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Abstract

The Standard Model predicts the Higgs boson to interact with all mas-

sive particles. At present, experimental evidence exists for the inter-

actions with bosons and third generation fermions. This thesis focuses

on the search for the decay of the Higgs boson to muon pairs, the

most sensitive way of probing the interactions with second generation

fermions. The search uses proton-proton collision data collected at the

centre-of-mass energy
√
s = 13 TeV collected by the ATLAS experi-

ment between 2015 and 2018 and corresponds to an integrated lumi-

nosity of 140 fb−1. The analysis selects events with oppositely charged

muon pairs and splits them in categories using a gradient boosting clas-

sifier to maximise the sensitivity. A simultaneous maximum-likelihood

fit is performed in all analysis categories to extract the signal strength

and evaluate the compatibility of the data with the background-only

hypothesis. The signal strength is measured to be 0.5± 0.7, where the

uncertainty is dominated by the statistical uncertainty on the data.

The observed (expected) significance is found to be 0.8 (1.5) σ. The

sensitivity projection for the 3000 fb−1 dataset collected at 14 TeV esti-

mates that the signal strength will be measured to 13% and still limited

by the statistical uncertainty on the data.
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Statement of Originality

Modern particle physics relies on the international collaboration of

large numbers of scientists to build and operate the accelerators and

detectors, analyse the data, and make sense of it in the context of a

theory of fundamental interactions. Chapters 1 and 2 review the the-

oretical backdrop and the experimental setup, both a result of such

collaboration, and both necessary prerequisites for the entirety of the

original work presented in this thesis. My original contributions and

academic activities during the DPhil are presented in the following

text, some of which are described in more detail in Chapters 3 4, and

5 of the thesis.

Muon performance

Chapter 3 first describes how muons are reconstructed, identified, and

calibrated in ATLAS, which was done by collaborators. My contri-

butions include the development of the new background subtraction

method and the work on improving muon resolution.

The broad idea for the novel background subtraction based on a tem-

plate fit originated from a collaborator and was designated as my qual-

ification task for ATLAS authorship. However, the following contribu-

tions were my own:

• Implementation and development of the template fit background

subtraction method, and its validation by producing a toy dataset

with known efficiencies from MC simulated events.



• Implementation of the computation of isolation scale factors in

the common framework of Muon Combined Performance (MCP)

group.

• The performance plots of the improved background subtraction

method on 2016 data [1].

• The isolation part of early muon performance studies for the 2017

dataset [2].

• The isolation part of muon performance studies for data collected

at a high number of mean interactions per crossing [3].

• Validation of the performance of the new isolation selections de-

signed to be robust with respect to high pile-up [4].

• Description of the background subtraction method in the MCP

paper [in preparation].

The work on VADER4µ was done with a collaborator who prepared

the datasets and made the figure of the resolution in various H → µµ

categories. My own work included:

• Designing the machine learning approach using gradient boosting

regressors and the cross-validation pipeline.

• Performing the hyperparameter search and feature selection for

both types of regression models, and their validation on the dimuon

datasets.

H → µµ analysis

I was a key member of the analysis team and directly contributed to

four publications. A list of contributions is shown below for each of

them.

Conference note at ICHEP 2018 conference [5]:
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• An extensive review of the analysis selection, including the study

of including Loose muons up to 2.7 in |η| and their resolution,

using the sagitta bias correction to the muon momentum to reduce

the effects of misalignment in the inner tracker, removing the pT

requirement on the subleading muon, the use of a looser isolation

selection, the use of forward jet vertex tagging, and the suitability

of different generators for the Drell-Yan backgrounds.

• Initial studies arguing for improved and expanded machine learn-

ing approach to event categorisation.

• Implementation of the analysis selection and plotting software

packages, which became the analysis standard, and the imple-

mentation of the categorisation including the machine learning

approach.

• Preparation of figures and tables for the publication and co-authorship

of the supporting documentation.

• Implementation of a number of studies required during the AT-

LAS internal review.

• Presentation of the analysis at the ATLAS internal unblinding

approval, and the collaboration approval meetings.

Conference note at EPS 2019 conference [6]:

• Proposal of new techniques that were used in the published ap-

proach, namely the use of k-fold cross-validation, and the har-

monisation of classifier outputs by transforming the outputs to a

uniform distribution.

• Studies of input variables, boundary optimisation and the associ-

ated bias, the study of training dataset size and the potential of

data augmentation, as well as a study of resolution in the analysis

categories.

• A study of a deep neural network approach trained in an adver-

sarial way in order to remove the dependence on the invariant

mass while using all available inputs.
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• A study of the background mass shaping introduced by the ma-

chine learning selection.

Journal publication [in preparation].

• Validation of the kinematic distributions and categorisation scheme,

as well as the per-category resolution validation.

Projections for HL-LHC [7, 8].

• Preparation of inputs to the fit taking into account the increased

luminosity, cross-sections, and improved resolution due to the AT-

LAS ITk upgrade.

• Fitting under different systematic uncertainty assumptions, pro-

ducing the table for the publication.

Additional academic activities

• Co-authorship of a paper on using adversarial training to pre-

serve physically important variables while optimising the analysis

selection [9].

• Co-organisation of the 2018 iteration of the MLHEP summer

school in Oxford [10].

• Authored a tutorial on using adversarial training of classifiers at

the 2019 MLHEP in DESY [11].

• Organisation of a multidisciplinary symposium on the impact of

artificial intelligence on society at Keble College.

• Co-organisation of the ML+Physics machine learning seminar se-

ries in the Oxford’s Department of Physics [12].

10



Contents

1 The Standard Model 1

1.1 Elementary particles . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Electroweak interactions . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 The Higgs mechanism . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.4 Higgs phenomenology at the LHC . . . . . . . . . . . . . . . . . . . 10

1.5 Shortcomings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 The ATLAS experiment 15

2.1 The Large Hadron Collider . . . . . . . . . . . . . . . . . . . . . . . 16

2.2 Detector overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3 Trigger . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4 Tracking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.5 Calorimetry . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.6 Muon spectrometry . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.7 ATLAS data and Monte Carlo simulation . . . . . . . . . . . . . . . 27

3 Muons in ATLAS 29

3.1 Reconstruction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2 Momentum calibration . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3 Isolation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.1 Isolation efficiency background subtraction . . . . . . . . . . 40

3.3.2 Other isolation studies . . . . . . . . . . . . . . . . . . . . . 43

3.4 VADER4µ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

i



4 Search for the H → µµ decay 56

4.1 Data and MC simulation samples . . . . . . . . . . . . . . . . . . . 59

4.1.1 Background samples . . . . . . . . . . . . . . . . . . . . . . 59

4.1.2 Signal samples . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.1.3 Custom Drell-Yan sample . . . . . . . . . . . . . . . . . . . 61

4.2 Physics objects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.2.1 Muons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.2.2 Photons and FSR . . . . . . . . . . . . . . . . . . . . . . . . 64

4.2.3 Jets, electrons, and Emiss
T . . . . . . . . . . . . . . . . . . . . 66

4.3 Event selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.4 Event categorisation . . . . . . . . . . . . . . . . . . . . . . . . . . 71

4.5 Signal modelling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.5.1 Signal parametrisation . . . . . . . . . . . . . . . . . . . . . 80

4.5.2 Systematic uncertainties . . . . . . . . . . . . . . . . . . . . 82

4.6 Background modelling . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.6.1 Background parametrisation . . . . . . . . . . . . . . . . . . 83

4.6.2 Model selection . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.6.3 Spurious signal uncertainty . . . . . . . . . . . . . . . . . . 86

4.7 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.7.1 Likelihood function . . . . . . . . . . . . . . . . . . . . . . . 88

4.7.2 Statistical treatment . . . . . . . . . . . . . . . . . . . . . . 89

5 Outlook 101

Summary 105

Bibliography 107

ii



List of Figures

1.1 Yukawa couplings . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.2 Four main Higgs boson production modes at the LHC . . . . . . . . 11

1.3 Higgs boson production cross-sections at the LHC . . . . . . . . . . 12

1.4 Higgs boson branching ratios . . . . . . . . . . . . . . . . . . . . . . 13

2.1 Mean number of interactions per bunch crossing . . . . . . . . . . . 18

2.2 ATLAS coordinate system . . . . . . . . . . . . . . . . . . . . . . . 19

2.3 The ATLAS detector . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4 The ATLAS tracker . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.5 The ATLAS muon spectrometer . . . . . . . . . . . . . . . . . . . . 25

3.1 Impact parameter . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2 Muon reconstruction efficiency . . . . . . . . . . . . . . . . . . . . . 34

3.3 Muon momentum calibration validation . . . . . . . . . . . . . . . . 36

3.4 Muon isolation background subtraction fit . . . . . . . . . . . . . . 41

3.5 Muon isolation efficiencies . . . . . . . . . . . . . . . . . . . . . . . 43

3.6 Muon isolation scale factors . . . . . . . . . . . . . . . . . . . . . . 44

3.7 Muon isolation efficiency at high pile-up . . . . . . . . . . . . . . . 45

3.8 Isolation selection robust to high pile-up conditions . . . . . . . . . 46

3.9 VADER4µ correction on the single muon dataset . . . . . . . . . . 49

3.10 VADER4µ correction on the dimuon dataset . . . . . . . . . . . . . 50

3.11 VADER4µ uncertainty correction on the single muon dataset . . . . 52

3.12 VADER4µ uncertainty correction on the dimuon dataset . . . . . . 53

3.13 Kolmogorov-Smirnov statistic of the uncertainty correction . . . . . 54

3.14 Distribution of predicted resolutions in H → µµ categories . . . . . 55

iii



4.1 Muon resolution for different muon types . . . . . . . . . . . . . . . 65

4.2 Final state radiation recovery . . . . . . . . . . . . . . . . . . . . . 66

4.3 Dimuon invariant mass spectrum of selected events . . . . . . . . . 72

4.4 Classifier input variables . . . . . . . . . . . . . . . . . . . . . . . . 74

4.5 Classifier input variables . . . . . . . . . . . . . . . . . . . . . . . . 75

4.6 Summary of H → µµ analysis categories . . . . . . . . . . . . . . . 78

4.7 Mass resolution validation in analysis categories . . . . . . . . . . . 79

4.8 H → µµ signal model . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.9 Spurious signal fit to custom DY mass spectrum . . . . . . . . . . . 87

4.10 Systematic uncertainties ranking . . . . . . . . . . . . . . . . . . . . 92

4.11 Combined signal and background fit to data for High categories . . 96

4.12 Combined signal and background fit to data for Medium categories 97

4.13 Combined signal and background fit to data for Low categories . . . 98

4.14 Combined signal and background fit to data . . . . . . . . . . . . . 99

4.15 Expected and observed signal strengths in analysis categories . . . . 100

iv



Chapter 1

The Standard Model

”...it turns out that based on their findings, which will be confirmed or contradicted

when the Swiss machine is up and running, turns out there’s slightly more positive

than negative muons in all of our atoms, which would justify the faith of all the

believers of the world, make you more optimistic, and give us an explanation for

how we might have all come to this moment from the primordial slime.”

— Bill Clinton, Davos 2011



Our current best understanding of Nature is that the dynamics of matter is gov-

erned by four fundamental forces. General Relativity (GR) provides a description

of spacetime, the arena in which matter exists and interacts, and asserts that

spacetime is not a static entity but is rather dynamically shaped by the presence

of matter and energy. It also explains one of the forces, the gravitational force, as

an apparent phenomenon arising from geodesic motion in curved spacetime. The

Standard Model of particle physics (SM) not only describes the remaining three

forces, the electromagnetic (EM) force, the weak force, and the strong force, but

also provides a description of matter, and elucidates the origin of mass.

The Standard Model is expressed in the language of Quantum Field Theory

(QFT). QFT extends the domain of quantum mechanics, which characterises the

very small, to the domain of special relativity, which governs the very fast. It does

so by proposing that the fundamental objects are not particles, but rather fields,

the excitations of which are interpreted as particles.

Similarly to classical field theory the system under consideration is fully charac-

terised by a Lagrangian density, usually simply called the Lagrangian. According

to the principle of least action, the equations of motion for a system are then

derived by solving the Euler-Lagrange equation,

∂µ

(
∂L

∂(∂µφi)

)
− ∂L
∂φi

= 0, (1.1)

where L is the Lagrangian, φi are the fields, whose explicit dependence on xµ is

suppressed for clarity, partial derivatives are taken with respect to the spacetime

coordinates, and Einstein summation convention implies the sum over repeated in-

dices [13]. The Lagrangian therefore contains all information about the dynamical

system.

The Lagrangian must be invariant under the transformations which leave the

system it describes physically unchanged. Apart from the Poincaré symmetries,

which ensure the physics is invariant w.r.t. translations, rotations, and changes

of inertial reference frame, the defining symmetry of the Standard Model is the

internal SU(3)C × SU(2)L × U(1)Y local gauge invariance.

The SU(3)C group symmetry, where C stands for colour, defines quantum

chromodynamics (QCD), the theory of strong force interactions between quarks
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and gluons. The electroweak interactions, a unified theory of the electromagnetic

and weak forces, are described by the SU(2)L×U(1)Y group symmetry. Here, the

L refers to left-handed chirality, which is related to the relative direction of the

particle momentum and spin, and Y is the weak hypercharge [13] explained later

in this chapter.

The requirement for the Lagrangian to be locally gauge-invariant places some

constraints on the allowed terms. Notably, the four-derivative ∂µ is replaced by

a covariant derivative, which introduces the interactions between the matter and

gauge fields. On the other hand, local gauge invariance prohibits the naive mass

terms for both the gauge bosons and fermions [13]. This is in stark contrast with

experimental reality: fermions and weak gauge bosons are massive.

This embarrassing discrepancy is resolved by the Higgs mechanism, which gen-

erates the masses of the fermions and gauge bosons by interactions with the non-

zero Higgs field value at the minimum of the Higgs potential.

1.1 Elementary particles

The particle content of the Standard Model can be classified according to spin,

the intrinsic angular momentum. Particles with half-integer spin obey Fermi-

Dirac statistics and are called fermions, while particles with integer spin obey

Bose-Einstein statistics and are called bosons.

Table 1.1: Fermions of the Standard Model

generation interaction
1st 2nd 3rd weak EM strong

Quarks
up-type u c t 3 3 3

down-type d s b 3 3 3

Leptons
charged e µ τ 3 3

neutrinos νe νµ ντ 3

All known fundamental (i.e. non-composite) fermions have spin-1
2

and are

shown in Table 1.1. They are categorised as quarks, which interact via the strong

force, and leptons, which don’t. Both quarks and charged leptons interact via the
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electromagnetic force, and all fermions interact via the weak force. Both quarks

and leptons exist in six flavours, i.e. distinct species, and come in generations.

In the Standard Model, there are three generations of up- and down-type quarks

as well as charged leptons and neutrinos. The electromagnetic charges of up-type

quarks are +2/3e, those of down-type quarks are −1/3e, and those of charged

leptons are −1e, where e is the magnitude of the charge of the electron. The

masses of quarks and charged leptons increase with each generation, while the

pattern is presently unknown for neutrinos.

Table 1.2: Bosons of the Standard Model

multiplicity interaction

Spin-1

photon γ 1 EM
Z boson Z 1 weak
W boson W± 2 weak

gluon g 8 strong
Spin-0 Higgs boson H 1

Vector (spin-1) bosons in the Standard Model are the force carriers, the photon

for the electromagnetic interaction, the Z and W bosons for the weak interaction,

and the gluons for the strong interaction. Photons and gluons are massless, but the

Z and W bosons are among of the heaviest fundamental particles in the Standard

Model. The W boson comes in two variants, W+ is positively charged and W−

negatively charged. Gluons come in eight variants, each with a unique colour

charge combination. The Higgs boson is the only known fundamental scalar (spin-

0) [13].

Neutrons and protons are examples of hadrons, composite particles made of

quarks and gluons, collectively known as partons. The proton consists of two u

and one d valence quarks, in addition to the sea of virtual gluons giving rise to an

antiquark component through gluon splitting to quark-antiquark pairs. Partons

each carry a fraction of the proton momentum, characterised by the Bjorken x

variable. The interactions between the proton constituents results in a distribu-

tion of parton momenta within the proton, which is parametrised by the parton

distribution functions (PDFs).
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1.2 Electroweak interactions

Quantum electrodynamics (QED) describes the interaction between charged fermions

mediated by the photon. In order for the Lagrangian to be invariant under local

U(1) transformation of the fermion fields,

ψ(x)→ ψ′(x) = eiqχ(x)ψ(x), (1.2)

where ψ is a fermion field, q is the charge, and χ(x) is local choice of the gauge, the

four-derivative in the naive Dirac Lagrangian must be replaced by the covariant

derivative,

∂µ → Dµ = ∂µ + iqAµ, (1.3)

where Aµ is the photon gauge field which transforms as

Aµ → A′µ = Aµ − ∂µχ(x) (1.4)

[13].

Similarly, the weak interaction is related to the invariance under SU(2)L local

phase transformation of left-handed weak isospin doublets:

ϕ(x) =

(
νe(x)
e(x)

)
→ ϕ′ = (I + igWα(x) ·T)ϕ(x), (1.5)

where I is the 2×2 identity matrix, gW is the weak coupling constant, α(x) are the

three local choices of gauge, and T = 1
2
σ, where σ are the Pauli spin-matrices, are

the three generators of the SU(2) group. In order to achieve the gauge invariance

of the Lagrangian under SU(2) the four-derivative is replaced by the covariant

derivative,

∂µ → Dµ = ∂µ + igWT ·Wµ(x), (1.6)

where Wµ(x) are the gauge fields of the weak interaction [13].

A unified theory of quantum electrodynamics (QED) and the weak interaction

was developed by Glashow, Salam, and Weinberg (GSW) in the 1960s [13] to make

the theory compatible with the fact that the observed Z boson couples to both

left- and right-handed particles. To this end, a new U(1)Y symmetry is introduced

with a new gauge field Bµ, coupling g′, and a new charge Y , called the weak
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hypercharge. In this unified model, the physical bosons are the mixtures of the

gauge fields

Aµ = Bµ cos θW +W (3)
µ sin θW , (1.7)

Zµ = −Bµ sin θW +W (3)
µ cos θW , (1.8)

W+
µ =

1√
2

(
W (1)
µ −W (2)

µ

)
, (1.9)

W−
µ =

1√
2

(
W (1)
µ +W (2)

µ

)
, (1.10)

and the couplings to the photon and W are related as e = gW sin θW , while the

coupling to the Z boson turns out to be gZ = gW
cos θW

. The weak hypercharge

Y is related to the elecric charge and the third component of weak isospin as

Y = 2(Q− I(3)
W ) [13].

In this SU(2)L × U(1)Y model, however, the naive mass terms of the form

−mψ̄ψ are no longer gauge-invariant and thus both the fermions and the bosons

are massless in this theory. To reconcile this with the experimental reality of

massive fermions and W and Z bosons, a mechanism is needed which would result

in gauge-invariant mass terms [13].

1.3 The Higgs mechanism

The simplest Higgs model is a weak isospin doublet of complex scalar fields [13],

φ =

(
φ+

φ0

)
, (1.11)

described by the Lagrangian

L = (∂µφ)†(∂µφ)− µ2(φ†φ)− λ(φ†φ)2, (1.12)

where the potential V (x) = µ2(φ†φ) + λ(φ†φ)2 has an infinite number of minima

satisfying φ†φ = −µ2

2λ
in the case when µ2 < 0 [13]. The symmetry is spontaneously

broken by choosing a particular minimum from the allowed set, and the fields can

be expanded around the chosen minimum. In the unitary gauge, the Higgs doublet

is written as

φ(x) =
1√
2

(
0

v + h(x)

)
, (1.13)
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where the dependence on x has been made explicit to distinguish the constant

vacuum expectation value v from the Higgs field h(x) [13].

In order to make the Lagrangian in Eq. 1.12 invariant under the electroweak

SU(2)L × U(1)Y symmetry, the derivative is replaced by the covariant derivative

[13]

∂µ → Dµ = ∂µ + igWT ·Wµ + ig′
Y

2
Bµ. (1.14)

The kinetic term in the rewritten Lagrangian, (Dµφ)†(Dµφ), generates the masses

of the gauge bosons. The electrically neutral lower component of the Higgs field

corresponds to I
(3)
W = 1/2, so Y = 1. In the unitary gauge, therefore,

Dµφ =
1

2
√

2

(
igW (W

(1)
µ − iW (2)

µ )(v + h(x))

(2∂µ − igWW (3)
µ + ig′Bµ)(v + h(x)),

)
(1.15)

and

(Dµφ)†(Dµφ) =
1

2
(∂µh)(∂µh)

+
1

8
g2
W (W (1)

µ + iW (2)
µ )(W (1)µ − iW (2)µ)(v + h(x))2

+
1

8
(gWW

(3)
µ − g′Bµ)(gWW

(3)µ − g′Bµ)(v + h(x))2.

(1.16)

The mass term for the W boson are of the form 1
2
m2
WW

(1)
µ W (1)µ and from the term

1
8
g2
Wv

2W
(1,2)
µ W (1,2)µ the W mass can be read of as

mW =
1

2
gWv. (1.17)

The terms quadratic in the electrically neutral W
(3)
µ and Bµ fields can be written

as
1

8
v2
(
W

(3)
µ Bµ

)( g2
W −gWg′

−gWg′ g′2

)(
W

(3)
µ

Bµ

)
. (1.18)

Diagonalising the mass matrix as

1

8
v2
(
Aµ Zµ

)(0 0
0 g2

W + g′2

)(
Aµ
Zµ

)
(1.19)

the mass terms can be read of as:

mA = 0, (1.20)
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mZ =
1

2
v
√
g2
W + g′2. (1.21)

The second term in Eq. 1.16 can be written in terms physical W+ and W− fields

as 1
4
g2
WW

−
µ W

+µ(v + h)2, and the hW+W− interaction term can be written as
1
2
g2
WvW

−
µ W

+µh. The strength of the triple coupling of the Higgs boson to the W

gauge bosons is therefore gHWW = 1
2
vg2

W = gWmW , i.e. proportional to the mW .

Similarly, the triple coupling to the Z gauge boson is gHZZ = gZmZ [13].

Unlike the naive fermion mass terms −mψ̄ψ, terms of the form ψ̄LφψR (and

their Hermitian conjugates, ψ̄Rφ
†ψL) are invariant under SU(2)L × U(1)Y trans-

formations. They give rise to both the fermion mass terms via the coupling of

fermions to the non-zero vacuum expectation value of the Higgs field, as well as

the couplings to the Higgs field itself. The term for the SU(2) doublet containing

the muon is

− gµ
[(
ν̄µ µ̄

)
L

(
φ+

φ0

)
µR + µ̄R

(
φ+∗ φ0∗)(νµ

µ

)
L

]
, (1.22)

which, in the unitary gauge, reduces to

− 1√
2
gµ(v + h)(µ̄LµR + µ̄RµL), (1.23)

which are the mass term for the muon and the term coupling of muons to the

Higgs boson. The Yukawa coupling gµ can be chosen to be consistent with the

muon mass,

gµ =
√

2
mµ

v
. (1.24)

This mechanism provides the mass terms for other fermions as well, such that the

relationship between the Yukawa coupling and the mass of the fermion is given by

gf =
√

2
mf

v
, (1.25)

which means that the interactions between the Higgs boson and the fermions are

proportional to the fermion masses, similarly to the Higgs boson interactions with

the gauge bosons.

This relationship can be experimentally tested with the data from the LHC,

which has so far been consistent with the SM predictions. The ATLAS results are
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Figure 1.1: The reduced coupling-strength modifiers for fermions (t, b, τ , µ) and
bosons (W , Z) as a function of their masses. The black error bars represent 68%
CL intervals for the measured parameters. The SM Higgs boson prediction is
shown as a blue dashed line. The bottom panel shows the ratio of the measured
result and their SM values. Measurement results are taken from [14] and [6] and
have used the data with luminosity between 24.5 and 139 fb−1. Updated figure
from Ref. [14].

shown in Figure 1.1 and include the result from the measurement presented in this

thesis.

Any deviation from the prediction could be a sign of new physics and evidence

that the current understanding of how bosons and fermions acquire mass is flawed.

In particular, the coupling of the Higgs boson to muons could be modified in a

number of new physics scenarios. One possibility is that the Yukawa couplings
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depend on the Higgs field, which also explains the fermion mass hierarchy [15],

while another is the existence of a dilation [16] which modifies the Yukawa coupling

to muons.

1.4 Higgs phenomenology at the LHC

In July 2012 the ATLAS and CMS experiments reported an observation of a new

elementary particle with a mass of approximately 125 GeV, consistent with the

properties of the SM Higgs boson [17, 18]. The mass of the new boson was later

measured jointly by the two experiments to be 125.09±0.21(stat.)±0.11(syst.) GeV

[19]. Further studies of spin, parity, and production and decay rates in both

experiments have found no evidence of deviation from the SM Higgs boson [14, 20–

22].

The four main production modes of the Higgs boson at the proton-proton (pp)

collisions at the Large Hadron Collider (LHC) are the gluon-gluon fusion (ggF),

vector boson fusion (VBF), associated production with a vector boson (VH), and

the associated production with a tt̄ pair (tt̄H), all shown in Figure 1.3.

The majority of the Higgs bosons at the LHC are produced via the ggF produc-

tion mode, followed by VBF, VH, and tt̄H production. Another two production

modes are bb̄H and tH, but they are more difficult to tag experimentally. The

cross-sections and relative fractions depend on the centre-of-mass energy as shown

in Figure 1.3. At 13 TeV, the production cross-section for the ggF production

mode is σggF = 48.58 pb +4.56%
−6.72% (theory)± 3.20% (PDF + αS), where αS refers to

the strong coupling constant [23]. The total cross-section for the VBF production

mode is σVBF = 3781.7 fb +0.43%
−0.33% (scale)± 2.1% (PDF + αS) [23].

The Higgs boson is an unstable particle and can decay in a variety of ways.

As noted, the strength of the interaction with bosons and fermions is propor-

tional to the mass, meaning that the Higgs boson preferentially decays to the

heavier particles, if the decays are kinematically allowed. Figure 1.4 shows the

Higgs boson branching ratios, defined as the fractions of the rate of a particular

decay to the total rate of decay. For the SM Higgs boson with mH = 125 GeV,

the predicted branching ratio to muon pairs is 2.176 × 10−4 ± 1.23% (theory) ±
0.99% (quark mass)± 0.64% (αS) [23].
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(a) ggF (b) VBF

(c) VH (d) tt̄H

Figure 1.2: The Feynman diagrams for the four main Higgs boson production
modes at the LHC. ggF process is shown in the top left, VBF in the top right, VH
in bottom left, and tt̄H in the bottom right subfigure.

1.5 Shortcomings

The success of the predictive power of the Standard Model is unparalleled in

the history of science. It has been tested to unprecedented levels of numerical

precision and even predicted new fundamental particles before any experimental

evidence for their existence. However, despite its successes, the SM has numerous

shortcomings.

Experimentally, while it makes exceptionally precise predictions on a vast num-

ber of the results of measurements over many orders of magnitude, there are a few

observations that it is unable to explain at all. Cosmological observations have

firmly established the existence of dark matter via its gravitational interactions

[24, 25], measurements of the cosmological parameters from the CMB power spec-

trum [26], and the distribution of the baryonic and total mass densities in the
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Figure 1.3: The Higgs boson production cross-sections at the LHC as a function of
centre-of-mass energy, for a Higgs boson of mass mH = 125 GeV. ggF production
cross-section is shown in blue (pp → H), VBF in red (pp → qqH), and tt̄H in
purple (pp → ttH), while VH is shown separately for the W and Z bosons in
green and gray, respectively. Reproduced from Ref. [23].

Bullet cluster [27]. Similarly, there is evidence for dark energy from the Type 1a

supernovae brightness-redshift relationship [28] and the cosmic microwave back-

ground spectrum [26]. Neither dark matter nor dark energy can be explained by

the SM. Additionally, the SM is unable to explain the matter-antimatter asymme-

try in the universe [29]. While the charge-parity symmetry (CP) violation is well

studied in the quark sector and has recently been discovered in the leptonic sec-

tor [30], it is not large enough to explain observed matter-antimatter asymmetry.

A possible explanation is that new physics could contain sufficiently large CP-

violating effects [13]. Additionaly, the observation of neutrino oscillations means
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Figure 1.4: The Higgs boson branching ratios as a function of the Higgs boson
mass. The branching ratio to muon pairs is shown in orange. Reproduced from
Ref. [23].

that the neutrinos must have mass. While their masses can naturally be accom-

modated in the Standard Model and their values are not measured precisely, it is

known that they have to be much smaller than the masses of other fermions. This

could be because the mechanism for generating neutrino masses is different from

other fermions, which could be the case if they are Majorana rather than Dirac

particles [13].

From the theoretical perspective it is unsatisfactory that there is no quantum

field description of gravity in the SM. Additionally, the Higgs boson mass correc-

tions from the self interactions and gauge and fermions loops are quadratically

divergent for some cutoff scale of new physics. If there is no new physics until the

Planck scale, then the corrections must be fine-tuned very precisely to keep the

13



mass of the Higgs boson at the GeV scale, which some consider to be unnatural

[31]. A number of theoretical solutions to this problem have been studied, most

notably supersymmetry, composite Higgs models, and large extra dimensions. All

of them involve new physics at the TeV scale [32].

All of these shortcomings suggest that the SM is not a complete description of

Nature. Two complementary experimental strategies to search for physics beyond

the SM are employed at the LHC. The first approach directly searches for yet

unobserved phenomena that would reveal new particles. The second approach

tests the predictions of the SM in search for a discrepancy which would signal

the direction in which direct searches should be made. While the results of direct

approaches are more easily interpretable, the advantage of indirect approaches is

that they can probe particles kinematically inaccessible at the LHC. This thesis

utilises the second approach via the search for the decay of the Higgs boson to

a muon pair. Any statistically significant discrepancy between the measured and

theoretically predicted values would hint at the existence of new physics.
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Chapter 2

The ATLAS experiment

The Inner Detector in the hadronic electrode to the tight distribution of the lead

to the converted in the tracks and the summary of the electrons are described for

the group the group can be simplified in the tracking to the total to the predictions

in the tracks as a constants in the distributions are shown

— autothesis (https://github.com/mzgubic/autothesis)

https://github.com/mzgubic/autothesis


The ATLAS experiment is a part of the world-leading experimental particle physics

programme hosted by the European Organisation for Nuclear Research (CERN),

designed around the ability to accelerate proton beams to very high energies and

collide them head-on. The protons are accelerated in the Large Hadron Collider

(LHC) and collided at four interaction points around the LHC ring. The ATLAS

detector is built around one of these interaction points with the purpose of de-

tecting the debris of proton-proton collisions, known as events. It is designed as a

general-purpose detector and is capable of recording the data for a wide range of

particle physics searches and measurements.

The ATLAS detector is built in layers around the interaction point with the

ability to measure all SM particles apart from neutrinos. The main components

are the tracker, which reconstructs the tracks of charged particles, the calorime-

ter system, which measures the energy of electrons, photons, and hadrons, and

a muon spectrometer, which identifies the muons and improves their momentum

measurement. The two remaining indispensable components are the magnet sys-

tem, which provides a magnetic field that bends charged particle trajectories and

enables momentum measurement, and the trigger system, which selects a small

fraction of events to be recorded.

2.1 The Large Hadron Collider

The Large Hadron Collider is an underground circular proton-proton collider lo-

cated in a tunnel under the Swiss-French border near Geneva. Its main design goal

is to facilitate the particle collisions at the highest possible centre-of-mass energy

and the highest possible rate. The high rate is desirable because it allows the

study of processes with lower cross-sections, while the high centre-of-mass energy

enables the production of heavy particles as well as increases the probability of

proton-proton interactions.

The protons are obtained by stripping electrons from hydrogen atoms, and then

pre-accelerated by a sequence of linear and circular accelerators before entering the

main ring. In the main ring, the proton beams are accelerated to 6.5 TeV and are

moving in the opposite directions next to each other in separate beam pipes. The

ring is not perfectly circular but rather consists of alternating straight sections,
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which accelerate the protons by passing them through electromagnetic fields in the

superconducting radiofrequency cavities, and arcs, which bend the proton beam

using dipole magnets. Quadrupole magnets are used close to the interaction points

to focus the beam prior to the collisions to increase the collision probability [33].

The beams are not a continuous stream of protons but rather sequences of

proton bunches, each comprising approximately 1011 protons. The bunches cross

each other at the interaction point every 25 ns, i.e. at a 40 MHz rate. A collision

between a single pair of protons sometimes results in a hard-scatter process which

involves a high momentum transfer between the partons. The interactions between

the remaining partons are known as the underlying event. Due to the high density

of protons in each bunch, collisions between multiple pairs of protons in a single

bunch crossing are the norm under normal LHC data-taking run conditions. This

effect, known as pile-up, somewhat degrades the quality of each recorded event and

increases the compute time required for the event reconstruction. However, the

majority of interesting physics involves hard-scatter interactions which are much

rarer than the QCD interactions involving low transverse momentum transfer (soft-

scatter), meaning that the majority of bunch crossings result in either zero or one

hard-scatter interactions.

The ability of colliders to generate interactions is formalised by instantaneous

luminosity L, which relates the rate of a process Rp to the cross-section of the

process σp as

Rp = Lσp, (2.1)

and depends only on the properties of the colliding beams [13]. Assuming a Gaus-

sian profile for the beams and head-on collisions, the instantaneous luminosity is

given by

L = f
n1n2

4πσxσy
(2.2)

where f is the bunch crossing frequency, n1,2 are the number of particles in the

beams, and σx,y are the horizontal and vertical beam widths [13]. The sizes of

datasets are conventionally reported in recorded integrated luminosity, the time

integral of the instantaneous luminosity.
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Figure 2.1 shows the ATLAS recorded luminosity as a function of the mean

number of interactions per bunch crossing for the data-taking runs in the 2015–

2018 period.
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Figure 2.1: The ATLAS recorded integrated luminosity as a function of the mean
number of interactions per bunch crossing. The different years of data-taking are
shown in distinct colours, with the combined dataset profile in blue. Reproduced
from Ref. [34].

2.2 Detector overview

The ATLAS detector schematic is shown in Figure 2.3 and reveals its cylindrical

geometry that divides most systems in tubular “barrel” components, coaxial with

the beam pipe, and disc-shaped “endcap” components, providing a nearly 4π solid

angle coverage.

The ATLAS coordinate system, shown in Figure 2.2, places the origin at the

centre of the detector at the nominal collision point, points the x-axis towards the

centre of the ring, the y-axis vertically upwards, and the z-axis along the beampipe

in the direction that completes the right-handed coordinate system. The azimuthal
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angle φ and polar angle θ are defined as usual in spherical coordinates. However,

rapidity

y =
1

2
ln

(
E + pz
E − pz

)
(2.3)

is preferred over θ as the differences in rapidity are invariant under Lorentz trans-

formations in the z-direction. In the relativistic limit, pseudorapidity

η = − ln

(
tan

θ

2

)
(2.4)

can be used instead [13].

ATLAS

LHC ring

x

y

z

Figure 2.2: The ATLAS coordinate system. The origin is placed at the centre
of the detector at the nominal collision point, the x-axis points to the centre of
the LHC ring, the y-axis points vertically upwards and the z-axis completes the
right-handed coordinate system.

The ATLAS magnet system consists of a solenoid just outside the tracker,

which provides a relatively uniform 2 T magnetic field along the z-axis for the

tracker, and a toroidal magnet system outside the calorimeters, which provides a

magnetic field pointing in the φ direction for the muon spectrometer.

As particles travel outwards from the interaction point they pass a sequence

of detector components. The first is the inner detector, a silicon and transition-

radiation tracker which precisely measures the positions of charged particles at

several concentric layers, allowing for the reconstruction of their trajectories. After

passing the solenoid surrounding the inner detector charged particles and photons

deposit energy in the electromagnetic calorimeter (ECAL), which stops most elec-

trons and photons. Hadrons are mostly stopped in the hadronic calorimeter just
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Figure 2.3: The ATLAS detector schematic. The inner detector contains a tracker
system and is immersed in a 2 T magnetic field provided by the solenoid mag-
net. Outside the solenoid there is an electromagnetic calorimeter, followed by
the hadronic calorimeter. Finally, in the outermost layer, a muon spectrometer
identifies muons and measures their curvature in a magnetic field provided by the
toroidal magnet system. Reproduced from Ref. [35]

outside the ECAL. Only muons and neutrinos reach the muon spectrometer which

provides a position measurement of muons allowing for their identification and

a complementary measurement of transverse momentum [35]. Neutrinos escape

the detector without a visible signature. A trigger system, described in the next

section, decides whether an event is kept or discarded to reduce the the data rates

to a manageable level.

2.3 Trigger

The enormous collision rate and the associated data rate make it impossible for the

readout system to record and store every event. A fast event filtering is performed

by the ATLAS trigger, a two-level system designed to reduce event rates from 40
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MHz to a more manageable 1 kHz.

The Level-1 (L1) trigger is implemented in hardware and reduces the rate of

collisions from 40 MHz to 100 kHz. It works by utilising information from the

calorimeters and the dedicated muon triggers using simple and fast logic. The

high-level trigger (HLT) is software-based and further reduces event rates to 1 kHz,

using basic tracking information from both the tracker and the muon spectrometer.

Events can be selected by the trigger by passing one of the several requirements,

motivated by different physics purposes. For example, high-pT muons are target-

ted by the HLT mu26 ivarmedium trigger requirement. For the requirement to be

satisfied, the HLT must identify a muon with at least 26 GeV of transverse momen-

tum and a medium level of isolation, computed using the inner detector tracks, as

reconstructed by the HLT, within a cone around the muon with a variable size,

that depends on the pT of the muon.

The collection of these requirements is collectively known as the trigger menu

and can be changed in different data-taking periods to balance physics needs and

the changing beam conditions. Some requirements are satisfied too often and need

to be prescaled, i.e. keeping only a certain fraction of events passing the trigger.

Un-prescaled triggers keep all of the events that pass the requirements [36].

2.4 Tracking

The tracking of particle trajectories near the interaction point is critical for a

number of essential reconstruction tasks, including not only the measurements of

position, charge, and momentum of particle tracks, but also the ability to associate

tracks to vertices, and flavour tagging.

Arguably the most important task of the tracker is to precisely measure the

momentum of the charged particles. The trajectories of charged particles follow a

helical path in an approximately uniform magnetic field in the direction of the z-

axis, provided by the solenoid. Particles passing the tracker layers ionise the active

material, which is digitised and recorded as hits, and finally a fit is performed to

obtain the parameters of the tracks and the associated uncertainties. The charge

of the particle can be determined by the sign of the curvature, while the transverse

21



momentum (pT) can be determined from the curvature of the track,

pT =
0.3BL2

8s
, (2.5)

in the limit where L � R, where L is the size of the tracker, R is the radius of

curvature of the track, B is the magnetic field strength, and s is the sagitta, the

largest distance between the arc and the chord, perpendicular to the chord [37].

The tracker is designed to reconstruct tracks with pT > 0.5 GeV, and |η| < 2.5,

and comprises several subcomponents, shown in Figure 2.4:

• The pixel detector is the innermost part of the tracker system and consists

of three cylindrical layers of silicon pixel detectors in the barrel region, and

three disks in each of the endcap regions with a total of approximately 80

million channels. A large number of channels is needed to prevent occupancy

issues in the high track multiplicity environments and to enable good hit

position resolution. Before LHC Run 2 a new layer, called the insertable

B-layer (IBL), was added between the beam pipe and the then innermost

pixel layer in order to provide robustness against inefficiencies in the pixels

caused by radiation damage and to improve the momentum resolution. The

pixel pitch in the bending plane, relevant for the measurement of pT, is 50

µm [35, 38, 39].

• The SCT, a silicon microstrip detector, is the intermediate subcomponent of

the tracker and consists of four cylindrical layers in the barrel region and nine

disks in each of the endcaps with a total of approximately 6 million channels.

The strip pitch in the bending plane is 80 µm to maintain precision in the

pT measurement, while the reduction in the number of channels is achieved

by longer sensors in the z direction [35, 38].

• The TRT, the transition-radiation tracker, is the outermost part of the

tracker system. Unlike its silicon counterparts, it does not come in layers

but rather a homogenous set of straw drift tubes, as illustrated in Figure

2.4. It measures the distance between the track and the central wire by mea-

suring the time it takes for the ionisation created by the track to drift to the

central wire. The tubes are 4 mm in diameter, but their resolution in the
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bending plane for individual straws is about 130 µm and combined with a

large number of hits (typically 36) per track the TRT provides a meaningful

contribution to the pT measurement [35, 38].

Figure 2.4: The cross-section of the barrel region of the ATLAS tracker system. It
consists of the pixel detector, the silicon strip detector (SCT), and the transition-
radiation tracker (TRT). Reproduced from Ref. [40].

2.5 Calorimetry

Unlike the tracker, which aims to minimally disrupt the traversing particles, the

calorimeter system is designed to measure their energy by stopping them com-

pletely. This ensures a less noisy measurement of the energy and allows the mea-

surement of the missing transverse momentum.

The calorimeter system provides coverage up to |η| < 4.9 with granularity and

the number of layers varying throughout the η range to satisfy physics require-
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ments. The components of the calorimeter are of sampling rather than homoge-

neous type, meaning that they use alternating layers of a dense material producing

the shower and active layers that measure the energy. The components also share

another important characteristic, namely that the relative energy resolution im-

proves with increasing pT of the traversing particle, in contrast to the performance

of the tracker.

The radiation length (X0) of a material is the length that a high energy electron

traverses before its energy decreases to 1/e of its initial energy, primarily via

bremsstrahlung and e+e− pair production. A related quantity for hadrons is the

nuclear interaction length (λ), defined as the mean distance traversed by a hadron

before an inelastic nuclear interaction.

While complex geometrically, the calorimeter system can be divided in two

parts based on their physics task:

• The electromagnetic calorimeter (ECAL) consists of the barrel and two end-

caps and is used for precision energy measurements of electrons and photons

up to |η| < 3.2. It uses lead as the passive material causing the development

of electromagnetic showers, and liquid argon as the active material. The

total material budget of the ECAL is greater than 22 X0 radiation lengths

in the barrel and greater than 24 X0 in the endcaps [35, 41].

• The hadronic calorimeter (HCAL), used for energy measurements of hadronic

showers and containment of neutral particles, extends up to |η| < 4.9 and

provides approximately 11 interaction lengths (λ) of hadronic depth. The

hadronic endcap calorimeter and the forward calorimeter both work with

liquid argon as the active material, while the tile calorimeter in the barrel

uses steel as the absorbing material and scintillating plastic tiles as the active

material [35, 41, 42].

2.6 Muon spectrometry

The muon spectrometer is the outermost part of the ATLAS detector and was

designed to trigger on muons up to |η| < 2.4 and measure their transverse momen-

tum up to |η| < 2.7. It works by measuring the sagitta of the tracks in a magnetic
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field, similar to the tracker. However, the field bends muon tracks in the y − z

plane and is provided by three sets of toroidal magnets, one in the barrel, and one

in each of the endcaps, as shown in Figure 2.3.

Figure 2.5: The schematic of the ATLAS muon spectrometer geometry in the x−y
plane in the barrel region. MDT chambers, shown in cyan, provide the precision pT

measurement capabilities, while the RPC chambers, shown in red, provide trigger-
ing capabilities. The ATLAS support structures are shown in yellow. Reproduced
from Ref. [43].

Monitored drift tube (MDT) chambers provide precision tracking up to |η| <
2.7 with the goal of measuring muons with pT = 1 TeV to 10% accuracy. The

sagitta at this pT is about 500 µm, meaning that the required accuracy is better
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than 50 µm. In the barrel, the chambers are arranged in three concentric layers

approximately 5 m, 7.5 m, and 10 m away from the beampipe, as shown in Figure

2.5. The chambers in the two endcaps are arranged in wheels perpendicular to

the z-axis. There is a gap in the MDTs close to η = 0 to allow for cabling and

services to the solenoid, calorimeter, and the tracker. Another gap is required for

the detector support structure. The chambers are typically made of three layers

of tubes on each side of the support structure and achieve a resolution of about

80 µm per tube and about 35 µm per chamber in the direction of the azimuthal

angle, which is the direction relevant for the measurement of the pT.

The relative position of the chambers must also be known to about 30 µm to

achieve the required precision on the sagitta measurement, which is made possible

by a combination of an optical alignment system and track-based alignment. The

optical alignment system measures the relative displacement of the inner, middle,

and outer chambers and determines the spurious sagitta due to their misalignment,

which is used to correct the sagitta measurement. The alignment is validated by

using cosmic ray tracks and the muon tracks from special runs in which the toroid

field is turned off, such that the tracks in the muon spectrometer are straight and

the sagitta is zero. A track-based alignment method is also used for the alignment

of the silicon tracker as well as the relative alignment of the inner detector and the

muon spectrometer, both of which contribute significantly to the resolution of the

muon momentum measurement [35, 43, 44].

Cathode strip chambers (CSC) are used to extend the capability to measure

muons with excellent spatial resolution to the very forward region (2 < |η| < 2.7)

where the rates are too high for the MDT chambers. There are 16 chambers in each

endcap, alternating between 8 large and 8 small overlapping chambers to ensure

full φ coverage. Each chamber is a multiwire chamber with segmented readouts

at both cathodes, one providing the pseudorapidity precision coordinate with a

pitch of approximately 5 mm, and the other the φ coordinate measurement. By

interpolating the charge between neighbouring strips a resolution better than 60

µm is achieved in the precision coordinate [43, 45, 46].

Muon triggering is achieved by a combination of the resistive plate chamber

(RPC) in the barrel region (|η| < 1.05) and thin gap chambers (TGC) in the endcap

region (1.05 < |η| < 2.4). RPCs are gaseous detectors and operate by detecting
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the ionisation of traversing charged particles under a strong electric fields provided

by the resistive electrodes. The plates are 2 mm thick and kept at 2 mm from

each other with the help of insulating spacers. The spatial resolution is on the

order of a few centimeters but the excellent time resolution of about 1 ns makes it

ideal for the trigger [45, 47]. TGCs operate similarly to the multiwire proportional

chambers used in the CSCs, but with a smaller distance (1.4 mm) between the wire

and the readout strips. Combined with the large electric field strength (3.1 kV)

this achieves the time resolution and high-rate capability required for the trigger

in the forward region [48].

2.7 ATLAS data and Monte Carlo simulation

ATLAS records events under a variety of conditions to work towards a number

of scientific and technical goals. The most important dataset for this thesis was

collected at 13 TeV centre-of-mass energy between the years 2015 and 2018.

The Monte Carlo (MC) simulations are a critical part of the ATLAS experiment

and are needed for the design, implementation, and validation of reconstruction

and identification algorithms, as well as for the evaluation of their performance.

Additionally, the MC simulations are needed to carry out physics analyses and

optimise their sensitivity.

The ATLAS MC simulation chain begins with the calculation of matrix element

amplitudes and the generation of the hard-scatter process using software such as

Powheg [49–51] or Sherpa [52, 53]. Parton showering, hadronisation, and the

simulation of the underlying event are simulated by Pythia 8 [54]. The simulation

of the interactions with the ATLAS detector, as well as its response, is implemented

in the Athena framework [55, 56] and uses the Geant4 [57–59] simulation toolkit.

Finally, the response is digitised and packaged in the same event data model [60]

as the data.

The generation of MC simulation is a computationally intensive task and it

usually takes weeks or months to generate a sufficient number of simulated events

even on the dedicated computing grid. For this reason, the generation of simulated

events begins before the data-taking takes place and before the pile-up profile is
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known. To reconcile the differences in the recorded and simulated pile-up profile,

simulated events are re-weighted to match the recorded pile-up distribution.

28



Chapter 3

Muons in ATLAS

If you can meet with Triumph and Disaster

And treat those two impostors just the same

— Rudyard Kipling



The ATLAS detector, described in the previous chapter, is a monument to the

engineers and physicists who designed and built it. However, in order to turn its

raw output of nearly one hundred million readout channels per event to physics

knowledge, it requires an intermediate step: the reconstruction of physics objects.

Muons, the central physics object in this thesis, are reconstructed by combining

the information from the tracker, calorimeters, and the muon spectrometer. In

order to be able to conduct precision studies, the MC simulation of the detector

response needs to be calibrated to match the response in the real detector. In

particular, the transverse momentum of muons needs to be calibrated to the scale

and resolution obtained in the data. Similarly, the reconstruction, the track-to-

vertex-association (TTVA), and isolation efficiencies need to be calibrated to match

those in the recorded data. These calibrations are obtained through measurements

using the data and MC simulation and carry associated uncertainties.

This chapter describes the first novel contributions from the author. The first

contribution is an improved method of background subtraction in the isolation

efficiency measurements, which significantly reduces the systematic uncertainty for

muons with pT < 15 GeV. The second is an attempt to improve muon momentum

resolution.

3.1 Reconstruction

Tracks in the inner detector (ID) are reconstructed indiscriminately for all charged

particles. First, raw data from the detectors is converted into space-points which

form the basis of tracking. The main track finding algorithm proceeds inside-out

by finding the seeds in the silicon layers. The seeds are then combined into roads

and the extension to the TRT layer is probed to add hits in the outermost layer.

The final collection of hits is fit to obtain the track parameters [61, 62]. Tracks with

at least pT > 400 MeV and some additional requirements, detailed in Ref. [63],

are then used to find the primary vertices. The reconstruction of primary vertices

proceeds by first finding the vertices and then fitting them [64]. Finally, tracks

are associated with vertices which allows the computation of d0, the transverse

impact parameter, which quantifies the shortest distance between the track and

the beam-line, and z0, the longitudinal impact parameter, which quantifies the
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difference between the z coordinate of the associated primary vertex, and the z

coordinate of the point where d0 is computed, as shown in Figure 3.1.

beam pipeprimary vertex

d0

track

z0

point of closest approach 
of the track to the beam pipe

Figure 3.1: The definition of the impact parameters. The transverse impact pa-
rameter, d0, is defined as the shortest distance between the track and the beam-
line. The longitudinal impact parameter, z0, is defined as the difference in the z
coordinate between the point of closest approach and the primary vertex.

The reconstruction of tracks in the muon spectrometer (MS) proceeds by first

finding track segments in the MDT chambers using a Hough transform [65], and

then reconstructing them by fitting a straight line to the associated hits. The

segments are combined to form MS tracks starting from the middle layer and

finding compatible segments in the inner and outer layers of the spectrometer. At

least two segments are needed to form a track, apart from the transition region

between the barrel and the endcaps (1.0 < |η| < 1.4) in which a single high-

quality segment can be used to build a track. Finally, a global χ2 fit of the track

is performed and the track accepted if it satisfies the quality criteria. Otherwise,

hits with a high contribution to the χ2 value are removed and the track re-fit. Hits

can also be added to the track if they are consistent with the track and the track

is re-fit if these candidates are found [66].

Finally, the information from subdetectors is combined to form muon candi-

dates. Depending on which subdetectors are used to build the candidate, four

muon types are defined:

• Combined (CB) muons are reconstructed from a pair of tracks in the ID

and the MS. A global re-fit is performed using hits from both subdetectors

with the flexibility to add or remove hits in the MS to improve the fit qual-

ity. Most muons are reconstructed by the outside-in approach extrapolating

the MS tracks to the ID, but the inside-out reconstruction is also used as a
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complementary approach [66]. The advantage of the outside-in approach is

the small number of muon tracks in the MS, resulting in low combinatorics

compared to the busy ID environment. The disadvantage is inefficient re-

construction in the regions of poor MS coverage, which is mitigated by the

complementary inside-out algorithm.

• Segment-tagged (ST) muons are formed by combining the ID track with a

single segment in the MDT or CSC chambers. This muon type is intended to

recover muon reconstruction efficiency for muons in the regions of MS with

poor acceptance, and for low pT muons which only cross a single layer of the

MS [66].

• Calorimeter-tagged (CT) muons match an ID track with a calorimeter de-

posit consistent with a minimum-ionising particle. This muon type recovers

the reconstruction efficiency in the regions not covered by the MS, for exam-

ple for |η| < 0.1, where cabling and services to the ID are located, and where

the support structure is located. As a consequence of using the calorimeter,

this type has the lowest purity [66].

• Extrapolated (ME) muons are built from tracks in the MS that are loosely

compatible with originating from the interaction point. This muon type is

used to recover the reconstruction efficiency in the forward region 2.5 < |η| <
2.7 not covered by the ID [66].

Finally, overlaps between different muons are resolved by order of precedence start-

ing with CB muons, followed by ST muons, and finally the CT muons. The ME

ambiguities are resolved by analysing the track fit quality and the number of hits.

The requirements on the number of hits and holes1 in the ID and MS detectors

are also used to guarantee a robust measurement of pT [66].

In addition, a number of quality requirements must be satisfied to differentiate

between muons originating from the interaction point (prompt muons) and the

muons coming from the decay of light hadrons, for example kaon and pion decay.

To this end the following variables are defined for CB muons:

1A hole is an active sensor traversed by the track that contains no hits and also falls between
two layers with hits assigned to the track.
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• normalised χ2 of the combined track fit.

• ρ′ = |pIDT −p
MS
T |

pCB
T

, where the superscript denotes whether the pT refers to the ID

or MS muon candidate, or the CB muon.

• q/p significance =

∣∣∣( qp)ID
−( qp)MS

∣∣∣√
σ2
ID+σ2

MS

, where the
(
q
p

)
is the measurement of the

ratio of the charge and the momentum, σ are the uncertainties on the cor-

responding quantities, and the subscript refers to whether the measurement

comes from the ID or the MS muon candidate.

Four overlapping muon identification selections, namely Loose, Medium, Tight,

and High-pT, are supported by the muon performance group to serve different

physics analyses and unify the evaluation of systematic uncertainties arising from

the selection requirements. Tight muons maximise the purity of muons at the cost

of some identification efficiency and use only CB muons with additional require-

ments on the track quality. Medium muons include CB and ME muon types and

are the default selection that minimises the systematic uncertainties. Loose muons

are designed to maximise the selection efficiency and include all four muon types,

with the CT and ST types restricted to |η| < 0.1 [66].

The fraction of prompt muons that are reconstructed and identified is called

reconstruction efficiency and is in general different in the data and MC simulation.

Efficiencies for Loose, Medium, and Tight selections are shown in Figure 3.2 for

the data and MC simulation as a function of muon pseudorapidity. In the analysis,

the MC simulation is corrected to the data by applying weights, known as scale

factors, to account for the differences in efficiencies between the data and MC

simulation. The scale factors (SF) are defined as

SF =
εData

εMC

, (3.1)

where SF is the scale factor, and ε is an efficiency, as measured in data or MC

simulation. The measurement of the efficiencies, scale factors, and the associated

uncertainties is performed using a sample of Z → µµ events using the tag-and-

probe method, using one of the muons to tag the event and the other to perform the

identification efficiency measurement. The method measures efficiencies separately

in the ID and MS systems and combines them with the assumption that they are
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independent, which has been tested in MC simulation. The measurement of scale

factors is described in full detail in Ref. [66].

Figure 3.2: The muon reconstruction efficiency measurement for the Loose (yel-
low diamonds), Medium (red squares), and Tight (blue circles) selections in data
(filled markers) and MC simulation (empty markers) as a function of muon pseu-
dorapidity with pT > 15 GeV. The measurement uses Z → µµ events in full Run
2 dataset of 139 fb−1 at

√
s = 13 TeV. The error bars represent a quadratic sum

of statistical and systematic uncertainties. Reproduced from Ref. [67].

3.2 Momentum calibration

The response of the ATLAS detector is accurately modelled by the MC simulation.

However, additional momentum calibration of MC simulation is needed to achieve

per mille level precision in the muon momentum scale and percent level precision

in momentum resolution [66].

The corrections are applied separately to ID and MS tracks and have a depen-

dence on the η and φ of the muon track. The corrected momentum

pCor
T =

pT +
∑1

n=0 sn(η, φ) · pnT
1 +

∑2
m=0 ∆rm(η, φ) · pm−1

T · gm
, (3.2)
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where sn(η, φ) are the scale corrections, and ∆rm(η, φ) are the resolution correc-

tions, and gm is a random variate from a normal distribution with zero mean and

variance of 1, can be computed from the uncorrected transverse momentum in

simulation, pT, once the values of sn and ∆rm are known [66]. Indices n take on

the values of 0 and 1 which formalises the assumption that the momentum scale

can be corrected by a combination of a constant offset and a term proportional to

the pT. Indices m take on the values 0, 1, and 2, i.e. the denominator in Eq. 3.2

assumes that the relative transverse momentum resolution can be parametrised as

σ(pT)

pT

=
r0

pT

⊕ r1 ⊕ r2 · pT (3.3)

where the r0 term accounts for the fluctuations of the energy loss, the r1 term for

multiple scattering, and the r2 term for the resolution in the measurement of the

sagitta due to intrinsic hit resolution and misalignment of the MS [66].

The corrected momentum of CB muons is then determined by combining the

corrected momenta of ID and MS muons

pCB, Cor
T = f · pID, Cor

T + (1− f) · pMS, Cor
T , (3.4)

with the weight f derived for each muon individually from the equivalent equation

with uncorrected momenta, thus assuming the relative contributions of the two

subdetectors are unchanged by the momentum corrections [66].

The determination of sn and ∆rm constants proceeds by an iterative fitting

procedure described in detail in Ref. [66]. It extracts the constants by binned

maximum-likelihood fits of the invariant mass spectra of Z → µµ and J/ψ → µµ.

The validation of the calibration using CB muons in Z → µµ events is shown

in Figure 3.3 as a function of the pseudorapidity of the muon with the larger pT

(leading muon).

3.3 Isolation

Prompt muons, produced at the interaction point or from the decay of heavy

bosons, often need to be distinguished from muons coming from a secondary vertex

as a result of the decay of a τ lepton, heavy quarks, or hadrons. Other processes
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Figure 3.3: The muon momentum calibration validation compares the scale (top)
and resolution (bottom) of Z → µµ events using CB muons in part of 2018 data
(black circles) to the corrected MC simulation (red line). The systematic uncer-
tainty on the corrected MC simulation is shown as blue bands. The bottom panel
in each figure shows the ratio between the data and MC simulation. Reproduced
from Ref. [68].
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can also fake a muon signature in the detector, for example, a jet punching through

the hadron calorimeter into the muon spectrometer could be reconstructed as a

muon. The key to the identification of non-fake prompt muons is that they are

produced in isolation from other particles, unlike fake or non-prompt muons which

are usually surrounded by other particles. Two sets of variables, one based on the

tracker information and the other on calorimeter information, are used to identify

prompt muons.

The track-based isolation variable, pvarcone,R
T , is defined as the scalar sum of the

pT of non-muon tracks inside a cone of radius ∆R = min(R, 10 GeV/pµT), where

R =
√

∆η2 + ∆φ2, ∆η and ∆φ are the differences in pseudorapidity and azimuthal

angle between the muon and the track, and pµT is the transverse momentum of the

muon. The tracks used in the sum have pT > 1 GeV, |η| < 2.5, a longitudinal

impact parameter smaller than 3 mm, and satisfy a Loose track quality. The cone

size is chosen to vary with pµT to follow the collimation of tracks in highly boosted

systems [66].

The calorimeter-based isolation variable relies on the notion of a topological

cluster, built by seeding the cluster with a calorimeter cell with signal-to-noise

(S/N) greater than four, adding the neighbouring cells with S/N > 2, and finally

adding all the surrounding cells [69]. The variable Etopocone20
T is defined as the sum

of the transverse energy of topological clusters in a cone of size ∆R = 0.2, after

subtracting for the energy deposited by the muon itself and the estimate of the en-

ergy coming from pile-up related effects. The pile-up contributions are estimated

using the jet area technique [70], which multiplies the ambient minimum-bias en-

ergy density, computed on event-by-event basis, with the area of the isolation

cone. [66]. In order to deal with the higher pile-up rates an additional variable,

Eneflow20, is constructed. It is computed in the same way as the Etopocone20
T variable,

apart from the weighting of the clusters which is unity for clusters matched to the

charged particle tracks, while the others are weighted according to the expected

fraction of neutral particles in the isolation cone.

The isolation selections are defined as cuts on these variables which may or

may not depend on the muon kinematics. Various selections have been supported

in the past few years to target the needs of different analyses and to adapt to the

higher pile-up conditions. The selections differ in signal efficiency and background
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rejection throughout the η and pT range. A few selections are defined in Table 3.1.

Table 3.1: Isolation selections definitions

Isolation Selection Definition

GradientLoose Cuts such that ε(25GeV) = 95%, ε(60GeV) = 99%

FixedCutLoose
pvarcone30

T /pµT < 0.15
Eetcone20/pµT < 0.30

FixedCutTight
pvarcone30

T /pµT < 0.06
Eetcone20/pµT < 0.06

FixedCutHighMuLoose

pvarcone30
T /pµT < 0.15 (pµT < 50 GeV)
pvarcone30

T /pµT < 0.15 (pµT > 50 GeV)
Eetcone20/pµT < 0.30

where track isolation variables have been computed
with a tighter track-to-vertex requirement.

FixedCutPflowLoose

max(pvarcone30
T /pµT, pcone20

T /pµT) +
0.4 · Eneflow20/pµT < 0.16

where track isolation variables have been computed
with a tighter track-to-vertex requirement.

For each of the isolation selections, a measurement of efficiencies in data and

MC simulation is performed, as well as the evaluation of scale factors, which vary

as a function of muon pT. The measurement of the efficiencies is performed on

Z → µµ events in data and MC simulation using the tag-and-probe method [66].

The tag-and-probe method selects events with a pair of muons with the invariant

mass within 10 GeV of the Z boson mass, where the tag muon is required to have

triggered the event, and the probe muon is used for the efficiency measurements.

More precisely, the tag muon is required to satisfy pT > 24 GeV, pass Loose isola-

tion selection, and must be trigger-matched to the muon firing the trigger. Both

tag and probe muons are required to be CB muons, pass the Medium quality

requirements, and pass requirements on transverse and longitudinal impact pa-

rameters or their significances d0/σd0 < 3.0, |z0| < 10 mm and |z0 sin θ| < 0.5 mm.

They are also required to be well separated from each other (Rµ,µ > 0.3), and the

probe should be separated from jets (Rj,µ > 0.4).
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The MC simulation contains a pure sample of Z → µµ events, but the recorded

data consists of an unknown mixed stream of underlying processes, including both

the Z → µµ decays as well events with fake or non-prompt muons, collectively

referred to as the background. In order to measure the efficiency of prompt muons,

the background must be subtracted for the efficiency measurement in the data.

An earlier method of background subtraction relied on the assumption that the

number of background events in the data is the same in the same charge (SC) as

in the opposite charge (OC) phase space:

εZ→µµ =
NOC

match − T ·NSC
match

NOC
probe − T ·NSC

probe

, (3.5)

where T is the transfer factor, Nprobe is the number of probe muons and Nmatch

is the number of probe muons passing the isolation selection in either SC or OC

phase space, as indicated by the superscript. The leading systematic uncertainty

at low muon pT comes from the background subtraction, namely the assumption

T = 1, which is conservatively varied to 0.5 and 2.0. Additional systematic un-

certainties on the scale factor measurement are computed by varying the selection

requirements and adding individual uncertainties in quadrature, and adding a fixed

uncertainty due to variation in η as the scale factors are provided only as a function

of pT. The systematic variations are summarised in Table 3.2 below. The scale

Table 3.2: Systematic uncertainties in the measurement of the isolation selection
scale factors. Background estimation uncertainty is replaced by Eq. 3.8 in the
novel background subtraction method described in section 3.3.1.

Description Variation

Background estimation T = 0.5, T = 2.0
Dependence on η Flat 0.2% uncertainty
mµµ window mZ ± 5, 20 GeV

Probe muon quality Loose, Tight
Tag muon isolation Every other isolation selection

Probe muon to jet separation ∆Rj,µ > 0.3, 0.5
Probe to tag muon separation ∆Rµ,µ > 0.2, 0.5

factors are evaluated as a function of probe muon pT, with uncertainties computed
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in each bin separately. At low pT (< 15 GeV), the leading uncertainty is the

background subtraction, which prompted the development of a new background

subtraction method, described in the next section.

3.3.1 Isolation efficiency background subtraction

The core idea of the novel background subtraction method is to reduce the as-

sumption that the number of SC events is the same as the number of OC events,

to the assumption that the shape of the invariant mass spectrum for background

events is the same in the SC and OC events. The SC region is used to determine

the shape of the background events, while the normalisation is determined from

the template fit to OC data.

The shape assumption is more accurate than the normalisation assumption

because the production of pions and kaons, which are a source of background

muons, is charge asymmetric in terms of normalisation, but has similar kinematic

properties.

The efficiency measured in the data is a sum of efficiencies of the components,

weighted by the component fractions,

εmeasured = fZ→µµ · εZ→µµ + fEWK · εEWK + fQCD · εQCD, (3.6)

where f represents the fraction of the component, and ε the efficiency of the

component. The subscript QCD refers to the background component due to muons

in jets, and EWK refers to the background from electroweak processes2. The

efficiency of Z → µµ events in the data can therefore be expressed as

εZ→µµ =
εmeasured − fEWK · εEWK − fQCD · εQCD

1− fEWK − fQCD

, (3.7)

where fZ→µµ = 1 − fEWK − fQCD is used. The efficiency εEWK is measured in the

MC simulation, while the efficiency εQCD is measured in the SC data.

The fractions fEWK and fQCD are determined via a template fit to the OC data,

shown in Figure 3.4, in each of the pprobe
T bins. The shapes of the templates are

allowed to vary in the fit within statistical uncertainties. While the fit is performed

2The electroweak processes are: W± → µ±ν, Z → ττ , WW → `ν`ν, WZ → `ν``, WZ →
qq``, ZZ → ````, ZZ → νν``, ZZ → qq``, tt̄. The MC samples corresponding to these processes
are generated with Powheg+Pythia8.
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Figure 3.4: The muon isolation background subtraction template fit in OC data
to determine the fEWK and fQCD fractions in the 4 < pprobe

T < 5 GeV bin. The data
is shown as blue points, QCD template, taken from SC data, is shown in blue.
The other template is determined from MC and is a combination of the Z → µµ
events, shown in white, and the EWK processes, shown in green. The error bars
show statistical uncertainties. The maximum-likelihood fit with the exponential
function to the EWK component is shown in red. The reduced χ2 values are shown
on the figure for both the template fit and the subsequent exponential function
fit. Furthermore, fraction values are shown both for the full invariant mass range,
over which the fit is performed, and in the ±10 GeV mass window (mw) around
the Z peak.

over a wide invariant mass range (±30 GeV) around the Z peak, the fractions need

to be determined in a narrower mass range in which the efficiency measurement is

made (±10 GeV). This is done by integrating the fitted templates in the desired

range, using linear interpolation in the edge bins if necessary. For the EWK

template, in order to decrease the statistical fluctuations, an exponential fit to the

template is integrated instead. When varying the mass range of the measurement,

as shown in Table 3.2, the fractions are recomputed in the adjusted range.

The current method no longer assumes that the normalisation of background

events is the same in SC and OC data. Instead, the assumption is reduced to

the shape of the background to be the same, with normalisation determined via
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the maximum-likelihood fit. In order to estimate the associated systematic uncer-

tainty the scale factors are re-computed using different QCD templates. Recall, the

nominal QCD template is taken from the SC data, where the number of genuine

Z → µµ events is negligible. Similarly, two other QCD templates are constructed

in the Z → µµ depleted regions, where the requirement on the impact parameter

significance (|d0/σd0|) is inverted in both the SC and OC data. The region def-

initions are shown in Table 3.3. The region C definition becomes tighter above

Table 3.3: The region definitions from which the QCD template shape is taken for
the isolation background subtraction fit.

Region Charge pprobe
T range |d0/σd0|tag |d0/σd0|probe

Region B SC full < 3.0 < 3.0

Region C OC
< 10 GeV > 3.0 > 2.0
> 10 GeV > 5.0 > 5.0

Region D SC full > 3.0 > 2.0

pprobe
T > 10 GeV in order to reduce the number of Z → µµ events to negligible

levels. The systematic uncertainty is taken to be the largest variation in efficiency

compared to the nominal efficiency obtained by taking the QCD template from

region B. Denoting the Z → µµ efficiency computed by taking the QCD tem-

plate from region X with εX , the systematic uncertainty associated with the novel

method of background subtraction can be written as

bkg. sub. syst. unc. = max
X∈{C,D}

{|εB − εX |}. (3.8)

and is computed in each pprobe
T bin separately. The effect of subtraction is shown

in Figure 3.5. The efficiencies and scale factors computed with this method, along

with full systematic uncertainties, are shown in Figure 3.6 for the GradientLoose

isolation selection. Overall, the method greatly reduces the systematic uncertainty

from background subtraction in the determination of isolation scale factors. At low

pT, where background subtraction used to be the leading uncertainty, the overall

systematic uncertainty on the scale factors is reduced by up to 75%. This enabled

greater sensitivity in searches for electroweak SUSY scenarios with compressed
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Figure 3.5: The muon isolation efficiencies for the FixedCutLoose isolation selec-
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efficiency measured in data directly is shown in black, and the Z → µµ efficiency
in data, obtained via the background subtraction, is shown in blue. The error bars
represent statistical uncertainties while the systematic uncertainty arising from
the use of different templates is shown as a blue band.

mass spectra [71] and more precise studies of the low mass Drell-Yan double dif-

ferential cross section [72].

3.3.2 Other isolation studies

The muon performance was studied during the collection of the 2017 dataset in or-

der to monitor for any potential problems. No issues were found in muon isolation

[2].

Furthermore, a few runs in the 2017 dataset were recorded at a particularly

large number of pile-up interactions, as shown in Figure 2.1. These runs were

used to perform a study on isolation performance at high pile-up in preparation

for the future runs [3]. Figure 3.7 shows the efficiency of the FixedCutTight

selection as a function of muon pT, recorded in 2017 data, separately for events

with more and less than 50 additional interaction vertices due to pile-up. The
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Figure 3.6: The muon isolation efficiencies (top panel) and scale factors (bot-
tom panel) for the GradientLoose isolation selection as a function of pT in 2016
data (black filled circles) and MC simulation (empty red circles). The error bars
represent statistical uncertainties, error bands on the scale factors represent sta-
tistical uncertainties (purple) and statistical and systematic uncertainties added
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isolation efficiency for the FixedCutTight selection drops by more than 10% for

muons with 10 < pT < 20 GeV. This result prompted the development of new

isolation selections designed to be robust against high pile-up conditions. These

new isolation selections, utilising either a better association of tracks to the primary

interaction vertex (FixedCutHighMuLoose) or by matching the tracks to clusters

in the calorimeters (FixedCutPflowLoose), are shown in Figure 3.8 as a function

of the number of pile-up interactions. The new selections were shown to be more

robust in high pile-up conditions [4].

3.4 VADER4µ

The search for the decay of the Higgs boson to a pair of muons, described in

detail in the next chapter, proceeds as a search for a peak in the opposite sign
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dimuon invariant mass spectrum on top of the smooth Drell-Yan background. Ac-

cording to the Standard Model, the width of the Higgs boson is much narrower

than the experimental resolution of the ATLAS detector. The sensitivity of the

search is therefore limited by experimental muon resolution, suggesting that an

understanding of the muon resolution could potentially be exploited to improve

the sensitivity of the search. This prompted the study to understand the Variables

Affecting DEtector Resolution for muons (VADER4µ). The studies in this sec-

tion show that some improvement is possible, but ultimately the results were not

used in the H → µµ analysis because the achievable gain is too small to justify

the additional complexity.

There are three main motivations for the study in the context of improving the

sensitivity of the H → µµ analysis:

1. The muon pT resolution can be estimated for each individual muon based on

its kinematics and reconstruction quality metrics. The estimated resolution
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of individual muons can be propagated to estimate the resolution of the

invariant mass measurement of the muon pair. Finally, the estimate can be

used to split events in resolution categories and the sensitivity of the analysis

may be improved. This can be applied directly to the CB muons.

2. The uncertainties on the pT of ID and MS tracks are known to be poorly

modelled, which is the reason a combined re-fit is used instead of the sta-

tistical combination of the ID and MS tracks. If the uncertainties on the

ID and MS pT can be estimated more accurately, a statistical combination

could result in a better measurement of the CB momentum compared to the

combined re-fit.

3. Somewhat more speculatively, the muon reconstruction algorithms could con-

tain bugs, biases, or inefficiencies. If they exist, it may be possible to derive

a correction to the muon pT to improve the dimuon mass resolution directly.

Ultimately, any potential gain would come from improving the resolution
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in data, meaning that the momentum corrections for MC simulation would

have to be re-derived. For this reason, the corrections would have to be

derived separately for the ID and MS tracks, along with their uncertainties,

and combined statistically.

Two datasets are prepared to facilitate the study. The “single muon” dataset

consists of reconstructed prompt muons from the MC simulation of a variety of

physics processes, excluding Z → µµ to avoid overlap with the dimuon dataset,

with truth-level pT information available. The processes used are W± → µ±ν,

Z → ττ , WW → `ν`ν, WZ → `ν``, WZ → qq``, ZZ → ````, ZZ → νν``,

ZZ → qq``. It is preprocessed by removing some of the muons such that the

resulting pT distribution is flat for pT < 200 GeV. The “dimuon” dataset consists

of data and MC simulation of the Z → µµ process and does not contain any

truth-level information.

To test the third idea a correction to the ptruth
T /pID

T needs to be computed as

a function of kinematic variables. For this purpose a gradient boosting regression

(GBR) model is used. It consists of a series of decision trees, each evaluated on

the input, and produces an output by performing a weighted sum of the outputs

of individual decision trees. The decision trees and the weights used to combine

their outputs are determined through an iterative optimisation of the loss function

[73–76]. The complexity of the model depends on a number of choices, also known

as the hyperparameters, which affect the capacity of the model as well as its

ability to generalise. Examples of hyperparameters are n estimators (the number

of decision trees that make up the combined model), max depth (the maximum

depth of each decision tree), and the learning rate (affects the weights combining

individual models). Hyperparameters are fixed during the training and can not be

directly optimised. However, it is good practice to “tune” the hyperparameters,

i.e. try different combinations, evaluate them on an independent dataset, and pick

the ones with the best performance. For this reason, the dataset is usually split in

three parts: the training dataset, used to train the models, the validation dataset,

used to evaluate the choices of hyperparameters, and the test dataset, used to

obtain an unbiased estimate of the model performance.
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The single muon dataset is used to train a gradient boosting regression model,

implemented in scikit-learn [77], to predict the correction to transverse mo-

mentum, ptruth
T /pID

T , from the following variables:

• pID
T , the transverse momentum of the muon as measured in the ID,

• η and φ of the muon,

• d0/σd0 , the transverse impact parameter significance,

• z0, the longitudinal impact parameter,

• χ2/Ndof, the reduced χ2 value of the fit,

• SNS (scattering curvature significance), SCS (scattering neighbour signif-

icance), two variables designed to capture the changes in track direction

across the detector layers in order to detect in-flight decays.

L1 loss function is used as the L2 loss was found to give biased results due to

asymmetric residuals. The same method is used to predict a correction for the MS

muons.

A trained model is then used to provide corrections to the measured pID
T .

The distribution of residuals before and after the correction is shown in Figure

3.9 for the training and test parts of the single muon dataset for muons with

1.12 < |η| < 1.25. The reduction in the standard deviation of the residual distri-

bution is 17% for the test set, compared to the uncorrected distribution. Similar

improvements are observed for other η slices. A simple grid search, shown in Table

3.4, is then performed to find the best hyperparameter settings. For each set of

settings in the search space a model is trained on the single muon dataset and ap-

plied to muons in the MC simulation subset of the dimuon dataset. The full-width

half-maximum (FWHM) of the Z boson peak is chosen as the figure of merit. The

chosen values of the hyperparameters are shown in bold font in Table 3.4. Finally,

the model is applied to the data subset of the dimuon dataset. The same proce-

dure is applied to the MS tracks, as well as to the CB tracks as a sanity check.

The results are shown in Figure 3.10 for ID tracks and show an improvement of

7.5% in the FWHM. However, no improvement is observed for CB tracks. Upon
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Figure 3.9: The distribution of residuals for (un)corrected measurements of mo-
mentum is shown in (dark) blue for the training (dotted) and test (solid) parts of
the single muon dataset with 1.12 < |η| < 1.25.

further study it turns out that the improvement for ID muons comes from the

SNS and SCS variables, which contain information about the CB tracks, and that

no improvement is achievable for the CB tracks. This shows that if any biases

are present in the muon reconstruction algorithms their effect on performance is

minimal.

To test the first two ideas, a model for the prediction of the uncertainty on

the pT measurement is constructed. An estimate of the uncertainty of the sagitta

measurement (equivalent to q/p measurement) exists in the ATLAS event model,

but it is poorly modelled. More precisely, the pull distribution approximately

follows the normal distribution with zero mean and width α:(
q
p

)
reco
−
(
q
p

)
truth

σ( qp)
∼ N (0, α), (3.9)

where q is the charge, p is the momentum, and σ( qp)
is the provided estimate of

the uncertainty. If the provided estimate was accurate the value of α would be
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Table 3.4: VADER4µ hyperparameter search space with selected settings in bold
text. Other parameters are set to default values.

Variable Set of values

n estimators {100, 200, 400, 800}
max depth {3, 4, 5, 6}

learning rate {0.001, 0.003, 0.01, 0.03, 0.1}

Hyperparameters:
criterion:friedman_mse
loss:lad
learning_rate:0.03
max_depth:6
n_estimators:800

Figure 3.10: The validation of momentum corrections on the MC simulation of the
Z → µµ peak. The invariant mass spectrum computed using the (un)corrected
values of muon momenta is shown in (dark) blue for the ID muon tracks. The
bottom panel shows the ratio of the two distributions. The FWHM values and the
means, computed in the 80 – 90 GeV range, are shown on the left along with the
improvement in the FWHM. The hyperparameters are shown on the right.

unity. However, the uncertainties are generally too optimistic (too small), making

α larger than unity. Moreover, the amount of underestimation varies with the
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kinematics of the muon so a simple scaling is insufficient. The goal, therefore, is to

estimate the pull on muon-by-muon basis and provide a correction to the estimate

of the uncertainty. This is done using a gradient boosting regression model using

the same datasets as for the first model described in the text above.

However, the input variables and the loss function are different. In order to

estimate α, the 84th 3 quantile of the distribution in Eq. 3.9 is estimated. The

quantile loss function, the generalisation of the least absolute deviation, is used

[78]

L =
∑
i

max [q(ŷi − yi), (q − 1)(ŷi − yi)] , (3.10)

where the sum is over the training set examples, q is the predicted quantile, yi is

the target value of example i, and ŷi is the prediction for example i. The input

variables are restricted to pCB
T , η φ, and reduced χ2.

The (un)corrected pull distribution is shown in Figure 3.11 for muons with

0.2 < |η| < 0.3. It can be seen that the corrected pull distribution, shown in

red, is much closer to the unit normal distribution, shown as a dashed line, than

the uncorrected pull distribution, shown in black. This shows that the estimate

of the uncertainty has been improved. Other pseudorapidity slices show similar

improvement.

The uncertainty on the invariant mass of the muon pair can be computed

from the uncertainties on the individual muon measurements of q/p. Assuming

that the uncertainties on the measurements of η and φ are negligible, the relative

uncertainty on the invariant mass is

σmµµ =
1

2
mµµ

[
σ2
µ1

+ σ2
µ2

] 1
2 , (3.11)

where σµi is the uncertainty on 1/pT of muon i.

The uncertainty on the invariant mass is computed for both the corrected and

uncorrected estimates of uncertainties on q/p of individual muons. The distribu-

tions of the pulls for the measurement of the invariant mass are shown in Figure

3.12 using both uncertainties along with the unit normal distribution. The pull

distribution using the corrected uncertainties is closer to the unit normal than the

distribution using uncorrected uncertainties. The hyperparameter search over the

384% = 68% + 16% is obtained by summing the integral of the normal distribution within
one standard deviation of the mean (68%) with the integral under its left tail (16%).
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Means:
Reco: 0.028 ± 0.005
GBR (test): 0.015 ± 0.006
GBR (train): 0.028 ± 0.006

Std Devs:
Reco: 1.186 ± 0.003
GBR (test): 1.035 ± 0.004
GBR (train): 1.034 ± 0.003

Cuts:
abs(truth_eta) > 0.2
abs(truth_eta) < 0.3

Hyperparameters:
loss:quantile
alpha:0.84

Figure 3.11: The pull distribution of q/p measurement for muons with 0.2 < |η| <
0.3. the pulls computed with the uncorrected estimate of the uncertainty are shown
as black solid lines. The unit normal distribution is shown as a black dashed line.
The corrected pulls are shown separately for the test and training parts of the
single muon datasets as solid and dashed red lines respectively, and labelled as
GBR. The means and standard deviations of the distributions are shown on the
left along with the associated statistical uncertainties.

same grid space as shown in Table 3.4 is performed by using the Kolmogorov-

Smirnov (KS) statistic [79] as a way to quantify the performance of the hyperpa-

rameter choice. The KS statistic is the supremum of the set of distances between

an empirical cumulative distribution and a reference cumulative distribution. In

this case, the unit normal distribution is the reference distribution and the pull

distribution, computed with corrected uncertainties, is the empirical distribution.

Figure 3.13 shows the cumulative distributions for the unit normal distribution

and for corrected and uncorrected cumulative pull distributions from Figure 3.12.

It also visualises the differences between the empirical and reference distributions,

clearly showing that the corrected uncertainty values result in a smaller value of

the KS statistic, meaning that the pull distribution is closer to the unit normal

distribution.
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Figure 3.12: The pull distribution for the measurement of the dimuon invariant
mass on simulated Z → µµ events and their values divided by the unit normal
distribution. The pulls using the (un)corrected uncertainties are shown in the top
panel as (black) red lines, while the unit normal is shown as a dashed black line.
The bottom panel shows their values divided by the unit normal distribution. The
means and standard deviations are shown for both distributions on the left, while
the hyperparameters are shown on the right.

The pT uncertainty corrections with the chosen hyperparameters, shown on

the left of Figure 3.12, are then applied to events passing H → µµ selection

described in Ref. [5]. For each event, the corrected uncertainty on the invariant

mass measurement is computed and the distribution shown in Figure 3.14 for

each of the cut-based categories described in detail in Ref. [5]. The non-central

categories, in which at least one muon satisfies |η| > 1.0, have a particularly

large spread in uncertainties. This means that the categories contain events with

different resolutions. A split in the subcategories based on the predicted resolution
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Figure 3.13: The Kolmogorov-Smirnov test for the pull distribution of the invariant
mass measurements. The unit normal distribution is shown as a dashed black line,
cumulative pull distributions with the (un)corrected uncertainties are shown as
thin solid (black) red lines. The absolute value of the difference between the
empirical and reference distributions, multiplied by a factor of 10 for clarity, is
shown as thick solid (black) red lines. The KS statistic is the supremum of this
difference.

is expected to improve the sensitivity of the analysis. Unfortunately the sensitivity

improvement is found to be limited to under 2%, which was decided to be too small

to justify the increase in the complexity of the analysis.

Similarly, improving the pT resolution by a statistical combination of the ID

and MS momentum measurements with a more accurate estimate of uncertainties

on individual pT measurements resulted only in a small improvement in dimuon

invariant mass resolution. This, too, was too small to justify an additional increase

in the complexity of the analysis.
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Figure 3.14: The distribution of predicted resolutions in H → µµ categories for
ggF H → µµ events passing selection described in Ref. [5]. The distributions are
normalised to unit area, their relative sizes are shown in the brackets in the legend.
Figure produced by a collaborator.
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Chapter 4

Search for the H → µµ decay

”The Higgs boson may, or may not, couple to the second generation fermions.”

— a bright bunch of ATLAS scientists.



The interactions between the Higgs boson and the vector bosons, and between

the Higgs boson and the third generation fermions, both critical to the discovery

in 2012, soon became the preferred way to study the properties of the Higgs boson.

The mass [19, 80, 81], as well as inclusive and differential cross-sections [82–86],

have been measured and new production modes, VBF [14, 22], tt̄H [87, 88] and

VH [89, 90], have been observed. However, the interactions between the Higgs

boson and the first or second generation of fermions have not been observed yet

due to experimental challenges. In the leptonic sector, the main challenge is a

very small branching fraction due to the small mass of the electron and the muon

compared to the tau. In the quark sector, some branching ratios, for example to

the charm quark pair, are larger than those in which the Higgs was discovered.

However, detection is experimentally difficult in the LHC environment due to

the uncertainties in flavour tagging, and estimating and modelling backgrounds

[91, 92]. Ultimately, the decay to muon pairs offers the best sensitivity to probe

the interactions between the Higgs boson and the second generation fermions.

In the Standard Model the branching ratio of the Higgs boson with a mass

of 125.09 GeV to a muon pair is predicted to be 2.17 × 10−4 [23]. This could be

modified by physics beyond the SM, for example a model in which the Yukawa

couplings depend on the Higgs field, or a dilaton model with shifts in its Yukawa

couplings [15, 16, 93]. This means that any deviation from the predicted value

could be a sign of new physics.

The ATLAS and CMS experiments have already conducted searches using the

LHC Run 1 data collected at centre-of-mass energies
√
s = 7 and 8 TeV, both set-

ting the 95% confidence level upper limits on the product of the Higgs production

cross-section and the branching ratio to muon pairs [94, 95] of about seven times

the SM expectation. Using the data collected at
√
s = 13 TeV in years 2015 and

2016, the observed upper limit was further decreased to 2.8 and 2.9 by ATLAS and

CMS respectively [96, 97], with ATLAS further updating its result to 2.1 using the

data collected in 2017 [5]. This corresponds to 0.9σ expected significance, meaning

that the analysis is near to seeing evidence for the decay.

This chapter presents the search for the Higgs boson decay to a muon pair

using the full ATLAS Run 2 dataset collected between 2015 and 2018 at
√
s = 13

TeV, almost doubling the integrated luminosity of the dataset since the last result
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to 139 fb−1. The Higgs boson mass is assumed to be 125.09 GeV for all presented

results.

The overall strategy of the analysis is to select events with two oppositely

charged muons passing the single muon triggers, and apply additional require-

ments to reduce tt̄ and diboson backgrounds. Events are then split in three chan-

nels based on whether they contain zero, one, or two or more jets in addition to the

muon pair. They are further split in individual categories using a multivariate dis-

criminant, based on the differences in kinematics between the muon pairs coming

from a Higgs boson produced in the main production modes, and the muon pairs

coming from background events, which are dominated by the Drell-Yan process.

Signal events tend to be more central and have higher transverse momentum, their

jet multiplicity is higher, and the VBF production mode has a unique signature of

two back-to-back high-pT jets with little hadronic activity between them. Finally,

a maximum-likelihood fit to the dimuon invariant mass spectrum is performed in

all categories simultaneously, extracting the parameters of interest. The analysis

is limited by statistical uncertainty arising from the limited size of the dataset.

The systematic uncertainties are dominated by the uncertainty on the background

modelling, assessed using a dedicated simulated sample. Additional systematic

uncertainties arise from the normalisation of signal sample and the migration be-

tween the categories, such as the uncertainty on the production cross-section and

branching ratio from theory, and luminosity, muon momentum resolution and de-

tector calibration from the experiment.

A number of improvements were introduced with respect to the previous re-

sult. The selection was improved by including additional muons from the corners

of detector acceptance, by improving the resolution of the invariant mass by re-

covering the muon final state radiation, and by better rejection of pile-up jets in

the forward region. The allocation of events in the categories was improved by

employing a fully multivariate approach in lieu of a hybrid approach combining a

multivariate discriminant and cut-based categories. Finally, the background mod-

elling was improved by using a new functional form and larger DY simulation

dataset. The total effect of all improvements is an approximately 20–30% increase

in the analysis sensitivity and is dominated by the improvements from using a

fully multivariate categorisation approach.
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4.1 Data and MC simulation samples

The proton-proton collision data used in this analysis was collected in 2015, 2016,

2017, and 2018 at the centre-of-mass energy of 13 TeV in the main physics stream.

It corresponds to an integrated luminosity of 139 fb−1 after passing the data quality

checks ensuring that the important parts of the detector are switched on and

function as intended.

The MC simulation samples are used in the analysis for a variety of purposes.

The signal samples are used to optimise the event selection and to determine the

normalisation and shape of the signal model in the analysis categories. Centrally

produced background MC simulation samples are used to optimise the event se-

lection and to validate the muon momentum resolution in the analysis categories,

but not to determine the normalisation or shape of the backgrounds. While the

normalisation and shape parameters are determined in the final fit to data, the

functional form is selected in each analysis category independently using a custom

high-statistics MC simulation of Drell-Yan events.

4.1.1 Background samples

The leading irreducible background for the analysis is the Drell-Yan (DY) pro-

duction of muon pairs. It is simulated using Sherpa 2.2.1 with the NNPDF3.0

set of parton distribution functions (PDF) [98] in slices of scalar sum of jet trans-

verse momenta (HT) and with c- and b-quark filters, simulating 0–2 jet events

at next-to-leading order (NLO) and at leading order (LO) for 3 and 4 jets using

Comix [99] and OpenLoops [100, 101] libraries. The matching with Sherpa

parton showering [102] is done using the MEPS@NLO prescription [103–105]. In

order to populate the tails of the DY invariant mass distribution relevant for the

analysis an additional high-statistics sample is generated with identical setup and

an additional cut of mµµ > 100 GeV. Finally, Sherpa is also used to model the

electroweak Z+jets process with up to two additional jets at LO accuracy beyond

the first two jets.

With the mass of the top-quark set to mt = 172.5 GeV, the tt̄ and single-

top samples are generated using Powheg-Box [49–51] with NNPDF3.0 PDF set

and parton showering and hadronisation done in Pythia 8.186 using the A14
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parameter set [106]. The tt̄ cross-section is computed to next-to-next-to-leading

order (NNLO) in QCD with next-to-next-to-leading logarithmic (NNLL) soft gluon

terms taken into account. The cross-section of the single-top is computed with

prescriptions from [107, 108], and all the processes (t-channel, s-channel, and Wt-

channel) are generated separately.

Diboson processes, WZ and ZZ, are generated using Sherpa 2.2.1 with the

NNPDF3.0 PDF set and are normalised directly to the Sherpa prediction. Only

semi-leptonic and fully-leptonic decays are simulated.

4.1.2 Signal samples

The largest contribution comes from the ggF signal sample, generated with Powheg-

Box with PDF4LHC15 PDF set to next-to-next-to-leading order accuracy with

parton shower matching (NNLOPS) [109], achieving NNLO in QCD after the re-

weighting in rapidity of the Higgs boson. The cross-section for the ggF production

mode are computed to next-to-next-to-next-to-leading order (N3LO) [110] in QCD

with NLO electroweak corrections applied [111, 112] under the assumption that

they factorise. Pythia 8 with the AZNLO parameters [113] is used to simulate

the decay of the Higgs boson, final-state photon radiation, parton showering, and

hadronisation.

VBF and qq̄/qg → VH production modes are generated to NLO accuracy in

QCD using Powheg-Box, while the gg → ZH is generated to LO accuracy.

The same PDF set and Pythia tunes are used as in the ggF generation. The

VBF cross-section is computed with full NLO QCD and electroweak corrections

[114–116], and approximate but highly accurate NNLO QCD corrections [117].

The VH cross-section is computed at NNLO in QCD [118] with NLO electroweak

corrections [119], apart from the gg → ZH which is computed to NLO and next-

to-leading-logarithm accuracy in QCD [118–125].

The tt̄H production mode is generated using MadGraph5 aMC@NLO [126,

127] at NLO accuracy using NNPDF3.0NLO PDF set and the A14 tune. The cross-

section is computed to NLO in QCD with NLO electroweak corrections [128, 129].

Pythia is also used to overlay minimum bias events to model the effects of

pile-up for all simulated events using the NNPDF2.3LO PDF set [130] with the A3
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parameters [131]. All signal and background samples are passed through the full

ATLAS detector simulation. Pile-up re-weighting, object momentum smearing,

and efficiency scale factors are applied to the MC simulation samples in order to

make them mimic the collected data.

4.1.3 Custom Drell-Yan sample

Extracting the signal strength paramater relies on a maximum-likelihood fit to the

invariant mass spectrum in data, using parametrised models of both signal and

background. The choice of the functional form describing the background is crucial

because a mismodelling of the background may result in a bias on the extracted

signal strength. This is particularly significant when the signal-to-background

ratio is very small because the impact can be large.

In order to select the functional form and evaluate the resulting bias, referred

to as the “spurious signal”, the combined signal and background model is fit to

the background-only spectrum. Ideally, this would be done on the background MC

simulation described in Section 4.1.1, but because of the high computational cost

associated with the simulation of the detector response the statistics of the sample

are on the same order of magnitude as the data. As a result, the extracted spurious

signal value is unreliable and dominated by the statistical fluctuations. A custom

high-statistics sample of DY events is generated to overcome this challenge.

The custom DY sample needs to have significantly larger statistics than the

data, requiring a much faster generation. To facilitate this, the sample is pro-

duced at the generator-level only, skipping the simulation of showering, hadronisa-

tion, and detector response, replacing them by parametrised smearing functions.

The effect on the dimuon invariant mass spectrum is minimal, and because of

the parametrised smearing the jet mismodelling is a second order effect. On the

other hand, final-state radiation (FSR) does have an effect on the invariant mass

spectrum and is simulated by Photos++ [132]. This setup was fast enough to

generate 20 billion events corresponding to approximately 100 ab−1 in the regions

of parameter space relevant for the analysis. A drawback of the sample is that it

only models the dominant DY part of the invariant mass spectrum.
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At the generator level, the samples are produced separately for zero or one

parton and two partons in addition to the muon pair:

• Powheg is used to generate an inclusive NLO Z → µµ sample, modelling

zero and one parton in addition to the muon pair. For efficiency reasons two

sub-samples are generated, one with 60 < mµµ < 95 GeV (2.5× 109 events),

and the other with mµµ > 95 GeV (10× 109 events) requirement. Even after

detector smearing the latter sample dominates the fit region.

• Alpgen [133] is used to generate events with two partons in addition to

the muon pair at LO. The computation uses only the matrix element with

two additional partons and requires both of them to have pT > 25 GeV as

well as ∆R(j, j) > 0.4 to minimise the overlap with the Powheg sample.

Similarly to the Powheg sample, events are generated with 60 < mµµ < 95

GeV (1.75× 109 events) and mµµ > 95 GeV (2.5× 109 events) requirements.

These events are crucial to populate the analysis categories with a large

fraction of the signal events coming from the VBF production mode.

Both samples are corrected in the same way to model the effects of the detec-

tor. Muon momentum smearing is performed using parametrised functions derived

from the MC simulation described in Section 4.1.1. Effects from the identification,

reconstruction, isolation, and impact parameter efficiencies are also derived from

the MC simulation and are applied as weights, while the trigger efficiency weights

are derived from the data. The FSR momentum is smeared using a parametrised

prescription from the ATLAS subgroup specialising in electrons and photons. Pho-

tons are dropped randomly to emulate reconstruction efficiency. The smearing of

jet momenta is performed using the parametrisation from the ATLAS subgroup

specialising in jets and missing energy. The effect of pile-up jets is modelled by

building a library of jets from minimum-bias events in the MC simulation and

overlaying a number of sampled jets from the library for each event. A dedicated

missing transverse energy (Emiss
T ) smearing is derived from the Run 2 data.
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4.2 Physics objects

The search for a narrow resonance on top of a smoothly falling background appears

at first sight to require not much more than an excellent understanding of muons

in ATLAS. While the entirety of Chapter 3 is dedicated to their performance,

the sophistication of the analysis requires an understanding of other objects as

well. Photons are used to recover the final-state radiation in order to improve

the resolution of the invariant mass spectrum. Jets are used as a handle to select

events produced in the VBF production mode and to improve separation from the

other backgrounds. Electrons are reconstructed, albeit solely in order to reject

fake jets. Finally, missing transverse energy is used to suppress top and diboson

backgrounds.

4.2.1 Muons

Muon reconstruction, identification, and isolation are described in detail in Chap-

ter 3. Table 4.1 summarises the selection used for the H → µµ analysis. The ma-

Table 4.1: Summary of the muon selection requirements.

ID selection Loose

Isolation selection FixedCutPflowLoose

pT pT > 15 GeV

η |η| < 2.7

Impact parameters
|d0/σd0| < 3.0

|z0 · sin θ| < 0.5 mm

jority of reconstructed muons in the Loose selection are the CB type, combining

the information from the tracker and the muon spectrometer systems. However, in

order to maximise the acceptance of signal events, other muons types are also used

to improve the reconstruction efficiency in the challenging parts of the detector.

ST and CT muons improve the reconstruction efficiency in the |η| < 0.1 region,

where the muon spectrometer has a gap to allow for cabling and services to the
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tracker, while the ME muons are used in the forward regions to reconstruct muons

outside of the tracker coverage, where 2.5 < |η| < 2.7.

The pT measurement of the CB muons benefits from combining information

from two subdetectors, namely the tracker and the muon spectrometer. Figure

4.7 verifies that the resulting dimuon invariant mass resolution is only marginally

degraded for muon pairs containing one non-CB muon (dotted green line) com-

pared to pairs where both muons are CB (dashed blue line). Since most muons

are CB, the inclusive distribution (solid orange line) and the distribution of purely

CB muons (dashed blue line) are nearly identical.

The reason for such a small degradation is that the resolution of the combined

pT measurement is dominated by the tracker pT measurement in the barrel region,

and by the muon spectrometer measurement in the forward regions. ST and CT

muons, used in the |η| < 0.1 region, combine a track in the ID with a segment

in the muon spectrometer or with a calorimeter deposit and thus benefit from

having the high-quality tracker pT measurement. Conversely, ME muons, used in

the 2.5 < |η| < 2.7 region, use the track from the muon spectrometer, the higher

quality measurement in the forward region. The FixedCutPflowLoose isolation

selection is used because of a combination of its high efficiency, robustness to high

pile-up conditions, and improved rejection of heavy-flavour jets. The cut on the

pT rejects muons from the decay of heavy-flavour quarks, while cosmic rays are

rejected by the standard requirements on the impact parameters.

4.2.2 Photons and FSR

Photons are reconstructed in ATLAS via its energy deposits in the eletromag-

netic calorimeter. Unlike electrons, photons are electrically neutral and do not

leave tracks in the tracker, unless they are converted to electron-positron pairs

before reaching the calorimeter. The details of the reconstruction algorithm and

its performance are described in Ref. [134].

Muons may radiate a photon and thus lose energy, meaning that the invariant

mass of the muon pair is no longer equal to the mass of the parent. In order to

mitigate this effect up to one final-state photon candidate is added to the mass

calculation, using a procedure similar to the one used in Ref. [135], but optimised
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Figure 4.1: The resolution of the dimuon invariant mass measurement for the ggF
signal sample in the H → µµ analysis signal region. The events in which both
muons are CB type are shown as a dashed blue line, while events in which one of
the muons is not CB are shown as a dotted green line. The inclusive distribution
is shown as a solid orange line.

for the high-purity requirements of this analysis. Collinear photons (∆R(γ, µ) <

0.20) are required to have pT larger than a linearly increasing threshold, from pγT >

3 GeV at ∆R(γ, µ) = 0 to pγT > 8 GeV at ∆R(γ, µ) = 0.2. Non-collinear photons

(∆R(γ, µ) > 0.20) are required to have pγT > 8 GeV and a tight [134] identification

requirement for photons. When multiple photon candidates are found only the

one with the highest pT is included in the invariant mass calculation, with priority

given to the collinear photons over non-collinear photons.

Around 5% of all signal events have at least one FSR candidate, of which ap-

proximately 90% are collinear photons. The distribution of invariant mass for the

MC simulation of ggF signal events with at least one reconstructed FSR candidate

is shown in Figure 4.2 before and after the recovery of final-state radiation. It can

be seen that the mass peak is shifted much closer to 125 GeV, with the slight

overshoot resulting from the fake FSR candidates coming from the pile-up. The
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improvement in the invariant mass resolution is approximately 3% inclusively. A

drawback of the FSR recovery is an ∼ 8% increase in the number of background

events in the signal region due to the migration of events from the Z mass peak.
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Figure 4.2: the invariant mass spectrum before (white solid) and after (blue
hatches) final-state radiation recovery for a MC simulation of the ggF signal events
passing the analysis selection. Only events with one or more reconstructed FSR
candidates are shown. The mean and the root-mean-square of the distributions
are shown in the bottom right corner. Reproduced from Ref. [6].

4.2.3 Jets, electrons, and Emiss
T

Jets are the collimated collections of hadrons, arising either from a parton in the

final state of the interaction, the remnants of the proton not participating in the

hard scatter (underlying event), or from pile-up interactions. They are used to

identify events which could have been produced via the VBF production mode

by exploiting its characteristic dijet signature. Jets are experimentally the richest

objects in ATLAS, reconstructed either from the deposits in the calorimeters,

tracks that charged hadrons leave in the tracker, or both. The optimal use of

substructure has been extensively studied both theoretically [136] and using a wide
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variety of modern machine learning techniques [137]. The reconstruction used in

this analysis is based on topological clusters of calorimeter cells [138], which are

used as an input to the anti-kT clustering algorithm [139, 140] with the distance

parameter ∆R = 0.4. A requirement on the jet pT > 25 GeV for the central jets

(|η| < 2.5), and at pT > 30 GeV for the forward jets (2.5 < |η| < 4.5).

The suppression of jets coming from pile-up is achieved by using a dedicated jet

vertex tagging (JVT) discriminant [141], constructed using tracking information.

In the forward region, pile-up jet suppression is achieved with the fJVT discrim-

inant [142], using the information on jet shape and the topological correlations in

pile-up interactions.

Jets containing a b-hadron are identified using a multivariate b-tagging algo-

rithm [143] if they are inside the tracker (|η| < 2.5). A selection providing 60%

tagging efficiency for real b-jets and less than 0.1% fake rate for light-flavoured jets

[144] is used to tag the jets. Electrons are reconstructed by matching a track in

Table 4.2: Summary of the jet selection requirements.

Algorithm Anti-kT (∆R = 0.4)

η |η| < 4.5

pT
pT > 25 GeV for |η| < 2.4

pT > 30 GeV for 2.4 < |η| < 4.5

JVT
JVT > 0.59 GeV for |η| < 2.4 and 20 < pT < 120 GeV

JVT > 0.11 GeV for 2.4 < |η| < 2.5 and 20 < pT < 120 GeV

fJVT fJVT < 0.5 GeV for 2.5 < |η| < 4.5 and 20 < pT < 120 GeV

b-tag MV2c10 60 WP for |η| < 2.5 and pT > 20 GeV

the ID with a calorimeter deposit in the ECAL, as described in Ref. [145]. Unlike

the topological cluster used for jets, the calorimeter deposits are clustered using

a sliding-window algorithm [146] which can be more accurately calibrated due to

the fixed-size cells.

Electrons are used in the analysis only in the overlap removal procedure to

remove fake jets. The electron selection requirements are summarised in Table

4.3. Electron candidates are required to pass the Medium likelihood identification
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selection and FCLoose isolation selection [145] to reject electrons from hadronic

decays or pile-up. The electron pT is required to be larger than 7 GeV, while

pseudorapidity has to satisfy |η| < 2.47 with the exception of the crack region

1.37 < |η| < 1.52. A quality requirement is used to reject electrons in which a cell

is dead or faulty, and requirements on the impact parameters are used to reject

electrons coming from heavy-flavour decays or other proton-proton interactions.

Table 4.3: Summary of the electron selection requirements.

Identification Medium LH

Isolation FCLoose

pT pT > 7 GeV

η |η| < 2.47 excluding 1.37 < |η| < 1.52

Quality No dead or faulty cells

Impact parameters
|d0/σd0| < 5

|z0 · sin θ| < 0.5 mm

Missing transverse energy is defined as the magnitude of the vectorial sum of pT

of all calibrated muons, electrons, jets, and the soft term. The soft term is defined

as the vectorial sum of the pT of other tracks not used in the reconstruction of any

objects. The details of the reconstruction algorithm, in particular the treatment

of the soft term, are available in Ref. [147], along with performance studies.

Emiss
T can result from neutrinos, which escape the detector without leaving any

deposits, or from experimental inaccuracies when measuring muons, electrons, or

jets. In the analysis, Emiss
T is used to discriminate between the signal and tt̄

processes. Instead of a cut, it is used as an input to the multivariate discriminant

in the 2-jet channel.

A single physical object can create deposits in the detector which are used by

two different reconstruction algorithms to create more than one particle candidate.

For example, an electron results in an ECAL deposit which is used in both the

reconstruction of a jet and an electron. For this reason, an object overlap removal

procedure is used to remove potential duplicates.
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Muons are only removed if they are CT type and share a track with an electron,

or they are close to a jet (∆Rµ,j < 0.2) with more than two tracks and where muon

pT is less than 0.7 of all track pT. Jets are removed if they are close (∆Re,j < 0.2)

to electrons.

4.3 Event selection

A very loose event selection based on oppositely charged muon pairs is used for the

analysis to maximise the number of signal events. DY background is irreducible,

but the tt̄ contributions can be reduced by a veto on events with a b-tagged jet.

The selection, summarised in Table 4.4, results in approximately 59% acceptance

for the ggF and VBF signal events.

Table 4.4: Summary of the event selection requirements.

Cleaning
Pass GoodRunList

Pass single muon trigger
Primary vertex (> 2 tracks with pT > 0.5 GeV)

Muons
Two oppositely charged muons

plead
T > 27 GeV

psublead
T > 15 GeV

Jets Zero b-tagged jets

The ATLAS detector is a complex instrument composed of many independent

subcomponents that are being pushed to the limits of their performance. Failure

of detector subcomponents is a normal part of detector operations and is dealt

with by detailed monitoring of performance and the release of so-called GoodRun-

List (GRL). The GRL contains a list of runs further segmented to two-minute

data-taking intervals, called luminosity blocks, in which the detector operates as

intended. The data used in the analysis is required to be collected in one of those

luminosity blocks in order to veto pathological events.

Furthermore, the data is required to pass the lowest unprescaled single muon

triggers, these are HLT mu20 iloose or HLT mu50 in the 2015 and HLT mu26 ivarmedium

or HLT mu50 in the 2016–2018 data-taking period. These triggers require at least
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one isolated muon with a pT larger than 20 or 26 GeV respectively, or one non-

isolated muon with at least 50 GeV [148]. The increase in trigger thresholds was

required to deal with higher rates of events at an increased instantaneous lumi-

nosity between 2016 and 2018.

Events are required to have at least one reconstructed primary vertex candi-

date with at least two tracks with pT > 0.5 GeV in the inner detector. When

multiple vertices are reconstructed, the one with the highest scalar sum of pT of

the associated tracks is considered to be the hard scatter vertex.

Events are required to have exactly two oppositely charged muons. The leading

muon has pT > 27 GeV in order to pass the trigger thresholds, while the sub-

leading muon is required to have pT > 15 GeV, with both having a pseudorapidity

requirement of |η| < 2.7. Additionally, events are required to have zero b-tagged

jets to suppress tt̄ and diboson backgrounds.

After the common selection the Z control region, the signal region, and the

central and sideband regions are defined by requirements on the invariant mass,

summarised in Table 4.5.

Table 4.5: Summary of the analysis regions.

Z control region 76 < mµµ < 106 GeV

Fit region 110 < mµµ < 160 GeV

Central region 120 < mµµ < 130 GeV

Sideband region
110 < mµµ < 120 GeV

or
130 < mµµ < 180 GeV

The Z control region contains almost one hundred million events in data and is

used to validate detector performance, in particular to check the muon resolution in

the data and the MC simulation. The sideband region contains approximately two

million events in the data, which are used to train the multivariate classifier and

to validate the background modelling. The central region contains approximately

450,000 events in the data, of which about 860 are expected from the SM signal.

The final maximum-likelihood fit is performed in the fit region.
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The invariant mass spectrum after the recovery of the final state radiation is

shown in Figure 4.3 for the data and the MC simulation of signal and background

samples for events passing the selection requirements. The spectrum is dominated

by DY events, especially around the Z mass peak at around 91 GeV. The Z

peak is also present in the diboson backgrounds, while the top backgrounds have a

smoothly falling spectrum. Signal events form a narrow peak at around 125 GeV,

with their yields multiplied by a factor of a hundred for visibility.

4.4 Event categorisation

The goal of event categorisation is to improve the sensitivity of the analysis by

splitting events in categories with different signal purities. In previous iterations of

the analysis, physics-based arguments were used to construct categories targeting

the VBF production mode and signal enriched regions using requirements on event

kinematics. However, with increased statistics of the available dataset, it became

increasingly advantageous to use modern machine learning models and infer the

classification scheme from the available data. With this approach, care needs to

be taken to prevent bias and/or sub-optimal performance due to overfitting.

The categorisation scheme begins by splitting events in categories based on jet

multiplicity: 0-jet, 1-jet, and 2-jet channel, where the 2-jet channel includes events

with more than two jets. Kinematic differences between signal and background

events are exploited by training boosted decision tree (BDT) classifiers in each of

the jet channels using the XGBoost [149] package.

In each of the categories a “Higgs classifier” is trained to distinguish between

the MC simulation of ggF and VBF events, and the data events from the sideband

region. In the 2-jet category an additional “VBF classifier” is trained to distinguish

between the MC simulation of VBF signal events and the data sidebands. In both

trainings the signal event weights are scaled so that their sum matches the number

of data events.

The variables used in the training in each of the jet channels are summarised

in Table 4.6. The 0-jet channel uses only three variables, related to the kinematics

of the dimuon system: pT and rapidity in addition to | cos θ∗|, a variable sensitive
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to the spin of the mediator [150, 151], defined as

| cos θ∗| =

∣∣∣∣∣∣2(P+
1 P

−
2 − P−1 P+

2 )√
m2
``(m

2
`` + p2

T,``)

pz,``
|pz,``|

∣∣∣∣∣∣ , (4.1)

where m``, pT,``, pz,`` are the mass, transverse momentum, and longitudinal mo-

mentum, respectively, of the dimuon system, and the P±i are defined as P±i =

(Ei ± pz,i)/
√

2, where Ei and pz,i are the energy and the longitudinal momentum

of a muon i, with i = 1 corresponds to the muon with larger pT.

In the 1-jet channel, the set of variables is extended by adding the kinematics

of the leading jet. In the 2-jet channel, the kinematics of the subleading jet are

added, along with Emiss
T and a couple of variables related to the dijet system,

detailed in Table 4.6.

Table 4.6: Summary of the training variables.

0-jet
pµµT pT of the dimuon system
Y µµ Rapidity of the dimuon system
| cos θ∗| Spin-related variable (see Eq. 4.1)

1-jet

0-jet variables

pj1T pT of the lead jet
ηj1 η of the lead jet

∆φj1,µµ ∆φ between the lead jet and dimuon system

2-jet

1-jet variables

pj2T pT of the sublead jet
ηj2 η of the sublead jet

∆φj2,µµ ∆φ between the sublead jet and dimuon system

pjjT pT of the dijet system
Y j2 Rapidity of the dijet system

∆φjj,µµ ∆φ between the dijet system and dimuon system
mjj Invariant mass of the dijet system
Emiss

T Missing transverse energy

The variables were chosen to maximise the sensitivity while minimising system-

atic uncertainties. An additional concern was whether the variables would allow

the classifier to learn the invariant mass and result in a shaped mass spectrum
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after selection. For this reason, the complete kinematics of the individual muons

are not included.

All the variables used in the 2-jet channel are shown in Figures 4.4 and 4.5 for

events with two or more jets. It can be seen that the pT of the dimuon system,

the mass of the dijet system and azimuthal differences between the dimuon system

and jets can provide separation between the signal and the background.
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Figure 4.4: The distributions of classifier input variables for events with two or
more jets. The top row shows dimuon system variables, bottom row shows leading
jet variables. The H → µµ signal events are shown in red, data from the sidebands
is shown in black, and MC simulation of background events is shown blue (sideband
region) and green (central region). The MC simulation includes DY, diboson, and
top events. The error bars are statistical. Reproduced from Ref. [6].

In each jet multiplicity channel, a four-fold approach is used to prevent bias

from overfitting to the training and validation sets. Overfitting refers to the ad-

justments of the model parameters to the random fluctuations in the training set.

As a result, the model performance on the training set is better than a new dataset

sampled from the same population. This is undesirable because it leads to a bias.

In order to avoid this, a model is evaluated on an independent dataset, called the

test set. When a number of models are trained on the training set, their perfor-
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Figure 4.5: The distributions of classifier input variables for events with two or
more jets. The top row shows subleading jet variables, middle row dijet system
variables, bottom row shows the dijet invariant mass and Emiss

T . The H → µµ
signal events are shown in red, data from the sidebands are shown in black, and
MC simulation of background events is shown blue (sideband region) and green
(central region). The MC simulation includes DY, diboson, and top events. The
error bars are statistical. Reproduced from Ref. [6].

mance is monitored using the validation dataset, and the model performing best on

the validation dataset is selected. Its performance is then evaluated, again, on the

independent test set. A drawback of this approach is that once the dataset is used

for training or validation, it can not be used for the test set and as a result only

a fraction of available data and MC is used in the analysis, which is undesirable.

The four-fold approach solves this problem by reshuffling the same dataset four
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times, with each reshuffle referred to as a fold. In each fold, events are split in a

training set (50% of events), a validation set (25% of events), and a test set (25%

of events), such that every sample from the dataset is present in the test set in

exactly one fold.

The training set is used in the training of the models. The validation set is

used for early stopping of the training and to assess the performance of models

using the area under the receiver operating characteristic (ROC) [152] curve. This

is used to guide the Bayesian optimisation [153] to tune the hyperparameters of

the model in each fold. Finally, the model is evaluated on the test set, which is

used for the categorisation of events.

It should be noted that in the four-fold approach the model parameters are

selected separately in each fold. This results in four models, each being applied to

the test set not seen in training, early stopping, or hyperparameter tuning, ensuring

that there is no bias from overfitting to either training or validation datasets.

In order to ensure that the score distributions are the same in each fold, the

scores are transformed to a uniform distribution in unweighted combined signal

events in all folds separately, using the QuantileTransformer algorithm from the

scikit-learn [77] software package.

The transformed scores are named OVBF for the VBF classifier and O
(0−2)
ggF for

the Higgs classifiers, where the superscript stands for the jet multiplicity. The

category boundaries are defined as the cuts on these values, and are summarised

in Table 4.7.

Table 4.7: Summary of the score boundaries defining the analysis categories.

Low Medium High

0-jet O0
ggF < 0.35 0.35 ≤ O0

ggF < 0.75 O0
ggF ≥ 0.75

1-jet O1
ggF < 0.38 0.38 ≤ O1

ggF < 0.78 O1
ggF ≥ 0.78

2-jet (OVBF < 0.60) O2
ggF < 0.22 0.22 ≤ O2

ggF < 0.48 O2
ggF ≥ 0.48

VBF OVBF < 0.77 0.77 ≤ OVBF < 0.89 OVBF ≥ 0.89

The values of category boundaries are determined by a simultaneous optimi-

sation of all boundaries in a given jet channel using an exhaustive grid search
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over the cut values with 0.01 spacing. The metric used in the optimisation is the

number counting significance, defined as

Z =

√√√√ 12∑
c=1

2

[
(sc + bc) log

(
sc + bc
bc

)
− sc

]
, (4.2)

where the sum runs over categories c, and sc and bc are the number of signal and

background events in the central region in category c. Since the optimisation is

performed blinded, the value of bc is computed from the number of data events

in the sideband region, multiplied by a transfer factor obtained from the inclusive

MC distribution.

The summary of analysis categories is shown in Figure 4.6, highlighting the

composition of signal and background events, as well as the signal purity (S/B)

and sensitivity proxy (S/
√

B), and the total number of background events (B) in

the central region for all the analysis categories, where S is the expected number

of signal events in the central region. The signal purity decreases from High to

Low categories, while the number of background events increases. The significance

proxy is approximately constant, which is a result of the optimisation rather than

a requirement.

As explored in VADER4µ project, the momentum resolution of muons is a

function of their kinematics. Furthermore, the categorisation of events in the

analysis is based on a BDT classifier, which exploits the kinematic differences

between the signal and the background events. As a result, the analysis categories

can have quite different invariant mass resolutions. While this is expected, it is

critical that the modelling of dimuon mass resolution in MC simulation matches the

resolution in the data in each analysis category, otherwise the sensitivity would be

over- or underestimated. The validation of the momentum calibrations, described

in Section 3.2, is performed on the Z mass peak. The validation for 0-jet High, 1-jet

High, 2-jet High, and VBF High categories are shown in Figure 4.7. The bottom

panels show that resolution modelling is well within systematic uncertainties, and

similar results are observed for other categories.
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Figure 4.6: Summary of H → µµ analysis categories. The top panel shows the
total number of background events in the central region, multiplied by 10−5 for
visibility in blue, while the signal purity, multiplied by 10, is shown in orange and
the significance proxy in green. The middle panel shows the signal composition of
the categories, dominated by VBF events, shown in orange, in the VBF targetting
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Figure 4.7: The invariant mass distribution after the FSR correction at the Z
peak for the 0-jet High, 1-jet High, 2-jet High, and VBF High analysis categories.
The data is shown as black markers, Drell-Yan as light blue, diboson as blue,
and top MC simulated events as dark blue histograms. The MC simulation is
normalised to data for easier visual comparison. The bottom panel shows the ratio
between the data and the MC simulation. The blue band represents experimental
systematic uncertainties, while the black error bars represent combined statistical
uncertainties on both data and MC simulation.
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4.5 Signal modelling

The H → µµ signal is modelled using an analytical function with the shape pa-

rameters determined from the maximum-likelihood fit to the MC simulation. In

the combined signal and background fit to the data, the shape parameters are kept

fixed and only the normalisation is adjusted to the data.

Since the analysis measures the signal strength multiplier, defined with re-

spect to the expected SM value, it is important to evaluate the theoretical and

experimental systematic uncertainties which affect the signal normalisation. Fur-

thermore, since analysis sensitivity depends greatly on the distribution of the sig-

nal among the different categories, the systematic uncertainties which affect the

kinematics of events, not just their total normalisation, need to be evaluated.

4.5.1 Signal parametrisation

In the Standard Model, the Higgs boson has a width of only 4.1 MeV, negligible

compared to the detector resolution of a few GeV in this momentum range. As

a result, the signal shape is dominated by the detector resolution effects and to

some extent the quality of final-state radiation recovery.

It is modelled using a double-sided Crystal-Ball (DSCB) function [154], which

has a Gaussian core and tails on both sides, and is defined as [155]

DSCB = N ·


e−

1
2
t2 for − αlow ≤ t ≤ αhigh

e−
1
2
α2
low

[
αlow

nlow

(
nlow

αlow
− αlow − t

)]−nlow

for t < −αlow

e−
1
2
α2
high

[
αhigh

nhigh

(
nhigh

αhigh
− αhigh + t

)]−nhigh

for t > αhigh,

(4.3)

where t = (mµµ − µCB)/σCB, N is the normalisation constant, µCB and σCB are

the mean and sigma of the central Gaussian distribution, αlow (αhigh) parametrises

the invariant mass where the function transitions to the nlow (nhigh) power law on

the low-mass (high-mass) side of the spectrum.

An alternative functional form, a sum of a Gaussian and a one-sided Crystal-

Ball with the tail towards lower values of the mass has been tested with similar

results. The double-sided Crystal-Ball model was chosen because its parametrisa-

tion has a single mean and width and is more stable during the fit.
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The signal shape is obtained in each category separately by fitting the com-

bined signal from all main production modes. An alternative approach, fitting

production modes separately and combining them in the proportions predicted by

the SM, yields very similar results and is not used for simplicity.

The detailed form of the signal shape is expected to have little impact on the

result at the search stage. Nevertheless, injection tests were carried out, fitting the

functional form to the MC simulated spectrum. The extracted signals matched

the injection within 0.5%, equal to the statistical precision of the test.

The fitted values of the µCB parameter were between 124.5 and 124.8 GeV,

while the σCB parameter varied between 2.5 and 3.0 GeV between the categories.

Fitted DSCB models are shown in Figure 4.8 for the VBF High and 0-jet High

categories.
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Figure 4.8: The DSCB signal model fit to the MC simulation of all Higgs pro-
duction modes in the VBF High and 0-jet High analysis categories. VBF High
category fit is shown as a red solid line, while the MC simulation is shown as
empty red markers. The fit in the 0-jet High category is shown as a blue line,
while the MC simulation is shown as solid blue circles. The fitted values of µCB

and σCB parameters are shown on the left (right) side for the VBF High (0-jet
High) category. Reproduced from Ref. [6].
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4.5.2 Systematic uncertainties

The signal normalisation and its distribution between the categories are affected

by both the theoretical and experimental systematic uncertainties.

Theoretical uncertainties affecting the signal normalisation come from the effect

of missing higher-order QCD corrections on the cross-section prediction, and the

uncertainty on the branching ratio to muon pairs [23].

Some theoretical uncertainties also have an impact on the migration of events

between the categories, either because of the effect on the muon or jet kinematics.

These include the QCD scale variations, the uncertainties on the treatment of the

underlying event and hadronisation, the uncertainties on the pT of the Higgs boson,

the uncertainties on the migrations between jet multiplicities and the treatment of

top quark mass, following the prescription in Ref. [23]. The uncertainties on the

underlying event are evaluated by considering Pythia 8 eigentune variations and

those on showering by considering events showered by Pythia 8 and Herwig 7

[156, 157]. Dedicated uncertainties are also computed for the acceptance of the

ggF events in the VBF categories.

The individual size of theoretical uncertainties ranges between per mille level

and 15% for the ggF production mode, while the uncertainties on the VBF pro-

duction modes range between per mille level and 7%.

Experimental systematic uncertainties affect the normalisation and shape of

the signal events as well as their distribution between the categories. For muons,

the normalisation uncertainties come from the uncertainty in the scale factors for

the reconstruction and identification efficiencies, trigger, isolation selection, and

the impact parameter efficiencies. The only uncertainties which significantly alter

the shape of the signal are the uncertainties on the muon scale and resolutions,

which affect the position and the width of the Higgs boson mass peak.

Systematic uncertainties on other objects used in the analysis also have an

effect on the analysis sensitivity, mainly by affecting the distribution of signal

events between the analysis categories. In particular, Emiss
T soft term uncertainties

and uncertainties on the jet energy scale and resolution have an important impact

on the distribution of events in the VBF categories in the 2-jet channel. Pile-up

modelling has an impact on migration of events between jet multiplicity channels,
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while the uncertainties on the b-tagging efficiency affect the number of events that

pass the analysis selection.

Overall, the largest experimental uncertainty comes from the jet energy scale

and resolution, affecting signal yields in some of the 2-jet categories by up to 10%.

The uncertainty from the muon momentum resolution affects the fitted yields at

the 1–6% level, depending on the category.

Additionally, an uncertainty on the Higgs boson mass from Ref. [19] is found

to have a small impact. Finally, the uncertainty on the combined integrated lumi-

nosity of the dataset is 1.7% [158, 159].

4.6 Background modelling

The very small signal to background ratio in the central region means that the

modelling of the background is critical to the success of the analysis. Since the

number of background events is much larger, a very small bias in the background

model would greatly impact the extracted signal.

The signal to background ratio in the Central region is 0.2% inclusively, though

this improves in some analysis categories. This requires the control of the back-

ground shape to sub per mille level.

Analytical functions, motivated by the composition of the background spec-

trum (dominated by DY, smaller contributions from diboson and top), have been

tried in the past but they have struggled in particular to model the steeply falling

spectrum towards the Z mass peak. In this analysis, a combination of a rigid core

and an empirical function is used instead.

The core function, common to all analysis categories and without free param-

eters, models the steep part of the spectrum. The empirical function models the

differences in categories due to selection and resolution effects, and is selected us-

ing the custom DY dataset, described in Section 4.1.3. The value of the spurious

signal uncertainty is extracted simultaneously.

4.6.1 Background parametrisation

The background model is constructed in each analysis category separately, by

multiplying a common core function with an empirical function specific to the
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category,

F (mµµ) = Fcore(mµµ) · Fempirical(mµµ). (4.4)

The core function describes the inclusive DY spectrum and is able to model

the steeply falling part of the spectrum. It is constructed from the analytic

LO Drell-Yan line-shape [160], convolved by the normal distribution with width

parametrised as a function of mµµ to model the effects of detector resolution,

Fcore(mµµ) =

(∑
q

Lqq̄(mµµ) · σqq̄(mµµ)

)
∗ N (0, σ(mµµ)), (4.5)

where the sum over q runs over the lightest three quarks, q = u, s, d, the par-

ton luminosity component Lqq̄ is derived using PDF4LHC15 PDF for the LO

using APFEL [161] and LHAPDF [162]. The cross-section component σqq̄(ŝ) =

σqq̄(mµµ)/(2mµµ) can be written as [6]

σqq̄(ŝ) =
4πα2

3ŝNc

[
Q2
q − 2QqV`VqχZγ(ŝ) + (A2

` + V 2
` )(A2

q + V 2
q )χZ(ŝ)

]
, (4.6)

where

χZγ(ŝ) = κ
ŝ(ŝ−m2

Z)

(ŝ−m2
Z)2 + Γ2

Zm
2
Z

, (4.7)

χZ(ŝ) = κ2 ŝ2

(ŝ−m2
Z)2 + Γ2

Zm
2
Z

, (4.8)

κ =

√
2GFm

2
Z

4πα
, (4.9)

and ŝ = m2
µµ, Qq is the electric charges of the quarks, Vf and Af are the vector and

axial-vector couplings of the fermions, α, and GF are the electroweak couplings,

mZ and ΓZ are the mass and the width of the Z boson with values taken from

Ref. [163], and Nc = 3 is the number of colour charges.

The resolution function σ(mµµ) is derived from the MC simulation of Drell-

Yan samples, simulated by Sherpa, by comparing the truth and reconstructed

invariant mass.

The empirical function is chosen among two families of functions, namely “Pow-

erN”,

PowerN(mµµ) = m
(a0+a1mµµ+a2m2

µµ+...+aNm
N
µµ)

µµ , (4.10)
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and “EpolyN”,

EpolyN(mµµ) = e(a1mµµ+a2m2
µµ+...+aNm

N
µµ), (4.11)

where an are the free parameters, according to the selection procedure outlined in

Section 4.6.2.

4.6.2 Model selection

The empirical function is chosen separately in each analysis category, by first

reducing the set of functions to those satisfying the following criteria:

• The χ2 probability of the background-only fit must be larger than 1% for:

– the data in the fit region (excluding the range 120− 130 GeV),

– the ATLAS MC simulation of DY, diboson, and top backgrounds in the

fit region,

– the custom DY sample, reweighted to the data sidebands using a second

order polynomial.

• The spurious signal test, as defined in Section 4.6.3, is satisfied: SS < 20% δS,

where SS is the fitted signal yield (the spurious signal), and δS is the statisti-

cal uncertainty on the signal strength obtained from the data corresponding

to 139 fb−1.

• If multiple functions pass the first two criteria, the function(s) with the fewest

number of free parameters is (are) chosen.

• If more than one function remains, the function with the smallest value of

SS is chosen.

The selected functions are shown in Table 4.8 for each of the analysis categories.

The spurious signal uncertainty is considered as uncorrelated across the categories

since none of the values are more than two standard deviations away from zero,

when considering the statistical uncertainty on the custom DY sample, correspond-

ing to approximately 700 times the statistics of the dataset.
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Table 4.8: The selected empirical function components of the background model
in each of the analysis categories. Also shown are the SS values, defined as the
maximum of the fitted signals in the 120–130 GeV mass range, normalised to the
expected statistical error on the fitted signal (δS and to the SM predictions for
signal yields in the analysis categories (SSM). Reproduced from Ref. [6].

Category Empirical Function max(SS/δS)[%] max(SS/SSM)[%]

VBF High Power0 10.6 14.7
VBF Medium Epoly2 0.51 1.3

VBF Low Power1 3.6 7.5
2-jet High Epoly2 8.7 16.3

2-jet Medium Epoly4 1.2 3.9
2-jet Low Epoly3 -8.2 -33.2
1-jet High Power1 6.1 12.1

1-jet Medium Epoly3 -8.1 -19.8
1-jet Low Epoly3 -2.5 -5.8
0-jet High Power1 14.6 26.5

0-jet Medium Epoly3 -11.6 -39.0
0-jet Low Epoly3 -18.5 -74.2

4.6.3 Spurious signal uncertainty

The spurious signal value is determined by a combined signal and background

model fit to the invariant mass spectrum in the fit region of the custom DY sample,

shown in Figure 4.9. Prior to the fit, the DY sample is re-weighted to the data

sidebands using a first-order polynomial in the VBF categories, and a second-

order polynomial in the other categories. The re-weighting mitigates the potential

mismodelling of the invariant mass shape by the MC simulation.

A number of scans are performed, varying the signal mass parameter between

120 and 130 GeV in 1 GeV steps, while the other parameters of the signal model

are kept to the values obtained in the fit. The maximum value of the fitted signal

across this range is taken as the total spurious signal, denoted as SS.

The sensitivity of the SS value to the shape of the custom DY spectrum was

evaluated by fitting the combined signal and background model to the systematic

variations of the custom DY spectrum. For theoretical systematic uncertainties,

the variations of the QCD renormalisation scale and using alternative PDF sets
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Figure 4.9: The combined signal and background fit to the custom DY invariant
mass spectrum in 0-jet High, 1-jet High, 2-jet High, and VBF High analysis cat-
egories. The top panel shows the custom DY template as black points, the fixed
core function as a dashed green line, and the full background model as a solid blue
line. The signal shape, normalised to the SM prediction, is shown as a red line
and only clearly visible in the VBF High category. The reduced χ2 value of the fit
and the corresponding χ2-probability are also shown. The middle panel shows the
custom DY template, divided by the core function (black points) and the empirical
function (blue solid line). The bottom panel shows the ratio between the custom
DY template and full background model as black points. the signal shape, divided
by the background model is shown as a solid red line. The dashed red lines in the
bottom panel denote the expected signal purity in the central region. Reproduced
from Ref. [6].
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were considered. From the experimental side, the systematic variations of muon

momentum scale and resolution in the ID and MS detectors were used. The

obtained SS values from the systematic variations were not significantly different

from those obtained from the nominal template.

It should be noted that the custom DY samples are only used in selecting the

empirical part of the function and the evaluation of the spurious signal systematic

uncertainty. They are not used at all when fitting the invariant mass spectrum in

data.

4.7 Results

The analysis of the data is based on a binned likelihood model for the observed

number of events in the invariant mass spectrum of the analysis categories. The

approach is mostly frequentist, though it deviates from the paradigm to accommo-

date practical needs. Most notably, the systematic uncertainties are treated using

constraint terms, even though the underlying uncertainty may not be a result of

limited statistical accuracy of an auxiliary measurement, as is the case with some

theoretical parameters. Furthermore, when setting the upper limits on the signal

strength, a modification of the standard construction of confidence intervals is used

in order to prevent exclusions of arbitrarily small signals as a result of downward

fluctuations in the background.

The results are obtained by a combined signal and background binned maximum-

likelihood fit, performed simultaneously in the twelve analysis categories. The fit

is performed in the 110–160 GeV region, with the bin size of 0.1 GeV, chosen as a

suitable trade-off between sensitivity and computation time.

4.7.1 Likelihood function

The parameter of interest is the signal strength, µ, a single multiplicative factor

of the expected number of signal events, normalised such that µ = 0 corresponds

to zero observed signal events, and µ = 1 corresponds to the expected number of

events from the Standard Model. The nuisance parameters are denoted by θ and

include the parameters of the background model and the systematic uncertainties
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affecting the normalisation, shape, and distribution of signal events between the

analysis categories. The observed data, representing the observed events binned

in the invariant mass, is denoted by D = {ncb}, where ncb is the number of data

events in bin b of category c.

The full likelihood function is the product of likelihoods in each of the cate-

gories, multiplied by the constraint terms for the nuisance parameters,

L(µ, θ|D) =
∏

c∈categories

Lc(µ, θ|D) ·
∏
p∈S

fp(ap|αp), (4.12)

where S is the set of parameters p with constraint terms, fp is the Gaussian or

log-normal constraint term for parameter p with value ap, and parametrised by

αp. For example, parameter p can be the muon trigger efficiency scale factor with

value ap and is constrained by a Gaussian term fp with αs being the nominal value

of the scale factor and its uncertainty, obtained from previous a previous dedicated

measurement performed by the muon performance group.

The likelihood function in the category c takes the form

Lc(µ, θ|D) =
∏
b∈bins

Pois(ncb|νcb(µ, θ)), (4.13)

where Pois(n|ν) is the Poisson probability distribution with the observed number

of events n, and the rate parameter ν. The rate parameter νcb(µ, θ) takes the form

νcb(µ, θ) = µScb(θ) +Bcb(θ), (4.14)

where Scb(θ) is the expected number of signal events in the bin b of category c,

obtained by integrating the signal model in Eq. 4.3, and depends on the nuisance

parameters θ, for example the muon momentum scale and resolution corrections.

Bcb(θ) is the expected number of background events in the bin b of category c, and

also depends on the nuisance parameters, most importantly on the parameters of

the background model described in Eq. 4.4.

4.7.2 Statistical treatment

The point estimate of the signal strength, µ̂, is obtained by numerically minimis-

ing the value of − lnL(µ, θ|D), and is found to be 0.5. The values of nuisance

parameters at this point are denoted as θ̂.
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The results of the maximum-likelihood fit are shown in Figure 4.11 for the

“High” categories, Figure 4.12 for the “Medium” categories, and in Figure 4.13 for

the “Low” categories. Figure 4.14 shows the combined fit in all analysis categories,

both unweighted and weighted by log(1 + S/B) per category, where S and B are

the number of signal and background events in the Central region in the category.

Table 4.9 shows the number of observed data events in each of the analysis cat-

egories, along with the number of signal events predicted by the Standard Model,

and the values of signal and background events obtained from the maximum-

likelihood fit. The significance proxy S/
√

B and the signal purity (S/B) are also

shown.

Table 4.9: Number of events in the central region in all the analysis categories,
as observed in data (Data), predicted for signal by the Standard Model (SSM),
and events from signal (S) and background (B) derived from the results of the
maximum-likelihood fit. Additionally, the number of observed signal events over
the square root of the number of observed background events (S/

√
B) and the

signal purity (S/B) are shown. Reproduced from Ref. [6].

Category Data SSM S B S/
√

B S/B [%]

VBF High 40 4.5 2.3 34 0.39 6.6
VBF Medium 109 5.5 2.8 100 0.28 2.8

VBF Low 450 9.6 4.9 420 0.24 1.2
2-jet High 3400 38 19 3440 0.33 0.6

2-jet Medium 13938 70 35 13910 0.30 0.3
2-jet Low 40747 75 38 40860 0.19 0.1
1-jet High 2885 32 16 2830 0.31 0.6

1-jet Medium 24919 107 54 24890 0.35 0.2
1-jet Low 77482 134 68 77670 0.24 0.1
0-jet High 24777 85 43 24740 0.27 0.2

0-jet Medium 85281 155 79 85000 0.27 0.1
0-jet Low 180478 144 73 180000 0.17 <0.1

In order to construct the confidence intervals on µ, a hypothesis test is con-

ducted at each value of µ. This is done with the help of a test statistic, a mapping

from the data to a real number. First, a profile likelihood ratio is defined as

λ(µ) =
L(µ,

ˆ̂
θ(µ))

L(µ̂, θ̂)
, (4.15)
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where
ˆ̂
θ(µ) are the nuisance parameters which maximise the likelihood with µ

fixed, called the conditional maximum-likelihood estimates. Clearly, 0 ≤ λ(µ) ≤
1, with λ(µ) values near 1 signalling good agreement between the data and the

hypothesised µ.

The test statistic tµ is defined for each hypothesised value of µ,

tµ = −2 lnλ(µ), (4.16)

with higher values of tµ corresponding to less compatibility between the data and

the hypothesised µ, either because µ̂ is greater or smaller than the hypothesis µ.

The level of disagreement between the hypothesis µ and the data is quantified

using the p-value,

pµ =

∫ ∞
tµ,obs

f(tµ|µ)dtµ, (4.17)

where tµ,obs is the value of the test statistic obtained from the data, and f(tµ|µ) is

the probability distribution of the test statistic tµ under the assumption µ. Instead

of using the computationally expensive Monte Carlo simulated toy experiments to

determine the distribution of the test statistic, a representative Asimov dataset

[164] is used to determine the expected uncertainty on the signal strength.

Using the 68% confidence interval, the measured signal strength is found to be

µ = 0.5± 0.7(stat)±0.2
0.1 (syst) (4.18)

where the uncertainty is dominated by the statistical uncertainty on the data. The

impact of systematic uncertainties is ±0.2
0.1, dominated by the uncertainties on signal

normalisation and shape from theoretical (0.08) and experimental (0.07) effects.

The effect of the spurious signal uncertainty is 0.06. The expected and observed

signal strengths in all twelve analysis categories are shown in Figure 4.15.

The leading systematic uncertainties are shown in Figure 4.10, ordered by their

impact on the signal strength. The single most important systematic uncertainty

is the uncertainty on the muon spectrometer momentum calibration, which af-

fects the width of the signal shape in the fit. These are followed by a theoretical

systematic uncertainties affecting the overall normalisation and distribution of sig-

nal between the analysis categories. Spurious signal systematics are denoted as

ATLAS bias BDTN . Other important experimental systematic uncertainties are the
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muon momentum resolution in the inner detector, and jet systematics which affect

the yields in the VBF categories.

20− 15− 10− 5− 0 5 10 15 20
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Figure 4.10: Systematic uncertainties affecting the measurement of the signal
strength ordered by their impact. The coloured bars show the postfit impact
on the signal strength and their size corresponds to the scale at the top of the
figure. The pull is shown as black lines and the size corresponds to the scale at
the bottom of the figure. Figure produced by a collaborator.

The asymmetry in the total systematic uncertainty arises as a combination
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of systematic uncertainties, apart from the spurious signal uncertainty, being rel-

ative and the statistical uncertainties being much larger than systematic uncer-

tainties. When the statistical uncertainty is varied towards higher values of the

signal strength, the absolute size of the relative systematic uncertainty on the sig-

nal strength increases. This effect can be seen in Figure 4.15, where individual

categories have clearly asymmetric systematic uncertainties.

In the measurement of the signal strength, the parameter of interest was allowed

to take either positive or negative values. It is also possible to restrict the signal

strength to non-negative values, and perform a one-sided hypothesis test. However,

the estimator µ̂ is still allowed to take on negative values and the restriction on µ

is implemented through a different test statistic. When the best fit value µ̂ < 0,

the best agreement between the data and the physically allowed signal strength is

at µ = 0, defining λ̃(µ) as

λ̃(µ) =


L(µ,

ˆ̂
θ(µ))

L(µ̂,θ̂)
µ̂ ≥ 0

L(µ,
ˆ̂
θ(µ))

L(0,
ˆ̂
θ(0))

µ̂ < 0,
(4.19)

where
ˆ̂
θ(0) are the values of nuisance parameters that maximise the likelihood

conditioned on µ = 0. Using λ̃(µ), t̃µ can be defined as t̃µ = −2 ln λ̃(µ). The

background-only hypothesis can then be tested by considering the special case of

t̃µ with µ = 0,

t̃0 =

{
−2 ln λ̃(0) µ̂ ≥ 0

0 µ̂ < 0.
(4.20)

It can be seen from the definition that large values of t̃0 correspond to poor agree-

ment with data and are only achieved for µ̂ > 0, as expected from a one-sided test.

The p-value is then computed using

p0 =

∫ ∞
t̃0,obs

f(t̃0|0)dt̃0, (4.21)

where t0,obs is the test statistic obtained from the data, and f(t̃0|0) is the distri-

bution of the test statistic under the background-only hypothesis. The p-value is

then converted to the quantile of the normal distribution, or number of “sigma”

(Z), using

Z = Φ−1(1− p0), (4.22)
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where Φ−1 is the inverse of the cumulative distribution for the normal distribution.

The results of the test are

Z = 0.8 (1.5) σ observed (expected), (4.23)

where the expected value is obtained using the Asimov dataset.

It is also possible to reverse the situation and test a combined signal and

background hypotheses, parametrised by the value of µ, which is restricted to be

positive. A test statistic t′µ is defined as

t′µ =

{
−2 ln λ̃(µ) µ̂ ≤ µ

0 µ̂ > µ,
(4.24)

reflecting the fact that the data with µ̂ > µ do not constitute evidence against

hypothesis µ. It can be seen from the definition that large values of t′µ correspond

to the data less compatible with the hypothesis. Therefore, the p-value is computed

as

pµ =

∫ ∞
t′µ,obs

f(t′µ|µ)dt′µ, (4.25)

where t′µ,obs is the value of the test statistic observed in the data, and f(t′µ|µ) is the

distribution of the test statistic under the assumption that the data comes from

the hypothesis µ.

The standard 95% confidence level (CL) upper limit is obtained by solving for

µ which results in pµ = 0.05. However, in the case of a downward fluctuation

of the background this results in strong limits on the signal strength, which is

undesirable. As a remedy, an alternative quantity p′ is defined as

p′ =
pµ
pb

(4.26)

where pb is the p-value under the background-only assumption, i.e. pb = pµ=0. The

so-called CLs upper limits at 95% CL are obtained by solving for µ which results

in p′ = 0.05 [164, 165] and prevents the exclusion of small signals as a result of the

background underfluctuation. However, the excluded signal strength region loses

the confidence interval interpretation. While the coverage for large µ tends to 95%

as expected, for small µ the coverage approaches 100%.
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The expected limits are also computed using the Asimov dataset corresponding

to the µ = 0 and µ = 1 assumptions. Using the CLs method, the limits were found

to be

95% CLs upper limit on µ =


1.7 observed

1.3 expected (µ = 0)

2.2 expected (µ = 1)

(4.27)

Assuming the SM values for the production cross-section the corresponding ob-

served limit on the branching ratio to muon pairs is BR(H → µµ) < 3.8 · 10−4.

Key numerical results are summarised in the box below.

µ = 0.5± 0.7(stat)±0.2
0.1 (syst)

Z = 0.8 (1.5) σ observed (expected)

95% CLs upper limit on µ =


1.7 observed

1.3 expected (µ = 0)

2.2 expected (µ = 1)
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Figure 4.11: The combined signal and background fits to the invariant mass after
FSR corrections in data in the 0-jet High, 1-jet High, 2-jet High, and VBF High
categories. The top panel shows the data (black markers), the full background
model (dashed black line), the signal model (solid red line) and the combined signal
and background model (solid blue line). The bottom panel shows the difference
between the data and the full background model as black markers, and the signal
model as a solid red line. The error bars represent statistical errors on the data.
The width of the bins is 2 GeV, while the fit is performed in bins of 0.1 GeV.
Reproduced from Ref. [6].

96



 [GeV]µµm

E
ve

nt
s 

/ 2
 G

eV

10000

20000

30000

40000

50000

60000  PreliminaryATLAS
-1=13 TeV, 139 fbs

0-jet Medium

Data
Total PDF
Signal PDF
Bkg. PDF

 [GeV]µµm
110 115 120 125 130 135 140 145 150 155 160

D
at

a 
- 

B
kg

.

200−
0

200
400

 [GeV]µµm

E
ve

nt
s 

/ 2
 G

eV

2000

4000

6000

8000

10000

12000

14000

16000  PreliminaryATLAS
-1=13 TeV, 139 fbs

1-jet Medium

Data
Total PDF
Signal PDF
Bkg. PDF

 [GeV]µµm
110 115 120 125 130 135 140 145 150 155 160

D
at

a 
- 

B
kg

.

200−
100−

0
100
200

 [GeV]µµm

E
ve

nt
s 

/ 2
 G

eV

1000

2000

3000

4000

5000

6000

7000

8000

9000
 PreliminaryATLAS

-1=13 TeV, 139 fbs
2-jet Medium

Data
Total PDF
Signal PDF
Bkg. PDF

 [GeV]µµm
110 115 120 125 130 135 140 145 150 155 160

D
at

a 
- 

B
kg

.

100−
50−

0
50

100
150

 [GeV]µµm

E
ve

nt
s 

/ 2
 G

eV

10

20

30

40

50
 PreliminaryATLAS

-1=13 TeV, 139 fbs
VBF Medium

Data
Total PDF
Signal PDF
Bkg. PDF

 [GeV]µµm
110 115 120 125 130 135 140 145 150 155 160

D
at

a 
- 

B
kg

.

10−
5−
0
5

10
15

Figure 4.12: The combined signal and background fits to the invariant mass after
FSR corrections in data in the 0-jet Medium, 1-jet Medium, 2-jet Medium, and
VBF Medium categories. The top panel shows the data (black markers), the full
background model (dashed black line), the signal model (solid red line) and the
combined signal and background model (solid blue line). The bottom panel shows
the difference between the data and the full background model as black markers,
and the signal model as a solid red line. The error bars represent statistical errors
on the data. The width of the bins is 2 GeV, while the fit is performed in bins of
0.1 GeV. Reproduced from Ref. [6].
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Figure 4.13: The combined signal and background fits to the invariant mass after
FSR corrections in data in the 0-jet Low, 1-jet Low, 2-jet Low, and VBF Low
categories. The top panel shows the data (black markers), the full background
model (dashed black line), the signal model (solid red line) and the combined signal
and background model (solid blue line). The bottom panel shows the difference
between the data and the full background model as black markers, and the signal
model as a solid red line. The error bars represent statistical errors on the data.
The width of the bins is 2 GeV, while the fit is performed in bins of 0.1 GeV.
Reproduced from Ref. [6].
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Figure 4.14: The combined signal and background fits to the invariant mass after
FSR corrections in data, combined in all analysis categories. The unweighted
combination is shown in the top figure, while the bottom figure shows the events
weighted by the log 1 + S/B value of each category. The top panel shows the data
(black markers), the full background model (dashed black line), the signal model
(solid red line) and the combined signal and background model (solid blue line).
The bottom panel shows the difference between the data and the full background
model as black markers, and the signal model as a solid red line. The error bars
represent statistical errors on the data. The width of the bins is 2 GeV, while the
fit is performed in bins of 0.1 GeV. Reproduced from Ref. [6].
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Figure 4.15: The expected (top) and observed (bottom) signal strengths in all
twelve analysis categories. The central value and total uncertainty are shown
in black, the statistical uncertainties are shown in yellow, and the systematic
uncertainties in blue. The Standard Model prediction is shown as a red line.
Reproduced from Ref. [6].
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Chapter 5

Outlook

”Prediction is very difficult, especially about the future.”

— Niels Bohr



Sensitivity projections are an essential piece of information for making informed

decisions about the potential future projects the community should undertake. It

is therefore important to assess what can be achieved with the LHC machine, and

in particular what the physics reach of the full dataset will be. The dataset is

expected to be recorded at 14 TeV and to correspond to 3000 fb−1 of integrated

luminosity, and is known as the High-Luminosity LHC programme (HL-LHC).

As a part of the community-wide projections project [7, 8] an extrapolation of

results described in Ref. [5] was made. At the time, this was the state-of-the-art

analysis. The general approach of the analysis used in the extrapolation is not too

different from the one described in this thesis. However, a number of important

improvements presented in this thesis, most notably in categorisation and back-

ground modelling, that result in approximately 25% improvement in sensitivity of

the analysis, are not taken into account in the projection.

In addition to the increase in integrated luminosity from 80 to 3000 fb−1, in-

creases in the production cross-sections from 13 to 14 TeV are also taken into

account. The signal yields are scaled according to the values in Ref. [23], sepa-

rately for the ggF and VBF production modes. The background yields are scaled

according to the parton luminosity ratio as described in Ref. [166], taking into

account that the backgrounds are produced predominantly via the interaction of

quarks.

The performance of the reconstruction of physics objects is assumed to remain

unchanged to simplify the extrapolation. While the higher pile-up is likely to

degrade performance this is expected to be roughly balanced by the improved

performance of the ATLAS detector. Muon resolution is an exception to this rule

because of the large expected improvements in performance of the ATLAS Inner

Tracker (ITk) upgrade. To model this improvement the signal widths are reduced

by 30% in the VBF and Central analysis categories and by 15% in the Forward

categories to emulate the expected improvements [167].

Two scenarios are considered regarding the treatment of systematic uncertain-

ties. Scenario 1 (S1) assumes the relative systematic uncertainties remain as they

are today, while in Scenario 2 (S2) most of the theoretical uncertainties on the

signal normalisation are halved, with the exception of the PDF uncertainties for

which the reduction factors depend on the quark/gluon initial states [168]. The
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spurious signal uncertainty is assumed to be negligible in both the S1 and S2, while

the luminosity uncertainty is set to 1%.

Table 5.1 shows the comparison of the expected uncertainty on the signal

strength for the Run 2 analysis with 79.8 fb−1 and the S1 and S2 scenarios at

the HL-LHC. It can be seen that even with the full HL-LHC dataset the analysis

will be limited by the statistical uncertainty on data. Not taken into account in

the results in Table 5.1 is an additional 25% improvement in sensitivity that can be

expected from the improved background modelling and categorisation presented

in this thesis.

Table 5.1: The expected uncertainties on the signal strength measurement with
the Run 2, 79.8 fb−1 dataset and the S1 and S2 systematic uncertainty scenarios
for the HL-LHC dataset. Columns show the total uncertainty, statistical uncer-
tainty, experimental systematic uncertainty, and the uncertainty on the signal
normalisation. Reproduced from Ref. [7].

Scenario ∆tot/σSM ∆stat/σSM ∆exp/σSM ∆µsig/σSM

Run 2, 79.8 fb−1 +1.04
−1.06

+0.99
−1.03

+0.03
−0.03

+0.32
−0.27

HL-LHC S1 +0.15
−0.14

+0.12
−0.13

+0.03
−0.03

+0.08
−0.05

HL-LHC S2 +0.13
−0.13

+0.12
−0.13

+0.02
−0.02

+0.05
−0.04

This is in good agreement with a previous study of H → µµ prospects [169]

based on generator-level MC simulation. That study simulated a dataset equiv-

alent to 3000 fb−1 collected at 14 TeV with the average number of interactions

per bunch crossing 〈µ〉 = 200, and the most up-to-date detector performance. The

projected accuracy of the signal strength measurement was found to be 13%, while

the discovery significance was found to be larger than 9 σ.

Additionally, it is worth presenting a simple extrapolation of the results pre-

sented in this thesis to the near future. The reason is that the analysis is approach-

ing the significance threshold considered as evidence (3 σ), and that a considerable

improvement of ∼ 25% has been made over the iteration of the analysis on which

the more detailed projection was based. Assuming that the discovery significance

as well as the uncertainty on the signal strength scale with luminosity as 1/
√
L,

which is reasonable for the near future, the 3 σ benchmark will be reached with
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560 fb−1, and the 5 σ benchmark with 1550 fb−1, while the 0.5 uncertainty on the

signal strength will be reached with 275 fb−1, and 0.3 with 760 fb−1.

At the time of writing this thesis the latest result from the CMS experiment

is using 35.9 fb−1 of data collected in 2016 at the centre-of-mass energy of 13

TeV, and in combination with the earlier data collected at 7 and 8 TeV results

in the observed (expected) significance of 0.9 (1.0) σ. In comparison to ATLAS,

the CMS experiment benefits from a larger magnetic field, translating directly to

better muon resolution. As a result, its performance is expected to be superior

to that of ATLAS given the equivalent dataset, meaning that CMS is therefore

expected to play an important role in the future studies of the Higgs boson decay

to a pair of muons.
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Summary

The Higgs boson is a key element of the Standard Model, our current best un-

derstanding of Nature, and a rich experimental programme is currently underway

to measure its properties and interactions with other fundamental particles. Any

discrepancy between the experimental data and predictions from the Standard

Model could point the way towards new physics, potentially addressing the acute

theoretical and experimental problems of the Standard Model.

The experimental programme relies on the ability to accelerate protons to very

high energies using the Large Hadron Collider at CERN, and collide them at the

centre of general-purpose detectors, ATLAS, and CMS. The work presented in

this thesis relies on the data collected by the ATLAS detector and focuses on the

search for the decay of the Higgs boson to muon pairs.

Muons are reconstructed in ATLAS by using the information from the inner

tracker, the muon spectrometer, and the calorimeter system. Muon momentum is

measured to the precision of a few percent at the scales relevant for the search and

is calibrated in the MC simulation by using the invariant mass peak of the Z boson

as a standard candle. Muon isolation, important for distinguishing between real

prompt muons and fake muons or muons from secondary vertices, is described using

information from both the tracker and the calorimeters. The isolation efficiency

in MC simulation is corrected by the scale factors, measured using the tag-and-

probe method. A novel method of background subtraction reduces the systematic

uncertainties associated with the scale factor measurments by up to 75% in the

low transverse momentum regime. A machine learning approach to estimating

and eventually improving muon resolution with the goal of improving the analysis

sensitivity is presented but the observed improvements are too small to justify the

additional complexity of the analysis.
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The search for the H → µµ decay proceeds by selecting events which pass the

loosest available unprescaled single muon triggers and have two oppositely charged

muons. To reduce the backgrounds from tt̄ and diboson processes, events with a

b-tagged jet are rejected. The selected events are then sorted based on the number

of jets in the event and further categorised using a gradient boosting classifier.

The classifiers are trained with the MC simulation and the data sidebands using

a four-fold validation approach to avoid overtraining. The boundaries defining

the categories are determined using an exhaustive grid search, maximising the

significance proxy combined across the categories. Signal models are fit separately

in all categories to determine the shape of the signal. The background model is

selected using a dedicated high-statistics MC simulation of Drell-Yan events, which

is also used to determine the spurious signal systematic uncertainty. Finally, a

combined maximum-likelihood fit is performed simultaneously in all categories to

extract the signal strength and the associated confidence interval, as well as the

discovery significance of the decay. The data is found to be compatible with both

the Standard Model signal and no signal at all, with the result being limited by

the statistical uncertainty on the data.

Finally, sensitivity projection studies are presented that estimate the analysis

sensitivity achievable with future datasets. The coupling between the Higgs boson

and the muons is expected to be measured to ∼13 %. The analysis is approaching

the sensitivity to obtain evidence for the decay of the Higgs boson to muon pairs,

and exciting results are expected from both ATLAS and CMS experiments in the

immediate future.
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