinded
SR of the analysis via an ABCD technique. The definition of the discriminating
variables employed, as well as tests of the validity of the ABCD method closure in

two validation regions, and goodness-of-fit likelihood tests are given.

The methods and results presented in this Section are based on the work of an
analysis team the author of this Thesis was part of and, made contributions to.
Nevertheless, certain figures and ideas in this Section are based on work previously

published in Ref. [109].

10.1.1 Introduction

The long-lived HNL search presented in this Thesis employs a data-driven back-
ground estimation technique relying on the ABCD method to evaluate the expected
background event yields in the blinded SR. The principles of the ABCD technique are

216
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discussed in Sec. 5.3.6, introducing the need for two statistically independent variables
that possess discriminating power between signal and background events. The two
variables used in the ABCD background estimation method of the HNL analysis are
the displaced jet tagger information and the event-level BDT score. As already em-
phasised in Chapter 8, the event-level BDT was designed to be uncorrelated from the
DNN jet tagger, proved via low MI scores in the 2D heatmap distributions between
the two variables (Fig. 8.11) for a number of dilepton flavour categories on both
signal and background distributions. Even though the independence requirement
between two discriminating variables may not hold for mixed background sources,
via extensive tests (Ref. [109]), as well as their combined distribution in Fig. 8.11
provides confidence in the validity of the ABCD method. A preselection constraint is
placed on the m({y, {5, j*) variable, selecting events with 70 GeV < m(¢y, f2,j*) < 90
GeV before performing the ABCD background estimation method. This preselection

constraint ensures increased purity of signal events in the blinded SR.

10.1.2 Threshold optimisation

The lower threshold of the tagger score, P, was increased from its default value of
0 in the ABCD method and optimised for merged and resolved scenarios (Ref. [109]).
Increasing the lower tagger threshold increases the fraction of selected signal-like
events and moves away from the bulk of the background distribution. The drawback
of raising P, is the reduction of statistical precision in the ABCD method. Separate
Py, thresholds are set for the merged and resolved event categories since the tagger
performance significantly differs for the two event scenarios. The optimised lower
tagger threshold values are P, = 0.3 for merged and P, = 0.2 for resolved event

categories.

In addition, the mid-boundaries of the discriminating variables in the ABCD regions
were optimised, as well, taking into account several benchmark HNL scenarios in
order to avoid bias towards certain HNL model parameters. Different mid-boundary
thresholds were applied for individual event categories and data-taking years, as the
performance of the two discriminating variables, as well as the yields of background
distributions and data-taking conditions vary. The thresholds were optimised based
on the discovery significance (Eq. 5.36), requiring a minimum of 10 background event
counts in the A, B and C sidebands. The BDT,,;; values range between 0.5-0.8,
whereas P,,;q range between 0.6-0.8 for merged and 0.4-0.5 for resolved categories,
respectively. The phase-space division of the ABCD background estimation method
is schematically illustrated in Fig. 10.1.
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Prig

0 BDT g 1 BOT

Figure 10.1: Schematic diagram of the ABCD background estimation technique
definition applied for the long-lived HNL search, where D is the blinded SR of
the analysis. The low tagger score, P, region (shaded) is removed to maximise
signal-like jets being selected.

10.1.3 Closure tests

To test the assumptions of the ABCD method, so-called closure tests were performed
in signal-depleted validation regions (VR). These tests aim to compare the predicted
yield, Np, with the true yield, Np, in the blinded region of the VR. The section
below briefly presents the results obtained in two closure tests performed on data, as
detailed in Ref. [109]. The two VRs of the closure tests were defined as:

« VRI1 (mass sideband): is defined by inverting the m(¢y, £, j*) preselection
criteria to capture the low-mass sideband region, m(¢;,¢3,j*) < 70 GeV. The
mid-tagger threshold, P,,;4 is reduced in order to increase the statistical signifi-
cance in the "blinded region". Fig. 10.2 shows the outcome of the closure test
in VR1, providing confidence in the validity of the ABCD method in this VR.

« VR2 (tagger sideband): is defined by subdividing the low tagger score
sideband P € [Py, Pmia] into four new regions such that AB — A'B'C'D'.
Fig. 10.3 shows the outcome of the closure test in VR2.

The x parameters displayed in the two sets of closure tests is a parameter introduced
to quantify the extent of bias in the ABCD method:

NERE Bk S e /D (10.1)
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Figure 10.2: Outcome of the closure test performed in the low-mass region VR1 for
merged (left) and resolved (right) event categories for all three data-taking years
(2016-2018 from top to bottom).

In total, six k parameters were constrained by data-taking year and event topology
(merged vs resolved), reflecting the different data-taking conditions and tagger
performance on jet topologies. A maximum likelihood fit was performed for each
set of 24 event categories within a macrocategory, the best-fit value being shown in
the closure test result plots. The s parameters corresponding to the closure tests
are consistent with unity within uncertainties, providing further confidence in the

ABCD method. A conservative 15% systematic uncertainty was assigned for each of
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Figure 10.3: Outcome of the closure test performed in the tagger sideband VR2 for
merged (left) and resolved (right) event categories for all three data-taking years
(2016-2018 from top to bottom).

the six macrocategories, covering potential non-closure issues beyond the precision

of the closure tests.

Finally, the ABCD background estimation method was further validated by perform-
ing GOF tests in both VRs, according to Eq. 5.35. The saturated likelihood test

statistic distributions were generated with MC toys, asymptotically reaching a x?

distribution at large generated samples. The predicted probability distributions were
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compared to the measured GOF value in data, deriving a corresponding p-value to
the results, as presented in Fig. 10.4. The high observed p-values in the two closure
tests, provide further confidence in the robustness of the ABCD method.

20 saturated, 300 Toys saturated, 300 To

s 18 , ys
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Figure 10.4: The predicted saturated likelihood test statistic distributions generated
with toy-data and the observed value in data (blue arrow) for both the VR1 (left)
and VR2 (right) GOF tests.

10.2 Results

In the extensive validation studies on the reliability of the ABCD background
estimation method presented in the previous Section, the blinded region D of the SR
(see Fig. 10.1) was unblinded, revealing the observed data yields in each category, as
shown in Fig. 10.5. The yields for the expected limits were obtained from a fit to the
Asimov dataset. No excess in data was found, the observed and expected background
yields are in agreement. Expected yields for two representative benchmark HNL
models are overlaid, and expected to be excluded by the analysis. A GOF test was
performed proving consistency with the background-only hypothesis in the unblinded
data, observing a large p-value for the test statistic (see Fig. 10.6).

10.2.1 Limits in mass-coupling plane

As no evidence for long-lived HNLs was found in the SR of the analysis, upper-
limits (ULs) on the HNL production cross-sections at 95% confidence level (CL),
our(mx, V2), were determined in the mass-coupling space for various HNL benchmark
scenarios. The observed and expected HNL signal cross-sections were compared to

the theoretical ones (o, (my, V/?)), evaluated by MADGRAPH at LO precision in
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Figure 10.5: Observed and predicted yields in the SR for merged (left) and resolved
(right) event categories for all three data-taking years (2016-2018 from top to bottom).
Expected yields for two benchmark HNL models are overlaid.

associated pre-showering and scaled by a k-factor of 1.1 to be consistent with NLO
predictions (as discussed in Sec. 7.1.1). A given HNL benchmark model is excluded

if its signal strength is lower than the predicted theoretical one, such that:

ouL(mx, V7?)
m ,V2 = — < 1, 10.2
:u'( N Z) Uth(mNu‘/KQ) ( )
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Figure 10.6: The predicted saturated likelihood test statistic distribution generated
with toy-data and the observed value (blue arrow) for the SR GOF test.

where p(my,V/?) is the signal strength parameter. Performing this test on all
available HNL signal scenarios, a cubic spline interpolated contour is drawn at the
boundaries of HNL benchmark models that are excluded, as well as marking the
1 and 2 sigma uncertainty on the exclusion limit. Figure 10.7 shows the obtained
exclusion limits for both Dirac and Majorana HNL models for a number of coupling

scenarios, combining results from all three data-taking years.

10.2.2 Discussion of the results

A broad parameter space in mass and coupling values was excluded by the long-lived
HNL search presented in this Thesis, including mixed-coupling scenarios involving
all three lepton generations. Sensitivity to prompt HNL scenarios was maintained by
the displaced jet tagger not explicitly requiring secondary vertices, therefore events
with small displacement could be retained. Best sensitivity is obtained for pure-muon
coupling scenarios due to the excellent reconstruction and identification capabilities
of the CMS detector. Electron reconstruction, particularly for displaced scenarios is
less efficient in the CMS experiment, therefore pure-electron coupling events have
slightly reduced limits. As discussed in Sec. 7.1.1, triggering on tau leptons was rather
inefficient, therefore the analysis is not sensitive to pure-tau couplings. Nevertheless,

it was still possible to measure mixed couplings to the third-generation lepton.

The best limit on the coupling strength is obtained for pure-muon coupling scenarios
excluding values of |V,x|? > 4 x 1077 for Dirac HNLs and |V,y|*> > 6 x 1077 for
Majorana-type HNL particles with my = 10 GeV at 95% CL. In general, the analysis

reached the best sensitivities for HNL particle lifetimes of 1-10 mm and masses
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Figure 10.7: Expected and observed limits for Dirac and Majorana HNL for different
benchmark coupling scenarios.

between 1-20 GeV. This corresponds to oy, S 1pb for V. = V,, = V.. Being a
tracker-based analysis, the HNL production cross-section limits decrease for lifetimes
longer than the tracker size, as well as prompt signals. Higher mass HNL particles
typically decay promptly with resolved event topology, whereas lighter HNLs have
longer displacements manifesting in merged topologies. The displaced jet tagger
has increased performance for the latter models, hence the limits show the best
sensitivity up to 10 GeV HNL models, followed by a quick drop towards higher HNL

masses leading to prompt scenarios.

Some exclusion limit plots are overlayed with other published results by competing
experiments, specifically pure-electron and pure-muon coupling scenarios. No previous
search was done on such an extensive set of mixed HNL coupling scenarios, this

analysis being the first one to investigate such a broad range of HNL mixing processes.
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Exclusion limits are shown on results from the ATLAS experiment [7, 68], LHCb
experiment [69] and CMS experiment [6]. The closed loop shape of the ATLAS result
is a signature of the search explicitly requiring secondary vertices, hence limiting its
sensitivity to prompt HNL decay scenarios. The ATLAS result is the only previous

measurement that investigated a limited amount of mixed-coupling HNL scenarios.

Table 10.1 shows the fractional effect of the systematic uncertainties on the HNL

signal cross-section expressed via percentage impacts, defined as:

Ap*t

A~ )

percentage impact = (10.3)

where Ap® is the impact defined in Eq. 5.38 and /i is the nominal value of a parameter
of interest when the nuisance parameters are fixed. The largest systematic effects
manifest in the ABCD non-closure. However, given the large number of signal
channels, the largest overall uncertainty results from low sideband counts in the data-
driven background estimation, limiting the analysis statistically. Unclustered energy
has a significant impact on the result, as p'* variable is a fairly strong input feature
governing the performance of the BDT score (see Fig. 8.10a). The JES and JER
uncertainties depend on soft jets passing various pr thresholds, therefore affecting the
performance of the tagger score. Displaced lepton identification and reconstruction
uncertainties are dominant sources for the signal systematic uncertainty, as the
uncertainties on the associated scale factors are large. Detailed impact plots showing
all possible systematic uncertainties considered by the analysis are presented in
Appendix F.5.

10.3 Summary

This Chapter presents the ABCD data-driven background estimation approach
employed to predict the expected background yields in the blinded SR of the analysis.
An extensive study of validation tests was performed via closure tests in data in
order to gain confidence in the robustness of the background estimation method.
After unblinding, results showed consistency with the background-only hypothesis,
therefore a number of long-lived Dirac and Majorana-type HNL models were excluded
by setting ULs on their production cross-section at 95% CL. Multi-generational
HNL coupling scenarios were excluded, besides pure-lepton coupling models. Best
exclusion limits were obtained for pure-muon coupling scenarios, and in general, for

HNL models with masses around 10 GeV. Observed and expected signal cross-section
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Table 10.1: Effect of systematic uncertainties on the HNL signal cross-section
expressed as percentage impacts. The impacts on the background yields in the
sideband regions are averaged over all 48 categories of the analysis. The bottom five
uncertainties affect the background estimation yield, whereas the rest of the entries
affect the HNL signal yields.

Systematic uncertainty Impact (%)
2016 2017 2018

Prompt electron reco. 0.0 0.1 0.0
Prompt electron id. 0.1 0.3 04
Prompt muon id. 0.0 0.1 0.0
Prompt muon iso. 0.0 0.0 0.0
Trigger 0.1 0.0 0.0
Displaced electron reco. 0.0 02 03
Displaced electron id. 11.0 06 0.6
Displaced muon id. 0.3 0.0 1.7
Displaced muon reco. 0.2 0.3 4.3
Pileup 1.3 3.7 4.9
Jet energy scale 2.5 1.7 4.5
Jet energy resolution 1.0 2.6 1.8
Unclustered energy 3.8 48 7.7
Luminosity 1.1 0.6 0.7
PDF 28 30 18
Renormalisation and facotisation scale 0.1 03 04
Non-closure, boosted 24.8 223 14.8
Non-closure, resolved 254 240 37.6
A (average) 0.8 09 13
B (average) 42 48 52
C (average) 11.3 83 9.2

limits are within agreement, and the analysis shows competitive performance with
previously published HNL results at the LHC. Statistical uncertainties show the
largest impact on the signal cross-section in ABCD sideband non-closure and limited
counts in the data-driven background estimation method, suggesting that the search

is statistically limited.






Chapter 11

Conclusions

The Thesis presented a search for long-lived HNL particles in p-p collision data set
of 137fb~! integrated luminosity, obtained by the CMS experiment during its Run-2
period (2016-2018). The search covers a wide range of HNL masses, lifetimes, and
coupling scenarios, including universal mixing with all SM lepton generations. The
final states investigated in the analysis include a prompt lepton the event is triggered
on, as well as a displaced lepton and jet. A fine-grained event categorisation scheme
is employed to ensure sensitivity to a variety of HNL benchmark models, including

Dirac- and Majorana-type particles.

The search takes advantage of a novel DNN displaced jet tagger that was modified
to include signatures from displaced leptons in order to accommodate the event
topologies of semi-leptonic HNL decays. Domain adaptation is employed to ensure
that the DNN tagger output has a low bias towards the simulation set it was trained

on and has an accurate response in data, instead.

A BDT-based binary event classifier was developed to be complementary to the
jet tagger. While the former aims to separate HNL signal events from the SM
background, the latter captures signal jets resulting from the HNL decay. The BDT
algorithm was specifically designed to be uncorrelated with the DNN jet tagger, a
relevant feature required by the background estimation method employed by the
analysis. The performance of the BDT event classifier was evaluated in the signal
region of the analysis, showing robust performance, in comparison to a simple cut-
based approach or logistic regression. In addition, it was validated in the two control

regions of the analysis, providing confidence in the reliability of the method.

The results obtained from the two algorithms were employed in an ABCD data-

driven background estimation technique to evaluate the expected yield of signal
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and background events in the blinded signal region. No excess of events in the
data over the expected background was observed, therefore ULs were set on the
HNL production cross-section as a function of the HNL mass and the three coupling
strengths to each SM neutrino generation, including both Dirac- and Majorana-type
HNL scenarios. Best exclusion limits were obtained for pure-muon coupling scenarios,
and in general, for HNL models with masses around 10 GeV. The largest impact on
the signal cross-section resulted from statistical uncertainties in the ABCD sideband
non-closure and limited counts in the data-driven background estimation method,
suggesting that the search was statistically limited. This analysis presents the first
search in the CMS collaboration to consider arbitrary coupling combinations involving

all three SM lepton generations, corresponding to oy, < 1pb for Vo =V, = V..

A detailed discussion is provided on the treatment of systematic uncertainties in the
analysis, with a special focus on those related to displaced lepton identification and
reconstruction. Efficiencies and scale factors were derived for both muon and electron
identification, via the tag-and-probe method and asymmetric photon conversion
events, respectively. Since muons leave “clean” signals throughout the CMS detector
with the additional aid of the muon system, their identification scale factors are close
to unity throughout the d;iﬁ"—pT phase space measured. Electrons, on the other hand,
leave complex signatures in the CMS detector due to energy loss via bremsstrahlung
radiation, as well as they only reach the ECAL detector system. Therefore, their
identification scale factors were slightly poorer, yet still within 10-20% from unity.
Muon reconstruction scale factors were derived in the d,,-pr kinematic phase space,
showing good agreement with unity within uncertainties in most bins, except at
low-pr, where track reconstruction algorithms have poorer performance. The scale
factors derived for displaced leptons were propagated in the analysis as corrections

to signal yields.

In addition, a study on track-to-vertex association algorithms for the Phase-2 upgrade
of the CMS Level-1 trigger showed promising improvements compared to the cut-based
approach originally considered. The HL-LHC will have pile-up conditions increased
by one order of magnitude to the current LHC setup. In order to dramatically
reduce the contribution of pile-up tracks, while maintaining competitive physics
performance, an end-to-end neural network was proposed for vertex reconstruction
and position regression, extended with the track-to-vertex association algorithm.
The end-to-end NN was deployed in FPGA firmware, matching stringent latency

and memory limits of the Phase-2 Level-1 trigger.

Several possible improvements to the analysis presented in this Thesis could be

considered. Firstly, the results are statistically limited, therefore additional data
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collection by the Run-3 of the LHC, as well as the HL-LHC would highly benefit
the sensitivity to long-lived HNL models. In addition, the potential development
of an algorithmically decorrelated BDT from the DNN tagger would result in the
possibility of including additional input features that would drastically improve the
discrimination power of the event classifier. Finally, a set of reinterpretability studies
should be performed on the MVA discriminants employed in the analysis, in order to
derive signal efficiencies as a function of HNL lifetime that would aid future HNL

model developments by particle physics theorists.

The analysis presented in this Thesis is currently undergoing internal collaboration-
wide review within the CMS experiment and is expected to be soon published. The
interim results have been released as a CMS physics analysis summary in Ref. [168].
The analysis presented in the paper uses a different background estimation method
to that presented in this Thesis, however, the results are very compatible, and the
same conclusions may be drawn. Future developments in the field of long-lived HNL
research include dedicated triggers for Run-3 of the LHC and the HL-LHC, aiming
to enhance the sensitivity to capture its soft decay products. In addition, special
data sets such as the B-parking and scouting data collected by the CMS experiment
are currently being exploited in long-lived HNL searches. Finally, there are a number
of proposed experiments with a physics program dedicated to searches for long-lived
particles, including HNLs. Due to the strong theoretical motivation for the existence
of HNLs and their vast unexplored phase space, searches for such particles continue

to pose a promising topic of research.
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Appendix A

Simple error propagation equation

Error propagation equation for function f(z,y) where x and y are two uncorrelated

variables:

() :iJ (o) +(Faw) (A1)

For the case of f(z,y) = ¥, the error on the ratio becomes:

o(f(z,y) = N (?)2 + (CT(;)Y (A.2)

Given & = eqata and y = ey, the uncertainty on the scale factor, which is their ratio,

becomes:

U(f(gdataagMC)) = gdataJ (U(‘gdata)> + <O-(€MC>> (Ag)

EMC Edata EMC

The error on the MC efficiency is constant for up and down variation, whereas
the Clopper-Pearson binomial error is asymmetric for the efficiency on data. The

uncertainty on the scale factor is evaluated separately for the up and down variation.
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Appendix B

Heatmaps for the track-to-vertex

assoclation studies
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Figure B.1: Plots presenting the 2D distribution and lack of correlation between
0z and pr, as well as zp and 0z for tt tracks and PU. There is a tendency towards
dz = 0, particularly for some of the tt tracks.
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as well as tan A vs 2y proving no correlation between them for tt tracks and PU.



Appendix C

Control region validation plots
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Figure C.1: Distribution of the HNL candidate jet transverse momentum in the
resolved control region. The distributions are shown for 2016, 2017 and 2018 scenarios
in the left, middle and right columns, respectively. The distributions are shown for
the OSSF categories in the first two rows, and the SS mixed flavour categories in the

bottom two rows.
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Figure C.2: Distribution of the HNL candidate jet transverse momentum in the DY
control region. The distributions are shown for 2016, 2017 and 2018 scenarios in
the left, middle and right columns, respectively. The distributions are shown for the
SSSF categories in the first two rows, and the OS mixed flavour categories in the
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Figure C.3: Distribution of the HNL candidate jet transverse momentum in the
resolved control region. The distributions are shown for 2016, 2017 and 2018 scenarios
in the left, middle and right columns, respectively. The distributions are shown for
the SSSF categories in the first two rows, and the OS mixed flavour categories in the
bottom two rows.
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Figure C.4: Distribution of the ¢; transverse momentum in the resolved control
region. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OSSF
categories in the first two rows, and the SS mixed flavour categories in the bottom
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Figure C.5: Distribution of the ¢; momentum in the DY control region. The
distributions are shown for 2016, 2017 and 2018 scenarios in the left, middle and
right columns, respectively. The distributions are shown for the SSSF categories in
the first two rows, and the OS mixed flavour categories in the bottom two rows.
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Figure C.6: Distribution of the ¢; transverse momentum in the resolved control
region. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the SSSF
categories in the first two rows, and the OS mixed flavour categories in the bottom

two rows.
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Figure C.7: Distribution of the ¢y transverse momentum in the resolved control
region. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
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Figure C.10: Distribution of the p** in the resolved control region. The distributions
are shown for 2016, 2017 and 2018 scenarios in the left, middle and right columns,
respectively. The distributions are shown for the OSSF categories in the first two
rows, and the SS mixed flavour categories in the bottom two rows.
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Figure C.14: Distribution of the dilepton mass in the resolved control region. The
distributions are shown for 2016, 2017 and 2018 scenarios in the left, middle and
right columns, respectively. The distributions are shown for the OSSF categories in
the first two rows, and the SS mixed flavour categories in the bottom two rows.
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Figure C.15: Distribution of the 3-body invariant mass variable in the DY control
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Figure C.16: Distribution of the 3-body invariant mass variable in the resolved
control region. The distributions are shown for 2016, 2017 and 2018 scenarios in
the left, middle and right columns, respectively. The distributions are shown for the
OSSF categories in the first two rows, and the SS mixed flavour categories in the
bottom two rows.
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Figure C.17: Distribution of the sphericity event shape variable in the DY control
region. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OSSF
categories in the first two rows, and the SS mixed flavour categories in the bottom
two rows.
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Figure C.18: Distribution of the sphericity event shape variable in the resolved
control region. The distributions are shown for 2016, 2017 and 2018 scenarios in
the left, middle and right columns, respectively. The distributions are shown for the
OSSF categories in the first two rows, and the SS mixed flavour categories in the
bottom two rows.
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Figure C.19: Distribution of the aplanarity event shape variable in the DY control
region. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OSSF
categories in the first two rows, and the SS mixed flavour categories in the bottom
two rows.
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Figure C.20: Distribution of the aplanarity event shape variable in the resolved
control region. The distributions are shown for 2016, 2017 and 2018 scenarios in
the left, middle and right columns, respectively. The distributions are shown for the
OSSF categories in the first two rows, and the SS mixed flavour categories in the
bottom two rows.
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Figure C.21: Distribution of the C-parameter event shape variable in the DY control
region. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OSSF
categories in the first two rows, and the SS mixed flavour categories in the bottom
two rows.
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Figure C.22: Distribution of the C-parameter event shape variable in the resolved
control region. The distributions are shown for 2016, 2017 and 2018 scenarios in
the left, middle and right columns, respectively. The distributions are shown for the
OSSF categories in the first two rows, and the SS mixed flavour categories in the
bottom two rows.
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Figure C.24: Distribution of the isotropy event shape variable in the resolved control
region. The distributions are shown for 2016, 2017 and 2018 scenarios in the left,
middle and right columns, respectively. The distributions are shown for the OSSF
categories in the first two rows, and the SS mixed flavour categories in the bottom
two rows.
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Figure D.1: Scale factor values evaluated for displaced muon loose identification
criteria as a function of the muon pr and |d;?| obtained via the tag-and-probe

method in B¥ — J/¢YK* — pu~put K* events. These values have been implemented
in the analysis framework as correction scale factors.
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Figure D.2: Scale factor values evaluated for displaced muon loose identification
criteria as a function of the muon pr and |d,,| obtained via the tag-and-probe method
in B — J/YK* — p~pt K+ events.
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Figure E.1: Data to MC agreement plots in the 3-lepton CR for the leading, subleading
and trailing lepton 7 distributions. Plots on the left do not have custom electron 1D

applied whereas those on the right do.
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Figure E.2: Data to MC agreement plots in the 3-lepton CR for the leading, subleading
and trailing lepton ¢ distributions. Plots on the left do not have custom electron ID
applied whereas those on the right do.
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Figure E.3: Data to MC agreement plots in the 3-lepton CR for An(¢1e) and An(lze).
Plots on the left do not have custom electron ID applied whereas those on the right

do.
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Figure E.4: Data to MC agreement plots in the 3-lepton CR for A¢(¢1e) and Ag(lze).
Plots on the left do not have custom electron ID applied whereas those on the right
do.
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Figure E.5: Data to MC agreement plots in the 3-lepton CR for AR(¢1¢e) and AR({ze).
Plots on the left do not have custom electron ID applied whereas those on the right
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Figure E.6: 2D efficiency distributions evaluated for displaced electron identification
using the raw method on both data (left) and MC (right) for kinematic variable
pairs of interest (2017).
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Figure E.7: 2D efficiency distributions evaluated for displaced electron identification
using the raw method on both data (left) and MC (right) for kinematic variable

pairs of interest (2018).
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Figure E.8: 2D efficiency distributions evaluated for displaced electron identification
using the geometric mean method on both data (left) and MC (right) for kinematic

variable pairs of interest (2016).
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Figure E.9: 2D efficiency distributions evaluated for displaced electron identification
using the geometric mean method on both data (left) and MC (right) for kinematic
variable pairs of interest (2017).
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Figure E.10: 2D efficiency distributions evaluated for displaced electron identification
using the geometric mean method on both data (left) and MC (right) for kinematic
variable pairs of interest (2018).
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Figure E.11: Scale factors evaluated via the “raw” approach on displaced electron
identification for pp(e) vs dii¢(e) kinematic variable pair for all three data taking

years.
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Figure E.12: Scale factors evaluated via the “raw” approach on displaced electron
identification for pr(e) vs dy,(e) kinematic variable pair for all three data taking

years.
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Figure E.13: Scale factors evaluated via the “geometric mean” approach on displaced
electron identification for pr(e) vs di¢(e) kinematic variable pair for all three data

taking years. Uncertainties presented are statistical only.
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Figure E.14: Pull values estimated between the “raw” and “geometric mean” scale
factor approaches on the pr(e) vs d(e) kinematic variable pair for all three data

taking years.
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Figure E.15: Scale factors evaluated via the “geometric mean” approach on displaced
electron identification for pr(e) vs di¢(e) kinematic variable pair for all three data

taking years including systematic uncertainties. These scale factors are eventually
propagated further in the HNL analysis.



E.3. Displaced electron ID scale factors 298

, CMS Preliminary 35.92 fb'2016) , CMS Preliminary 41.53 fb7(2017)
< 10 2 =< 10 .
® 23 18 2
Q] 1.8 8 0] : %
= o = 16 %
o) 16 23 o
e 52 3
o 143 14 3
1.2 1.2
10 1 10 1
0.8 0.8
-2 -1 0 1 2 0.6 -2 -1 0 1 2
n(e) n(e)
(a) (b)
, CMS Preliminary 59.68 fb'(2018)
%; 10 13 §
0} 1.2 §
@ 1.1 %
o T8
0.9
0.8
10 0.7
0.6

n(e)

Figure E.16: Scale factors evaluated via the “raw” approach on displaced electron
identification for pr(e) vs n(e) kinematic variable pair for all three data taking years.
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Figure E.17: Scale factors evaluated via the “geometric mean” approach on displaced
electron identification for pr(e) vs dy,(e) kinematic variable pair for all three data
taking years.
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Figure E.18: Scale factors evaluated via the “geometric mean” approach on displaced
electron identification for pr(e) vs n(e) kinematic variable pair for all three data
taking years.
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Figure E.19: Pull values estimated between the “raw” and “geometric mean” scale
factor approaches on the pr(e) vs dyy(e) kinematic variable pair for all three data
taking years.
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Figure E.20: Pull values estimated between the “raw” and “geometric mean” scale
factor approaches on the pr(e) vs n(e) kinematic variable pair for all three data
taking years.
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Figure E.21: 2D efficiency distributions evaluated for displaced electron identification
using the geometric mean method on both data (left) and MC (right) for pr(e)
VS dfvzi(e) kinematic variable pair for all three data taking years in the low pile-up

region.



E.4. Displaced electron ID scale factor systematic uncertainty study 304

5 CMS Preliminary 35.92 fb'(2016) 5 CMS Preliminary 35.92 fb(2016)
< 10 —~< 10 o
3 ES °SE
0.4 O o
o} S 04 5
o 0370 o
e g% 03
022 =
0.1
10 10
0
102 107" 1 10 G 102 1072 107 1 10 oo 102
Ohy (€) d,y (e)
(a) (b)
) CMS Preliminary 41.53 fb'(2017) 5 CMS Preliminary 41.53 tb(2017)
%; 10 € % 10 €
0] 0.4 % o} 4 §
9,'_ 0.3 g 3'_ 0.3 g
< 028 < 02%
25 )
0.1 0.1
10 10
0
1072 107 1 10 .o 10? 1072 107" 1 10 oo 102
dxy (e) dxy (e)
(c) (d)
’ CMS Preliminary 59.68 fb'(2018) ) CMS Preliminary 59.68 fb(2018)
% 10 . € % 10 €
e ‘80 43
e &< )
© 0.3 =0 =
- £ 0.3 %
o 0.2 S o =
- 02 “
0.1
10 10 0.1
1072 107 1 10 .o 102 1072 107" 1 10 oo 102
dxy (e) dxy (e)
(e) ()

Figure E.22: 2D efficiency distributions evaluated for displaced electron identification
using the geometric mean method on both data (left) and MC (right) for pr(e) vs
di;g(e) kinematic variable pair for all three data taking years in the high pile-up
region.
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Figure E.23: Scale factors evaluated via the “geometric mean” approach on displaced
clectron identification for pr(e) vs d3¢(e) kinematic variable pair for all three data
taking years in the low pile-up region.
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Figure E.24: Pull values estimated between the inclusive scale factors and those
evaluated in the low pile-up region on the pr(e) vs diig" (e) kinematic variable pair for
all three data taking years.
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Figure E.25: Scale factors evaluated via the “geometric mean” approach on displaced
clectron identification for pr(e) vs d3¢(e) kinematic variable pair for all three data

taking years in the high pile-up region.
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Figure E.26: Pull values estimated between the inclusive scale factors and those
evaluated in the high pile-up region on the pp(e) vs d¢(e) kinematic variable pair
for all three data taking years.



Appendix F

Complementary material to the

BDT event classifier study

F.1 2D heatmaps between the tagger score and
BDT input features

Below are presented an extensive set of heatmap distributions of background pro-
cesses between the displaced jet tagger information and various BDT input features
considered, divided in dilepton flavour subcategories. The mutual information co-
efficient is shown at the bottom of each plot and the distributions are subsampled

according to Sec. 8.3.
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Figure F.1: 2D heatmaps between the tagger score and various BDT feature inputs
in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+OS).
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Figure F.2: 2D heatmaps between the tagger score and various BDT feature inputs
in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+OS).
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Figure F.3: 2D heatmaps between the tagger score and various BDT feature inputs
in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+OS).
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Figure F.4: 2D heatmaps between the tagger score and various BDT feature inputs
in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+OS).
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F.2 2D heatmaps between the m({y, (s, j*) variable
and BDT input features

Below are presented an extensive set of heatmap distributions of background processes
between the m({y, {5, j*) variable and various BDT input features considered, divided
in dilepton flavour subcategories. The mutual information coefficient is shown at the

bottom of each plot and the distributions are subsampled according to Section 8.3.
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Figure F.5: 2D heatmaps between m(¢1, {5, j*) and various BDT feature inputs
in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+OS).
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Figure F.6: 2D heatmaps between m({q,(s,j*) and various BDT feature inputs
in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+OS).
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Figure F.7: 2D heatmaps between m({q,(s,j*) and various BDT feature inputs
in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+OS).
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2D heatmaps between m({y,¢5,j*) and various BDT feature inputs

in the signal region investigating potential correlations between them. The plots
contain only background processes the BDT is trained on, subsampled based on their
expected cross-sections (2016 MC) and are presented by the four dilepton flavour
categories the BDT is trained on, with the dilepton charge combined (SS+0OS).
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F.3 Correlation studies between the m({y, (5, j*) vari-
able and BDT inputs

By looking at an extensive set of heatmap distributions in App. F.2 between the
m(y, ls,j*) variable and various BDT input features, information on the extent of
correlation between the m(¢y, f,j*) variable and BDT input features is obtained.
Stronger correlation is observed in the general shape and mutual information value
between the m(fy,(,j*) variable and Hr, pr(€1), pr(j*), m(f1, l2), AR((1, {y) and
|A@(¢1,05)|. Most of these variables are components of the m(¢q, {5, j*) by definition.
Hence, it is not surprising that correlation is identified between m(¢y, f5,j*) and them.

The driving variable of Hr is pr(j*), which is a component of m(¢q, €5, *).

In Figs. F.9 & F.10, rankings of potential BDT input features by their extent of
correlation with the m(¢y,/s,j*) variable in the four dilepton flavour categories
(dilepton charge combined, 2016 simulation) have been constructed using the Pearson
correlation coefficient and the mutual information as quantitative metrics. Both
metrics prove that the pr(j*), dilepton mass, pr(¢1), Hr, AR({y,¢5) and |A¢(ly, ls)|
are the most correlated variables with m(¢y, {5, j*), providing information on building
BDT models that are uncorrelated from the m(¢q, ¢5,j*) variable, as well as avoiding

the usage of redundant input variables (further information in Sec. 8.4).
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F.3. Correlation studies between the m({y, (5, j*) variable and BDT inputs

(%)) uoa3d@|3s!
(1Y) uoad3|3s!
abueyd uoyda|ip

Aypusyds

D adeys juang
Lw

|(ssidid ‘)90l

1d uoyda| buipeajqns
Adonos|
Ayueinoa)

<H

1tngvl

4d 39l INH

1d uoyda| buipes|
©nyv

ssew uoyda|ip

BDT input vars. ranking by Mutual Information (u e, 2016)

e
=]

S © ©o ©o o o o
(A®9) ([¢11)w sA siea 3ndul 1qg) uonewloul [emniy

¥ N © ® v %
H~ A4 A4 © o o

0.00 -

(2)) uond33s!
u04309|3s!

Aeueldy
Apuayds

D adeys juang
Ul 320 INH
(s TPV
ssibd

w

Ayuenoa)
Adonos|

abieyd uoyda|ip
1Emnevl

1d uoyda| buipes|qns
1H

©nyv

1d uoydaj buipes|
ssew uoydajip

4d 33 INH

BDT input vars. ranking by Mutual Information (uu, 2016)

N © n ¥ MmN A 9O
@ e @ @ ¢ © o o
o ©o o o © o o o

(A29) (/Y )w sA siea Jndul 1ag) uonewoju| [eniniy

(%)) uond33s|
(7)) uoayd3|
ab.eyd uoyda|ip
Iyl

ssd

Ul 320 INH

Inul

Aueueldy
Apusyds

Lw

D adeys Juang

1d uoyda| buipeajgns
W(ssuid TPV
Ayenaan

Adosyos|

1wl

‘H

@tnyv

1d uoyda| buipes|
ssew uoyda|ip

4d 3180 INH

BDT input vars. ranking by Mutual Information (ee, 2016)

® © = 9«
IS S IS °
o o o o
{(A99) (FéT)w sA stea Indul 1ag) uohew.oju| [eminiy

0.10
0.00 -

(4) uona|3st

D adeys juang
Apusyds

Ul 320 INH
Aueueldy

Il

I(ssuid TV
ssibd

abueyd uoyda|ip
Lw

Ayeinoad
Adonjos|

1d uoydaj buipes|qns
‘H

[(CRLAY]

1d 32l INH

1d uoyda| Buipes|
@tnyv

ssew uoyda|ip

BDT input vars. ranking by Mutual Information (eu, 2016)

=3 @ © < o o
= Q e < ] e
=} o o o o =)

{(A29) (FfT)w sA steA Indul 1ag) uonew Ul [emniy

BDT input feature ranking by extent of correlation to m(¢y, (3, j*),

Figure F.10

tric (2016 simulation).

the mutual information me

using



F.4. Performance plots of the correlated BD'T model

321

F.4 Performance plots of the correlated BDT model

Below are presented the performance plots of the correlated BDT model.
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Figure F.11: Classification error development by training epoch of the correlated
BDT model, as well as in the test data set.

XGBoost Log Loss - 2016

— Train
Test

0 100

300
Epochs

(a)

200 400

XGBoost Log Loss - 2017

XGBoost Log Loss - 2018

E—
\ To

— Train
| Test

300
Epochs.

(b)

0 100

200
Epochs

()

Figure F.12: Logarithmic loss development by training epoch of the correlated BDT
model, as well as in the test data set.
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Figure F.15: 2D heatmaps between the BDT score of the correlated model and
displaced jet tagger information, categorized by dilepton flavour and combined
dilepton charge. Stronger correlation between the tagger information and the BDT
output is observed for both background (top row) and signal (bottom row) 2016 MC
simulation processes.
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F.5 Complete nuisance parameter pulls and im-

pacts

Below are presented the impacts and pulls of the nuisance parameters from the final

fit in the unblinded SR of the HNL search.
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Figure F.16: NP pulls ranked by decreasing impact values. Impacts 1-60 are shown.
Signal model used: my = 10GeV, crg = 1mm, V, =V, = V..
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Figure F.17: NP pulls ranked by decreasing impact values. Impacts 61-120 are
shown. Signal model used: my = 10GeV, crp = 1mm, V, =V, = V.
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Figure F.18: NP pulls ranked by decreasing impact values. Impacts 121-180 are
shown. Signal model used: my = 10GeV, crp = 1mm, V, =V, = V.
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Figure F.19: NP pulls ranked by decreasing impact values. Impacts 181-240 are
shown. Signal model used: my = 10GeV, crp = 1mm, V, =V, = V.
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NP pulls ranked by decreasing impact values. Impacts 241-300 are
shown. Signal model used: my = 10GeV, ey = 1mm, V. =V, = V..
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Figure F.21: NP pulls ranked by decreasing impact values. Impacts 301-360 are
shown. Signal model used: my = 10GeV, crp = 1mm, V, =V, = V.
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Figure F.22: NP pulls ranked by decreasing impact values. Impacts 361-420 are
shown. Signal model used: my = 10GeV, crp = 1mm, V, =V, = V.
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Figure F.23: NP pulls ranked by decreasing impact values. Impacts 421-480 are
shown. Signal model used: my = 10GeV, ey = 1mm, V. =V, = V..
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