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Abstract

A search for signatures of a dark analog to quantum chromodynamics is performed. The

analysis targets long-lived dark mesons that decay into Standard Model particles with a

high branching fraction to muons. It is the first search at the Large Hadron Collider (LHC)

that targets the decay of Hidden Valley dark showers into muons. A unique dataset with

1010 B meson events is used. It was collected by the CMS experiment at the CERN LHC

in 2018 using displaced muon triggers, which have high efficiency for the signal models.

Resonant dimuon signatures are searched for, with both pointing and non-pointing topolo-

gies. No significant excess is observed beyond the Standard Model expectation. Upper

limits on the branching ratio of the Higgs boson decays to dark partons are determined

to be as low as about 10−4, at 95% confidence level, surpassing and extending existing

limits for the mean proper lifetime of less than approximately 0.1 m and for a mass as

low as 2 GeV. First limits are set for extended dark shower models, probing the low-mass

region down to 0.33 GeV.
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Chapter 1

Introduction

One of the biggest open questions in particle physics is the nature of dark matter. Various

astrophysical observations provide strong evidence for the existence of a form of matter

that does not interact with the electromagnetic force but has mass, known as dark matter.

A compelling example is the measurement of galaxy rotation curves, which show that

the rotation velocities are higher than expected, strongly indicating the existence of dark

matter [1]. About 27% of the energy content of our Universe is believed to be made up of

dark matter, compared to only 5% being visible matter [1, 2, 3, 4].

Many theories beyond the Standard Model (SM) of particle physics predict the existence

of dark matter which can be probed with particle colliders. The Hidden Valley model is

a class of model that gives long-lived dark particles with high multiplicity, and therefore

has a rich phenomenology. This thesis presents a search for Hidden Valley dark showers

decaying into displaced muons with the Compact Muon Solenoid (CMS) experiment.

This is the first search at the Large Hadron Collider (LHC) that targets the decay of dark

showers into muons.

In this thesis, an overview of the SM of particle physics is provided in Chapter 2. Dark

matter is not explained by the SM, which motivates the need for theories beyond the SM.

Chapter 3 gives an introduction to Hidden Valley models, in which the SM is extended by

a non-Abelian gauge group. The different benchmark models considered in the analysis

are presented.

An overview of the LHC and the different subdetectors of the CMS experiment is given

in Chapter 4. The reconstruction of particles in the CMS experiment is discussed in

Chapter 5. The LHC will be upgraded to provide an unprecedented level of luminosity

and pileup, which necessitate upgrades of the CMS detector to cope with the challenging

detector environment. Chapter 6 discusses an upgrade that involves performing vertexing

using neural networks in the first level of the trigger system, which is used to make fast
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selection of collision events. Results showing the performance of the vertexing, and its

impact on the trigger efficiency and rate are presented.

The analysis strategy is discussed in Chapter 7. A unique B-parking dataset is used for

the search, which utilises delayed reconstruction to record a large number of displaced

decays into muons. Event-level Boosted Decision Trees are trained in the analysis to

discriminate between the signal and the background, and they show high capability in

rejecting background. In Chapter 8, studies with data are presented, as well as details

of the signal parametrisation and background estimation. Different sources of systematic

uncertainties are then discussed. Upper limits are imposed on the branching ratio of the

Higgs boson decaying into dark partons, which will be presented for different benchmark

models considered in the analysis. Finally, conclusions are drawn in Chapter 9.
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Chapter 2

The Standard Model of particle physics

2.1 Introduction

In this Chapter, a brief overview of the Standard Model of particle physics is provided.

The fundamental particles, and the relationships and interactions between them are dis-

cussed. The review is based on Ref. [5].

2.2 Overview of the Standard Model

The Standard Model of particle physics encapsulates the current understanding of ele-

mentary particles and the interactions between them, which are forces described by the

exchange of particles. It agrees with almost all current experimental data and represents

one of the successes of modern physics.

Normal matter is made up of atoms, which are bound states of negatively charged elec-

trons (e−) which orbit around a central nucleus consisting of positively charged protons

(p) and electrically neutral neutrons (n). At higher energy scales, protons and neutrons

are found to be bound states of fundamental particles referred to as quarks. The proton

consists of two up-quarks and a down-quark, p(uud), while the neutron consists of two

down-quarks and an up-quark, n(ddu). Another fundamental particle encountered in na-

ture comes from nuclear β -decays of certain isotopes and the nuclear fusion processes in

the Sun, and it is known as the electron neutrino (νe), which is nearly massless.

The up-quark, the down-quark, the electron and electron neutrino are collectively known

as the first generation. Further generations of particles were observed by particle exper-

iments - for each of the four first-generation particles, there are two copies which differ

only in their masses, leading to the second and third generations. Therefore the matter

content of the Universe appears to be described by twelve fundamental spin-half parti-
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cles, which are summarised in Table 2.1. The particles can be divided into quarks and

leptons.

The quarks and leptons interact through the four fundamental forces, which are gravity,

electromagnetism, the strong force and the weak force. The gravitational force between

particles is extremely small and it is negligible compared to the other forces. All twelve

fundamental particles interact through the weak force, while only electrically charged par-

ticles feel the electromagnetic force. Each force is described by a Quantum Field Theory

(QFT) corresponding to the exchange of a spin-1 force-carrying particle, referred to as a

gauge boson. The massless photon is the gauge boson responsible for the electromagnetic

interaction. The strong force is mediated by the gluon, which is massless like the photon.

Only quarks can interact through the strong force, but not leptons. Weak interactions are

mediated by massive W and Z bosons. The gauge bosons are summarised in Table 2.2.

Leptons Quarks

Particle Q mass (GeV) Particle Q mass (GeV)

First generation electron (e−) -1 0.0005 down (d) -1/3 0.003

neutrino (νe) 0 < 10−9 up (u) +2/3 0.005

Second generation muon (µ−) -1 0.106 strange (s) -1/3 0.1

neutrino (νµ ) 0 < 10−9 charm (c) +2/3 1.3

Third generation tau (τ−) -1 1.78 bottom (b) -1/3 4.5

neutrino (ντ ) 0 < 10−9 top (t) +2/3 174

Table 2.1: The twelve fundamental fermions in the Standard Model, divided into three

generations of quarks and leptons. The electric charge and the current mass of each

particle are shown [5].

Force Boson Spin Electric charge Mass (GeV)

Strong Gluon (g) 1 0 0

Electromagnetism Photon (γ) 1 0 0

Weak W boson (W±) 1 ±1 80.4

Z boson (Z) 1 0 91.2

Table 2.2: The three fundamental forces described by the Standard Model, and their cor-

responding gauge bosons [5].

The final element of the Standard Model is the Higgs boson, which has a mass of 125.11±
0.11 GeV [6]. It was discovered by the CMS and ATLAS experiments at the Large Hadron

Collider in 2012 [7, 8]. Unlike the other Standard Model particles, it is a scalar particle

(spin-0) and is the only fundamental scalar discovered to date. Crucially, the Higgs boson

provides the mechanism by which all other particles acquire mass, with the exception of

neutrinos for which the mechanism is still unknown. The Higgs boson can be thought of as

an excitation of the Higgs field, which is believed to have a non-zero vacuum expectation

value. Particles acquire their masses by interacting with the non-zero Higgs field, which

is known as the Higgs mechanism. This will be discussed in more detail in Section 2.7.
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2.3 Introduction to gauge theories

In QFT, particles are described by excitations of quantum fields which satisfy quantum

mechanical field equations. The dynamics of the QFT can be expressed using a La-

grangian density. Spin-0 scalar particles with mass m can be described as excitations

of a scalar field φ(xµ) = φ(t,x,y,z). The Lagrangian for a free non-interacting scalar field

can be written as:

LS =
1

2
(∂µφ)(∂ µφ)− 1

2
m2φ 2 , (2.1)

where ∂µ ≡ ∂
∂xµ represent the derivatives with respect to each of the four space-time

coordinates. The first term in Eq. (2.1) represents the kinetic term, while the second term

is the potential term. In the Lagrangian formalism, the principle of least action can be

used to derive the Euler-Lagrange equation for the field, which can be shown to be:

∂µ

(

∂L

∂ (∂µφ)

)

− ∂L

∂φ
= 0 . (2.2)

Substituting the Lagrangian in Eq. (2.1) into the Euler-Lagrange equation in Eq. (2.2)

gives:

∂µ∂ µφ +m2φ = 0 , (2.3)

which is known as the Klein-Gordon equation for a free scalar field φ(x). Spin-half

particles can be described by a spinor field ψ(x) with the Lagrangian:

LD = iψγµ∂µψ −mψψ , (2.4)

where ψ is a four-component complex spinor, ψ is the adjoint spinor and γµ are the γ

matrices. Deriving the Euler-Lagrange equation for the spinor field ψ gives the Dirac

equation:

iγµ(∂µψ)−mψ = 0 , (2.5)

which describes the dynamics of spin-half fermions.
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2.4 Quantum electrodynamics

Requiring the Dirac equation to be invariant under a U(1) local gauge symmetry intro-

duces the electromagnetic interaction. This can be expressed as the invariance of the

Lagrangian under the local phase transformation:

ψ(x)→ ψ ′(x) = eiqχ(x)ψ(x) , (2.6)

where q is the coupling strength. It is a local transformation as the phase χ(x) is a function

of the space-time coordinates. Under this U(1) local phase transformation, the Lagrangian

for a free spin-half particle shown in Eq. (2.4) is not invariant. The required gauge in-

variance can be restored by replacing the derivative ∂µ in Eq. (2.4) with the covariant

derivative Dµ :

∂µ → Dµ = ∂µ + iqAµ , (2.7)

where Aµ is a new field. To achieve gauge invariance under a local U(1) gauge transfor-

mation, the new field is required to transform as:

Aµ → A′
µ = Aµ −∂µ χ . (2.8)

Hence the introduction of the gauge field Aµ with well-defined gauge transformation prop-

erties is necessary for local gauge invariance. The Lagrangian for quantum electrody-

namics (QED) which describes the fields for the electron (with q =−e) can therefore be

written as:

LQED = ψ(iγµ∂µ −me)ψ + eψγµψAµ − 1

4
FµνFµν , (2.9)

where there is a term describing the interaction of the fermion with the field Aµ , which

can be identified as the photon. The kinetic term contains the field Fµν , defined as Fµν =

∂µAν −∂νAµ . The kinetic term −1
4
FµνFµν can be shown to be invariant under U(1) local

phase transformations.

An important result, referred to as the Noether’s theorem [9], states that there exists a

conserved quantity associated with a symmetry of the Lagrangian. The U(1) symmetry in

QED leads to the conservation of the electric charge.
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2.5 Quantum chromodynamics

For quantum chromodynamics (QCD), which is the QFT of the strong interaction, the

underlying symmetry corresponds to invariance under SU(3) local phase transformations:

ψ(x)→ ψ ′(x) = exp
[

igSααα(x) · T̂TT
]

ψ(x) , (2.10)

where T̂TT = {T a} are the eight generators of the SU(3) group, which are related to the

Gell-Mann matrices by T a = 1
2
λa, ααα(x) are eight functions of the space-time coordinates,

and gS is the coupling strength of the strong interaction. As the generators are represented

by 3× 3 matrices, three additional degrees of freedom in ψ are introduced, which can

be represented by a three component vector. The new degrees of freedom are referred to

as colours, which are labelled as red, blue and green. To achieve local gauge invariance,

eight new fields Ga
µ(x) are introduced, where the index a = 1, ...,8 each corresponds to

one of the eight generators of the SU(3) symmetry. Following the same prescription as

before to achieve gauge invariance, the partial derivatives ∂µ are replaced by covariant

derivatives Dµ :

∂µ → Dµ = ∂µ + igST aGa
µ(x) . (2.11)

The gauge fields Ga
µ(x) are required to transform under a local SU(3) gauge transforma-

tion as:

Ga
µ → Ga

µ
′ = Ga

µ −∂µαa −gS fabcαbGc
µ . (2.12)

The last term in Eq. (2.12) arises due to the fact that the generators of the SU(3) symmetry

do not commute, and the fabc are known as the structure constants of the SU(3) group,

which are defined by the commutation relations [λa,λb] = 2i fabcλc. As the generators of

SU(3) do not commute, QCD is known as a non-Abelian gauge theory. The fields Ga
µ are

the gluons of QCD. The additional term in Eq. (2.12) leads to gluon self-interactions. The

Lagrangian for quantum chromodynamics can then be written as:

LQCD = ψ(iγµ∂µ −m)ψ −gSψγµT aGa
µψ − 1

4
Gµν

a Ga
µν , (2.13)

where G
µν
a = ∂ µGν

a −∂ νG
µ
a −gS fabcG

µ
b Gν

c is the field strength tensor of QCD.

There is a lot of experimental evidence for the existence of quarks, for example from

the discovery of the Ω baryon (which is formed by three strange quarks) [10] and deep
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inelastic scattering experiments [11, 12]. However, quarks have never been observed as

free particles. This can be explained by colour confinement, which states that coloured

objects are always confined to colour singlet states and that no objects with non-zero

colour charge can propagate as free particles [13]. The confinement leads to quarks and

gluons always being confined to colourless objects. Therefore, unlike photons, gluons

do not propagate over long distances. Moreover, only certain combinations of quarks

and antiquarks are allowed to form bound hadronic states because the resulting states are

required to be colour singlets. They can be characterised as mesons (qq̄), baryons (qqq)

and antibaryons (q̄q̄q̄). QCD has a property known as asymptotic freedom, which means

the strength of the coupling αS ∼ g2
S decreases with the scale of energy transfer [14, 15].

Therefore perturbation theory can only be used at high energy scales.

The proton not only contains two up quarks and a down quark (known as the valence

quarks), but also contains a sea of virtual gluons that give rise to quarks (known as sea

quarks) through pair production. The quarks inside the proton interact with each other

through the exchange of gluons. This results in a distribution of quark momenta within

the proton. These distributions are expressed in terms of Parton Distribution Functions

(PDFs). They are extracted from high-energy measurements in different experiments.

2.6 Electroweak sector

The charged-current weak interaction is associated with invariance under SU(2) local

phase transformations:

φ(x)→ φ ′(x) = exp[igW ααα(x) ·TTT ]φ(x) , (2.14)

where TTT are the three generators of the SU(2) group, ααα(x) are three functions which

specify the local phase and gW is the coupling strength of the weak interaction. The

generators can be written in terms of the Pauli spin matrices as TTT = 1
2
σσσ . Three gauge

fields W k
µ (W

(1)
µ ,W

(2)
µ and W

(3)
µ ) are introduced to achieve local gauge invariance. The

physical W bosons can be identified as linear combinations of the gauge fields:

W±
µ =

1√
2

(

W
(1)
µ ∓ iW

(2)
µ

)

(2.15)

As it was observed that the weak charge-current interaction couples only to left-handed

(LH) chiral particle states and right-handed (RH) chiral antiparticle states [16], the sym-

metry group of the weak interaction is referred to as SU(2)L.

One of the main goals of particle physics is to provide a unified description of the fun-
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damental particles and their interactions. In the 1960s, Glashow, Salam and Weinberg

(GSW) developed a unified picture of the electromagnetic and weak interactions [17, 18,

19]. In the GSW electroweak model, the U(1) gauge symmetry of electromagnetism is

replaced by a new U(1)Y local gauge symmetry:

ψ(x)→ ψ ′(x) = exp

[

ig′
Y

2
ζ (x)

]

ψ(x) , (2.16)

which gives rise to a new gauge field Bµ that couples to a new charge referred to as

hypercharge Y . The coupling strength is denoted by g′ and the local phase is given by

ζ (x). In the unified electroweak model, the photon and the Z boson are written as linear

combinations of the Bµ and the neutral W
(3)
µ of the weak interaction:

Aµ = BµcosθW +W
(3)
µ sinθW , (2.17)

Zµ =−BµsinθW +W
(3)
µ cosθW , (2.18)

where θW is the weak mixing angle. The underlying gauge symmetry is the U(1)Y of weak

hypercharge and the SU(2)L of the weak interaction, which can be written as SU(2)L ×
U(1)Y . For invariance under transformations of both gauge groups, it can be shown that

q = I
(3)
W +

1

2
Y (2.19)

and

e = gW sinθW = g′cosθW , (2.20)

where I
(3)
W is the third component of the weak isospin, which is a quantum number of the

weak interaction.

The Lagrangian for the electroweak theory can be written as:

LEW = iψγµDµψ − 1

4
BµνBµν −

1

4
W µν

a W a
µν , (2.21)

where Dµ = ∂µ + 1
2
ig′Y Bµ + igW TTT ·WWW µ , and Bµν and Wµν are the field strength tensors

for Bµ and W a
µ respectively.

2.7 The Higgs mechanism

In the Standard Model, particles acquire masses through interactions with the Higgs field,

as the inclusion of particle masses in the Lagrangian breaks local gauge invariance. The
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Higgs mechanism [20, 21, 22, 23, 24, 25] is based on spontaneous symmetry breaking of

the SU(2)L ×U(1)Y gauge symmetry. A complex scalar SU(2) doublet φ is introduced:

φ =

(

φ+

φ 0

)

=
1√
2

(

φ1 + iφ2

φ3 + iφ4

)

, (2.22)

where φ+ and φ 0 are complex scalar fields. The Lagrangian for the complex scalar dou-

blet is given by:

L = (Dµφ)†(Dµφ)−V (φ) , (2.23)

with the Higgs potential

V (φ) = µ2φ †φ +λ (φ †φ)2 . (2.24)

The covariant derivatives in the electroweak theory (as shown in Section 2.6) are used

in the Lagrangian such that it respects the SU(2)L ×U(1)Y local gauge symmetry. For

µ2 < 0, the Higgs potential has an infinite set of degenerate minima which satisfy:

φ †φ =
1

2
(φ 2

1 +φ 2
2 +φ 2

3 +φ 2
4 ) =

v2

2
=−µ2

2λ
, (2.25)

where v denotes the vacuum expectation value of the Higgs field. The choice of the phys-

ical vacuum state spontaneously breaks the symmetry of the Lagrangian. After symmetry

breaking, the neutral photon is required to remain massless, so the minimum of the poten-

tial corresponds to a non-zero vacuum expectation value only for the neutral scalar field

φ 0:

⟨0|φ |0⟩= 1√
2

(

0

v

)

(2.26)

The fields can then be expanded about the minimum. In the unitary gauge, the Higgs

doublet can be written as:

φ(x) =
1√
2

(

0

v+h(x)

)

(2.27)

The resulting Lagrangian is referred to as the Salam-Weinberg model. The lower com-

ponent of the Higgs doublet is neutral and has I3
W = −1

2
. With Eq. (2.19), it can be seen

that the Higgs doublet has hypercharge Y = 1. Therefore the covariant derivative acting
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on the Higgs doublet φ can be written as :

Dµφ =
1

2

[

2∂µ +
(

igW σσσ ·WWW µ + ig′Bµ

)]

φ (2.28)

The term in the Lagrangian that generates the masses of the gauge bosons is (Dµφ)†(Dµφ),

which is given by:

(Dµφ)†(Dµφ) =
1

2
(∂µh)(∂ µh)+

1

8
g2

W

(

W
(1)
µ + iW

(2)
µ

)(

W (1)µ − iW (2)µ
)

(v+h)2

+
1

8

(

gWW
(3)
µ −g′Bµ

)(

gWW (3)µ −g′Bµ
)

(v+h)2

(2.29)

The mass of the W boson can be determined by the quadratic terms in W 1
µ and W 2

µ . The

terms that are quadratic in the neutral W 3 and B fields can be written in matrix form.

Diagonalising the mass matrix and finding the eigenvalues give the masses of the photon

and the Z boson. The gauge bosons masses are therefore found as:

mW =
1

2
gW v ,mA = 0 and mZ =

1

2
v

√

g2
W +g

′2 . (2.30)

A mass term for the Higgs boson arises from the potential, which can be written as mH =
√

−2µ2.

The same mechanism can be used to provide mass terms for quarks and charged lep-

tons. The Yukawa interaction term is introduced, which is invariant under SU(2)L×U(1)Y

transformations:

LYukawa =−g f

(

LφR+Rφ †L
)

, (2.31)

where g f corresponds to the Yukawa coupling, L represents a SU(2) doublet of left-handed

chiral fermions, and R denotes a SU(2) singlet of right-handed fermions. After sponta-

neous symmetry breaking, the fermion mass is proportional to the Yukawa coupling, given

by m f = vg f /
√

2. The masses of fermions are free parameters of the Standard Model and

must be measured experimentally.

The right-handed chiral neutrino states do not participate in any of the interactions of the

Standard Model, so there is no direct evidence that they exist. However studies of neutrino

oscillations show that neutrinos have mass, so there must be a corresponding mass term

in the Lagrangian. The exact mechanism under which neutrinos obtain masses is still an

open question in particle physics.
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Chapter 3

Dark matter and Hidden Valley models

3.1 Introduction

The Standard Model has made many successful predictions, however there remain many

open questions to be answered. One of the biggest questions is the nature of dark matter

(DM). From various astrophysical observations, the existence of a “dark” form of matter

is inferred, which is matter that does not interact with the electromagnetic force but has

mass. Aside from the measurement of galaxy rotation curves, there is also other evidence

of dark matter, for example from gravitational lensing effects (with the Bullet cluster be-

ing the most promising example [26]) and the cosmic microwave background [2]. About

27% of the energy content of our Universe is believed to be made up of dark matter,

compared to only 5% being visible matter [1, 2, 3, 4].

Many theories beyond the Standard Model (BSM) predict the existence of a dark sector

which can be probed with collider experiments. They often involve a dark matter can-

didate and a mediator particle that couples to both SM and dark matter particles. In this

Chapter, Hidden Valley models will be discussed, which are the target of the search.

3.2 Hidden Valley models

One class of BSM models that could explain dark matter is known as Hidden Valley

models, in which the SM gauge group is extended by a new, non-Abelian gauge group

[27, 28, 29, 30, 31, 32]. Dark matter particles are charged under this new gauge group (the

dark gauge group). Hidden Valley models can also be ingredients in models that address

different problems in particle physics, such as the stability of the electroweak hierarchy

[33, 34, 35] (which refers to the large difference between the electroweak scale and the

Planck scale), the matter-antimatter asymmetry [36], and the origin of neutrino masses
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[37, 38].

Hidden Valley models can produce events with a high multiplicity of non-isolated dark

particles, known as dark showers. In confining Hidden Valley models, the dark parti-

cles assemble themselves to form dark hadrons. Dark hadrons can possibly decay into

SM particles with observable lifetimes [39, 40, 41, 42], creating displaced signatures

in detectors. These signatures are displaced with respect to the proton-proton colli-

sion point, so they would appear to be coming from nowhere. Dark showers contain-

ing sprays of dark hadrons are expected to create high-multiplicity displaced signatures

[43, 44, 45, 46, 47, 48, 49, 50].

3.2.1 Vector portal benchmark model

The Hidden Valley module [51, 52] in PYTHIA 8 [53] was used to generate benchmark

models which describe perturbative dark parton showers. The benchmark models are de-

scribed by a SU(3) gauge theory with one dark sector flavour. The models take advantage

of the good properties of theories in the QCD-like regime. These theories have small ’t

Hooft couplings λ ≡ g2Nc, where g and Nc are the gauge coupling and the number of

colours at the energy scale Q at which the dark shower is produced. This allows good

modelling of parton showering using perturbation theory.

The production of dark showers through the decay of the SM Higgs is considered. Cur-

rently upper limits are set at about 10% on the branching ratio of Higgs to invisible decays

[54, 55], which motivate the search for dark shower through Higgs decay. Following pro-

duction and showering, hadronization is described by a Lund string model in the PYTHIA

Hidden Valley module [56] which leads to a simplified hadron sector. It only includes

spin-zero and spin-one mesons, but not baryons and excited mesons.

Models with one dark flavour are first considered, which correspond to a hadron spectrum

that consists of a spin-zero meson η̃ , and a spin-one meson ω̃ , both carrying no flavour

symmetry. The mesons are denoted in loose analogy with their SM counterparts. It is

assumed that if the ω̃ → η̃η̃ channel is kinematically open, the decay occurs promptly

with 100% branching ratio so that the η̃ multiplicity in the model could be varied by

changing the mass ratio between the dark mesons [41]. Figure 3.1 shows a schematic of

how the dark mesons are formed starting from the production of dark partons. The Higgs

boson first decays into a pair of dark partons ψψ̄ , which then hadronise through a dark

analog to quantum chromodynamics into dark mesons. The vector portal model is studied,

where the dark vector meson has a displaced decay into Standard Model particles, with a

high branching ratio for the decay into muons.

There are a few independent parameters in the Hidden Valley models - the mass of the
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Figure 3.1: Feynman diagram for the vector portal model. Dark partons ψψ̄ are first

produced from the decay of the SM Higgs boson, which then hadronise to form dark

vector mesons ω̃ and dark scalar mesons η̃ . The ω̃ then undergo displaced decay into SM

fermions, f .

spin-zero meson mη̃ , the mass of the spin-one meson mω̃ , and the dark sector confinement

scale Λ̃ [57]. These are represented by the parameters mη̃ , ξω ≡ mω̃/mη̃ and ξΛ ≡ Λ̃/mω̃ .

The dark quark mass is set to be approximately half the mass of the η̃ by choice [52]. As

the ω̃ has a higher spin than the η̃ , it is theoretically more probable to have mω̃ ≈ Λ̃ ≳ mη̃ .

In the benchmark models it is assumed that mω̃ = Λ̃ = mη̃ , such that the decay of ω̃ into η̃

is kinematically closed to prevent ω̃ from strongly decaying into other dark sector states

[41].

It is also assumed that only one of the dark mesons (η̃ or ω̃) has a detector-relevant life-

time. The unstable dark meson is called the visibly-decaying dark particle (VDP). Other

dark hadrons are assumed to either decay promptly to the VDP, or escape the detector as

missing energy. Even though this choice does not account for the full range of possible

dark shower topologies, it still encompasses the phenomenology of a wide class of mod-

els, and describes a wide range of distinct signatures with a minimal number of arbitrary

parameters [41].

A few theory priors are imposed when constructing the benchmark models. It is assumed

that there are no new sources of SM flavour violation. Operators up to dimension five are

allowed in the infrared effective theory. In the vector portal, the dark vector meson decays

into SM particles through a coupling to the SM electromagnetic current [27]. A kineti-

cally mixed dark photon mediator is incorporated, which leads to leptonic and hadronic

decays with comparable branching ratios. This is realised by considering an elementary

vector boson A′ which mixes with the SM hypercharge field strength in the UV-completed

theory:

LUV ⊃ gA′µ ψ̄γµψ +
ε

2
BµνF ′

µν , (3.1)
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where g is the coupling to dark sector quarks and ε is the mixing parameter with the

SM hypercharge. This leads to the following in the infrared effective theory (as long as

mA′ > mω̃ ):

LIR ⊃ εeffeJ
µ
EMω̃µ , where εeff ≈ g

fω̃m2
ω̃

m2
A′

ε , (3.2)

and fω̃ is the dimensionless decay constant of the vector meson ω̃ , taken to be fω̃ = 1

as a conservative estimate [58]. The electromagnetic current is given by J
µ
EM = q f ψ̄γµψ ,

where q f is the charge of the SM fermion. Therefore Eq. (3.2) implies that ω̃ decays

exclusively to charged final SM states. If mω̃ ≳ 2 GeV, its width is given by

Γω̃ = ∑
f

αEM

3
q2

fC f ε2
effmω̃

(

1+2
m2

f

mω̃

)

√

1−
4m2

f

m2
ω̃

, (3.3)

where αEM is the electromagnetic fine structure constant, m f is the mass of the SM

fermion f , and C f = 1 (C f = 3) for leptons (quarks). If mω̃ ≲ 2 GeV, there are large

corrections to the width coming from mixing with SM hadrons. In this case the width is

extracted from data in Ref. [59].

The branching ratio for the decay of the dark meson into different SM fermions against

the dark meson mass is shown in Fig. 3.2 for the vector portal. It can be seen that the

branching ratio for decay into muons is about 10-30%, which is a high branching ratio

across the full range of mass. Therefore, the search targets decays into dimuons and uses

dimuon invariant mass to extract the signal.

Figure 3.2: Branching ratio for the decay of the dark meson into different SM fermions

for the vector portal as a function of the dark meson mass.
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A heavy, kinematically-mixed dark photon is used for UV completion, which allows the

theory to be well-defined at arbitrarily high energies. The dark photon is specified by its

mass mA′ , its coupling to the dark sector quarks g and the mixing parameter with the SM

hypercharge ε . The mixing parameter is constrained by searches for low and high mass

dilepton resonances [60, 61, 62], as well as electroweak precision tests (EWPT) [63].

With a single flavour of dark sector fermions, Nc = 3 dark colours, and assuming g = 1, it

was found that the EWPT constraints provide the strongest bound in most of the relevant

mass range for A′ [41]. To minimize εeff, we choose mA′ = 20 GeV, which leads to the

following approximate lower bound on the ω̃ lifetime [41]:

cτ ≳ 7×10−3 cm×
(

1 GeV

mω̃

)5

(3.4)

In this decay portal, the spin-zero meson η̃ is stable so it escapes the detector as missing

energy. This implies that a semi-visible jet phenomenology [64, 65] is expected in the

regime where the spin-one meson ω̃ decays promptly. The semi-visible jet signature is

defined by significant missing transverse energy along the direction of the jet. The visible

hadronic states from the decay of ω̃ would result in jets, while the η̃ meson is stable and

remains invisible, leading to missing transverse momentum.

3.2.2 Extended benchmark models

Extended Hidden Valley models with more complex decay topologies are also studied

[66]. The dark shower is again assumed to be initiated through the decay of the SM Higgs

boson, as this is theoretically the simplest production mode without needing to introduce

a new, heavy mediator. The SM Higgs also has a narrow decay width, which makes it a

sensitive probe for Hidden Valley models [67].

In the extended benchmark models there are two dark flavours instead of one, which

leads to a wider spectrum of dark hadrons, including three dark pions (π1,π2 and π3) and

a heavier pseudoscalar η . A massive U(1) interaction is included to facilitate different

decay chains. This U(1) is spontaneously broken, resulting in a massive dark photon A′

that kinetically mixes with the SM photon to provide a muon-philic decay portal back

to the SM. Both the π3 and η can decay into a pair of A′ through the dark sector chiral

anomaly if this channel is kinematically open. On the other hand, the π1 and π2 are stable

on collider timescales and they contribute to the missing transverse energy of the event.

Two scenarios commonly considered in the literature and denoted scenario A and B1

are studied [66]. The Feynman diagrams for the decays in these scenarios are shown in

Fig. 3.3. In both scenarios, the pseudoscalar η is assumed to decay promptly into three

dark pions. In scenario A, the dark pion π3 decays promptly into two dark photons, which
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can then undergo displaced decays into muons given the mixing angle between the dark

photon and the SM photon is small. The vector sum of the momenta of the muons in the

dimuon vertex points back to the beamline, so this signature is referred to as a pointing

scenario. In scenario B1, the dark gauge coupling is chosen to be small such that the

decay of the dark pion π3 into dark photons becomes displaced. The dark photons can

then decay into muons, and the dark photon lifetime is taken to be prompt in this scenario.

As a result, the dimuon vertices overlap each other and the momentum vectors of the

dimuon vertices do not point back to the beamline. This is referred to as a non-pointing

scenario. The analysis is aimed to be sensitive to both the pointing and the non-pointing

scenarios.

Figure 3.3: Feynman diagram for the Scenario A model (left) and the Scenario B1 model

(right). In these extended models the dark hadronization produces a spectrum of dark

mesons, including the dark pions π1,π2 and π3. The π3 then decays into SM fermions

through the dark photon A′. The A′ is a long-lived particle in Scenario A, while the π3 is

a long-lived particle in Scenario B1, as indicated by the green lines.

For scenario A and scenario B1, it is assumed that mη = Λ̃. There is a mixing angle θ that

parametrizes the isospin violation in the coupling of the dark photon to dark sector quarks.

The mixing angle is taken to be sin θ = 0.1 so that the isospin breaking is relatively

small, which results in the dark pions having similar masses, i.e. mπ1 ≈ mπ2 ≈ mπ3. This

gives a simpler mass spectrum, and also ensures the simulation from PYTHIA provides a

reasonable approximation to the hadronization process [66]. The branching ratio B(π3 →
A′A′) is assumed to be one.

Figure 3.4 shows the multiplicity of dark mesons for representative mass models of the

vector portal (left), and scenario A and B1 (right). The multiplicity increases with de-

creasing mass of the dark meson, as expected since less energy is required to produce

a lighter meson. The multiplicity is found to be very similar between scenario A and

scenario B1 for the same meson mass spectrum, as the two models have similar decay

processes, with the only difference being whether the dark pion π3 or the dark photon is
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long-lived.
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Figure 3.4: The multiplicity of dark vector mesons ω̃ for representative vector portal

models (left), and the multiplicity of dark mesons π3 for representative scenario A and B1

models (right). The fraction of generated events is shown against the multiplicity of dark

mesons.
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Chapter 4

The LHC and the CMS experiment

4.1 Introduction

The analysis presented in this thesis uses proton-proton collision data collected with the

CMS experiment in 2018 at a centre of mass energy of 13 TeV. In this Chapter, a brief

overview of the European Organisation for Nuclear Research (CERN) accelerator com-

plex and the Large Hadron Collider is given. The subdetectors of the CMS experiment

are then discussed, which include the tracker, the electromagnetic calorimeter, the hadron

calorimeter and the muon chambers. Finally, the data acquisition and trigger system are

discussed.

4.2 The Large Hadron Collider

The Large Hadron Collider (LHC) is a hadron accelerator and collider installed in a 26.7

km tunnel between 45 m and 170 m underground [68]. It contains superconducting mag-

nets and has a two-ring structure. Beams of protons or heavy ions (such as lead ions) are

collided together at energies of up to 7 TeV or 2.76 TeV per nucleon respectively. There

are different experiments that use detectors to analyse the particles that are produced by

the collisions, including four detectors that reside at beam intersection points. The largest

experiments are the CMS [69] and ATLAS [70] experiments, which use general-purpose

detectors to investigate a large range of physics, including searching for physics beyond

the Standard Model. The ALICE [71] and LHCb [72] experiments have detectors that

focus on specialised physics phenomena, which relate to heavy ion and heavy flavour

physics respectively.

The particles are accelerated with the CERN accelerator complex, which is depicted in

Fig. 4.1. The acceleration is done in stages. For the acceleration of protons, proton
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bunches are first produced by stripping off electrons from hydrogen atoms in hydrogen

gas using an electric field. The protons enter the Linear Accelerator 2 (LINAC 2) where

they are accelerated to 50 MeV. The protons are then injected into the Proton Synchrotron

Booster (PSB), which further raises the energy of the protons to 1.4 GeV. The next two

stages are the Proton Synchrotron (PS) and the Super Proton Synchrotron (SPS), which

increase the beam energy to 25 GeV and 450 GeV respectively. Finally the beams reach

the LHC, which has a maximum design beam energy of 7 TeV.

Figure 4.1: A schematic depiction of the CERN accelerator complex. Image credit to

CERN [73].

Each of the two proton beams consists of 2808 bunches of protons (separated by 25 ns or

around 7.5 m), and each proton bunch contains up to 1011 protons by design. The beams

are steered by superconducting electromagnets, which provide magnetic fields of up to

8 T. The collision between the proton bunches is referred to as a “bunch crossing”. The

resulting interactions in a collision are referred to as an “event”. The number of events

produced per second is given by Lσ , where L is the instantaneous luminosity and σ is

the cross-section for a particular process. The instantaneous luminosity can be thought of

as a measure of how tightly particles are packed inside the proton beams (which depends

on the number of protons and the number of bunches), but it also depends on other beam

quantities such as the crossing angle. The cross-section describes the probability that two

particles will collide and interact in a certain way. The integrated luminosity L measures
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the total number of events during a data-taking period, which is given by L σ . When

two proton bunches collide, multiple proton-proton collisions can occur simultaneously.

Pile-up is defined as the average number of particle interactions per bunch crossing.

4.3 LHC performance

There have been three periods of data taking at the LHC, in which the most recent run

is ongoing. The Run 1 data taking spanned the period of 2009 to 2013. After a year

long delay due to an unexpected magnet quench, a beam energy of 3.5 TeV was reached

in 2010, and it was further increased to 4 TeV in 2012. About 27 fb−1 of data were

collected. A remarkable achievement during Run 1 was the discovery of the Higgs boson

in July 2012. To prepare for the next stage of data taking, the LHC went into the first

shutdown period in 2013 .

The LHC started its operation again in 2015 and lasted until 2018, which is referred to as

Run 2. A beam energy of 6.5 TeV was achieved, which corresponds to a centre of mass

energy of
√

s = 13 TeV. During Run 2, the LHC achieved an instantaneous luminosity of

2×1034 cm−2s−1, which was twice its design value. The integrated luminosity collected

in the Run 2 proton-proton collision data was about 137 fb−1.

The luminosity delivered to CMS is measured with different systems. Some systems, like

the Pixel Luminosity Telescope and the hadronic forward calorimeter, use a separate data

acquisition system which operates independently of the main CMS readout. Other meth-

ods such as the drift tube luminosity and the pixel cluster counting method use data from

existing parts of the CMS detector to perform a measurement using the main CMS data

acquisition system. The luminosity measured has a typical precision of about 2%. For

example, the systematic uncertainty on the luminosity measurement in 2018 was found to

be 2.5% [74].

After more than three years of upgrade and maintenance work following Run 2, the Run 3

period of data taking began in 2022, and it continues until 2026. The beam energy reaches

6.8 TeV, which gives a record collision energy of 13.6 TeV. About 180 fb−1 of data have

been recorded from 2022 to 2024, which was already more than the data collected in

the previous two runs combined. Throughout the different runs, the pileup has gradually

increased and exceeded the design value. For example the average pileup in the 2024

data taking was 57, compared to the design value of 20. Both the luminosity and pileup

are expected to further increase in the High-Luminosity LHC (HL-LHC), which is a new

phase of the LHC starting in 2030. This creates a challenging detector environment, and

therefore upgrades will be performed during the shutdown period starting in 2026. The

luminosity of the LHC together with the projected luminosity of the HL-LHC are shown
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in Fig. 4.2.

Figure 4.2: The proton-proton luminosity of the LHC, with projections for the HL-LHC

up until 2041. Image credit to CERN [75].

4.4 The CMS experiment

The Compact Muon Solenoid (CMS) [69] is one of the two general-purpose detectors at

the LHC, which was designed to operate with proton-proton and ion collisions at high

energies. The central feature of CMS is a large superconducting solenoid with an inter-

nal diameter of 6 m, which provides a magnetic field of 3.8 T over a radius of 3.15 m

[76]. The CMS experiment is a cylindrical, layered detector which comprises of multiple

subsystems used for detecting and reconstructing particles. A schematic of the detector

is shown in Fig. 4.3. The subdetectors at increasing distance from the beamline are the

tracker, the electromagnetic calorimeter, the hadron calorimeter and the muon chambers

[69].

The coordinate system used to describe the geometry of the CMS experiment has the

origin located at the interaction point, as shown in Fig. 4.4. The z-axis points in the beam

(longitudinal) direction, the x-axis points towards the centre of the LHC ring, and the

y-axis points upwards. In polar coordinates, the azimuthal angle in the transverse plane

starting from the x-axis is denoted by φ , while the polar angle starting from the z-axis is

denoted by θ . To describe the angle between the z-axis and particles in the collider which

are highly relativistic, it is convenient to define the pseudorapidity as η = −ln
[

tan
(

θ
2

)]

because differences in η are approximately Lorentz invariant.

The CMS detector has full overage in φ but not in η , where it is restricted to 0 < |η |< 5.

In the region close to the beam axis (corresponding to high values of η), there is high

radiation and the presence of the beam pipe, which make it difficult to measure particles.
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Figure 4.3: A schematic of the CMS detector [77].

In the following subsections, the subdetectors and the data acquisition system will be

discussed.

4.4.1 Tracker

The tracking detector [79] is located close to the beamline and is used for measuring the

trajectories (referred to as “tracks”) of charged particles which are bent in the magnetic

field, and also for estimating the points of origin (referred to as “vertices”) of the particle

tracks. It is designed to provide good momentum resolution for high energy (up to ∼ 1000

GeV) particles, as well as good reconstruction efficiency for low-energy (∼ 1 GeV) tracks

and vertex resolution of ∼ 10 µm.

The tracker is a cylindrical silicon detector which is made up of the pixel detector (inner

layer) and the strip detector surrounding it, as shown in Fig. 4.5. It measures the momenta

of charged particles in the pseudorapidity range of |η | < 2.5. The tracker system has a

length of 5.8 m and a diameter of 2.5 m, covering a surface area of 200 m2. The basic

working principle of the silicon devices involves applying a reverse bias voltage to a p-n

junction to create a depletion zone free of charge carriers. When a charged particle passes,

it induces electron-hole pairs in an electric field, leading to a current pulse to be produced

as a “hit” signal. This forms the basis of reconstructing particle tracks and vertices.

The pixel detector is located closest to the interaction point, extending up to r = 20 cm.
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Figure 4.4: Graphical representation of the coordinate system used for the CMS experi-

ment [78].

It performs three-dimensional hit position measurements, with a resolution of 10 µm and

30 µm in the transverse and the longitudinal plane respectively [80]. The detector is used

to ensure good vertex resolution close to the interaction point. It was upgraded to in-

clude four barrel layers and three endcap disks during 2016-2017, which led to significant

improvement in track reconstruction efficiency and resolution performance. The four con-

centric barrel layers are at radii of 29, 68, 109, and 160 mm. The pixel detector contains

1856 segmented silicon sensor modules over an area of 1.9 m2, resulting in 124 million

readout channels in total [81]. It is an important subdetector for the reconstruction of sec-

ondary vertices, which are vertices outside the beam profile, which may originate from

the decays of unstable particles with different lifetimes [82]. Therefore the reconstruction

of secondary vertices is crucial for searches for displaced signatures.

The strip detector is located at r > 20 cm, covering an area of 198 m2. Some of the

modules provide two-dimensional hits, while others allow the reconstruction of three-

dimensional hit positions. Each of the latter consists of two back-to-back strip modules,

in which one module is rotated through a “stereo” angle. Overall, the strip modules are

divided into four regions. The two inner regions are referred to as the tracker inner barrel

(TIB) and the tracker inner disk (TID), which provide position measurements in the r-φ

plane with a resolution of 13-38 µm. The inner regions are surrounded by tracker outer

barrel (TOB) and tracker endcaps (TECs), where the resolution degrades to 18-47 µm.

There are 9.3 million strips in total in the strip detector.
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Figure 4.5: A schematic cross-section of the CMS tracker in the r-z plane. The tracker is

symmetric about r = 0 in this view, so only the top half is shown. The centre of the tracker,

which is the approximate position of the proton-proton collision point, is indicated by a

star. Strip tracker modules which provide 2-D hits are shown by thin, black lines, and

those that permit the reconstruction of 3-D hit positions are shown by thick, blue lines.

The pixel modules are shown by red lines and they also provide 3-D hits. Within a given

layer, each module is shifted slightly in r or z with respect to its neighbouring modules,

which allows them to overlap and avoids gaps in the acceptance [80].

4.4.2 Electromagnetic Calorimeter

The subsystem particles reach after the tracker is the Electromagnetic Calorimeter (ECAL)

[83], which performs high precision measurements of the positions and energies of pho-

tons and electrons by measuring the properties of the electromagnetic showers they in-

duce. It is made of lead tungstate (PbWO4) crystals, with a cylindrical electromagnetic

barrel (EB) region (|η | < 1.48) containing 61200 crystals enclosed by two electromag-

netic endcaps (EEs) (1.48 < |η |< 3.0) containing 7324 crystals each. A schematic of the

calorimeter is shown in Fig. 4.6. When electrons pass through the material which has a

high atomic number, they emit photons through bremsstrahlung radiation. The photons

can then produce electrons and positrons through pair production. This forms an electro-

magnetic shower, which is used to measure the energies of electrons and photons by using

the scintillation light produced by the ECAL crystals as the particles travel through them.

Lead tungstate is a very dense (ρ = 8.3 gcm−3) and radiation-hard material with a short

radiation length (X0 = 0.89 cm), which make it a good candidate for scintillating crystals.

As the ECAL is about 25X0 deep, it absorbs almost all of the electromagnetic showers

which contain more than 98% of energy for electrons and photons with energies up to

1 TeV. Lead tungstate also has a small Molière radius of 2.2 cm, which allows for com-

pact design of the detector. With compact crystals, it is possible to resolve energy deposits

from different particles that are separated by as little as 5 cm, which helps separate charged
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and neutral particles when considering the tracker information. Moreover, lead tungstate

has a fast response time of 25 ns, which corresponds to the typical bunch spacing, col-

lecting about 80% of the scintillation light produced. Nevertheless, the light yield of the

crystal is relatively low, so the signal needs to be amplified by avalanche photodetectors

in the barrel system and vacuum phototriodes in the endcaps.

To account for the reduced granularity at the endcaps, the ECAL is equipped with a elec-

tromagnetic pre-shower (ES) detector which covers 1.65 < |η |< 2.6. It helps distinguish

photons that come from neutral pion decays (π0 → γγ) from prompt photons.

Figure 4.6: A schematic of the CMS Electromagnetic Calorimeter, showing the barrel,

endcap and the preshower subsystems. The barrel section comprises of 36 supermodules,

each containing 4 modules [84].

4.4.3 Hadron Calorimeter

The Hadron Calorimeter (HCAL) [85] is designed to measure the energies of hadronic

showers, which are produced when neutral and charged hadrons interact with the detector

material through the strong interaction.

A schematic of the HCAL is shown in Fig. 4.7. It is a sampling calorimeter consisting of

alternating layers of non-magnetic brass absorber and plastic scintillator tiles, surround-

ing the ECAL. The scintillation light is collected by wavelength-shifting fibres, and then

translated and amplified by multichannel hybrid photodiodes proportionally to the mag-

nitude of the energy deposits.
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The HCAL contains the hadronic barrel (HB) in |η |< 1.4 and the hadronic endcap (HE)

in 1.3 < |η | < 3.0. The HCAL towers have a cross-section of 0.087× 0.087 in the η-φ

space for |η |< 1.6, and it varies in size with |η | after that. Due to space constraints within

the magnet cryostat, the HB thickness is limited to 5.8 hadronic interaction lengths (λI)

at η = 0, increasing to 10λI at |η |= 1.2. To extend the size of the HB, the hadronic outer

(HO) calorimeter is placed outside the magnet in the region of |η |< 1.26, which increases

the effective thickness of the system to over 10λI . Furthermore, hadronic forward (HF)

calorimeters are included to cover the region of 3 < |η |< 5 in coarse calorimeter towers,

which are designed to endure high radiation levels.

HCAL  HO Iron

Ring 2

Magnet coil

FEE

FEE

Beam line

HCAL

HF
HCAL

HE

HCAL  HB

26
25

23

21

19

28

29

17 16

29

41

17
0

16

0

27

24

22

20

18

15 14 13 12 11 10 9 8 7 6 5 4 3 2 1
Ring 1 Ring 0

Collision point

Figure 4.7: A schematic view of one quarter of the CMS HCAL, showing its four major

components which are the hadron barrel (HB), the hadron endcap (HE), the hadron outer

(HO), and the hadron forward (HF) calorimeters [86].

4.4.4 Muon chambers

Precise muon identification and energy reconstruction are crucial for the CMS detector

as muons are key signatures in various Standard Model and beyond the Standard Model

processes. The muon system [87] is located outside the magnet cryostat and it covers

the region of |η | < 2.4. It is interleaved with an iron return yoke. A schematic of the

muon chambers is shown in Fig. 4.8. The muon system is made up of three types of gas

ionisation chambers. As muons pass through the chambers, the gas is ionised, resulting

in free electrons which are collected with a strong electric field. This produces a signal in

the wires and strips in the chambers.

The drift tube (DT) chambers cover the region of |η |< 1.2, where the muon rate is rela-

tively low and the magnetic field is weak. With increasing η the muon rate and the mag-
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netic field increase, so the cathode strip chambers (CSCs) are used for 0.9 < |η | < 2.4,

which have higher radiation hardness and response rate. The muon system can thus be di-

vided into three regions: barrel (|η |< 1.2), two endcaps (0.9 < |η |< 2.4) and an overlap

region (0.9 < |η |< 1.2). The resistive plate chambers (RPCs) serve as a complementary

system, covering the range of |η | < 1.6. They offer fast response and are important for

associating signals to the correct bunch crossing for triggering, even though they have a

much coarser position resolution than DTs or CSCs.

Figure 4.8: A schematic view in the r-z plane of a CMS detector quadrant. The interaction

point is located at the lower left corner. The locations of the various muon stations are

shown in different colours and labels: drift tubes (DTs) with labels MB, cathode strip

chambers (CSCs) with labels ME, resistive place chambers (RPCs) with labels RB and

RE, and gas electron multipliers (GEMs) with labels GE. The M denotes muon, B denotes

barrel, and E denotes endcap. The magnet yoke is represented by the dark grey areas [88].

4.4.5 Data acquisition and trigger system

With a bunch spacing of 25 ns, collisions happen at the LHC at a rate of 40 MHz. It

is impossible to write out and store all the events, and even if it became possible not

all events are of interest, for example they might be low-energy inelastic proton-proton

scattering rather than hard head-on collisions. Therefore, a trigger system is in place to

select events which are then stored for subsequent analysis.

The trigger system at CMS has a two-tier structure [89, 90, 91]. The first level, known

as the Level-1 (L1) trigger, consists of custom hardware which accepts events at a rate
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of 100 kHz for further processing. The second level, referred to as the high-level trigger

(HLT), is made up of a farm of computers which implement software to run high-level

physics algorithms, producing a final output rate of about 1 kHz. The events which pass

the L1 and HLT decisions are then stored to disk in the data acquisition system.

The L1 trigger is the first level of selection in the system [92]. It is used for making a

fast decision on whether to keep an event, with a latency of less than 4 µs. For example,

it discards simple QCD-induced multijet events (which are abundantly produced), while

maintaining good efficiency for events which are useful for Standard Model precision

measurements and searches for beyond the Standard Model physics. Due to limitations in

bandwidth, the L1 trigger uses coarse information from trigger primitives (TPs) from the

calorimeter and muon systems, and the tracker information is only read out if the trigger

makes a positive decision. Hence the L1 trigger can be split into the Calorimeter and the

Muon Trigger. The Calorimeter Trigger consists of two layers. It is responsible for the

reconstruction, calibration and baseline identification of particles which leave energy de-

posits in the ECAL or HCAL: electrons/photons, hadronically decaying taus and hadronic

jets. The hadronic jets are identified as deposits from hadronic interactions located within

a narrow geometrical cone. The transverse momenta of the reconstructed jets are used

to define the missing transverse energy, which is a measure of the energy imbalance in

the detector. It can come from non-interacting, uncharged particles such as neutrinos

or possible new particles beyond the Standard Model. As there is no tracker informa-

tion at this stage, electrons cannot be distinguished from photons, so they are referred to

as e/γ objects. The Global Muon Trigger uses the information obtained from the three

muon subsystems. Both triggers use information provided by trigger primitives which are

formed from basic detector units. Based on the information from the Calorimeter and the

Muon Triggers, the Global Trigger then makes the trigger decisions based on a menu of

sophisticated algorithms known as the trigger menu.

The central component of the L1 trigger is a set of field programmable gate arrays (FP-

GAs), which are custom integrated circuits that can be configured after being manufac-

tured. They can perform fast parallel processing and are re-programmable, which enable

making changes to the trigger menu to keep it up to date with the evolving physics pro-

gramme and detector performance. They are implemented in trigger boards which process

the data in stages before the Global Trigger makes the final decision using different al-

gorithms. For example, an algorithm can require a specific missing transverse energy

threshold for the event.

The L1 trigger menu contains a set of algorithms (referred to as seeds) which are com-

bined through a logical “or”. In order to limit the total rate of events selected by the menu

to be under 100 kHz, each seed in the menu has a “prescale” option. It provides the abil-
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ity of the trigger to limit the rate of events passing the algorithm by scaling it down by a

value. For example, setting a prescale value of 10 leads to one every tenth event which

satisfies the conditions imposed by the seed to be passed on to the next stage.

The second level of selection is the HLT [93], which is based on more sophisticated

software algorithms and it includes information from the inner tracking system. With

the reduced input event rate, it allows for the decision to be made in a window of a

few hundred millisecond. This allows for more complex object reconstruction, so the

HLT uses a simplified version of the Particle Flow (PF) algorithm [94] to utilise the full

detector information. The PF algorithm will be discussed in more detail in Chapter 5. The

HLT software is structured in paths which are sequences of algorithmic steps designed to

reconstruct physics objects and make selections based on specific physics requirements.

Similar to the L1 trigger, the HLT selects events for storage by using a trigger menu, in

which the collection of HLT paths is configured. The paths can also be prescaled to reduce

the processing time and storage rate.
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Chapter 5

Event reconstruction

5.1 Introduction

This chapter discusses the identification and reconstruction of particles and their proper-

ties based on the signatures they leave in the detector. Information from all subdetectors

is combined using the PF algorithm [94, 95, 96]. It is used to provide a global event

description by identifying all stable particles produced during the collision. Due to the

fine spatial granularity of the CMS detector, it is well suited for PF reconstruction where

the merging of signals from different particles is minimised. This chapter describes the

reconstruction of physics objects including muons, electrons, jets and missing transverse

energy. The reconstruction of physics objects starts with the reconstruction of tracks, ver-

tices and calorimeter clusters. They are then used in PF as building blocks for physics

objects in a global event reconstruction.

5.2 Particle Flow reconstruction

5.2.1 Track reconstruction

With the typical instantaneous luminosities achieved at the LHC, about a thousand charged

particles traverse the tracker at each bunch crossing. Therefore it is a challenging environ-

ment for maintaining a high track-finding efficiency while ensuring the tracking software

runs fast enough at the HLT. It is also important to keep the fraction of “fake” recon-

structed tracks small, where “fake” tracks are tracks resulting from a combination of un-

related hits.

The first step of the reconstruction process is called local hit reconstruction, which in-

volves clustering zero-suppressed signals left by particles in pixel and strip modules into

hits, and estimating the cluster positions and their uncertainties. The hits can then be used
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to estimate the charged particle position and momentum. The hit efficiency, which is de-

fined as the probability to find a cluster in a given silicon sensor that a charged particle

has traversed, is on average > 99% [80].

To achieve high tracking efficiency, an iterative approach is employed in reconstructing

tracks. Twelve iterations of a combinatorial track finder algorithm are used for track

reconstruction. In each iteration, hits assigned to the tracks in the previous iteration are

removed from the hit collection to reduce the combinatorial complexity. It is a good

approach for removing easy-to-reconstruct tracks in the first few iterations, leaving the

more challenging types of tracks such as soft or very displaced tracks for later stages.

The first four iterations aim to find prompt tracks, which are tracks originating close to the

interaction point, while iterations 5-9 find tracks that originate outside the beam spot. The

beam spot is a luminous region over which primary vertices from proton-proton collisions

are distributed. Iterations 10-12 target tracks of high-pT jets and muons. Each iteration

involves four stages. Firstly, seed generation provides initial track candidates found using

a few (2 or 3) hits. A seed gives the initial estimate of the trajectory parameters and their

uncertainties. Track finding is then performed using a Kalman filter [97], which extrapo-

lates the seed trajectories along the expected flight path of a charged particle to search for

additional hits that can be assigned to the track candidate. The third step involves using

the track-fitting module to provide the best possible estimate of the parameters of each

trajectory with a Kalman filter and smoother. Finally, track selection sets quality flags

and discards tracks that fail certain specified criteria. The main differences between the

twelve iterations are the configuration of the seed generation and the final track selection

[80].

The tracking efficiency as a function of the track pT and the simulated track production

vertex radius is shown in Fig. 5.1 for simulated tt̄ events in Run 2 data-taking conditions.

From Fig. 5.1 (right), it can be seen that the later tracking iterations are essential for ob-

taining good reconstruction efficiency for displaced tracks, which are crucial for searching

for long-lived decays.

5.2.2 Vertex reconstruction

The main goal of the vertexing algorithm is to identify the primary vertex (PV) and all

tracks associated with it, exclude particles originating from additional collision vertices

(pileup), and identify secondary vertices (SVs), which are crucial for long-lived particle

searches.

The PV reconstruction consists of three steps. Firstly, tracks consistent with being pro-

duced promptly in the primary interaction region are chosen. The selected tracks that
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Figure 5.1: Track reconstruction efficiency as a function of simulated track pT (left) and

production vertex radius (right). The efficiencies are shown successively for each of the

twelve tracking iterations, which are indicated by different colours [98].

appear to originate from the same interaction vertex are then clustered, based on their

z-coordinates at their closest approach to the centre of the beam spot. This allows for

the reconstruction of any number of proton-proton interactions in the same LHC bunch

crossing. The clustering is performed using a deterministic annealing algorithm [99],

which finds the global minimum in a way that is analogous to that of a physical system

approaching a state of minimal energy through a series of gradual temperature reductions.

Finally, the candidate vertices identified by the deterministic annealing which contain at

least two tracks are fitted to determine the position and the corresponding uncertainty of

each vertex, as well as the indicators for the success of the fit [100].

The resulting vertex with the highest p2
T sum of the associated tracks is chosen to be the

leading PV, which is used for physics object identification and reconstruction. All other

PVs are treated as pileup interactions. The PV reconstruction efficiency is estimated to be

close to 100% when more than two tracks are used to reconstruct the vertex [80].

5.2.3 Cluster reconstruction

The calorimeters are used to reconstruct the energies of incident particles using shower

deposits produced in the active material. This is essential as energy clusters left in the

calorimeter system are the only means in CMS to reconstruct photons and neutral hadrons,

which are uncharged particles. They are identified in the PF algorithm by finding energy

clusters that are not associated with the extrapolated trajectory of a charged particle’s

track.

The clustering algorithm in the ECAL will be discussed as an example. It is used to
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sum together energy deposits in adjacent crystals which belong to the same electromag-

netic shower. The algorithm starts by grouping together crystals with energies exceeding

a predefined threshold, which is generally 2 or 3 times bigger than the electronic noise

expected for these crystals. A seed cluster is then identified as the one containing most

of the energy deposited in any specific region. The ECAL clusters within a certain geo-

metric area around the seed cluster are then combined into superclusters (SC) in order to

include photon conversions and bremsstrahlung losses. This procedure is referred to as

“superclustering”. The energy is measured by summing together all the energy deposits

recorded within the supercluster’s crystals. The energy collected by the superclustering

algorithm is subject to losses for several reasons, for example through lateral and longitu-

dinal shower leakage, in intermodule gaps or dead crystals, and in the tracker. An MVA

regression technique is used to derive corrections for the energy of electrons and photons

obtained from the superclustering algorithm [101].

5.2.4 Muon reconstruction

Muon identification in the PF algorithm uses information from the tracker and the muon

chambers. Tracks are first reconstructed independently in the inner tracker (to form

tracker tracks) and in the muon system (to form standalone-muon tracks), and they are

then used as input for muon track reconstruction. Standalone-muon tracks are built by col-

lecting information from the muon subdetectors along a muon trajectory using a Kalman-

filter technique [97]. The reconstruction starts from seeds made up of groups of segments

from the drift tube (DT) or cathode strip chambers (CSC) subdetectors. Each segment is

built from the reconstructed hits inside the subdetectors [88].

Tracker muon tracks are built “inside-out” by propagating tracker tracks to the muon sys-

tem with loose matching to DT or CSC segments. If at least one muon segment matches

the extrapolated track, then the tracker track qualifies as a tracker muon track. On the other

hand, global muon tracks are built “outside-in” by matching standalone-muon tracks with

tracker tracks. The matching is performed by propagating the two tracks onto a common

surface and comparing their parameters. A combined fit is performed with the Kalman

filter using information from both the tracker track and the standalone-muon track [88].

Due to the high efficiency of the tracker track and muon segment reconstruction, about

99% of the muons produced within the geometrical acceptance of the muon system are

reconstructed as a tracker muon track or a global muon track, or very often both. The

muons considered in the analysis are required to be either tracker or global muons. Muons

reconstructed only as standalone-muon tracks have worse momentum resolution and a

higher fraction of cosmic-ray muon contamination than global or tracker muons [88].

A set of variables is used to define various types of muons which are used in analyses.
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Some variables are based on muon reconstruction, while others use inputs from outside

the reconstructed muon track such as compatibility with the primary vertex. Examples

of the main types of muons include loose muon identification (ID) and tight muon ID.

A loose muon is a muon selected by the PF algorithm that is also either a tracker or a

global muon. A tight muon is a loose muon with a tracker track that uses hits from at

least six layers of the inner tracker, including at least one pixel hit. Contrary to the loose

ID, the muon must be reconstructed as both a tracker and a global muon. The tracker

muon must have matching segments in at least two of the muon stations, while the global

muon fit must have χ2/dof < 10 and include at least one hit from the muon system.

Furthermore, a tight muon must be compatible with the primary vertex, have a transverse

impact parameter |dxy| < 0.2 cm and a longitudinal impact parameter |dz| < 0.5 cm [88].

The impact parameters are defined with respect to the primary vertex.

The loose ID is used for the analysis as it has no requirements on muon isolation or

displacement, which is suitable for searching for displaced decays with high multiplicity.

Tight ID could be suitable if the requirements on the impact parameters were removed,

but it would require custom changes and calibrations so it is not used. The efficiency

of muon reconstruction and loose identification are shown in Fig. 5.2 for muons with

pT > 20 GeV, measured using the tag-and-probe technique [88]. It can be seen that the

efficiency is close to 100%.

Figure 5.2: Muon reconstruction and identification efficiency in 2015 data and simulation

for loose muons with pT > 20 GeV [88].
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5.2.5 Electron reconstruction

Electron candidates are required to satisfy specific identification criteria, which can ei-

ther be cut-based selections (a sequential set of requirements) or based on multivariate

techniques.

For the cut-based selections, non-prompt electrons are rejected using different variables,

for example the ratio of hadronic to electromagnetic energy H/E, and the second moment

of the log-weighted distribution of crystal energies in η , denoted as σiη iη . Additional vari-

ables related to the track properties are also used. One of them is |1/E −1/p|, where E is

the supercluster energy and p is the track momentum at the point of closest approach to

the vertex. Angular variables are also used, which are |∆ηseed
in | = |ηseed −ηtrack| (where

ηseed is the η position of the seed cluster and ηtrack is the track η extrapolated from the

innermost track position) and |∆φin|= |φSC−φtrack| (where φSC is the supercluster energy-

weighted position in φ ). An important source of background to prompt electrons stems

from secondary electrons produced in conversions of photons in the tracker material. The

minimum number of missing hits in the tracker is used to reject this background. Further-

more, a pixel conversion veto is applied. Details of all cut-based electron identification

requirements can be found in Ref [101].

In terms of multivariate techniques, a Boosted Decision Tree (BDT) is used to combine

several variables in order to further improve the performance of the electron identification.

The set of variables is extended compared to the cut-based selections. To maximize the

flexibility at analysis level, the electron identification BDTs are trained with and without

including the isolation variables. Although the BDT method provides better background

rejection for a given signal efficiency compared to the cut-based approach, it is easier to

change a specific selection for the latter. The electron identification efficiency for the cut-

based approach and the BDT-based approach are shown in Fig. 5.3, which are measured

using the tag-and-probe technique [101].

5.2.6 Jet reconstruction

Collimated jets of particles are produced by the hadronisation of partons (quarks and

gluons) coming from deep inelastic proton-proton collisions. In CMS, PF candidates

are clustered into jets using the anti-kt [102] algorithm. It satisfies infrared safety (i.e.

not being sensitive to the addition of soft particles) and collinear safety (i.e. not being

sensitive to the collinear splitting of particles), which lead to theoretically tractable jet

properties.

In the jet clustering algorithm, the distance measures di j and diB are introduced, which

represent the distance between particles i and j, and the distance between particle i and
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Figure 5.3: Electron identification efficiency measured in data (upper panels) and data-to-

simulation efficiency ratio (lower panels) as a function of the electron ET for a cut-based

identification working point (left) and a BDT-based working point (right) [101].

the beam respectively. They are defined in the anti-kt algorithm as:

di j = min(p−2
T,i , p−2

T, j)
∆R2

i j

R2
, (5.1)

di,B = p−2
T,i , (5.2)

where pT,i is the transverse momentum of particle i, ∆Ri j is the ∆R between particles i

and j defined as ∆R =
√

(∆φ)2 +(∆η)2, and R is a radius parameter that controls the size

of the jet.

The clustering is performed by identifying the smallest of the distances di j and di,B. If the

smallest distance is di j, particles i and j are merged into a single entity. If the smallest

distance is diB, then i is identified as a jet and it is removed from the list of entities. The

distances are recalculated and the procedure repeated until there are no entities left.

A common choice of the radius parameter in the algorithm is R = 0.4, which leads to

“AK4 jets”. These jets are used for a study of the input variables of the BDT which is

discussed in Section 7.3.2. Charged jet constituents that do not belong to the primary

vertex are removed from the jet to reduce pileup. This is performed with a method known

as charged hadron subtraction [103]. In order to match the energy of the reconstructed jet

to that of the parton that produced it, the jet four-momentum is calibrated by applying jet

energy corrections, which are derived from simulation and adjusted with data [104].

Additional jet identification criteria are applied to create analysis level objects. The exact

requirements are adjusted slightly for each year of data taking. Typically, jets are required

to contain at least two constituents. The neutral hadron fraction and the neutral electro-

magnetic energy fraction are usually required to be both less than 90%. Moreover, jets are
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typically required to be within the tracker acceptance with at least one constituent being

a charged hadron, and the charged electromagnetic energy fraction is required to be less

than 99%.

5.2.7 Missing energy reconstruction

As the system of colliding partons has negligible initial transverse momentum, the trans-

verse momenta of all final state particles must add up to zero within the detector resolu-

tion. Any deviation from this is known as missing transverse energy (MET), denoted by

p⃗miss
T . Aside from neutrinos, it could come from weakly interacting particles beyond the

Standard Model, so it is an important quantity. It is defined as the negative vector sum of

the transverse momenta of all PF candidates in an event:

p⃗miss
T =−∑

i

p⃗ i
T (5.3)

It is also convenient to define the scalar quantity pmiss
T = |p⃗miss

T |. The raw MET is bi-

ased by effects like minimum calorimeter energy thresholds, non-linearity of calorimeter

responses and inefficiencies in track reconstruction [105]. These are accounted for by

including jet energy corrections (JECs) in the calculation:

p⃗
miss,corr
T = p⃗miss

T −∑
jet

(p⃗ corr
T, jet − p⃗T, jet) , (5.4)

where jets with pT > 15 GeV that have less than 90% of their energy deposited in the

ECAL are used. This requirement ensures that electrons and photons that are misidenti-

fied as jets are not considered in the correction. Figure 5.4 shows the PF MET distribu-

tions in Z → µ+µ− and Z → e+e− events, including uncertainties from JECs.

Further corrections are applied to account for pileup effects, which are performed using

the PUPPI algorithm [103]. It aims to use information related to local particle distribution,

pileup properties and tracking information to mitigate the effect of pileup. The algorithm

operates at the particle candidate level, before any clustering is performed. It calculates

a weight in the range of 0 to 1 for each particle using information about the surrounding

particles, where a value of 1 is assigned to particles considered to originate from the

primary vertex. These weights are used to rescale the particle four-momenta to correct

for pileup at the particle level so as to reduce the contribution of pileup, such that p⃗miss
T =

−∑i wi · p⃗ i
T.
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Figure 5.4: Distributions of pmiss
T in Z → µ+µ− (left) and Z → e+e− (right) in data and

simulation. The last bin includes all events with pmiss
T > 195 GeV [105].
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Chapter 6

Neural Network Vertexing in the

Phase-2 upgrade of the Level-1 Trigger

6.1 Introduction

The upgrade to the High-Luminosity Large Hadron Collider (HL-LHC) [106] will pro-

vide an unprecedented level of luminosity, resulting in an integrated luminosity of 3000

fb−1 in the baseline configuration, which brings immense opportunities for physics analy-

ses. With the large data samples collected, a wide range of analyses will become possible.

Extended searches for new physics beyond the Standard Model and unprecedented high-

precision measurements of the Standard Model will be performed, which include signifi-

cant improvements in the measurements in the Higgs sector. Ultimately the HL-LHC can

reach a peak instantaneous luminosity of 7.5×1034 cm−2s−1, and the average number of

proton-proton collisions per bunch crossing (pileup) will increase to around 200. In the

ultimate configuration, the integrated luminosity can reach 4000 fb−1 at the end of the

HL-LHC lifetime.

The increased collision rate and higher level of pileup lead to high particle multiplicity and

an intense radiation environment for the detector. Upgrades of different parts of the CMS

detector are going to be performed to fully exploit the potential of the HL-LHC [107]. In

particular, the CMS trigger system will be upgraded to maintain high performance in the

challenging running conditions [108], and also to significantly improve the selection of

any possible new physics that could lead to unconventional experimental signatures.

One of the most important upgrades is the inclusion of state-of-the-art techniques used in

offline reconstruction and analyses at the Level-1 (L1) trigger, for example event recon-

struction based on particle-flow techniques. The Phase-2 upgrade of the trigger and the

data acquisition system will remain a two-level system. In terms of the hardware imple-
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mentation, Field Programmable Gate Arrays (FPGAs) coupled with high-speed optical

links will be used to retrieve the detector data and provide the interconnections between

the systems. The L1 maximum rate will be increased to 750 kHz, and the total latency will

be increased to 12.5 µs to allow the inclusion of information from the tracker [109] and

the high-granularity calorimeter [110] for the first time. The longer latency will enable

higher-level object reconstruction and identification, and also the evaluation of complex

event quantities to optimise physics selections. Therefore, the implementation of sophis-

ticated algorithms such as particle-flow reconstruction and machine learning techniques

becomes possible at the L1 trigger, which will bring great improvement to the perfor-

mance of object reconstruction in the challenging environment.

Figure 6.1: The Phase-2 upgrade design for the CMS Level-1 trigger. The trigger uses

information from the calorimeters, the muon spectrometers and the track finder. The

correlator trigger makes up of two layers that are dedicated to particle-flow reconstruction.

All reconstructed objects are sent to the global trigger, which makes the final Level-1

trigger decision [108].

The key feature of the Phase-2 upgrade of the L1 trigger system is the introduction of a

correlator layer as shown in Fig. 6.1, which uses information of multiple sub-detectors and

implements sophisticated algorithms to produce higher-level trigger objects. This results

in improved selectivity of the L1 trigger that approaches the performance of the High-

Level Trigger. Four independent data processing paths are implemented for optimum

flexibility, which are tracking, calorimetry, muon systems and particle-flow techniques.

L1 tracks delivered by the upgraded Outer Tracker (OT) will become available at the L1

trigger. A new type of module is used for the OT in Phase-2 to reduce the data rate. It

consists of two closely spaced layers of silicon with a tunable window which allows for an

on-module cut for charged particles with pT > 2 GeV. When a charged particle traverses
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the CMS detector, it curves in the magnetic field and the radius of curvature is inversely

proportional to the particle’s pT. As shown in Fig. 6.2, a high pT particle passing through

the two silicon layers that falls within the window shown in green (the leftmost track)

is registered as a “stub” for L1 reconstruction. Low pT, curved particle trajectories that

fall outside the window (the rightmost track) are not used for L1 reconstruction. The hits

in the detector layers are stored regardless of their pT so that if the event passes the L1

trigger, the full pT spectrum of tracks can be readout and reconstructed in the HLT and

offline [109].

Figure 6.2: Illustration of the upgraded outer tracker pT module concept. Correlation

of signals in closely-spaced sensors allows rejection of low-pT particles. The selection

window shown in green is used to define an accepted stub [109].

The L1 tracks are reconstructed in the track finder processors as part of the detector back-

end. The track parameters and quality flags from the track reconstruction are supplied to

the trigger system to perform precise vertex reconstruction and matching with calorimeter

and muon objects. This maximises the trigger efficiency and keeps the trigger rate down.

A global track trigger (GTT) will be included to perform reconstruction of primary ver-

tices, displaced vertices, as well as tracker-only based objects such as jets and missing

transverse momentum.

6.2 Baseline approach for vertex reconstruction

The identification and reconstruction of the primary vertex from tracks are vital for the

mitigation of pileup in the upgraded detector, as well as the efficient use of resources.

The goal is to identify the hard scatter vertex and its associated tracks or particle-flow

candidates. Here the primary vertex is taken to be the reconstructed vertex with the largest

sum of track pT (while in offline reconstruction it is defined as the vertex with the highest

sum of p2
T). By selecting the tracks associated to the primary vertex, the downstream

algorithms can be targeted towards the interactions coming from the hard scatter, hence

mitigating pileup and reducing resource usage.

The baseline approach is a histogram-based algorithm called "FastHisto". The algorithm

creates a histogram of track z0 where each track is weighted by its pT. The track z0 is
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calculated from the Kalman Filter (KF) zT subtracting a factor based on the cot(θ) of the

track. The zT is the z-coordinate of the track when it crosses a cylinder of radius T where

the density of stubs inside and outside the cylinder is equal. To determine the position of

the vertex, a three-bin window is passed across the histogram to find the three consecutive

bins with the maximum scalar sum pT. The centre of the three bins is returned as the

position of the primary vertex. An illustration of the algorithm is shown in Fig. 6.3. There

are several shortcomings of the FastHisto algorithm. For example, there is no handle

on fake tracks so high pT fakes together with pileup tracks can enter the histogram and

result in a fake vertex. Also, it does not correct for the degradation in z0 resolution with

increasing track |η |, which worsens the resolution of the reconstructed primary vertex.

After the vertex position is obtained, track-to-vertex association is performed in the base-

line approach using the distance between the primary vertex and the track z0, denoted by

∆z0. The resolution of the track z0 position is highly dependent on |η |, and it increases

with |η | approximately as cosh(|η |) due to the change of the resolution of the tracks based

on their orientation along the barrel shape of the tracker. Therefore, instead of using a sin-

gle z0 threshold to associate tracks to the vertex, the thresholds are binned in |η | to allow a

larger ∆z0 threshold for tracks with higher |η |. This is found to be a reasonably effective

way to perform track-to-vertex association, with reasonable performance in associating

genuine primary vertex tracks instead of fake or pile-up tracks. However, it is expected

that the performance can be improved by using other track features to better discriminate

between pileup and primary vertex tracks, for example by using the quality of the tracks.

Figure 6.3: Vertex reconstruction with the FastHisto algorithm, which uses a pT weighted

histogram of the track z position. The coloured crosses represent the actual position of

each track for different types of tracks, which are pileup tracks, fake tracks and primary

vertex tracks. The grey markers show the scalar sum of the track pT in each bin. The

black dashed line indicates the vertex position found by the FastHisto algorithm, and the

green dashed line shows the position of the true vertex [108].

66



6.3 End-to-End Neural Network Vertexing

6.3.1 Network architecture and learning

To improve the performance of the vertex finding, more complex weightings can be ap-

plied to the tracks in the histogram in the baseline approach. For example, cuts on the

track quality MVA score can remove fake tracks. The track quality MVA is the output

from a Boosted Decision Tree that is trained using track features such as track χ2 and the

number of stubs to discriminate between real and fake tracks. Also, a weighting such as
1

η2 can take into account the degradation in z0 resolution in higher |η |. To optimise the

use of these features in calculating the weightings, a dense neural network is employed.

Moreover, the calculation of the vertex position from the weighted histogram can be im-

proved. A 1D convolutional neural network is used instead of the three-bin window in the

baseline FastHisto approach to allow more complex pattern recognition. Finally, aside

from the vertex finding, the track-to-vertex association can also benefit from the use of

more complex track features such as the track quality MVA, in addition to the ∆z0 be-

tween the track and the vertex. As the track-to-vertex association can be improved by the

correct reconstruction of the primary vertex, and the association of tracks to the vertex is

ultimately the most important output to downstream algorithms, an end-to-end approach

is implemented to learn simultaneously the event-level primary vertex regression and the

track-level track-to-vertex association.

The end-to-end network consists of three parts to perform primary vertex regression and

track-to-vertex association. The weight function dense neural network (DNN) learns track

weights using track features, which are the track pT, η and track quality MVA score. The

learned track weights are passed to a pattern recognition convolutional neural network

(CNN). An ArgMax, which returns the z position of the maximum bin in the histogram, is

used to determine the vertex z position. Using the track input features and the distance of

the track from the primary vertex, an association dense neural network is implemented to

perform track-to-vertex association. The network architecture is shown in Fig. 6.4 [111].

The network is trained with two loss functions for the vertex regression and the track-to-

vertex association, which are equally weighted. A Huber loss function is attributed to the

vertex regression. The loss function is defined as

Lδ (ztrue − zpredicted) =







1
2

(

ztrue − zpredicted

)2
if
∣

∣

(

ztrue − zpredicted

)∣

∣≤ δ

δ
(∣

∣

(

ztrue − zpredicted

)∣

∣− 1
2
δ
)

otherwise,
(6.1)

where ztrue is the z position of the true vertex, zpredicted is the z position of the predicted
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vertex, and δ is a tunable parameter called the Huber delta that controls the overall shape

of the loss function. The loss is quadratic when the predicted z value is within δ of the

true value, and it is linear when the difference between the predicted and the true z is

larger than δ . By tuning the Huber δ to a higher value, the tails of the residuals can be

improved as more residuals will be controlled by the quadratic loss function.

Figure 6.4: Network architecture for the End-to-End Neural Network Vertexing, which

learns simultaneously primary vertex regression and track-to-vertex association. Track

features are first fed into a dense neural network that learns a weight for each track. The

weights are used to fill a histogram in z0, which is then passed through a convolutional

neural network to perform peak-finding. The z position of the primary vertex is returned

with an ArgMax, which finds the maximum bin of the histogram. The track’s distance

from the primary vertex ∆zPV
0,i and the input track features are then passed to a second

dense neural network to learn the probability of the track associated to the regressed pri-

mary vertex [111].

A binary cross entropy loss function is used for the track-to-vertex association. For an

event with N tracks, each with a predicated association probability of pi and an actual

class label of yi, the loss function is defined as

L(y) =
1

N

N

∑
i=1

−(yilog(pi)+(1− yi)log(1− pi)). (6.2)
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Apart from the loss functions used for the vertex regression and track-to-vertex associa-

tion, auxiliary losses are also included to improve the performance of the network. The

lasso regularisation (also known as the L1 regularisation) allows the reduction of weights

down to zero by adding a loss term that is proportional to the sum of the magnitudes

of all weights [112]. This makes the subsequent pruning of the network more effective.

Moreover, the ridge regularisation (also known as L2 regularisation) is applied to reduce

the magnitudes of the weights in the network [113], which makes subsequent network

quantisation more effective. It adds a penalty term that is proportional to the sum of the

squared magnitudes of the weights, and so it penalises weights with higher values more

than those with smaller values.

A final loss function is added to control the magnitude of the learned track weights which

are used to fill the histogram. The loss function finds the top 10% of the learned track

weights and returns a loss proportional to the mean square of these weights, hence pe-

nalising learned track weights with high magnitude. By constraining the magnitude of

learned track weights, the neural network training becomes more reproducible and it is

easier to perform quantisation of the network.

As the end-to-end neural network is trained to simultaneously learn the vertex regression

and track-to-vertex association, every part of the network needs to be differentiable for the

back propagation. Therefore, a custom TensorFlow layer is used for the histogram when

performing vertex finding. Each bin of the histogram hi is filled with track z0 weighted by

weight w, which is a learned function of the track pT,η and MVA score. There are 256

bins in the histogram of z0. In other words, each histogram bin is the weighted sum of all

tracks that fall into that z0 bin, which can be expressed as

hi =
tracks

∑
j=0

δ ( j ∈ bin i)w(pT j,η j,MVA j). (6.3)

The resulting gradients of the histogram are then

∂hi

∂ z0
= 0 and

∂hi

∂w
=

tracks

∑
j=0

δ ( j ∈ bin i). (6.4)

Since the histogram is differentiable, it can be used in both forward and backward passes

of the neural network training. The vertex position is obtained by an ArgMax on the his-

togram filled with the learned track weights. As the standard ArgMax is non-differentiable,

a soft ArgMax is used to enable back propagation. It takes an input vector x with N el-

ements, and is implemented using several standard TensorFlow layers and so it is differ-

entiable. A temperature-rescaled SoftMax is first applied on the input vector to return the
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output

exi/T

∑
N
j=0 ex j/T

. (6.5)

The output from the SoftMax can be interpreted as a probability distribution of the track

weights (with a value between 0 and 1). After that, the output vector is multiplied by

the bin index in the histogram, i.e. a single linear layer of weights between 0 and 255 is

implemented. The multiplication returns 0 where the SoftMax output is 0, and returns the

bin index where the SoftMax output is 1.

Finally, the resulting vector is summed over to give the bin index for which the SoftMax

output of 1 is located:
N

∑
i=0

i
exi/T

∑
N
j=0 ex j/T

(6.6)

The equations for the ArgMax are implemented with TensorFlow operations, and it is

usable in both forward and backward passes of the training.

In order to avoid overtraining, the training and validation errors are monitored during

the neural network training. The training loss and validation mean square error (MSE)

in z0 are shown in Fig. 6.5 for an example training. There are a few fluctuations in the

validation MSE, but no obvious overtraining is observed.

6.3.2 Implementation

As the end-to-end neural network is implemented in firmware, the resource usage has to

meet the budget of the trigger. Firstly, quantisation is applied to the network layer-by-

layer using the QKeras package [114] and the spread of the weights are inspected in every

layer. Quantisation is the technique of storing the network parameters in lower numerical

precision in order to reduce the computational time and energy [115]. It is noted that an

automatic quantisation cannot be implemented because of the custom TensorFlow layers

included in the network.

After quantisation, pruning is also applied to further reduce the resource usage. A custom

cycle of pruning is implemented due to the presence of non-standard TensorFlow layers.

After a cycle of training and the quantisation of the network weights, all the weights close

to zero are chosen. They fill a mask that set these weights to zero. The mask is then used

together with the previously trained network in a new training cycle where the network is

trained with the pruning applied. The use of pruning cycles is more stable than removing

all small weights at the end of the training. It also allows more weights to be removed

while maintaining performance. Eight pruning cycles are used in total, targeting only

the weight and association layers, since the pattern CNN is small and pruning will likely

affect its performance.
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Figure 6.5: Training loss and validation z0 mean square error in an example training of

the neural network.

The end-to-end neural network vertexing is implemented in firmware by inserting the

weight DNN, the pattern CNN, and the association DNN within the existing baseline

firmware. The weight network and the association network are implemented with 18

copies of each network to match the 18 input track streams. All parts of the end-to-end

neural network are implemented in 3 time multiplexed slices in the GTT, resulting in a

total of 54 copies of the weight network, 3 copies of the pattern network and 54 copies of

the association network implemented on an field-programmable gate array.

6.3.3 Performance

The end-to-end neural network vertexing outperforms the baseline FastHisto approach in

both the vertex position regression and track-to-vertex association.
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The studies are performed with a sample of tt̄ events, first using old KF tracks. The

performance of the network trained with new KF tracks is also studied. The new KF is

a bit accurate emulation of the KF, which has worse z0 resolution than the simulated KF

due to missing higher order corrections. It also does not apply any internal χ2 cuts on the

tracks, which leads to a higher fake rate. The new KF corresponds closely to the currently

available firmware, while the old KF could be regarded as a simulation of a possible future

implementation with potential improvements.

The vertex z0 residuals are shown for the neural networks and the baseline approach using

the old KF tracks in Fig. 6.6. An improvement of 34% is achieved in the root mean

square (RMS) of the residuals in the neural network vertexing compared to the baseline

FastHisto algorithm. The improvement comes from the tails of the distribution, as seen

in the left plot of Fig. 6.6. The performance is similar in the core of the residuals, as

shown in the right plot of Fig. 6.6. The improvement in vertex reconstruction can also

be seen in Fig. 6.7, which shows the z0 of the reconstructed vertex against the z0 of

the true vertex for the baseline algorithm and the quantised neural network respectively.

There is a smaller spread of vertices around the diagonal for the neural network, which

shows a higher accuracy in vertex reconstruction. The improvement in the tails is mainly

due to the additional track quality information used in the neural network, reducing the

misreconstruction of vertices from high pT fake tracks which is more common in the

baseline FastHisto algorithm.

Figure 6.6: z0 residuals of neural network vertexing trained with the old Kalman Filter

tracks for the floating point, quantised (QNN) and quantised pruned (QPNN) neural net-

works compared to the baseline FastHisto approach.
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Figure 6.7: Two-dimensional plots showing the z0 of the reconstructed primary vertex

using old Kalman Filter tracks against the z0 of the true primary vertex for the base-

line FastHisto algorithm on the left, and for the quantised neural network on the right.

The diagonal strip shows vertices that are correctly reconstructed, while the distribution

around the diagonal strip shows vertices which are misreconstructed. The smaller spread

of vertices around the diagonal shows a better performance in vertex reconstruction for

the neural network compared to the baseline.

The performance in vertex regression is also studied with the new KF tracks, as the new

KF matches closely with the currently available firmware. The z0 residuals of the neural

network vertexing and the baseline FastHisto algorithm are shown in Fig. 6.8. There is a

big reduction of the residuals especially in the tails for the neural network vertexing com-

pared to FastHisto, with an improvement of 59% in the RMS of the residuals. It is noted

that the FastHisto algorithm is not yet optimised for the new KF tracks, while the neural

network has the advantage of adapting to the new tracks while it is trained to maintain

good performance. There is also an improvement of about 9% in the core of the residuals

for the neural network compared to the baseline FastHisto. The reconstructed z0 against

the true z0 of the primary vertex is shown in Fig. 6.9. There is significant improvement

in the reconstruction accuracy, as seen in the more concentrated distribution of vertices

along the diagonal for the neural network compared to the baseline FastHisto algorithm. It

is also noticed that the baseline approach has a slight bias towards reconstructing primary

vertices at z0 closer to 0, as seen in the green oval shape at the centre of the distribution.

The oval shape is not seen in the distribution for the neural network approach, which

shows that it gives less biased predictions.

Comparing the z0 residuals changing from the old KF to the new KF, an increase in the

residuals is seen for both the baseline FastHisto algorithm and the neural network. This is

expected as the new KF tracks have worse z0 resolution than the old KF tracks. The core

of the residuals increase by 54% for the FastHisto algorithm while the increase is 29% for

the neural network when changing from old KF tracks to new KF tracks. The use of track

quality MVA as input to the neural network helps mitigate the increased fake rate in the
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new KF tracks, leading to better performance compared to the FastHisto. This shows that

the neural network is more robust to the change of the underlying track features.

Figure 6.8: z0 residuals of neural network vertexing trained with the new Kalman Filter

tracks for the floating point, quantised (QNN) and quantised pruned (QPNN) neural net-

works compared to the baseline FastHisto approach.

Figure 6.9: Two-dimensional plots showing the z0 of the reconstructed primary vertex

using new Kalman Filter tracks against the z0 of the true primary vertex for the base-

line FastHisto algorithm on the left, and for the quantised neural network on the right.

The diagonal strip shows vertices that are correctly reconstructed, while the distribution

around the diagonal strip shows vertices which are misreconstructed. The smaller spread

of vertices around the diagonal shows a better performance in vertex reconstruction for

the neural network compared to the baseline.

The neural network also outperforms the baseline FastHisto in performing track-to-vertex

association. The performance is shown in Fig. 6.10 and Fig. 6.11 for the old and new KF

tracks respectively. For the same purity, the neural networks have higher efficiencies in

associating tracks to the reconstructed vertex compared to the baseline, and vice versa.

For the same track to vertex association false positive rate, the neural networks have

higher true positive rates. The improvement in the ROC AUC is about 6% in the neural
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network compared to the baseline with the old Kalman Filter tracks. The ROC AUC is

the area under curve of the receiver operating characteristic curve, which is a plot of the

true positive rate against the false positive rate at each neural network threshold score.

It is a metric of the performance of the neural network classification. There is a more

significant improvement in the ROC AUC of the neural network over the baseline with

the new Kalman Filter tracks, which is about 22%. When comparing the ROC AUC of

the quantised neural network and quantised pruned neural network to that of the neural

network, similar performance is observed. As in the case of vertex regression, the neural

network is more robust to the change from the old KF tracks to the new KF tracks when

performing track-to-vertex association. This can be seen from the smaller change in the

performance in the neural network compared to the baseline with the change of the tracks.

The resource usage of the neural network implemented on a Xilinx VU13P running at 360

MHz for one super logic region (SLR) is shown in Table 6.1. A Vivado implementation

is used to estimate the resource usage, and a simulation is used to estimate the latency

and initiation interval. Post-training quantisation is applied to reduce usage by tuning the

quantisation to the size of which the network weights have converged to. The resource

usage is shown for the quantised pruned weight network, the quantised pattern network

and the quantised pruned association network. Taking into account the number of track

streams and time multiplexes when implemented in the Global Track Trigger, the total

resource usage for the networks on a VU13P is estimated to be 28.9% in Look-up tables

(LUT), 20.5% in Digital signal processor (DSP) slices and 11.4% in Flip flops (FF).

Figure 6.10: Purity against efficiency (left) and receiver operating characteristic (ROC)

curves (right) for the baseline cut-based approach and the neural network track-to-vertex

association with the old Kalman Filter tracks. The baseline is shown in as a red dot as it

represents a single cut, as opposed to varying thresholds for the neural networks. In the

ROC plot, the ROC AUC is the area under curve for the neural network approaches. For

the baseline, the area is taken as the area of a triangle formed by the origin, the red dot

and (1, 1) in the false positive rate against true positive rate plane.
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Figure 6.11: Purity against efficiency (left) and receiver operating characteristic (ROC)

curves (right) for the baseline cut-based approach and the neural network track-to-vertex

association with the new Kalman Filter tracks. The baseline is shown in as a red dot as it

represents a single cut, as opposed to varying thresholds for the neural networks. In the

ROC plot, the ROC AUC is the area under curve for the neural network approaches. For

the baseline, the area is taken as the area of a triangle formed by the origin, the red dot

and (1, 1) in the false positive rate against true positive rate plane.

Vertex finding Latency (ns) Initiation LUTs (%) DSP (%) BRAMs (%) FFs (%)

interval (ns)

QP weight network Vitis 40 2.7 0.12 0.06 0.00 0.05

Q pattern network Vitis 35 18.9 1.53 0.00 0.00 0.92

Track-to-vertex association Latency (ns) Initiation LUTs (%) DSP (%) BRAMs (%) FFs (%)

interval (ns)

QP association network Vitis 40 2.7 0.33 0.32 0.00 0.11

Table 6.1: Resource usage and latency of one SLR of a Xilinx VU13P running at 360

MHz for the quantised pruned (QP) weight network, quantised (Q) pattern network and

quantised pruned (QP) association network in the end-to-end neural network vertexing.

The resource usage is estimated by a Vivado implementation of the networks, while the

latency and initiation interval are estimated from a simulation. Post-training quantisation

is applied to reduce the resource usage.

6.3.4 Impact on downstream objects

The impact of the neural network vertexing on downstream objects is investigated. Miss-

ing transverse energy (MET) is of interest because it is a feature of many physics models

beyond the Standard Model, such as Supersymmetry and dark matter models. The per-

formance in PUPPI MET, which is MET with corrections applied to account for pileup

effects [116], is first studied by only changing the vertex reconstruction algorithm.
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The trigger efficiency is studied at a fixed rate of 18 kHz with the neural network vertex-

ing, the baseline FastHisto algorithm, and truth tracks respectively. In the case of truth

tracks, Monte Carlo truth-matched tracks are used as input to the FastHisto algorithm to

obtain the vertex, and the truth-matched tracks are associated to the vertex. A Supersym-

metric top squark sample is used for the study, as there is a large amount of MET in the

sample.

As seen in Fig. 6.12 (left), the efficiency from using truth tracks comes at the top, which

is expected as they use truth-matched primary vertex tracks as input and no pileup or fake

tracks are associated to the vertex. The truth tracks give a perfect performance upper

limit. The efficiency from neural network vertexing is found to be similar to that from

the FastHisto algorithm, as shown in Fig. 6.12 (right). This is also expected as the only

difference here is in the vertex position, where the biggest improvement comes from the

tails of the vertex residuals. The improvement in the track-to-vertex association (which

will be discussed later) should have a bigger impact on the performance compared to the

vertex regression, as tracks are used in the object reconstruction.
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Figure 6.12: Trigger efficiency of PUPPI MET as a function of generated MET at a fixed

rate of 18 kHz using the vertex from neural network vertexing, the baseline FastHisto

algorithm and Monte-Carlo truth-matched tracks respectively. In the case of truth tracks,

the truth-matched tracks are input to the FastHisto algorithm to obtain the vertex, and

only the truth tracks are associated to the vertex. The plot on the right shows a direct

comparison between the efficiencies from neural network vertexing and the FastHisto

algorithm.

The trigger rate for PUPPI MET is then studied, again with only changes in vertex posi-

tion. A minimum bias sample is used for the study, which consists of non-single diffrac-

tive inelastic interactions. The sample includes many different processes, and so it is

suitable for the study of trigger rate. The rates are first compared between the neural

network vertexing and the baseline FastHisto algorithms as a function of the offline pT

threshold, as shown in Fig. 6.13 (left). The neural network vertexing is found to give a
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lower rate compared to the FastHisto algorithm for most of the pT thresholds. For ex-

ample, at 150 GeV, the rate for neural network vertexing is 343 kHz, while that for the

FastHisto algorithm is 363 kHz, showing a reduction of 5.6% in rate with neural network

vertexing. As the trigger efficiency is found to be similar between neural network vertex-

ing and FastHisto with only the change in vertex position, a reduction of rate at the same

efficiency shows good performance for the neural network vertexing.

The rates are also compared between the FastHisto algorithm and the truth tracks, as

shown in Fig. 6.13 (right). The rate for the truth tracks is found to be lower than that for

the FastHisto algorithm. This is expected as in the case of truth tracks, only Monte Carlo

truth-matched tracks and no pile-up nor fake tracks are associated to the vertex.

Figure 6.13: Trigger rate of PUPPI MET as a function of offline pT threshold, making

comparisons between the neural network and the FastHisto algorithm (left), and between

the FastHisto and truth tracks (right). In the case of truth tracks, Monte Carlo truth-

matched tracks are input to the FastHisto algorithm to obtain the vertex, and only the truth

tracks are associated to the vertex. The fluctuations at lower rates are due to statistical

errors.

Aside from PUPPI MET, the impact of the neural network vertexing is also studied with

hadronic taus (tau leptons that decay into hadrons), which can also benefit from the im-

proved vertexing. The neural network track-to-vertex association is implemented in ad-

dition to the vertexing in order to study the full impact of the neural network approach.

The track-to-vertex association is performed within the PUPPI reconstruction algorithm

as a selection on the neural network output score of the tracks. The efficiency is stud-

ied with the vector boson fusion H → ττ sample, and the rate is studied with the mini-

mum bias sample. The object under study is the neural network PUPPI tau, which uses

a neural-network based reconstruction algorithm for hadronically decaying tau leptons

using information from the calorimeters and tracks [108].

The matching efficiency of the neural network PUPPI tau is first studied. It is defined as
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the efficiency of matching generated taus with Level-1 taus with ∆R < 0.1. The perfor-

mance is compared between the FastHisto algorithm and the neural network vertexing,

as shown in Fig. 6.14 (left) for the barrel and Fig. 6.14 (right) for the endcap. There is a

clear improvement of 10-20% in the matching efficiency when using the neural network

vertexing compared to the FastHisto algorithm, especially in the barrel region.

The trigger rate for neural network PUPPI tau is then investigated. To compare the rates

at fixed efficiency, different pT cuts are applied on the Level-1 taus to obtain the same

efficiency for the FastHisto and the neural network vertexing algorithms. As a reference,

a pT threshold of 30 GeV is used for the baseline FastHisto algorithm. The threshold

for the neural network vertexing is tuned such that it gives the same efficiency as the

FastHisto algorithm. It is found that thresholds of 33 GeV and 32 GeV for the neural

network vertexing give roughly the same trigger efficiency as the FastHisto algorithm in

the barrel and the endcap respectively, as shown in Fig. 6.15. The rate for single tau

against the online thresholds is shown in Fig. 6.16 for the barrel and endcap respectively.

It is noted that in the proposed Phase-2 trigger menu a threshold of 30 GeV is used for

di-tau seeds, while the rate is shown for single tau in Fig. 6.16. In the barrel region, the

rate for the FastHisto algorithm is 564 kHz at a threshold of 30 GeV, while the rate for

the neural network vertexing is 514 kHz at a threshold of 33 GeV. The thresholds are

chosen to compare the rates at roughly the same efficiency for the two algorithms. This

shows that the rate is 8.9% lower for the neural network vertexing in the barrel, while

maintaining a similar trigger efficiency as the FastHisto algorithm. In the endcap region,

the rate for the FastHisto algorithm is 355 kHz at a threshold of 30 GeV, while the rate for

the neural network vertexing is 350 kHz at a threshold of 32 GeV. This shows that the
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Figure 6.14: Matching efficiency of generated tau with the Level-1 neural network PUPPI

tau in the barrel (left) and the endcap (right) using the FastHisto algorithm (blue) and

the neural network vertexing (orange) respectively. A threshold of 0.1 is used for the

association network in the neural network vertexing. A clear improvement in the matching

efficiency is observed for the neural network vertexing.
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rate is 1.5% lower for the neural network vertexing at a similar efficiency as the FastHisto

algorithm in the endcap region.
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Figure 6.15: Trigger efficiency of the neural network PUPPI tau in the barrel (left) and

the endcap (right) respectively. A threshold of 0.1 is used for the association network in

the neural network vertexing. A Level-1 pT threshold of 30 GeV is applied on the taus for

the FastHisto algorithm, while the pT threshold is tuned for the neural network vertexing

to obtain roughly the same efficiency as the FastHisto.
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Figure 6.16: Trigger rate of the neural network PUPPI tau as a function of online threshold

in the barrel (left) and the endcap (right) using the FastHisto algorithm and the neural

network vertexing respectively. A threshold of 0.1 is used for the association network in

the neural network vertexing.

6.3.5 Summary

The HL-LHC will provide an integrated luminosity of up to 3000 fb−1, with a pileup of

around 200. Although it brings great opportunities for physics searches and measure-

ments, it also presents a challenging detector environment. The Level-1 trigger will be

upgraded to include information from different subdetectors and implement sophisticated
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reconstruction algorithms. In particular, the global track trigger will use tracks from the

Outer Tracker to perform various tasks, including the reconstruction of the primary ver-

tex. The baseline FastHisto algorithm uses a histogram of track z0 weighted by pT to find

the primary vertex. Neural network vertexing is studied to improve the performance by

using more complex track weightings that include for example track quality information.

The performance of the neural network vertexing is studied with the latest Monte Carlo

samples of tt̄ events. There are improvements in both the vertex regression and the track-

to-vertex association for the neural network vertexing compared to the baseline FastHisto

algorithm. The resource usage of the neural network implemented on a Xilinx VU13P

running at 360 MHz is estimated using a Vivado implementation and a C-Simulation.

Reasonable resource usage is observed for the neural network implementation.

The impact of the neural network vertexing on downstream objects is investigated for

PUPPI MET and the neural network PUPPI tau. The impact of the changes in vertex

position is first studied, which shows similar trigger efficiency and a reduction in rate of

about 6% in the trigger rate for PUPPI MET. The neural network track-to-vertex associa-

tion is then implemented and the impact is studied for the neural network PUPPI tau. An

improvement of 10-20% is achieved in the matching efficiency of generated tau with the

Level-1 tau. At fixed efficiency, reduction in the trigger rate of about 9% and about 2%

are observed in the barrel and the endcap regions respectively.

As the neural network vertexing shows promising results, there will be continued efforts

in the development of machine learning vertexing. Implementation of the neural network

into firmware will also be tested to ensure matching between simulation and emulation,

as well as the satisfaction of timing and resource usage requirements. Furthermore, the

neural network association score could be deeply incorporated in τ algorithms in the

future for more optimal use.
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Chapter 7

Analysis strategy

7.1 Introduction

The search for dark showers is performed using a dataset collected in 2018 by the CMS

experiment using a “data parking” strategy [117, 118], where the offline reconstruction

is delayed. In the B-parking dataset the thresholds used by the trigger algorithms are

lowered, facilitating the selection of low pT muons that are displaced from the primary

vertex. This dataset provides great opportunities for searching for low-mass, long-lived

dark sector decays into displaced muons.

An event-level Boosted Decision Tree (BDT) is trained in the analysis to discriminate

between the signal and the background. A variety of variables from different objects

are used as input variables for the training. Muon variables are found to be the most

discriminating variables.

In this Chapter, the B-parking dataset is first introduced, as well as the Monte Carlo sam-

ples that are produced for the analysis. The training of the BDT is then be discussed,

including performance and feature studies. Finally, the event selection and event cate-

gorisation are discussed.

7.2 Datasets, triggers and Monte Carlo simulation

7.2.1 The B-parking dataset

The search targets low-mass Hidden Valley dark showers, which are hard to trigger using

standard trigger thresholds. In order to maintain a manageable trigger rate, traditional

triggers usually have relatively high thresholds, which in turn makes it challenging to

perform searches for new particles with low mass. These final states are difficult to select
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out of the huge QCD background.

One of the main challenges faced by data processing is the limited computing resources

available for performing prompt reconstruction of recorded data. In standard datasets,

the full offline reconstruction proceeds soon after the data are recorded, with only a short

delay of about 48 hours for different detector calibration and alignment data to become

available [119]. The novel data-parking strategy was designed to overcome the limitation

in the ability to perform prompt reconstruction [117]. The trigger thresholds are lowered

in the parking strategy, which increases the acceptance to low mass physics final states.

The trigger rate increases substantially as a result, which can go beyond the capacity of the

computing resources available to promptly reconstruct events as soon as they are recorded.

In such case, the data stream is first transferred, unprocessed, to tape storage (the data

stream is "parked"). It is kept in a raw format until sufficient computing resources become

available for the events to be reconstructed, for example during shutdowns between data-

taking periods. The parking strategy is illustrated in Fig. 7.1 for the 2018 data taking.

Figure 7.1: The typical Run 2 data flow during 2018, which shows the different data acqui-

sition strategies, including the parking data stream. A value of Linst = 1.2×1034 cm−2s−1

over a typical 2018 fill is used, which corresponds to an average pileup of 38 [117].

In the 2018 B-parking dataset, there were triggers aimed at selecting low-pT muons that

are displaced from the primary vertex. They were designed to identify muons originat-

ing from displaced b hadron decays, with kinematic requirements on the transverse mo-

mentum and the impact parameter significance of the muons. The latter is defined as

IPsig = IP/σIP, where IP is the transverse impact parameter of the muon and σIP is its

uncertainty. It is used for reducing prompt muon background from processes such as D

mesons and charmonium decays. The trigger thresholds are progressively relaxed in the

Level-1 (L1) and the high-level trigger (HLT) algorithms, as the instantaneous luminosity

decreases gradually in each fill. Normally the trigger rates decrease as the instantaneous

luminosity decreases, which leads to the availability of spare capacity. To utilise the re-

sources available, in the parking strategy the trigger thresholds are progressively loosened

so that the trigger system operates at a rate close to its design limit. The higher trigger
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rates are mitigated by delayed offline reconstruction. This led to a sample of 1010 b hadron

decays being recorded in 2018 [117, 118].

The B-parking dataset provides great opportunities for searching for low-mass, long-lived

dark sector decays into displaced muons. In the dark shower signal models, dark hadrons

are produced with high multiplicity, and they undergo displaced decays into muons (ei-

ther directly or in steps) with a high branching ratio. One of the muons would fire the

B-parking displaced muon triggers. There are no mass restrictions and no isolation re-

quirements in the dataset, which increase the signal acceptance. Compared to another

data taking strategy known as scouting (also illustrated in Fig. 7.1), which reduces the

event content for higher rate, full event information is available in the parking dataset.

This is important for implementing machine learning techniques in the analysis.

At the L1 trigger, the muon is required to have either pT > 22 GeV, or a looser pT require-

ment ranging from 6 to 18 GeV as well as a requirement of |η | < 1.5. At the HLT, the

trigger thresholds on pT range from 7 to 12 GeV, and the thresholds on IPsig vary between

3 and 6. Details of the trigger paths can be found in Appendix A.

The B-parking dataset contains 1.2×1010 events, and includes 1×1010 unbiased b hadron

decays due to the imperfect trigger purity. The total luminosity recorded is 41.9 fb−1.

Table 7.1 shows the integrated luminosity, the mean number of pileup interactions, and

the number of events recorded by each combination of L1 and HLT thresholds. The values

are obtained over the periods for which each combination provided the lowest enabled L1

pT threshold.

The pileup distribution for the dataset is given in Fig. 7.2, which shows the contributions

from each of the trigger combinations. The trigger thresholds are loosened as the lumi-

nosity falls, which corresponds to lower pileup. Therefore the mean pileup decreases with

lower trigger thresholds, as is evident from Table 7.1 and Fig. 7.2. The highest rates at

the HLT are observed later in a fill, so a larger fraction of the data are recorded at lower

pileup values compared to standard data streams.

The invariant mass distribution of oppositely charged dimuons originating from a com-

mon vertex is obtained from the B-parking dataset, as shown in Fig. 7.3. Both muons

from the vertex are required to satisfy minimal kinematic and identification criteria. In

addition, one of the muons from the vertex must be matched to the candidate that fires

the trigger in order to obtain the vertex selected by the trigger. The contributions from

each trigger combination are shown in Fig. 7.3. Peaks in the distributions which origi-

nate from the ρ/ω,φ ,J/ψ,ψ(2S),ϒ(1S) and Z resonances from the Standard Model are

clearly visible.
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L1 pT (GeV) HLT pT (GeV) HLT IPsig Lint(fb
−1) Mean pileup Events (×109)

12 12 6 8.1 37.7 0.72

10 9 6 8.4 32.9 1.67

10 9 5 1.6 33.9 0.37

9 9 6 1.6 28.2 0.34

9 9 5 5.2 28.3 1.30

9 8 5 1.6 29.2 0.52

8 9 6 1.8 24.2 0.40

8 9 5 3.8 23.9 1.00

8 8 5 1.7 24.2 0.60

8 7 4 1.5 24.5 0.84

7 8 3 0.8 19.1 0.45

7 7 4 5.5 18.6 3.56

Other combinations 0.3 - 0.12

Total 41.9 22.7 11.9

Table 7.1: Trigger configurations in the 2018 B-parking dataset, defined by unique combi-

nations of Level-1 (L1) pT, high-level trigger (HLT) pT and transverse impact parameter

significance (IPsig) thresholds. The integrated luminosity (Lint), the mean number of

pileup interactions, and the number of events recorded by each combination are shown as

the total over the periods for which each combination provided the lowest enabled L1 pT

threshold.

Figure 7.2: The pileup distribution for the 2018 B-parking dataset. Contributions from

each individual trigger combination are shown. The areas of the histograms are nor-

malised to the number of events recorded by each trigger.

7.2.2 Monte Carlo simulation

The signal samples are produced with PYTHIA 8.240 [53] for the vector portal signal

model, and with PYTHIA 8.309 [120] for scenario A and scenario B1 models, where

the signal models are defined in Section 3.2. The LHAPDF6 sets of parton distribution
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Figure 7.3: The invariant mass distribution of oppositely charged dimuons originating

from a common vertex, obtained using a subset of the 2018 B-parking dataset. The con-

tributions from each trigger combination are shown. Different Standard Model resonances

are labelled.

functions [121] are used. The parameters of the models are introduced in Table 7.2. For

the vector portal signal model, the parameters are the mass of the dark vector meson mω̃ ,

and its mean proper lifetime cτ , which is the average lifetime in the particle’s rest frame.

For scenario A and scenario B1 models, the parameters are the mass of the dark pion π3,

the mass of the dark photon A′ (which forms a resonance), and the proper lifetime of either

A′ (for scenario A) or π3 (for scenario B1). The search explores a resonance mass range

between 300 MeV and 20 GeV. A variety of lifetime models are considered, ranging from

0.1 mm to 500 mm. The different model points produced are summarised in Table 7.3.

The gluon-gluon fusion production mode of the Higgs is considered, which has a cross

section of 43.9 pb at centre-of-mass energy of 13 TeV, calculated with a precision at

NNLO+NNLL [122]. A branching ratio of 0.01 is assumed for the Higgs decaying into

dark showers when the plotting the signal distributions.

Signal model Model parameters

Vector portal mω̃ : mass of the dark vector meson

cτ: Mean proper lifetime of the dark vector meson

Scenario A/B1 mπ3: mass of the dark pion π3

mA′: mass of the dark photon

cτ: Mean proper lifetime of the dark photon (scenario A) or the dark pion π3 (scenario B1)

Table 7.2: Model parameters of the different classes of signal models interpreted by the

analysis.
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mω̃ (GeV) cτ (mm)

Vector portal 2,5,10,15,20 0.1,0.3,0.65,1,2,4,6.5,10

20,35,50,60,75,100,200,350,500

(mπ3 (GeV), mA′ (GeV)) cτ (mm)

Scenario A (1,0.33),(4,0.4),(2,0.67),(4,1.33), 0.1,0.25,0.3,0.6,1,2.5,

3,6,10,25,30,60,100

(10,1.0),(10,3.33) 0.1,1,10,100

Scenario B1 (1,0.33),(2,0.4),(2,0.67),(4,1.33) 0.1,0.25,0.3,0.6,1,2.5,

3,6,10,25,30,60,100

Table 7.3: Signal models with different masses and lifetimes that are produced in the

analysis.

For background Monte Carlo, a set of muon-enriched QCD background samples with a

muon pT threshold of 5 GeV is used. The samples were generated with PYTHIA 8.240.

The pT requirement is chosen so that it is below the threshold of the B parking triggers, in

order to make use of the full phase space reachable by the triggers. There are twelve back-

ground samples corresponding to different pT bins that span the full range of transverse

momentum starting from 15 GeV. The cross-sections for the QCD samples are shown in

Table 7.4.

QCD Monte Carlo sample Cross-section (pb)

pT 15-20 GeV 2799000.0

pT 20-30 GeV 2526000.0

pT 30-50 GeV 1362000.0

pT 50-80 GeV 376600.0

pT 80-120 GeV 88930.0

pT 120-170 GeV 21230.0

pT 170-300 GeV 7055.0

pT 300-470 GeV 619.3

pT 470-600 GeV 59.24

pT 600-800 GeV 18.21

pT 800-1000 GeV 3.275

pT 1000-inf GeV 1.078

Table 7.4: Cross-sections for the pT-binned QCD samples that are used in the analysis.

The trigger efficiency × acceptance of the B-parking triggers on the different signal mod-

els are studied. Table 7.5 shows the trigger efficiency for some representative benchmark
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models in the vector portal, scenario A and scenario B1 respectively. The efficiency varies

from about 1% to about 30%, depending on the signal model as well as the mass and the

lifetime parameters.

Vector portal mω̃ = 2 GeV mω̃ = 2 GeV mω̃ = 20 GeV mω̃ = 20 GeV

cτ = 10 mm cτ = 100 mm cτ = 10 mm cτ = 100 mm

Trigger efficiency 26.51 7.05 27.87 14.79

× acceptance (%)

Scenario A mπ3 = 1 GeV, mπ3 = 1 GeV mπ3 = 4 GeV mπ3 = 4 GeV

mA′ = 0.33 GeV mA′ = 0.33 GeV mA′ = 1.33 GeV mA′ = 1.33 GeV

cτ = 10 mm cτ = 100 mm cτ = 10 mm cτ = 100 mm

Trigger efficiency 3.77 0.70 12.84 3.01

× acceptance (%)

Scenario B1 mπ3 = 1 GeV, mπ3 = 1 GeV mπ3 = 4 GeV mπ3 = 4 GeV

mA′ = 0.33 GeV mA′ = 0.33 GeV mA′ = 1.33 GeV mA′ = 1.33 GeV

cτ = 10 mm cτ = 100 mm cτ = 10 mm cτ = 100 mm

Trigger efficiency 6.35 1.27 15.66 4.84

× acceptance (%)

Table 7.5: The trigger efficiency × acceptance for representative benchmark models in

the vector portal, scenario A and scenario B1.
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7.3 Event-level Boosted Decision Tree

7.3.1 Introduction

In the B-parking dataset there is a large heavy flavour QCD background, so machine learn-

ing techniques are employed to provide background rejection and increase the sensitivity

of the search. An event-level Boosted Decision Tree (BDT) is used to separate signal and

background.

The search is performed for the displaced decay of dark showers into Standard Model

particles, with a high branching ratio into muons. Therefore in the event selection at least

one secondary vertex formed by two oppositely-charged muons is required. As the signal

models are rich in muons, muon secondary vertices are obtained by performing vertexing

using muons, which will be discussed in more detail in Section 7.4.

Minimal selections are first applied to the events, including the B parking displaced muon

trigger. Also, the selection of at least one muon secondary vertex that contains a muon

with pT > 5.0 GeV is applied. Features that discriminate between signal and background

are then studied. Some example features are shown in Fig. 7.4.

It can be seen from Fig. 7.4 that there is a higher number of muon secondary vertices and

a much higher number of muons in the signal events compared to the background events.

The high muon multiplicity in signal comes from the high multiplicity of dark mesons

in the events, up to an average of about five dark mesons per event in the vector portal

for example. There is also a high branching ratio for the dark mesons to eventually de-

cay into muons. Moreover, muon variables are found to provide excellent discrimination

between signal and background. For example, the signal muons have a higher transverse

impact parameter (dxy) compared to the background muons, as expected since the signal

models contain a large number of displaced decays that produce muons. Furthermore,

the impact parameter significance of the signal muons are higher than that of the back-

ground muons, which shows that the trigger is suited for selecting the signal events as

it imposes a requirement on the impact parameter significance. Variables of muons and

muon secondary vertices are included as input variables to the BDT as they have high

discriminating power.

In addition, variables from secondary vertices are included so that the BDT can maintain

good performance in searching for displaced decays in general. The full list of variables

is presented in Appendix B. The masses of secondary vertices and muon secondary ver-

tices are not used as input variables as they might lead to sculpting of the dimuon mass

distribution, which is used for the fit in the analysis.
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Figure 7.4: Distributions of some variables that are used in the BDT training for the QCD

background and benchmark signal models.

A maximum of 8 muons, 8 secondary vertices and 8 muon secondary vertices are used

in each event, and the input variables are filled with an arbitrary value (-999.0) when

the number of objects in the event is below the maximum. This results in a maximum of

about 350 input variables to the BDT. However by considering the average number of each

object in the event, the average number of input variables is around 110. When choosing

the sets of objects to use, the muons are ordered in decreasing pT, the secondary vertices

are ordered in decreasing decay length, and the muon secondary vertices are ordered in
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increasing χ
2. The secondary vertices in the signal are more displaced than those in the

background, so including the most displaced secondary vertices in each event can increase

the discriminating power of the BDT. In the analysis the muon secondary vertex with the

minimum χ
2 is used in a mass fit to extract the signal, so the muon secondary vertices are

ordered in χ
2 for the BDT.

Different machine learning models have been studied for distinguishing signal from back-

ground using Monte Carlo samples. Figure 7.5 shows the performance of different mod-

els and cut-based selections in terms of the true positive rate against the false positive

rate, which are represented by the receiver operating characteristic (ROC) curves. They

can also be interpreted as showing the signal efficiency against background efficiency for

each model. The XGBoost [123] BDT model is found to have better performance than

other benchmark neural network models and cut-based selections, as seen by the larger

area under its ROC curve. Therefore, the XGBoost model is used in the analysis. With

the sizes of the Monte Carlo samples available, XGBoost is found to be the best of the

implemented models. It is robust against the input samples, with little change in perfor-

mance for the different signal models. It is also fast and easy to deploy, which allows the

machine learning model to be trained efficiently without the need of a huge amount of

computing resources.

The BDT is trained with mostly the XGBoost default hyperparameters, with custom

changes to a few. For example, the number of boost rounds is tuned according to the

size of the training samples. The hyperparameters that are used for the BDT training can

be found in Appendix C. A stable training setup is achieved. When performing the train-

ing, the signal and background events are carefully weighted to give equal contribution to

the training by using an event-by-event weighted binary cross entropy loss. One BDT is

trained per signal model, using all model points of the model. All signal model point sam-

ples (N samples) are reweighted to give equal contribution (1/N) to the total signal class,

after trigger and pre-selection cuts are applied. Over-training is avoided by monitoring

the validation loss and validation AUC per iteration.

Conditional training (also known as parametric training) using the mass and lifetime pa-

rameters of the model is also tested. Due to the limited sizes of the Monte Carlo training

samples, it is found to give similar results to the BDT model that is unconditional on the

signal model parameters. The BDT training is performed using ICENET [124].

For each class of signal model, a BDT is trained with the signal and background Monte

Carlo samples. Details of the training datasets are summarised in Table 7.6.

The loss and the ROC AUC against the epochs for the training and the validation datasets

are shown in Fig. 7.6, using the training with the vector portal model as an example. It
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Figure 7.5: The receiver operating characteristic (ROC) curves of a range of machine

learning techniques. The plot compares the performance of the different machine learning

models to that of cut-based selections (which require at least one secondary vertex, at least

one jet and at least four muons). The XGB (XGBoost) model is found to give the best

performance, as indicated by the largest area under its ROC curve. The error bands show

the statistical uncertainties in both the horizontal (false positive rate) and vertical (true

positive rate) directions. The x-axis uses a logarithmic scale, and sometimes the error

bands from neighbouring bins overlap with each other. The error bands are plotted at

the bin centres, and they are shifted due to the log-x axis. The dashed line shows the

performance for a random guess as a reference [124].

can be seen that both the training and the validation losses decrease through the epochs,

with the validation loss flattening gradually. It can also be seen that the training and the

validation AUC increase throughout the training. Therefore no overtraining is observed.

The number of epochs, which is one of the hyperparameters, is tuned according to the size

of the training samples, such that there is good performance and no overtraining. With the

available time and computing resources, some of the other hyperparameters are fine-tuned

to optimise the performance, while others are kept as the XGBoost default values.

7.3.2 Study of jet variables as input variables

Studies are performed to investigate the impact of jet variables on the performance of the

BDT. Jet variables are added to the set of input variables that are used for the training,

with a maximum of 8 jets used per event. The list of jet variables used for the studies can

be found in Appendix B.

A BDT with the additional jet variables is trained for each of the vector portal, scenario
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Samples Number of events used for the BDT

Vector portal 240,333

Scenario A 13,660

Scenario B1 33,210

QCD background 1,464,720

Table 7.6: Training samples for the event-level BDT. A BDT is trained for each class of

signal model. The number of events passing pre-selections that are used for the BDT is

shown for each signal model. The training/testing/validation split is 60:30:10.

Figure 7.6: The loss (left) and the ROC AUC (right) against the epochs for the vector

portal training. They are shown for both the training and the validation datasets.

A and scenario B1 model. In each case, the performance is compared to the original

BDT model, which is trained with variables from muons, secondary vertices and muon

secondary vertices. The ROC curves are shown for each model in Fig. 7.7.

Comparing the performance of the BDT with and without the jet variables, it can be seen

from Fig. 7.7 that the difference in the AUC of the ROC curves is only about 0.5% in the

different signal models. This shows that the jet variables make a minimal difference to

the performance of the BDT. Therefore it is sensible to exclude the jet variables as input

to simplify the BDT model.

More importantly, removing jet variables makes the BDT more model-independent, and

so it is easier to study a wider range of signal models of interest, other than the Hidden

Valley models. Therefore the jet variables are removed so that the BDT can be more

model-agnostic and can be recast for other searches more easily.
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(a) Vector portal training (b) Scenario A training

(c) Scenario B1 training

Figure 7.7: ROC curves showing the performances of the BDT trained with variables

from muons, secondary vertices and muon secondary vertices (XGB-NOJETS) compared

to the BDT trained with additional jet variables (XGB). The BDTs are trained with the

vector portal, scenario A and scenario B1 signal model respectively.

7.3.3 Training results

The BDT output for the signal and the background are shown in Fig. 7.8 for the training

performed for the vector portal, scenario A and scenario B1 model respectively. The

BDT output for each event ranges from zero to one, which gives the probability of the

event being a signal event based on the numerous variables used as input. As seen from

Fig. 7.8, the BDT output distribution for the signal peaks at one while the distribution

for the background peaks at zero. There is a clear separation between the BDT output

distributions for the signal and the background, which shows the performance of the BDT

in discriminating between the two.

The BDT is used for suppressing background, which is performed by applying a cut on
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Figure 7.8: BDT output distributions for the signal and the background from the training

performed with the vector portal, scenario A and scenario B1 model respectively. The

BDTs use variables from muons, secondary vertices and muon secondary vertices. C = 0

denotes the distribution for the QCD background sample, while C = 1 denotes the distri-

bution for the signal sample.

the BDT output. The ROC curves shown in Fig. 7.7 show the signal efficiency against the

background efficiency at different BDT thresholds. A threshold is found to give low back-

ground efficiency and high signal efficiency in order to achieve good sensitivity. Fig. 7.7

shows that as the background efficiency goes down to 10−4 or further, the signal effi-

ciency remains high, at about 30 - 60% depending on the signal model. Due to the limited

sizes of the training samples, the uncertainties on the signal and background efficiencies

grow as the background efficiency goes down, as indicated by the shaded region around

the ROC curves in Fig. 7.7. Therefore, an initial working point is chosen for the BDT

that gives 10−4 background efficiency with higher than 30% signal efficiency. This work-

ing point will be tuned later when the BDT is deployed on data, which contain a larger

number of events.

The BDT uses a wide range of features from muons, secondary vertices and muon sec-

ondary vertices, as shown in Appendix B. The importance of each input feature is studied

by producing the feature importance plot for the training. Fig. 7.9 shows the feature
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importance of the vector portal training in terms of the "gain" score , which shows the

relative importance of each feature for each tree in the BDT model when making a pre-

diction. The top 50 features are shown in Fig. 7.9, which are features with the highest

discriminating power. It is found that the muon-related variables make the biggest con-

tribution to the performance of the BDT, with nearly all variables in the top 50 coming

from muons and muon secondary vertices. This is expected as the signal models are rich

in displaced muons originating from the decay of dark showers.

The distributions of some examples of the most discriminating features are shown in

Fig. 7.10 and Fig. 7.11 for the signal, the background and a small sample of data. The

χ
2 of the muon secondary vertices is found to be one of the most discriminating vari-

ables. The signal muon secondary vertices are better fitted and have a lower χ
2 compared

to the background, which makes sense because the background is dominated by muon

vertices from combinatorics. Moreover, the transverse displacement and transverse dis-

placement significance of the muon secondary vertices are found to be strong variables

for discriminating between the signal and the background. This is expected as the signal

models feature dark hadrons of high multiplicity decaying into muons with a high branch-

ing ratio, producing muon secondary vertices with higher displacement and displacement

significance compared to those in the QCD background, which are mostly produced by

prompt processes.

The impact parameter of the muons is also found to have good discriminating power, with

the signal muons having a higher impact parameter than the background muons as the

signal muons are more displaced. The signal muons are also less likely to pass the tight

identification, which has requirements on the transverse impact parameter (dxy < 2 mm)

and the longitudinal distance (dz < 5 mm) of the tracker track. Moreover, the signal in

the vector portal model is more pointing than the background, which will be discussed in

more detail in Section 7.5. Furthermore, the signal muons are found to have higher pT

and lower relative isolation, which is defined as the sum of the energy inside a cone of

radius ∆R = 0.3 relative to the muon transverse momentum [125].

The BDT is trained with the signal and the QCD background Monte Carlo samples. The

background sample contain about 1.5 million events and it is signal free. As the BDT

will be deployed on data to perform the search, it is important to ensure that the input

features used for the training are well-modelled in simulation compared to data. As seen

from Fig. 7.10 and Fig. 7.11, there is good agreement between the small sample of data

and the background Monte Carlo in general in the input features used for the BDT. A

direct comparison between data and Monte Carlo for some example features are shown

in Fig. 7.12. The data to Monte Carlo ratio is found to be close to unity for the features,

which shows good agreement between data and simulation.
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Figure 7.9: Feature importance plot for the vector portal training showing the top 50 features that have the highest "gain" scores [126], which

are features that bring the most improvement to the performance of the BDT when it makes selections on those features. The numbers in round

brackets show the feature importance scores for each feature. The x−axis is truncated for readability. "muonSV" refers to muon secondary vertex.

The number at the end of the feature name corresponds to the index of the object.
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Figure 7.10: Distributions of example features which provide the best discriminating

power between the signal and the background. The distributions are shown for the vector

portal signal, the QCD background and a small subset of data. The signal and the data

are reweighted to give the same number of weighted events as the QCD background. The

plots are normalised to the same number of events, but not necessarily the same number

of objects.
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Figure 7.11: Distributions of example features which provide the best discriminating

power between the signal and the background. The distributions are shown for the vector

portal signal, the QCD background and a small subset of data. The signal and the data

are reweighted to give the same number of weighted events as the QCD background. The

plots are normalised to the same number of events, but not necessarily the same number

of objects.
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Figure 7.12: Data versus Monte Carlo distributions of example features which provide

great discriminating power between the signal and the background.

7.3.4 Study of missing transverse energy input variables

The signal models involve the production of dark hadrons formed by dark QCD, some

of which are stable in the detector and do not decay back to Standard Model particles.

As dark hadrons do not interact with the detector, the stable dark hadrons will escape the

detector as MET.

MET variables are studied to look at the impact on the performance of the BDT. The dis-

tributions of MET pT and φ are shown in Fig. 7.13 for the signal, background simulation

and a small subset of data.

As seen in Fig. 7.13, the MET variables provide some discrimination between the signal

and the background. In particular, the signal models have a higher MET pT compared

to the background. This is expected as there is more genuine MET from dark hadrons
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Figure 7.13: Distributions of MET variables. The distributions are shown for the vector

portal signal, the QCD background and a small subset of data. The signal and the data are

reweighted to give the same number of weighted events as the QCD background.

in the signal models compared to the Standard Model QCD background. However, the

agreement between data and simulation is not good for the MET variables, especially for

the MET φ distribution.

The performance of the BDT with the additional MET variables is studied for trainings

with different signal models. Fig. 7.14 shows the ROC curves for the BDT with and with-

out the additional MET variables. It is found that they only bring a small improvement

to the performance of the BDT, as the increase in the ROC AUC is less than 1% in most

cases after the addition of the MET variables as input variables. It is noted that there

is some improvement in the signal efficiency (for example at the 10−4 background effi-

ciency working point) when MET variables are added for scenario B1, which is due to the

higher MET pT in the model points considered. However, the MET variables are not well

modelled, and using them as input variables will also make the BDT less general and less

applicable to other models.

As the BDT is trained with simulations but deployed on data in the analysis, it is important

to ensure that the variables used in simulations model those in the data well, which is not

the case for the MET variables. As the MET variables are not well modelled and do not

bring significant improvement to the performance of the BDT in general, they are not

added to the set of input variables for the BDT used in the analysis.
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Figure 7.14: ROC curves showing the performances of the BDTs trained with or without

variables of missing transverse energy. The trainings of both BDTs are performed with

the vector portal, scenario A and scenario B1 signal models respectively.

7.3.5 Study of spatial relationships of muon secondary vertices as in-

put variables

The dark shower signal models contain dark hadrons with high multiplicity that decay

into pairs of muons with a high branching ratio. The spatial relationships between pairs of

muon secondary vertices are studied to see if for example the vertices are more collimated

in the signal compared to the background.
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In the BDT training a wide range of variables from muon secondary vertices have been

used as input variables, which are shown in Fig. 7.9 to give strong discriminating power

between the signal and the background. The input variables include the x,y and z positions

of the vertex, but they do not readily provide information about the spatial relationships

between the vertices. For this study the spatial separations between vertices are measured

using ∆R. The spatial separations are then ordered from lowest to highest, and the first

28 values are used as input variables to the BDT. Some examples of the ∆R distributions

are shown in Fig. 7.15, which correspond to the four smallest ∆R between pairs of muon

secondary vertices in each event. The distributions are shown for the vector portal signal

model, the QCD background and a small subset of data. The muon secondary vertices are

found to be slightly more collimated in the signal compared to the background. For exam-

ple, the minimum ∆R between the vertices is about 40% smaller in the signal compared

to the background. However, there are noticeable discrepancies between the background

simulation and the data in the ∆R distributions, which show that the simulations of the

angular separations between the muon secondary vertices are not well modelled.
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Figure 7.15: Distributions of ∆R between muon secondary vertices. The plots show the

four smallest ∆R between pairs of muon secondary vertices in each event. The distribu-

tions are shown for the vector portal signal, the QCD background and a small subset of

data. The signal and the data are reweighted to give the same number of weighted events

as the QCD background.

The BDT is trained with the additional ∆R variables between the muon secondary vertices
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for each of the vector portal, scenario A and scenario B1 models. The ROC curves of

the BDTs with and without the ∆R variables are shown in Fig. 7.16. The plots show

essentially the same performance in the BDT after the addition of the ∆R between the

muon secondary vertices as input variables, with the change in ROC AUC to be within

1%. This shows that the spatial relationships between the muon secondary vertices bring

negligible improvement to the performance of the BDT. As discussed in Section 7.3.3,

other variables of the muon secondary vertices, particularly the χ2 and the displacements,

provide much greater discriminating power between the signal and the background.

As the BDT is trained with simulations but deployed on data in the analysis, it is important

to ensure that the variables used in simulations model those in the data well, which is not

the case for the ∆R variables. As the spatial separations between the muon secondary

vertices bring negligible improvement to the performance of the BDT, and the variables

are not well modelled, the ∆R between muon secondary vertices are not used as input

variables for the BDT in the analysis.

7.3.6 Summary

As there is a substantial QCD background in the B-parking dataset in which the search

is performed, machine learning techniques are studied to distinguish signal from back-

ground. An event-level BDT is found to give strong performance in discriminating be-

tween signal and background, with the sizes of the Monte Carlo training samples and the

computing resources available.

A wide variety of event features are used as input variables to the BDT. Muon variables

are found to be excellent variables with high discriminating power. This is due to the

large number of displaced muons from the decay of dark showers in the signal models.

Therefore variables from muons and muon secondary vertices are used as input variables.

In order to maintain high performance of the BDT for searches of displaced decays in

general, variables of secondary vertices are also included. Variables from jets, MET and

the spatial separations between muon secondary vertices are found to provide limited

improvement to the performance of the BDT, so they are not used as input variables.

An initial working point is chosen for the BDT that gives 10−4 background efficiency

with higher than 30% signal efficiency, which shows the capability of the BDT.
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Figure 7.16: ROC curves showing the performances of the BDTs trained with or without

input variables from the ∆R between pairs of muon secondary vertices. The trainings of

both BDTs are performed with with the vector portal, scenario A and scenario B1 signal

models respectively.

7.4 Event selection

Events are first selected by using the trigger paths detailed in Section 7.2.1. All triggers

of the B-parking dataset are included in order to exploit the full integrated luminosity of

the dataset for the search, maximising the sensitivity. Trigger matching is then performed

to ensure there is a well-defined efficiency. The reconstructed muon is matched to the
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HLT muon (which is the trigger object) by requiring ∆R < 0.1. Offline selections are then

applied to the muon to reinforce the trigger matching. The triggering muon is required

to satisfy pT > 9 GeV, IPsig > 6 and |η | < 1.5. The selections are made in the turn-on

regions of some triggers of the dataset (e.g. for HLT_Mu9_IP6), which is beneficial for

the acceptance. To account for potential differences in the trigger efficiencies in data

and Monte Carlo, studies are performed which will be discussed in Section 8.6.4. Scale

factors are applied to the Monte Carlo (also discussed in Section 8.6.4) to account for any

mis-modelling of the trigger efficiency.

Moreover, the triggering muon is required to pass the loose muon identification as a qual-

ity requirement. A loose muon is defined as a Particle Flow muon that is either a global

or a tracker muon [127, 128]. This requires the muon candidate’s track in the muon sys-

tem to be matched to a track in the inner tracking system. For global muons, a search

for tracker tracks in the inner tracking system that can be matched is performed for each

standalone muon track in the muon system. The best-matching tracker track is selected,

and then a track fit using the hits of the selected pair of tracker track and standalone muon

is performed using the Kalman Filter technique [97]. For tracker muons, each tracker

track that passes loose requirements are extrapolated to the muon stations to see if there

is any matched segment in the muon stations. The loose identification does not impose

requirements on the muon’s impact parameter [88], so it is suitable for studying displaced

muons in the analysis.

After applying the above baseline selections, a selection is made on the BDT output score

of the events. The distribution of BDT scores for the QCD background simulation and two

illustrative signal models in the vector portal are shown in Fig. 7.17 (left). As an initial

working point, a threshold of the BDT that gives 104 background rejection is chosen. The

corresponding thresholds for the different BDTs trained for the different physics models

are found to be 0.997, 0.98 and 0.991 for the vector portal, scenario A and scenario

B1 models respectively. Figure 7.17 (right) shows the selection efficiency against (1−
BDT score) for the QCD background simulation and two illustrative signal models in the

vector portal. It can be seen that for the working point of 10−4 background efficiency,

the signal efficiency is more than 30% depending on the signal model. The initial BDT

working point shows good performance in selection efficiencies, and it will be optimised

in the final fit using data control regions, which will be described in Section 8.5.

At least one secondary vertex (SV) formed by a pair of oppositely charged (opposite-sign,

OS) muons is also required. The vertexing is performed using the Kalman Filter algorithm

[97] on muons which pass loose kinematic selections. The muons in the SV are required

to have either pT > 15 GeV or pT > 3 GeV with muon identification requirements. The

selections are loose in order to cover a larger kinematic phase space for the displaced
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Figure 7.17: Distribution of BDT score (left) and BDT selection efficiency (right) for the

QCD background and selected signal models.

muons. Also, the range of the vertexing algorithm is extended to improve the efficiency

for decays outside the tracker.

For events passing selections with more than one muon SV, only the muon SV with the

lowest χ2 is used to determine the parameters for categorisation and fitting. Other choices

of muon SV have been investigated, which are the muon SV with the highest pT, the

highest dxy or the highest dxy significance. Worse sensitivity is observed with these choices

compared to using the muon SV with the lowest χ2. Therefore, the muon SV with the

lowest χ2 is used for the mass fit to give the best sensitivity.

The muon SV is also required to satisfy quality criteria, including ∆R(µ,µ)< 1.2, in order

to reduce fakes and combinatorics particularly in the background. ∆R(µ,µ) corresponds

to the ∆R between the two muons in the muon SV. Distribution of ∆R(µ,µ) is shown in

Fig. 7.18 for the QCD background and some benchmark signal models, using events that

pass the baseline selections. It can be seen that there are a large number of muon SVs

with large ∆R(µ,µ) in the QCD background compared to the signal models. Applying

the selection therefore improves the signal to background ratio.

A material veto is applied to remove dimuon vertices in displacement regions where there

are contributions from material interactions with the tracker. These vertices originate

from nuclear interactions of hadrons with the tracker material, so they are called material

vertices. Due to the geometry of the pixel tracker modules, the material vertices are

displaced. Figure 7.19 (top) shows the 2-dimensional distribution of the positions of

muon secondary vertices in the x− y plane in a subset of data without applying material

veto. It can be seen that the distribution of material vertices map out the geometry of the

tracker modules.

As the material vertices are not of interest, a veto is applied to remove them. A first
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Figure 7.18: Distribution of ∆R(µ,µ) for the QCD background and some benchmark

signal models. All events passing the baseline selections are used.

attempt of material veto was performed by applying selections on the minimum distances

of the vertices from the tracker modules to remove vertices that are close to the modules.

However it did not work well as some residual material effects were seen. Therefore the

material veto is performed with the more robust procedure of removing all vertices in the

tracker material region, i.e. removing all vertices in the displacement regions detailed

below:

• lxy ∈ [6.4,7.3] cm

• lxy ∈ [10.5,11.5] cm

• lxy ∈ [15.6,16.6] cm

• 27 < |z|< 52 cm,

where lxy is the transverse displacement of the secondary vertex. The regions of material

veto are also illustrated in Fig. 7.20. There is only a small change in acceptance (percent

level) after the material veto, which is found to have a small impact on the sensitivity.

Therefore the more robust procedure is adopted to eliminate the possibility of misiden-

tifying material vertices as signal vertices. The distribution of the positions of the muon

secondary vertices in the transverse plane after the material veto is applied is shown in

Fig. 7.19 (bottom).
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Figure 7.19: Distributions of the positions of muon secondary vertices in the x− y plane

for a subset of data events which pass a loosened BDT selection, before (top) and after

(bottom) the material veto is applied.
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Figure 7.20: Distributions of muon secondary vertex transverse displacement (top) and

z position (bottom) for a subset of data. The shaded bands in the top plot indicate the

regions in transverse displacement (lxy) where material veto is applied, and the bottom

plot shows the selections applied to the z position of the muon secondary vertex after the

lxy selections are applied.

7.4.1 Summary

The event selections applied in the analysis are summarised as follow.

Baseline selections:

• B-parking displaced muon triggers

• At least one loose muon matched to the trigger muon, with

– |η |< 1.5

– pT > 9.0 GeV
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– IPsig > 6

Further selections:

• At least one muon secondary vertex with

– χ2 < 10

– ∆R(µ,µ)< 1.2

– one muon being trigger matched

– both muons passing loose ID

• Material veto for muon secondary vertices in displacement regions of

– lxy ∈ [6.4,7.3] cm, [10.5,11.5] cm, [15.6,16.6] cm

– 27 < |z|< 52 cm

• BDT selection (more details in Section 8.5)

7.5 Event categorisation

After applying event selection, event categorisation is performed to further increase the

sensitivity. One of the main features of the dark shower signal models is the high multi-

plicity of displaced vertices, as evident from Fig. 7.4 (top left) which shows the number

of muon secondary vertices (SVs) per event in benchmark signal models and the QCD

background. The search targets the displaced decays of dark hadrons into pairs of muons

(which is the case for the vector portal), or the sequential decays of dark hadrons into dark

photons, and then into muons (which is the case for scenario A and scenario B1). The

dark hadrons are produced through the hadronization of dark showers, which are initiated

by the pair production of dark partons from the Standard Model Higgs boson. Therefore,

at least two SVs would be expected in our signal models, and the displaced decays would

result in muons with a high branching ratio. For scenario A and scenario B1, the dark

photons are produced in pairs from the decays of dark pions (as shown in the Feynman

diagrams in Fig. 3.3), so they are even more likely to give two dimuon vertices. On the

contrary, the Standard Model background is dominated by QCD processes which do not

necessarily lead to displaced decays. For example, the displaced decay of B meson in

the QCD background can give the J/ψ resonance, but the probability of having two such

decays in an event is expected to be small.

To increase the search sensitivity to the signal, events are first categorised based on

whether there are at least two muon SVs with similar mass. This aims at targeting the
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signal events where there are multiple displaced resonant decays of the dark hadrons or

the dark photons. An event is classified as a multi vertex event if there is at least a pair

of muon SVs with mass within 3% of each other, which is about three times of the mass

resolution of the signal. Otherwise the event is classified as a single vertex event. The

dimuon mass distribution for each category is shown in Fig. 7.21 for the QCD background

and a benchmark signal model. The distributions use events that pass all selections, in-

cluding the BDT selection. As expected, there is a much smaller background in the multi

vertex category compared to the single vertex category, with a reduction in background

by about three orders of magnitude. The main background in the multi vertex category

is found to be the displaced decay of the J/ψ meson into muons. The number of signal

events in the multi vertex category is about 20% of that in the single vertex category, and

with the highly reduced background the multi vertex category has strong sensitivity.
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Figure 7.21: Categorising events into single vertex events (left) and multi vertex events

(right) for events that pass all selections. The distribution for the QCD background uses

the shape of the distribution from a looser BDT selection. For multi vertex events, the SV

with the lowest χ2 is chosen among the pairs of SVs of mass within 3% of each other.

To maximize our search sensitivity, the single vertex and multi vertex events are fur-

ther categorised by the transverse displacement (lxy) and pointing angle of the muon SV

with the minimum χ2. At increasing displacement from the primary vertex, the QCD

background processes are expected to diminish. The transverse displacement is used for

categorisation in order to increase the sensitivity for signal models with different, longer

lifetimes. Categorising in transverse displacement is found to be more beneficial to the

sensitivity than categorising in transverse displacement significance of the muon SV, by

studying the s/
√

b in each variable. The lxy categories are defined by considering the

geometry of the detector and the signal acceptance. The lxy categories are defined to be

[0.0,1.0] cm, (1.0,10.0] cm and beyond 10 cm. Distribution of the muon SV transverse

displacement is shown in Fig. 7.22 (top) for the QCD background and some benchmark

signal models. The lxy distributions for benchmark signal models with different lifetimes
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are shown in Fig. 7.22 (bottom), which show that the different lifetime models fit nicely

into the three categories. Even though the pixel tracker extends to a transverse displace-

ment of 16 cm, it is noted that the signal acceptance drops quickly after about 15 cm.

Therefore no further categories are defined for displacement beyond that. Appendix D

shows the trigger efficiency against lxy for different benchmark signal models, which also

demonstrates a rapid fall in the efficiency after about 15 cm.
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Figure 7.22: Distribution of muon SV transverse displacement for the QCD background

and benchmark signal models (top), and for selected signal models of different lifetimes

(bottom). All events passing the baseline selections are displayed.

In each lxy bin, events are further divided into bins of pointing angle. The pointing angle

of the muon SV is defined as the angle between the momentum vector of the dimuon

system and the displacement vector from the primary vertex to the secondary vertex, as

shown in Fig. 7.23. The pointing angle is used for categorisation to increase sensitivity

to the signal models that are more pointing than the QCD background. Fig. 7.24 shows

the muon SV pointing angle distribution for some benchmark signal models and the QCD
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background. It can be seen that the vector portal and scenario A give very pointing muon

secondary vertices, as expected. The tails of the distributions mainly come from fake

vertices, which originate from particles that are misreconstructed as muons. For scenario

B1, the pointing angle distribution does not peak as strongly at zero, as it is a non-pointing

scenario. The pointing angle categories are chosen to be [0.0,0.2] and (0.2,π] so as to

maintain sensitivity to non-pointing scenarios as well as pointing scenarios.

Figure 7.23: Illustration of the pointing angle of the muon SV, which is defined as the

angle between the momentum vector of the dimuon system and the displacement vector

from the primary vertex to the secondary vertex.

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Muon SV pointing angle

10 3

10 2

10 1

100

N
um

be
r o

f e
ve

nt
s

 (13 TeV)CMSSimulation Work in Progress
Vector portal (m=2 GeV, c =10 mm)
Scenario A (m 3 = 10 GeV, mA  = 3.33 GeV, c =10 mm)
Scenario B1 (m 3 = 4 GeV, mA  = 1.33 GeV, c =10 mm)
QCD background

Figure 7.24: Distribution of muon SV pointing angle for the QCD background and bench-

mark signal models. All events passing the baseline selections are displayed.

7.5.1 Summary

The event categorisation is summarised in Table 7.7. Events are first categorised into the

single vertex and the multi vertex categories, which are further split into bins of lxy and

pointing angle. In total there are 12 analysis categories.
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Single vertex Multi vertex

(i) lxy < 1 cm, pointing angle < 0.2 (i) lxy < 1 cm, pointing angle < 0.2

(ii) lxy < 1 cm, pointing angle > 0.2 (ii) lxy < 1 cm, pointing angle > 0.2

(iii) 1 cm < lxy < 10 cm, pointing angle < 0.2 (iii) 1 cm < lxy < 10 cm, pointing angle < 0.2

(iv) 1 cm < lxy < 10 cm, pointing angle > 0.2 (iv) 1 cm < lxy < 10 cm, pointing angle > 0.2

(v) lxy > 10 cm, pointing angle < 0.2 (v) lxy > 10 cm, pointing angle < 0.2

(vi) lxy > 10 cm, pointing angle > 0.2 (vi) lxy > 10 cm, pointing angle > 0.2

Table 7.7: Full event categorisation for the analysis. Events are first divided into the

single vertex and multi vertex categories. Each of the categories is then subdivided into 6

categories based on the transverse displacement and pointing angle of the muon SV with

the minimum χ2, resulting in 12 categories in total.
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Chapter 8

Dimuon mass fit, systematic

uncertainties, and results

8.1 Introduction

A fit is performed on the dimuon invariant mass in the analysis to extract the signal. Be-

fore fully unblinding the data, studies are performed to check the agreement between data

and Monte Carlo to ensure good modelling in the Monte Carlo variables used for the BDT

training and categorisation. As a BDT is used for distinguishing signal from background,

checks are performed in a data control region to ensure that there is no sculpting effect of

the BDT selection on the dimuon mass distribution.

A parametric fit is used in the analysis, where the signal and the background are described

by parametric functions. Goodness of fit tests are performed to check that the signal and

background shapes are fitted well by the functions. Before unblinding, the BDT selection

threshold is optimised to maximise the sensitivity.

Studies on the systematic uncertainties are performed. Most of the uncertainties originate

from the signal modelling, including uncertainties from the BDT selection, displaced

muon identification and the trigger selection.

Using the parametric fit and taking into account the systematic uncertainties, upper limits

are imposed at 95% confidence level on the branching ratio B(H → ψψ) for the vector

portal, scenario A and scenario B1 models.

In this Chapter, data studies are first presented, followed by signal parametrisation and

background estimation. Systematic uncertainties are then discussed. Finally, the branch-

ing ratio limit results are discussed.
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8.1.1 Fitting technique

A binned likelihood function is used to perform the fit, which is given by:

L (µ, θ⃗) =

[

∏
i

(µsi(θ⃗)+bi(θ⃗))
ni

ni!
e−(µsi(θ⃗)+bi(θ⃗))

]
·C(θ⃗) , (8.1)

where µ denotes the signal strength (which is the parameter of interest), si(θ⃗) is the

signal estimate in bin i, bi(θ⃗) is the background estimate in bin i, and ni is the observed

data in bin i. The signal and the background estimates depend on the nuisance parameters

θ⃗ , which are constrained by C(θ⃗) in the likelihood. The signal and background rates

are affected by by log-normal distributions of the nuisance parameters which cannot go

negative. The constraint term C(θ⃗) is a product of normal distributions. The fit minimises

the negative log likelihood (or maximises the likelihood) by using a profiled likelihood

ratio test statistic

qµ =−2ln
L (µ, θ⃗(µ))

L
(
µ̂, θ⃗̂

) , (8.2)

where µ̂ and θ⃗̂ are the signal strength and the nuisance parameters that give the maximum

likelihood. θ⃗(µ) represents the nuisance parameters that maximise the likelihood function

for a given µ (i.e. the nuisance parameters are profiled away).

The CLs technique is used to impose upper limits on the signal strength [129, 130]. The

CLs criterion for deriving exclusion region is defined by:

CLs =
CLs+b

CLb

< α , (8.3)

where

CLs+b =
∫ ∞

qµ (xobs)
P(qµ |µ

′ = µ)dqµ , (8.4)

CLb =
∫ ∞

qµ (xobs)
P(qµ |µ

′ = 0)dqµ . (8.5)

P denotes the probability density function of qµ , while α is the significance level of

the test, which is the probability of falsely rejecting the null hypothesis given that it is

true. In the analysis, 95% confidence level upper limits are imposed, which correspond to

α = 0.05.

The asymptotic approximation [131] was used at first to compute the upper limits. The

approximation is based on results from Wald [132] and Wilks [133]. Wald showed that

the profiled likelihood ratio test statistic qµ is approximately parabolic for a large sample
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size, while Wilks demonstrated that qµ follows a non-central chi-square distribution for

one degree of freedom.

The upper limits are obtained with toy experiments in the final results, where toy datasets

are generated to create a distribution of the test statistic qµ . The CLs technique is then

applied to obtain the limits using the probability distribution of the test statistic obtained

with toys.

8.2 Data studies

8.2.1 Data and Monte-Carlo comparison

A small fraction (∼ 2%) of the 2018 B-parking dataset is first unblinded to study the

agreement between data and the QCD Monte Carlo (MC) simulation. About 1 fb−1 of

data is used for the study so that the dataset is not sensitive to new physics.

The BDT output score distributions for data and the QCD MC are first compared, as

shown in Fig. 8.1 (left). There is a good agreement between the shapes of the BDT score

distributions for data and MC. This shows that the BDT is behaving as expected when it

is deployed on data even though it is trained with simulations. A systematic uncertainty

will be applied in the analysis to account for the small difference in the BDT selection

efficiency in data and MC, which will be discussed in Section 8.6.2.
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Figure 8.1: Distributions of the BDT output score (left) and the dimuon invariant mass

(right) for a subset of data and the QCD background Monte Carlo. The BDT used in the

left plot is trained for the vector portal signal model. Events shown pass all selections

except the BDT selection and the material veto. The "base category" label means all of

the twelve analysis categories combined.

The dimuon invariant mass distributions in data and MC are then studied, as shown in

Fig. 8.1 (right), with a representative signal model overlaid. To further study the agree-
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ment between data and MC in the dimuon mass distribution, they are split into the twelve

analysis categories. The distributions are shown in Fig. 8.2 for the single vertex categories

and in Fig. 8.3 for the multi vertex categories. It is noted that the agreement between data

and MC is not good in the mass region below about 4 GeV. However, as the background

will be estimated from data in the analysis (as will be explained in Section 8.4), the dis-

agreement will not affect the background estimation. This also motivates the need for a

data-driven background estimation method.
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Figure 8.2: Dimuon mass distributions in the six single vertex categories for a subset of

data, the QCD background Monte Carlo and a benchmark signal model from scenario A.

Events shown pass all selections except the BDT selection and the material veto.
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Figure 8.3: Dimuon mass distributions in the six multi vertex categories for a subset of

data, the QCD background Monte Carlo and a benchmark signal model from scenario A.

Events shown pass all selections except the BDT selection and the material veto.

The agreement between data and MC in variables of muon secondary vertices are also

studied. The χ
2, transverse displacement (lxy), transverse displacement significance (lxysig)

and pointing angle distributions for the muon secondary vertex (SV) of the lowest χ
2 in

the event are shown in Fig. 8.4 for data and MC. There is a good agreement in general

between data and MC for these variables, which are a subset of the input variables used in

the BDT training, as discussed in Section 7.3.3. This shows good modelling of the vari-

ables. Moreover, the transverse displacement and pointing angle of the muon secondary

vertex are used in the event categorisation. It is noted that there is some disagreement

between data and MC in the lxysig of the muon SV, and it further supports the choice of
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using lxy instead of lxysig for the event categorisation. Any disagreement between data and

MC in the BDT input variables will be accounted for by deriving a correction factor and

an associated systematic uncertainty in the BDT selection efficiency, as will be discussed

in Section 8.6.2.
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Figure 8.4: Distributions of some variables of the muon secondary vertex with the lowest

χ
2 for a subset of data and the QCD background Monte Carlo. Events shown pass all

selections except the BDT selection and the material veto. These plots are normalised to

unity to compare the shapes of the data and MC distributions.

8.2.2 Impact of BDT selections on the dimuon mass distribution

A BDT is used in the analysis to discriminate between the signal and the background. It

provides great capability in background rejection by reducing the number of background

muon secondary vertices in the dimuon mass distribution. Since a fit will be performed

on the dimuon mass in the analysis, it is important to check that the BDT selections do

not lead to the creation of bumps in the mass distribution that would produce fake signal,

i.e. there is no “sculpting” effect. A study is hence performed to investigate the effects of

BDT selections on the dimuon mass distribution.

A subset of the B-parking data corresponding to 1 fb−1 is first used to study the dimuon

distribution of opposite-sign muons. After applying the analysis preselections, effects of

BDT selections on the dimuon mass distribution are investigated using mass windows

of ±5×σ of the signal mass hypothesis at m = 2, 5, 10, 15 and 20 GeV, where 1σ is

taken to be 1% of the mass hypothesis. As will be discussed in Section 8.3, the dimuon
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mass distributions of different signal hypotheses are fitted with the Voigtian function and

the resolutions are found to be consistent with 1% of the signal mass. Different BDT

selections (BDT > 0.95, 0.97 and 0.99) are applied to the dimuon mass distribution. The

ratio of the resulting mass distribution in each case to the inclusive distribution is obtained.

A fit is then performed to the ratio by using either a linear function or a constant function.

The results are shown in Fig. 8.5.
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Figure 8.5: Fits of the ratio of the dimuon mass distribution with different BDT selections

to the inclusive distribution for different signal mass hypotheses using a subset of data.

The χ
2/ndf for each fit is also shown. No sculpting of the mass distribution is observed.
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The χ
2/ndf (reduced chi-squared) is used to assess the goodness of fit. The chi-squared

is defined as χ
2 = ∑i(di − fi)

2/σ
2
i , where di represents the data point, fi represents the

prediction and σi denotes the uncertainty of the data point. The “ndf” corresponds to

the number of degrees of freedom, which is given by the number of parameters of the fit

subtracted from the number of non-zero bins in the distribution. The χ
2/ndf of each fit

shown in Fig. 8.5 is plotted in Fig. 8.6 against the dimuon mass. It shows that a straight

line fit to the ratio of the mass distribution with the BDT selection to that without the

selection is a good fit for all the BDT selections and mass windows considered, with

χ
2/ndf close to 1. Therefore, no sculpting of the mass distribution by the BDT selections

is observed.
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Figure 8.6: The χ
2/ndf of the fits to the ratio of the dimuon mass distribution in a subset of

data with different BDT selections to that without the selections are plotted for different

signal mass hypotheses.

As the study is performed before unblinding, there are a limited number of events that

are available, especially with the BDT working point in the analysis which gives 10−4

background efficiency. To demonstrate there is no sculpting with such stringent BDT

selection, a check is performed by applying the BDT selection of BDT > 0.997 in a data

control region with same-sign muons. Similar to before, the ratio of the dimuon mass

distribution with the BDT selection to the inclusive distribution is obtained inside a sliding

mass window of ±5×σ of the signal mass hypothesis across a mass range of 0.33 to 20

GeV, which is the mass range of the search. All same-sign muon pairs in each event are

included in the dimuon mass histograms in order to increase the statistical precision. A

fit to the ratio of the mass distribution with the BDT selection to the inclusive distribution

is performed for different signal mass hypotheses by using either a linear function or a

constant function. The results are shown in Fig. 8.7 and 8.8, which also show the χ
2/ndf

of each fit. It can be seen that the straight line fits are good fits in general, taking into
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account the statistical uncertainties of the data points, and most of them have χ
2/ndf close

to 1. Therefore, no sculpting of the dimuon mass is observed in the same-sign control

region using the analysis BDT selection across the mass range of the search.
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Figure 8.7: Fits of the ratio of same-sign dimuon mass distribution with the analysis

BDT selection to the inclusive distribution for different signal mass hypotheses, using a

subset of data. The χ
2/ndf for each fit is also shown. No sculpting of the dimuon mass is

observed.
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Figure 8.8: Fits of the ratio of same-sign dimuon mass distribution with the analysis

BDT selection to the inclusive distribution for different signal mass hypotheses, using a

subset of data. The χ2/ndf for each fit is also shown. No sculpting of the dimuon mass is

observed.

8.3 Signal parametrisation

As the dark shower signal models produce a large number of dark hadrons and dark pho-

tons which undergo displaced decays into muons, they give resonance signatures in the
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dimuon invariant mass distribution. The resonance peaks are good distinguishable fea-

tures of the signal compared to the combinatorial background from QCD. Therefore, the

search is carried out by performing a maximum likelihood fit on the dimuon mass distri-

bution to look for any peaking features from the signal, which is also known as a "bump

hunt". To provide a more accurate characterisation of the signal and the background,

parametric functions are used to model the mass distributions.

A Voigtian function (which is the convolution of a Gaussian function and a Lorentzian

function) is used to fit the signal dimuon mass distribution. The Voigtian function is

parametrised by the mean µ , the Gaussian width σ and the Lorentzian width γ . The fits

are performed for each signal mass and lifetime hypothesis in different categories. Fits

were also attempted using the Gaussian function, but it was found that using the Voigtian

function better captures the sharp peak in the distribution due to its Lorentzian component

and improves the goodness of fit, and hence it is chosen as the fitting function. Example

fits are shown in Fig. 8.9 for each lifetime hypothesis in the vector portal with mω̃ = 5

GeV, and in Fig. 8.10-8.11 for each lifetime hypothesis in scenario A with mA′ = 1.33

GeV. As seen in Fig. 8.9-8.11, the χ2/ndf of the fits are mostly close to one, which indicate

the Voigtian function produces good fits to the signal dimuon mass distributions.
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Figure 8.9: Fits of signal dimuon mass distributions for events in single vertex category

4 (1 < lxy < 10 cm, pointing angle > 0.2). Events shown are for the vector portal models

with mω̃ = 5 GeV and different lifetimes which pass all selections. The χ2/ndf and the

HWHM for each fit are also shown.

The widths of the fits are also studied. It is observed that although the σ and the γ differ

among the signal fits, the half-width at half maximum (HWHM), which is a function of σ

and γ , stays roughly the same. The HWHM is a measure of the width of the fit, defined as

half the width of the fitted function when it is at half its maximum value. For the Voigtian

function, it is given by HWHM ≃ (0.5346 fL +
√

0.2166 f 2
L + f 2

G)/2, where fL = 2γ and

fG = 2σ
√

2ln(2) are the full-widths at half maximum of the Lorentzian function and the
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Gaussian function respectively. It is found that the HWHM is about 1 % of the signal

mass hypothesis, as shown in Fig. 8.9-8.11.
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Figure 8.10: Fits of signal dimuon mass distributions for events in single vertex category

3 (1 cm < lxy < 10 cm, pointing angle < 0.2). Events shown are for the scenario A models

with mπ3 = 4 GeV, mA′ = 1.33 GeV and different lifetimes which pass all selections. The

χ2/ndf and the HWHM for each fit are also shown.
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Figure 8.11: Fits of signal dimuon mass distributions for events in single vertex category

4 (1 cm < lxy < 10 cm, pointing angle > 0.2). Events shown are for the scenario A models

with mπ3 = 4 GeV, mA′ = 1.33 GeV and different lifetimes which pass all selections. The

χ2/ndf and the HWHM for each fit are also shown.
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To study the resonance widths for different signal mass and lifetime hypotheses, the

dimuon relative resonance σ is plotted as a function of the dimuon mass for different sig-

nal models of the vector portal, scenario A and scenario B1, as shown in Fig. 8.12. The

relative resonance σ is defined by the σ divided by the signal mass hypothesis, which

represents the mass resolution of the signal. In the fits, the Lorentzian width γ is fixed to

be 0.005×mass for the vector portal, and 0.005 for scenario A and scenario B1 to reduce

the number of parameters, since it is found to have no effect on the goodness of fit (by

looking at the χ2/ndf) of the signal fit. From Fig. 8.12, it is found that the resonance

width is roughly constant with small variations for different mass and lifetime models.

Therefore an uncertainty will be assigned when determining the resonance widths of the

different signal models.
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Figure 8.12: Relative resonance width σ as a function of the dimuon mass for representa-

tive lifetime models in the vector portal (upper left), scenario A (upper right) and scenario

B1 (lower).

To further study the resonance widths in different event categories, the relative resonance

σ is plotted as a function of the dimuon mass for representative lifetime models of the vec-

tor portal in example event categories with high statistical precision, as shown in Fig. 8.13.

It is found that the variations in the resonance widths are small among the categories. The

widths are consistent between the single and multi vertex categories. This is expected as

the resonance width should depend on the properties of the muon secondary vertex itself

instead of the vertex multiplicity of the event. Taking into account the distribution of the

relative resonance σ in different categories for different signal mass and lifetime hypothe-

ses, the relative resonance σ is found to be consistent with 0.0075±0.001 for the vector

128



portal, and 0.0085±0.0015 for scenario A and scenario B1.
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Figure 8.13: Relative resonance width σ as a function of the dimuon mass in different

event categories for representative lifetime models in the vector portal.
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8.4 Background estimation

In order to be sensitive to any potential signal, a sliding window of ±5×HWHM of the

signal resonance is used for the search. The HWHM is taken to be 1% of the mass, which

is found to be consistent with the signal resolution by fitting different signal mass dis-

tributions with the Voigtian function, as discussed in Section 8.3. For the background

fit, an envelope of functions are used [134], which are the first order polynomial, expo-

nential and power law functions. The functions are found to be sufficient to fit different

background shapes by performing goodness of fit tests, due to the small background in

most of the event categories. As there is limited statistical precision in the background

Monte Carlo simulations, the background estimation is performed using data sidebands.

The signal region is defined to be ±2×HWHM around the signal mass hypothesis. The

background is estimated by fitting the envelope of functions to the data sidebands, which

are regions in the mass window that are outside the signal region, so as to avoid any bias

in the background estimation. Some example background fits are shown in Fig. 8.14. At

each point in the likelihood scan, the fitting function is chosen to maximise the likelihood.

Discrete profiling is used to account for the systematic uncertainty from the choice of the

function [134], which will be discussed in Section 8.6.

Figure 8.14: Background fits of dimuon mass distributions in data at example signal mass

hypotheses in the single vertex category 3.

For mass windows with very low background, a uniform function is used instead of the

envelope of functions to ensure stability of fit. Following a similar fitting strategy used

in previous dimuon searches [135, 136], a uniform function is used when there are fewer
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than 10 events in the data sidebands. It was found that fitting with this approach gives

upper limits that agree with those obtained from a simple cut-and-count method, which

uses the signal and data counts as inputs to the Poisson likelihood.

To check that the set of functions is sufficient to cover different background shapes, good-

ness of fit tests are performed. For example, in single vertex category 3 at m = 1.33 GeV,

the χ
2/ndf of the fits are 0.64, 0.64 and 0.65 for the first order polynomial, exponential

and power law functions respectively. Further goodness of fit tests are performed with

the envelope of functions in all event categories with the saturated algorithm, which is an

algorithm that uses a similar test statistic to χ
2 but it can be computed for binned data

that are not Gaussian distributed [137]. p-values are computed for fits in different mass

windows in each category, as shown in Fig. 8.16 and Fig. 8.17. The p-values indicate how

compatible the observed data are with the probability density function (PDF) that is used

for the fit. Good p-values are obtained for all fits. It is noted that some fits have p-values

of 1, which correspond to mass windows with zero observed events. In such cases the

model PDF is a constant function at zero, which exactly matches the data distribution.

Bias tests are also performed to study the potential bias in the choice of functional form

used to parametrise the background. Toy datasets are generated using the exponential

function to parametrise the background component, with an injected signal of strength

rinjected = 5, where a reference signal strength of rinjected = 1 corresponds to the +2σ

threshold of the expected limits obtained with 10% of data. A fit is then performed using

the full envelope of functions, and the pull is evaluated in each toy dataset, which is

defined by
(rmeasured−rinjected)

σr
, where rmeasured and σr are the measured signal strength and

its uncertainty respectively. The bias due to the choice of functional form is taken to be

the mean of the pull distribution, which is shown Fig. 8.15 for three representative signal

lifetime hypotheses. Above m = 2 GeV, there are fewer than 10 observed events in the

mass windows for each category, so a uniform function is used for the fit, as defined in

our analysis procedure. Therefore only a single functional form is used for those fits, and

bias tests are not informative. The results for the envelope fits show that the bias is within

5%, which is reasonable.

The dimuon mass distributions for data and two representative benchmark signal models

in the vector portal are shown in Fig. 8.18 and Fig. 8.19 for all categories. As expected,

very small background is observed in the multi vertex categories compared to the single

vertex categories, so they provide good sensitivity. The categories with smaller pointing

angle are also found to give more favourable signal to background ratio, which is due to

the muon vertices in the signal models being more pointing than those in the background.
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Figure 8.15: Bias values for rinjected = 5 against the dimuon mass for three representative

lifetime hypotheses in scenario A.
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Figure 8.16: Goodness-of-fit test (using the saturated model) p-values as a function of

mass in the single vertex categories. Each point is coloured red, orange, blue or green if

the number of observed events in the mass window is 0, 1-9, 10-99 or above 99 respec-

tively.
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Figure 8.17: Goodness-of-fit test (using the saturated model) p-values as a function of

mass in the multi vertex categories. Each point is coloured red, orange, blue or green if the

number of observed events in the mass window is 0, 1-9, 10-99 or above 99 respectively.

When performing the fit to the dimuon mass, the mass window is required not to over-

lap with any Standard Model resonances in order to avoid identifying the known reso-

nances as coming from the dark shower signal models. There could also potentially be

fake dimuon resonances that come from pions being misidentified as muons, for exam-

ple through the decay of the KS meson. Therefore a number of “masked” regions in the

dimuon mass distribution are defined in Table 8.1. The location and the size of the masked

regions were determined by fitting to the resonances, and each region is defined to be ±5σ

around the mean resonance mass [135].
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Figure 8.18: Dimuon mass distributions in the single vertex categories for data and two

benchmark signal models in the vector portal, using events that pass all selections. The

shaded regions indicate mass regions of known Standard Model resonances, which are

masked in the search. The masked regions are detailed in Table 8.1.
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Figure 8.19: Dimuon mass distributions in the multi vertex categories for data and two

benchmark signal models in the vector portal, using events that pass all selections. The

shaded regions indicate mass regions of known Standard Model resonances, which are

masked in the search. The masked regions are detailed in Table 8.1.
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Resonance Lower bound [GeV] Upper bound [GeV]

KS 0.43 0.49

η 0.52 0.58

ρ/ω 0.73 0.84

φ 0.96 1.08

J/ψ 2.91 3.27

Ψ(2S) 3.47 3.89

ϒ(1S) 8.99 9.87

ϒ(1S) 9.61 10.39

ϒ(3S) 9.87 10.77

Table 8.1: List of Standard Model resonances and the corresponding mass windows that

are "masked" in the analysis.

8.5 Optimisation of the Boosted Decision Tree selection

Before unblinding, the BDT selections are optimised for the different signal models by

computing the expected upper limits at 95% confidence level with different BDT thresh-

olds. The limits are obtained by performing a maximum likelihood fit, using parametric

functions to describe the signal and background shapes as discussed in Sections 8.3 and

8.4. The limits are set using the CLs criterion. The background estimation is performed

using the data sidebands, as will be implemented in the final results. The expected limit is

computed for benchmark signal mass hypotheses with a sliding mass window, such that

the data sidebands used in the background estimation in each case do not overlap with

any of the signal mass regions considered. At each mass hypothesis, different lifetime

hypotheses are studied to observe the impact of different BDT thresholds to the sensitiv-

ities of different lifetime models. The sensitivity scans are shown in Fig. 8.20, Fig. 8.21

and Fig. 8.22 for some representative signal models of the vector portal, scenario A and

scenario B1 respectively, which show the expected upper limits on the branching ratio

BR(H → ψψ) as a function of the BDT background efficiency.

It is found that the optimal BDT threshold has some (sometimes large) dependence on the

signal lifetime. To balance between performance and complexity, the optimal threshold

is determined in spite of the lifetime. The sensitivity is optimised by tuning the BDT

threshold according to the different signal mass hypotheses. This is performed initially by

finding the BDT threshold that gives the best sensitivity for each signal mass hypothesis.

For the vector portal, the signal mass hypotheses under study span a large range of mass

from 2 GeV to 20 GeV, and it is observed that there is a larger background in the mass

region below 5 GeV as shown in Fig. 8.18. The larger background is contributed by the

decays of B mesons, which have a mass of 5 GeV. Hence the BDT threshold that gives
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10−5 background efficiency (BDT > 0.999) is chosen for m < 5 GeV, and the threshold

that gives 10−4 background efficiency (BDT > 0.997) is chosen for m > 5 GeV.
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Figure 8.20: 95% confidence level expected upper limits against the BDT background

efficiency for m = 2,5,15 and 20 GeV of the vector portal model. Representative lifetime

models are studied for each mass hypothesis.
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Figure 8.21: 95% confidence level expected upper limits against the BDT background

efficiency for m = 0.33,0.4,0.67 and 1.33 GeV of the scenario A model. Representative

lifetime models are studied for each mass hypothesis.
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Figure 8.22: 95% confidence level expected upper limits against the BDT background

efficiency for m = 0.33,0.4,0.67 and 1.33 GeV of the scenario B1 model. Representative

lifetime models are studied for each mass hypothesis

The BDT thresholds are also optimised for the scenario A and the scenario B1 BDTs.

The signal mass hypotheses considered are all below 2 GeV for these models. To balance

between performance and complexity, it is found that in general a BDT background effi-

ciency of 10−4 is optimal for both scenario A and scenario B1. The corresponding BDT

thresholds are BDT > 0.98 for scenario A and BDT > 0.991 for scenario B1. The opti-

mised BDT thresholds are summarised in Table 8.2 for the different mass models in the

vector portal. For scenario A and scenario B1, the BDT background efficiency working

point of 10−4 is used for all the signal masses considered, which are mA′ = 0.33,0.4,0.67

and 1.33 GeV.

Vector portal m < 5 GeV m > 5 GeV

BDT background efficiency working point 10−5 10−4

Table 8.2: The BDT background efficiency working points used for the different mass

models in the vector portal after optimisation.

8.6 Systematic uncertainties

8.6.1 Overview

Different sources of systematic uncertainties are considered in the analysis. Most of the

uncertainties are concerned with the signal Monte Carlo, as the background estimation

138



is data-driven. Discrete profiling is used to determine the background uncertainty when

fitting with an envelope of functions. For the signal uncertainties, they can come from

the modelling of the efficiencies in signal Monte Carlo compared to data, including the

uncertainties from the BDT selection, displaced muon identification and the trigger selec-

tion. There is also a systematic uncertainty from pileup due to the difference in the pileup

distributions between Monte Carlo and data. Other uncertainties originate from mea-

surements from data, including uncertainties on the strong coupling constant, PDF and

luminosity. Furthermore, there is a theory uncertainty in the gluon-gluon fusion Higgs

production cross-section due to missing higher order terms in the QCD calculation, and

variations in the factorisation and renormalisation scales.

8.6.2 Systematic uncertainty from the Boosted Decision Tree

A BDT is used in the analysis to discriminate between the signal and the background by

applying a selection based on the BDT output score. The BDT selection efficiency might

not be well-modelled compared to what it would be in data. Therefore a scale factor and

an associated systematic uncertainty are derived for the BDT selection efficiency in the

signal Monte Carlo. The efficiency is studied in the J/ψ mass region in the QCD Monte

Carlo and data, which is between 2.91 and 3.27 GeV. The J/ψ resonance is used as a

"proxy" for our signal as it is a displaced low-mass resonance that lies within the mass

range of the search.

The analysis pre-selections are first applied for events in the J/ψ mass region, which

include all the selections described in Section 7.4 except the BDT selection. The BDT

score distribution in that mass region for the QCD background Monte Carlo and a subset

of data (4.2 fb−1) are shown in Fig 8.23 for the BDT model trained with the vector portal

signal model.

A BDT selection is applied to the J/ψ mass region in Monte Carlo and data. The BDT

efficiencies in Monte Carlo and data are determined by fitting to the passing and failing

events in each case. A double-sided crystal ball function is used to fit the signal and an

exponential function is used to fit the background. The fits are shown in Fig. 8.24 and 8.25

for a BDT selection of BDT > 0.99 as an example. The signal efficiencies are obtained

by extracting the signal yields in the pass and the fail fits, and then taking the ratio of

(pass signal)/(pass signal + fail signal). The fits are performed so that the signal and the

background components can be separated, and only the signal component is used in the

efficiency calculation.
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Figure 8.23: BDT score distributions in the J/ψ mass region for QCD Monte Carlo and a

subset of data using the BDT trained with the vector portal signal model.
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Figure 8.24: Fit for the passing events (left) and the failing events (right) for the QCD

Monte Carlo.

    4.2 fb-1 (13 TeV)     4.2 fb-1 (13 TeV)

Figure 8.25: Fit for the passing events (left) and the failing events (right) for a subset of

data.

The BDT efficiencies are measured for data and Monte Carlo, and the scale factor is

derived by taking the ratio between the two efficiencies. The scale factor is found to be
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0.93±0.10 for the BDT selection with a background efficiency of 5×10−4.

The BDT efficiencies and scale factors are measured for different BDT thresholds, which

correspond to different background efficiencies. The efficiencies and scale factors as a

function of the BDT background efficiency is shown in Fig. 8.26 for the vector portal

BDT. The BDT scale factors are also measured for the scenario A and scenario B1 BDT,

which are shown in Fig. 8.27 and Fig. 8.28 respectively.

No global systematic effect is observed in the BDT scale factors for the different signal

models, so a scale factor of unity is assumed, with a systematic uncertainty of 10% to

cover any deviations from unity.
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Figure 8.26: BDT efficiencies and scale factors as a function of the background efficiency

for the vector portal BDT.
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Figure 8.27: BDT efficiencies and scale factors as a function of the background efficiency

for the scenario A BDT.
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Figure 8.28: BDT efficiencies and scale factors as a function of the background efficiency

for the scenario B1 BDT.

8.6.3 Systematic uncertainty from displaced muon identification

In the analysis, muons in the muon secondary vertex are required to pass the loose muon

identification. A scale factor and a systematic uncertainty are measured for the muon

identification of the displaced muons in order to account for any mis-modelling in the

signal Monte Carlo. The "tag-and-probe" technique is implemented for the measurement

by first selecting a muon that passes tight quality selections (which is the "tag" muon). It

is then paired with a muon of opposite charge (which is the "probe" muon). The invariant

mass of the muon pair is required to be between 2.9 and 3.3 GeV, so that it is close to

the J/ψ resonance, which is a known resonance in the mass range of the search. The

selections used are summarised in Table 8.3. The tag muon is matched to the HLT muon

by requiring ∆R < 0.1. From the selected muon pairs, the probes are then effectively

unbiased and are used for measurements.

Variables Cuts

Prob(µ ,µ vtx) > 0.01

Number of hits in the muon chambers (tag µ) >= 2

dxy/σ (tag µ) > 8

pT(tag µ) > 10 GeV

pT(L1 tag µ) > 10 GeV

∆ R(tag µ , L1 tag µ) < 0.05

Match tag µ with HLT µ -

∆R(tag µ , probe µ) > 0.15

Muon ID (tag muon) tight ID

|η(probe muon)| < 1.5

Table 8.3: Selections used for the tag-and-probe technique to measure the displaced muon

identification efficiency.
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A few efficiencies for displaced muons were first considered. Given a muon is recon-

structed in the muon chambers, there is the tracker track finding efficiency that takes into

account the efficiency of finding a tracker track. In addition, there is the muon track recon-

struction efficiency that describes the fraction of tracker tracks that are matched to muons.

Finally, the muon identification efficiency describes the fraction of muons that pass the

loose identification requirement, given the muon is reconstructed in the tracker. As the

tracker track finding efficiency and the track reconstruction efficiency are very close to

unity, the dominant inefficiency comes from the muon identification. Therefore only the

muon identification efficiency and scale factor are measured, in which the efficiency is

defined as:

εmuon identification =
Nprobe(loose, tracker muons)

Nprobe(tracker muons)
(8.6)

The muon identification efficiency in data and Monte Carlo are derived by fitting the mass

distributions of passing and failing dimuon pairs in bins of pT of the probe muon and lxy of

the muon SV. The lxy is chosen because it is used in the analysis for event categorisation.

A double-sided crystal ball function is used to fit the J/ψ peak and an exponential function

is used to fit the background. Example fits are shown in Figure 8.29. The estimated J/ψ

yields are extracted from the fits.

Figure 8.29: Fit for the passing probes (left) and the failing probes (right) for Monte Carlo

in the bin of 0.001 cm < |dxy|< 0.1 cm and 4 GeV < pT < 6 GeV.

The muon identification efficiencies are measured for data and Monte Carlo, and scale

factors are derived by taking the ratio between the data and Monte Carlo efficiencies.

A subset (4.2 fb−1) of the B-parking dataset is used. For Monte Carlo, a sample of

B → J/ψK events are used. The efficiencies for data and Monte Carlo, and the scale

factors are shown in Fig. 8.30, 8.31 and 8.32 respectively as two-dimensional histograms

in bins of pT and lxy.
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Figure 8.30: Muon identification efficiency for data in bins of transverse momentum and

transverse displacement. A subset of B-parking data is used.
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Figure 8.31: Muon identification efficiency for Monte Carlo in bins of transverse momen-

tum and transverse displacement. A Monte Carlo sample of B → J/ψK is used.
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Figure 8.32: Muon identification scale factor in bins of transverse momentum and trans-

verse displacement.

The uncertainties in the results are the combined statistical and systematic uncertainties.

The systematic uncertainties are found by varying the mass window of the fit. The fit

is first performed with the mass window of [2.96, 3.24] GeV. Then additional fits are

performed with the mass window varied up ([2.98, 3.26] GeV) and down ([2.94, 3.22]

GeV) respectively to derive a systematic uncertainty on the efficiency obtained by the

original fit. The systematic uncertainty is found to be nearly negligible compared to the

statistical error.

It is noted that the measurements are statistically limited for lxy > 10 cm, as there are very

few J/ψ mesons with such high displacement. However the scale factors in the plateau

show no strong dependence on pT nor lxy as seen in Fig. 8.32, and so some assumptions

are made. It is assumed that the scale factors are consistent with unity for lxy > 10 cm

with an uncertainty of 5%, which is a conservative estimate but it is sub-dominant with

respect to statistical and other systematic uncertainties.

8.6.4 Systematic uncertainty from the triggers

The B-parking triggers are unique triggers that impose requirements on the impact pa-

rameter significance of the muon. Trigger scale factors are first measured using the "tag-

and-probe" technique for the HLT_Mu9_IP6 trigger, which accounts for about 80% of the
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total luminosity of the dataset.

The tag-and-probe technique is implemented. The tag muon is required to fire the trigger

and pass tight quality selections. To reduce the number of combinatorial pairs, some

selections are applied on the dimuon pairs. The complete list of selections are summarised

in Table 8.4. From the selected pairs, the probes are then effectively unbiased and are used

to measure the efficiency of the trigger. The probe muon is classified as passing or failing

based on whether it can be matched to the trigger muon.

Variables Cuts

Prob(µ,µ vtx) > 0.01

dxy/σ (tag µ) > 8

pT(tag µ) > 10 GeV

pT(L1 tag µ) > 10 GeV

∆ R(tag µ , L1 tag µ) < 0.05

Match tag µ with HLT µ -

∆R(tag µ , probe µ) > 0.15

Muon ID (tag muon) loose ID

Muon ID (probe muon) loose ID

Table 8.4: Selections used for the tag-and-probe technique to measure trigger efficiency.

The trigger efficiencies in data and Monte Carlo are derived by fitting the mass distribu-

tions of passing and failing dimuon pairs first in bins of pT and |dxy| of the probe muon. A

double-sided crystal ball function is used to fit the J/ψ peak and an exponential function

is used to fit the background. Example fits are shown in Fig. 8.33. The estimated J/ψ

yields are extracted from the fits. The trigger efficiency is then calculated by:

εtrigger =
Npassing probes

Nall probes

(8.7)
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Figure 8.33: Fit for the passing probes (left) and the failing probes (right) for data in the

bin of 0.3 cm < |dxy|< 0.4 cm and 10 GeV < pT < 16 GeV.
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The trigger efficiencies are measured for data and Monte Carlo, and scale factors are

derived by taking the ratio between the data and Monte Carlo. A subset (4.2 fb−1) of the

B-parking dataset is used for data, and a sample of B → J/ψK events are used for Monte

Carlo. The efficiencies for data and Monte Carlo, and the scale factors are shown in

Fig. 8.34, 8.35 and 8.36 respectively as two-dimensional histograms in bins of transverse

momentum and transverse impact parameter. A clear efficiency turn-on is observed for

both pT and dxy, especially for pT where there is a sharp turn-on.

The uncertainties in the results are the combined statistical and systematic uncertainties,

where the systematic uncertainties are found by varying the mass window of the fit using

the same procedure as described in Section 8.6.3. The systematic uncertainty is found to

be nearly negligible compared to the statistical error. The efficiencies and scale factors as

a function of the transverse impact parameter of the muon are shown in Fig. 8.37.
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Figure 8.34: Trigger efficiency of the HLT_Mu9_IP6 trigger for data in bins of transverse

momentum and transverse impact parameter.
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Figure 8.35: Trigger efficiency of the HLT_Mu9_IP6 trigger for Monte Carlo in bins of

transverse momentum and transverse impact parameter.
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Figure 8.36: Trigger scale factors for the HLT_Mu9_IP6 trigger in bins of transverse

momentum and transverse impact parameter.

Figure 8.37: Trigger efficiencies and scale factors for the HLT_Mu9_IP6 trigger in bins

of transverse impact parameter.

As events are categorised by the transverse displacement of the muon secondary vertex

in the analysis, the trigger efficiencies and scale factors are also measured as a function

of the transverse displacement. The efficiencies for data and Monte Carlo, and the scale

factors are shown in Fig. 8.38, 8.39 and 8.40 respectively as functions of the transverse

momentum of the probe muon and the transverse displacement of the associated muon

secondary vertex. The efficiencies and scale factors as a function of transverse displace-

ment is shown in Fig. 8.41.
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Figure 8.38: Trigger efficiency of the HLT_Mu9_IP6 trigger for data in bins of muon

transverse momentum and transverse displacement of the muon secondary vertex.
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Figure 8.39: Trigger efficiency of the HLT_Mu9_IP6 trigger for Monte Carlo in bins of

muon transverse momentum and transverse displacement of the muon secondary vertex.
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Figure 8.40: Trigger scale factors for the HLT_Mu9_IP6 trigger in bins of muon trans-

verse momentum and transverse displacement of the muon secondary vertex.
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Figure 8.41: Trigger efficiencies and scale factors for the HLT_Mu9_IP6 trigger in bins

of transverse displacement of the muon secondary vertex.

For the final analysis, the OR of all B-parking triggers are used, for which the trigger

scale factors were measured by the heavy neutrino search [138]. The trigger scale factors
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are binned in pT and the dxy significance (|dxy/σxy|) of the probe muon, which are the

quantities that are used in the triggers, as shown in Fig. 8.42. These scale factors are

applied in the analysis.

Figure 8.42: Trigger scale factors in bins of transverse momentum and transverse impact

parameter significance of the muon for all B-parking triggers [138].

8.6.5 Summary

Various sources of systematic uncertainties are considered in the analysis, which are dis-

placed muon identification, the trigger selection, the BDT selection, pileup, luminosity,

the gluon-gluon fusion Higgs production cross-section and discrete profiling. All the sys-

tematic uncertainties except the discrete profiling are applied to the signal only, as the

background estimation is entirely data driven using the sideband method.

Regarding the BDT selection, the systematic uncertainty on the signal yield is found to

be 10%, as discussed in Section 8.6.2.

For the systematic uncertainty on displaced muon identification, scale factors are derived

from muon identification efficiencies, as described in Section 8.6.3. The systematic un-

certainties on the signal yield at ±1σ variations of the scale factors are obtained. Only

changes that are greater than 1% are included as systematic uncertainties. The resulting

systematic uncertainty is typically in the range of 1− 17% depending on the pT of the

muon and the lxy of the muon secondary vertex.

For the trigger selection, the systematic uncertainties on the signal yield are obtained
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using the trigger scale factors presented in Section 8.6.4. Uncertainties in the signal yield

that are greater than 1% in are included. The resulting systematic uncertainty typically

lies between 1−2%.

Furthermore, the systematic uncertainty from pileup is obtained by considering the pileup

distribution during the time when the B-parking triggers were active. Pileup reweighting

is applied to derive the uncertainty at ±1σ . The uncertainty is found to be about 5%.

In addition, the systematic uncertainty coming from the uncertainty in the luminosity

measurement is considered. In 2018 the uncertainty was found to be 2.5% [74].

Systematic uncertainties on the gluon-gluon fusion Higgs production cross-section are

also considered. These include a theory uncertainty of 3.9%, an uncertainty of 1.9% from

the PDF, and an uncertainty of 2.6% from the strong coupling constant [139].

For the background, the systematic uncertainty from discrete profiling when the back-

ground is fitted using an envelope of functions is considered. It accounts for the uncer-

tainty coming from the choice of fitting function [134]. The systematic uncertainty is

found to be a small compared to the other systematic uncertainties.

Table 8.5 summarises the different sources of systematic uncertainties for the signal. The

data statistical uncertainty is found to be about 50%, so the analysis is statistics limited.

Systematic uncertainty

Displaced muon identification ∼ 1−17%

Trigger ∼ 1−2%

BDT 10%

Pileup ∼ 5%

Theory uncertainty in ggF Higgs production 3.9%

Strong coupling constant 2.6%

PDF 1.9%

Luminosity 2.5%

Table 8.5: Summary of the systematic uncertainties applied to the signal.
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8.7 Results and interpretation

8.7.1 Signal extraction

Maximum likelihood fits are performed under the background-only or background+signal

hypotheses, using a sliding mass window for different signal mass hypotheses. The fits

are carried out simultaneously for the different categories, using up to twelve categories

for each signal hypothesis. Only categories with non-zero signal yield are included. A

parametric fit is performed where the functional shapes for the signal and background, as

described in Sections 8.3 and 8.4, are used to estimate the signal and background yields

in each bin of the dimuon mass distribution. Systematic uncertainties are implemented,

as discussed in Section 8.6.5.

The background-only fit is shown in Fig. 8.43 for two mass windows in an example cate-

gory, together with the signal expected from representative signal models. The p-value of

the fit is found to be 0.422 in Fig. 8.43 (top) and 0.719 in Fig. 8.43 (bottom).
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Figure 8.43: Background fit in a mass window centred at 0.67 GeV (top) for scenario

A and a mass window centred at 1.33 GeV (bottom) for scenario B1, both in the single

vertex category with 1 cm < lxy < 10 cm and pointing angle < 0.2. The signals expected

for a representative scenario A model (top) and a scenario B1 model (bottom) are shown

together with the background fits. The signals are normalised to a branching ratio of 0.01.
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Some pre-fit and post-fit plots for example categories are shown in Figs. 8.44 and 8.45

for a benchmark model in scenario A and scenario B1 respectively. Goodness-of-fit tests

have been performed for the different signal hypotheses in each category, with the results

shown in Figs. 8.16 and 8.17.

Figure 8.44: Pre-fit and post-fit plots for example categories for scenario A, mπ = 1.0
GeV, mA = 0.33 GeV, cτ = 10 mm. The signal is shown in green, the background is

shown in red, and signal+background is shown in purple. The signal is normalised to a

branching ratio of 0.01 in the pre-fit.
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Figure 8.45: Pre-fit and post-fit plots for example categories for scenario B1, mπ3 = 4.0
GeV, mA = 1.33 GeV, cτ = 10 mm. The signal is shown in green, the background is

shown in red, and signal+background is shown in purple. The signal is normalised to a

branching ratio of 0.01 in the pre-fit.

8.7.2 Branching ratio limits

95% confidence level (CL) upper limits are set on the branching ratio of Higgs decays to

dark partons. The limits are produced for different mass and lifetime hypotheses of the

dark shower signal models. No significant excess is observed beyond the Standard Model

expectation. For the vector portal, the upper limits on the branching ratio B(H → ψψ)

as a function of the signal lifetime are shown in Fig. 8.46 for a few representative mass

hypotheses. The limits on the branching ratio are in the range of 10−3 to 10−5 over much

of phase space.
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The corresponding limits for the scenario A model are shown in Fig. 8.47 as a function

of lifetime for some representative mass hypotheses. The mass models chosen are in the

low-mass regime (below 2 GeV). The limits are in the range of 10−2 to 10−4, which show

good sensitivity for the low mass models.

The limits for the scenario B1 model are shown in Fig. 8.48 as a function of lifetime. The

scenario B1 models are non-pointing, and the model points that are chosen are low-mass.

The limits are found to be comparable to those for the scenario A model, which indicates

that good sensitivity is achieved for both non-pointing and pointing models.

The constraints are more stringent in general for lower lifetime hypotheses due to the

higher secondary vertex reconstruction efficiency at smaller displacement. At very low

lifetime, this effect is lessened by the lower signal efficiency of the model. The limits also

tend to be more stringent at higher mass due to the lower background present.

It is noted that the observed limits obtained at 95% CL on the branching ratio B(H →

ψψ) is considerably lower than the observed upper limit set by previous measurements

on the invisible branching ratio of the Higgs at 95% CL, B(H → inv)< 0.18 [54].
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Figure 8.46: Exclusion limits at 95% CL on the branching ratio B(H → ψψ) for repre-

sentative mass hypotheses for the vector portal model. It is assumed that mω̃ = Λ̃ = mη̃ ,

where mω̃ , Λ̃ and mη̃ are the mass of the dark sector spin-one meson, the dark sector

confinement scale, and the mass of the dark sector spin-zero meson respectively.
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Figure 8.47: Exclusion limits at 95% CL on the branching ratio B(H → ψψ) for repre-

sentative mass hypotheses for the scenario A model. It is assumed that mη = Λ̃ = 4mπ2

and sinθ = 0.1, where mη is the mass of the dark sector pseudoscalar and θ is the mixing

angle parametrising the isospin violation. The branching ratio B(π3 → A′A′) is assumed

to be one.
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Figure 8.48: Exclusion limits at 95% CL on the branching ratio B(H → ψψ) for repre-

sentative mass hypotheses for the scenario B1 model. It is assumed that mη = Λ̃ = 4mπ2

and sinθ = 0.1, where mη is the mass of the dark sector pseudoscalar and θ is the mixing

angle parametrising the isospin violation. The branching ratio B(π3 → A′A′) is assumed

to be one.

The limits obtained in this search are complementary to those obtained in a previous

search performed with the muon detectors of the CMS experiment [140], probing new

phase space for lifetime below approximately 0.1 m and mass as low as 2 GeV in the

vector portal, where there is an improvement in the limits of up to 2 orders of magnitude.

This search makes use of the tracker to look for displaced dimouns, therefore probing

lower proper lifetimes. This is complementary to the search in Ref. [140] which looks

for hadronic and electromagnetic showers in the muon system, probing the higher life-

time region. As decays into muons very rarely produce a particle shower, the search in

Ref. [140] is not sensitive to that decay mode. The sensitivity in this analysis is also im-

proved due to the use of BDT trained for the dark shower model. Apart from the vector

portal model, limits are also set on the extended Hidden Valley models scenario A and

scenario B1, which are the first constraints imposed on these models.
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Figure 8.49: Observed limits at 95% CL on the branching ratio B(H → ψψ) for the

vector portal model from this analysis compared to those from Ref. [140]. This analysis

targets decays into dimuons using 41.6 fb−1 of proton-proton collision data, while Ref.

[140] is an inclusive search with muon detector showers using 138 fb−1 of proton-proton

data that is sensitive to all decay modes except for muons.
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Chapter 9

Conclusions

This thesis presents a search for dark showers predicted by the Hidden Valley model

through decays into displaced muons at the CMS experiment, which is the first search for

this final state at the LHC.

As there is a substantial QCD background, an event-level BDT is trained to distinguish

signal from background. A wide variety of event features are used as input variables to

the BDT. Muon variables are found to be particularly important for the performance of the

BDT, as the signal models are characterised by a large number of displaced muons from

the decay of dark showers. The BDT is capable of achieving 10−4 background efficiency

with higher than 30% signal efficiency.

The analysis considers the pair production of dark partons from decays of the SM Higgs

boson, therefore a multi vertex category is used to increase sensitivity. A significant

improvement in the signal to background ratio is achieved in the multi vertex category

compared to the single vertex category.

A parametric fit is performed on the dimuon invariant mass to extract the signal. Various

systematic uncertainties are considered, mainly originating from signal modelling. No

significant excess is observed beyond the SM expectation. Upper limits are set on the

branching ratio of Higgs decays into dark partons at 95% confidence level. Limits are

imposed on the branching ratio down to ∼ 5× 10−5 for the vector portal model, ∼ 6×
10−4 for the scenario A model and ∼ 7× 10−4 for the scenario B1 model. The limits

obtained for the vector portal are complementary to a previous search performed with the

muon detectors at CMS, probing lifetimes below ∼ 1 m and improving the limits by up

to 2 orders of magnitude. Similar limits are achieved for scenario A, which is a pointing

scenario, and scenario B1, which is a non-pointing scenario. They are the first limits

imposed on these extended Hidden Valley models.
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When the analysis is published, the likelihood will be provided to allow for recasting. The

BDT trained in the analysis could be applied to other signal models that contain displaced

muon signatures. Currently the BDT only includes variables of reconstructed objects, but

it could be retrained in the future with generator-level variables so that theorists could use

it. The impact on the performance of the BDT would need to be investigated.
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Appendix A

Details of the B-parking triggers

The B-parking dataset was collected using the following HLT paths, which have the for-

mat HLT_MuX_IPY:

• HLT_Mu7_IP4

• HLT_Mu8_IP3

• HLT_Mu8_IP5

• HLT_Mu8_IP6

• HLT_Mu8p5_IP3p5

• HLT_Mu9_IP4

• HLT_Mu9_IP5

• HLT_Mu9_IP6

• HLT_Mu10p5_IP3p5

• HLT_Mu12_IP6

The HLT paths select events with at a muon with p
µ
T > X GeV and impact parameter

significance (IP
µ
sig) > Y.

The OR of the following L1T seeds is also required:

• SingleMu22

• SingleMuXer1p5

The first L1T path preselects events with one L1T muon with p
µ
T > 22 GeV. The remaining

paths each preselects events with one L1T muon with p
µ
T > X GeV (X = 6, 7, 8, 9, 10,
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12, 14, 16 or 18) and |ηµ |< 1.5.

All L1 and HLT paths are always present in the trigger menu, but are set to prescale zero

by default. As the instantaneous luminosity falls, the set of active trigger paths evolves,

with additional paths enabled. Standard data quality criteria are applied to the data for the

results. The total integrated luminosity of the full 2018 dataset is 41.9 fb−1.
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Appendix B

BDT input variables

The variables that are used as input to the BDT training and the maximum number of

objects used are listed in this section. The BDT uses variables from muons, secondary

vertices and muon secondary vertices, as shown below:

Muons (16 variables): η , φ , pT , pT uncertainty, dxy, dxy error, dz, dz error, IP, IP signifi-

cance, charge, tight ID, soft MVA, PF relative isolation (total), mini PF relative isolation

(total), index of the associated jet.

Secondary vertices (13 variables): pT , η , φ , x-position, y-position, z-position, dxy, dxy

significance, 3D decay length, 3D decay length significance, pointing angle, χ2, number

of degrees of freedom.

Muon secondary vertices (15 variables): χ2, pointing angle, 3D decay length, 3D decay

length significance, dxy, dxy significance, pT (µ1), η(µ1), φ(µ1), pT (µ2), η(µ2), φ(µ2),

vertex x-position, vertex y-position, vertex z-position.

Other variables (3 variables): number of muons, number of secondary vertices and num-

ber of muon secondary vertices in the event.

Maximum number of muons used: 8; maximum number of secondary vertices used: 8;

maximum number of muon secondary vertices used: 8.

The impact of jet variables on the performance of the BDT is also studied, but they are

not included in the final training. The variables used are as follow:

Jets (18 variables): pT , η , φ , charged electromagnetic energy fraction, charged hadron

energy fraction, neutral electromagnetic energy fraction, neutral hadron energy fraction,

muon energy fraction, muon subtraction factor, energy excluded from CHS jets, num-

ber of muons in the jet, number of electrons in the jet, number of particles in the jet,
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DeepCSV [141] b+bb tag discriminator, quark vs gluon likelihood discriminator, Pileup

ID discriminant, index of first matching muon, index of second matching muon.

Maximum number of jets used: 8
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Appendix C

BDT hyperparameters

Hyperparameter Values

num_boost_round 150

booster ‘gbtree’

tree_method ‘hist’

device ‘auto’

learning_rate 0.1

gamma 1.67

max_depth 10

min_child_weight 1.0

max_delta_step 1

subsample 1

colsample_bytree 0.86

colsample_bylevel 0.6

colsample_bynode 0.8

reg_lambda 2.0

reg_alpha 0.05

objective ’binary:logistic’

eval_metric [’logloss’]

Table C.1: Hyparameters used for the BDT training
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Appendix D

Trigger efficiency against lxy for

benchmark signal models

Figure D.1: Trigger efficiency for the HLT_Mu9_IP6 trigger against the transverse dis-

placement lxy of the generated vertex in different signal models. Both muons in the vertex

are required to have pT > 9 GeV and |η |< 1.5. The efficiency drops quickly after about

15 cm.
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Appendix E

Selection efficiency against cτ for

benchmark signal models
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Figure E.1: Selection efficiency against the mean proper lifetime for benchmark signal

models.
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Appendix F

Impact plots

12

11

10

9

8

7

6

5

4

3

2

1

2− 1− 0 1 2
2σ - 2

I
σ)/

I
θ-θ( 

I
σ)/

I
θ-θ(

modelling

CMS_parking_pileup_2018

pdf_Higgs_gg

lumi_13TeV_2018

alpha_s

CMS_m_displaced_id_2018

QCDscale_ggH

bdt

shapeBkg_background_singlev_cat4__norm

shapeBkg_background_singlev_cat6__norm

shapeBkg_background_singlev_cat5__norm

shapeBkg_background_singlev_cat3__norm
22−
22+306

12−
13+122

1.5−

2.1+3.0

1.1−

1.8+
2.0

CMS Internal

0.5− 0 0.5

r∆
Fit  Impactσ+1

Pull  Impactσ-1

Gaussian Poisson

AsymmetricGaussian Unconstrained 1.2−

1.3+
 = 0.0r

Figure F.1: Impact plot made using toys, without signal injection. The plot shows the

fits of the nuisance parameters, and the impacts of the nuisance parameters on the signal

strength. The scenario A model point with mπ3 = 4 GeV, mA′ = 0.4 GeV, cτ = 60 mm is

used for the study.
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Figure F.2: Impact plot made using toys, with signal injection. The plot shows the fits

of the nuisance parameters, and the impacts of the nuisance parameters on the signal

strength. The scenario A model point with mπ3 = 4 GeV, mA′ = 0.4 GeV, cτ = 60 mm is

used for the study.
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Appendix G

Dimuon mass distributions for scenario

A and scenario B1
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Figure G.1: Dimuon mass distributions in the single vertex categories for data and two

benchmark signal models in scenario A. The shaded regions indicate mass regions of

known SM resonances, which are masked in the search.
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Figure G.2: Dimuon mass distributions in the multi vertex categories for data and two

benchmark signal models in scenario A. The shaded regions indicate mass regions of

known SM resonances, which are masked in the search.
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Figure G.3: Dimuon mass distributions in the single vertex categories for data and two

benchmark signal models in scenario B1. The shaded regions indicate mass regions of

known SM resonances, which are masked in the search.
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Figure G.4: Dimuon mass distributions in the multi vertex categories for data and two

benchmark signal models in scenario B1. The shaded regions indicate mass regions of

known SM resonances, which are masked in the search.
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