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Abstract

In this thesis, a precision measurement of high momentum Z — up events in proton-
proton collision data recorded during 2015-2018 by the ATLAS detector is performed.
This measurement is made using a new method, MultiFold, that leverages machine
learning to produce a result that is not only corrected for detector effects, but is also
high-dimensional and unbinned. This marks the first measurement of its kind based
on LHC data and includes full uncertainty covariance. A result in this form greatly
increases its utility: it allows the user to construct distributions with any reasonable
binning, craft multi-dimensional distributions, and construct new observables that are
a function of those included in the result. The measurement is presented in the form
of a large event dataset with 24 observables and a variety of weights corresponding to
the nominal result and the associated uncertainties. It will be publicly available with
an associated user guide to provide examples and give instructions for appropriate use.

The pp — Z+jets cross section is measured as a function of 16 observables
that probe the kinematics of the Z boson, the produced muons, and the two highest
momentum charged particle jets. A further eight observables probe the internal struc-
ture of the two jets. In order to demonstrate the flexibility of the results obtained
with the MultiFold method, cross sections are also presented as a function of three
additional observables that are calculated from the resulting event sample.

A series of validation tests are performed in order to ensure the measurement
is accurate. These tests make use of a set of mock data with known differential cross
section distributions, and examine subsets of the dataset and the closure of multidi-
mensional distributions to ensure that agreement within uncertainties is maintained
between the measured result and the true values. Based on these tests, a set of rec-

ommendations will be provided in the user guide regarding the usage of the results.
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Statement of Originality
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work of many. The operation of the ATLAS detector and the LHC, the processing
and calibration of the data, and the production of simulated samples is all handled
centrally. I have contributed to low-level basic reconstruction software efforts in the
past. While that work is not detailed in this thesis, it involved implementing software
links between reconstructed objects as part of an ongoing effort to improve the event
reconstruction within the ATLAS experiment using a new technique known as Global
Particle Flow.

The figures in this thesis are created by me unless cited otherwise, and all text
is my own. I was one of the main contributors to this analysis and so my work began
with designing and implementing the event selection, applying the calibration and all
data-driven corrections to the simulation, processing the data and MC samples, and
the evaluation of all systematics at the event level. The additional post-processing re-
quired for the samples to be used in neural networks and the pseudodata production
was a joint effort between my supervisor, Dag Gillberg, and I. I was also respon-
sible for the implementation of the iterative Bayesian unfolding procedure and the
corresponding results.

The implementation of the MultiFold algorithm was developed by Ben Nach-
man, undergraduate student Adi Suresh and postdoctoral researcher Mariel Pettee
(all affiliated with the Lawrence Berkeley National Laboratory). While my initial
involvement in the MultiFold part of the analysis was low, it grew with time as the
analysis progressed. Initially, I helped evaluate the output produced by the Berkeley

team and helped to identify issues. In the past year, my involvement in the neural
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network training has increased substantially, in particular in regards to the system-
atic uncertainty propagation. The results for the MultiFold method were produced
by the LBNL team, but the tests of the method are performed by me.

At the time of writing this thesis the result is undergoing internal review within
the ATLAS Collaboration. A pre-print of the paper will be released shortly, although
the final journal is still being decided upon. Along with the publication, we will
publish the data as O(GB)-sized event data samples that constitute the measurement.
These will likely be hosted on the cloud storage site Zenodo. Along with the samples,
a Jupyter notebook will also be published to demonstrate the usage of the results.
This will include the production of the 24 differential cross sections presented in this

thesis, including the full uncertainty covariance.
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Conventions and acronyms

These are the conventions and acronyms used in this thesis. The acronyms are listed

in the order in which they appear.

Conventions

Due to the magnitudes that are dealt with in particle physics measurements, the
conventional choice of unit for energy is the electron volt (eV) as opposed to the
ST unit Joules (J). Furthermore, this thesis makes use of natural units throughout.
This constitutes the convention of setting the speed of light and the reduced Planck
constant to one, ¢ = i = 1. This leads to the momentum (eV/c), energy (eV) and
mass (eV/c?) all being in units of energy (eV). It is also conventional to express the
electric charge in units of the elementary charge.

This thesis makes use of data collected from proton-proton collisions in a circular
collider. Thus, the collision energy is expressed as the centre of mass energy (Fcn)

and is frequently written in terms of the Mandelstam variable s,

s = (pm +p2)2

where p; and py are the four vectors of the two incoming particles, thus in a circular

collider in the high energy limit /s = Ecy.
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Chapter 1

Introduction

The Standard Model of particle physics has proven to be a worthy companion since
its full realization in the 1970s. It gives remarkably accurate predictions of many
natural phenomena, and is extremely well scrutinized and well studied. Despite its
successes, it is known that the Standard Model is not a perfect theory. It lacks an
explanation for gravity, and does not explain the neutrino mass or the presence of dark
matter and dark energy. These open questions have led not only to many precision
measurements being made in an effort to observe deviations from Standard Model
predictions, but also many searches for new phenomena beyond the Standard Model.
With the advent of the Large Hadron Collider, physicists have been able to probe the
Standard Model up to higher and higher energies. Notably this led to the discovery of
the final unmeasured particle predicted by the Standard Model, the Higgs boson, in
2012 [1,2] by the ATLAS [3] and CMS [4] Collaborations. However, as of the writing
of this thesis, there has been no proof for any specific beyond the Standard Model
theory.

Unlike in the days of its discovery in the UA2 experiment [5] where Z bosons

were a rare occurrence, they are abundant at the Large Hadron Collider. This has not



only allowed for precision measurements of the Z boson properties, but also for the
measurement of their production in association with high energy quarks and gluons.
These high energy quarks and gluons produce collimated showers of particles within a
particle detector and are known as a jet. Examining the properties of these jets is an
important test of perturbative QCD, and this process as a whole marks an important
test of both theoretical predictions and the accuracy of simulation software. Due
to the aforementioned abundance of Z+jets events in proton-proton collisions at the
Large Hadron Collider, producing accurate simulations of this process is vital as it is
a major background for many beyond the Standard Model searches [6] and precision
Higgs boson measurements [7]. With the energy accessible at the Large Hadron
Collider, Z+jets processes can also be used to probe the characteristics of the triple
gauge couplings via higher order electroweak processes [8] and in the case where the
produced jet is the result of a b quark, be used to study heavy-flavour production and
its modelling [9].

Although the detectors located at the Large Hadron Collider are remarkable
machines, the measurements they make suffer from various limitations and blurring
effects due to the detector. To probe the underlying process the measurement needs
to be corrected for such detector effects, which is done through a technique known as
unfolding. Traditional unfolding methods face a variety of drawbacks. For one, the
measured data must be binned into histograms, resulting in potential feature loss,
and they cannot be rebinned after the unfolding is complete. Secondly, typical meth-
ods are limited to unfolding only one or low dimensional distributions. Lastly, the
unfolding procedure only takes into account information from the included features
and thus changes in detector response due to auxiliary features may not be correctly

accounted for.



Various new unfolding methods have been proposed to address these challenges,
with a subset aiming to do so by incorporating elements of machine learning into the
unfolding procedure. One such novel method is the recently developed MultiFold
method (and its parent method OmniFold [10]), which leverages neural networks to
perform a measurement that is highly dimensional and unbinned. In this thesis, it
is used to perform a measurement of this kind using ATLAS data for the first time.
Unlike other proposed methods [11-13], OmniFold employs a strategy of using neural
networks to iteratively reweight the existing Monte Carlo sample. Thus, the neu-
ral networks need only learn small incremental corrections as opposed to generative
models which require a full estimate of the underlying probability density of the data.
Access to a measurement of this nature would be extremely beneficial, for the reasons
outlined above, but also from a practical perspective. Due to the ability to rebin the
results, examine them in multiple dimensions, and derive new observables from them,
the longevity and convenience of results of this kind cannot be understated.

This thesis presents a measurement of high-pr Z+jets events based on the
full LHC Run 2 proton-proton dataset collected by the ATLAS detector. The data
is recorded with centre of mass energy equal to 13 TeV and has a total integrated
luminosity of 139.0fb~1. Only events where the Z boson decays to a muon and anti-
muon pair, ptu~, with pf¥ > 190 GeV are considered. The data is unfolded using
the MultiFold method with 24 observables as input, thus the measurement will be 24
dimensional and unbinned. The 24 observables are presented differentially, and are
compared with a traditional unfolding method, iterative Bayesian unfolding, as well
as theoretical predictions. Some additional results unique to the MultiFold method
are also explored, including differential measurements of observables derived from the

unfolded result.



The theoretical background of the Standard Model, proton-proton collision
modelling and Z-+jets production are first presented in Chapter 2, before introducing
the Large Hadron Collider and the ATLAS Experiment in Chapter 3. Chapter 4 in-
troduces the samples used in this analysis and Chapter 5 discusses the methods used
to reconstruct objects in the ATLAS detector. Chapter 6 then discusses both the
methods used to make the measurement: the traditional method (iterative Bayesian
unfolding) and the MultiFold method. Chapter 7 then outlines the definition of the
fiducial volume for this analysis, as well as discussing the modifications made to the
samples used as input to the MultiFold algorithm and the implementation of both
unfolding algorithms. Finally, Chapter 8 describes the results, first for mock data

and then for actual data before concluding remarks are made in Chapter 9.



Chapter 2

Theoretical background

This chapter begins with a short review of the Standard Model of particle physics
in Section 2.1. This is followed by a description of the modelling of proton-proton
collisions in Section 2.2. Finally, Section 2.3 describes the production mechanisms of
Z+jets final states in a proton-proton collider, which are the subject of this thesis.
Unless otherwise specified, Section 2.1 draws on Refs. [14-20]. More information
regarding the Lagrangian formalism and the development of quantum field theories

are also covered extensively in these references.

2.1 The Standard Model

Introduced in its totality in the 1970s, the Standard Model of particle physics (SM)
describes the fundamental particles and how they interact via three of the four fun-
damental forces of nature: the strong force, the weak force and the electromagnetic
force. The fourth fundamental force, gravity, is not included within the SM frame-
work. For our purposes, this force can be safely ignored given that any gravitational

effects will be incredibly weak within the realm of particle physics. The SM has



been rigorously studied from both a theoretical and experimental perspective, and it
explains nearly all natural phenomena studied to date’.

The particle content of the SM is summarized in Figure 2.1. The fundamental
spin-1/2 fermions that compose matter interact via the exchange of force-carrying
spin-1 gauge bosons. The SM is a quantum field theory, and thus these particles
are represented by individual fields. Furthermore, the SM is governed by the gauged

symmetry group

SU(3)C®SU(2)L®U(1)Y . (2.1)

This gauge group describes symmetry transformations under which the SM Lagrangian
must be invariant, and is used in combination with the individual particle fields to
determine the form of that Lagrangian. By Noether’s theorem, this leads to several
conserved quantities within the SM.

The SU(3)¢ group describes the strong interaction, where C' represents the
colour charge. The colour charge can take on one of three possible quantities: red,
blue, or green, and it must be conserved in any interaction involving the strong force.
The SU(2);, ® U(1)y group describes the electroweak interactions. The conserved
quantity in this case is the weak hypercharge, Y = 2(Q — I3). The electric charge,
@, is the conserved quantity of the U(1)gy group, and I3 is the third component of
the weak isospin, which is the conserved quantity associated with the SU(2), group.

The L refers to the fact that only fermions with left-handed chirality may participate

!Notable phenomena not currently explained within the framework of the SM are: a theory
of gravity, the small observed mass of neutrinos, the asymmetry of matter and antimatter in the
universe, and the existence of dark matter and dark energy. Refs. [17] and [19] in particular contain
discussions of these phenomena. Efforts to provide explanations for these observations make up
a very active field of study known as beyond the Standard Model (BSM) physics. It has led to
numerous theories, such as supersymmetry [21], but no experimental confirmation for any specific
theory has been observed thus far.



in weak interactions. Similarly, only fermions with electric charge may participate

in electromagnetic interactions and only those with colour charge may participate in

strong interactions.

Leptons

Quarks

Fermions
Generation | Generation |l Generation lll
0 YV © ( 0 )
Electron Muon Tau
Mass: 0.511 MeV Mass: 105.658 MeV Mass: 1776.86 MeV
Q:-1 Q:-1 Q:—-1
Iy LH=—2 RH=0 |[Iy LH=—2 RH=0 |[I; LH=—2 RH=0
Y: LH=-1 RH=-2|¥: LH=-1 RH=—2||¥: LH=-1 Rsz
e (@ (. @
Electron Neutrino Muon Neutrino Tau Neutrino
Mass: < 1.1eV Mass: < 0.19 MeV Mass: < 18.2 MeV
Q:0 Q0 Q0
Is: LH=+ I: LH=+3 Iy: LH=+
( LH=-1 /( LH=-1 j\ LH=-1 j
O )V 6 ( 0 )
Up Charm Top
Mass: 2.16 MeV Mass: 1.27 GeV Mass: 172.69 GeV
Q: +2/3 Q: +2/3 Q: +2/3

Iy LH=+7 RH=0

(LH=+§ RH=§

Iy LH=+7 RH=0

(LH=+§ RH:?

Iy LH=+> RH=0

4

(LH=+§ RH=+j

Down
Mass: 4.67 MeV
Q:-1/3

I3 LH=—2 RH=0

1 2
(LH—'F; RH——;

Strange
Mass: 93.4 MeV
Q:—-1/3

Iy LH=—2 RH=0

1 2
(LH—'{'; RH——;

Bottom
Mass: 4.18 GeV
Q:-1/3

Iy LH=—2 RH=0

1 2
(LH—'{'; RH——;

Bosons
)/

\' 4 -

Photon
Mass: 0 eV Mass: 125.25 GeV

Q:0 Q:0

I3:0 Is: _%

Y:0 Y:+1

N4
Gluon
Mass: 0 eV
Q:0
I3:0
Y:0

m

W Boson

Mass: 80.38 GeV
Q: +1
I3: +1
Y:0

Z Boson

Mass: 91.19 GeV
Q:0
I3:0
Y:0

Figure 2.1: A summary of the particle content of the Standard Model. Numerical
quantities are taken from Ref. [22]. @) represents the electric charge of each particle
in units of elementary charge, I3 the third component of the weak isospin, and Y is
the weak hypercharge.



2.1.1 Particle content of the Standard Model

2.1.1.1 Fermions

There exist two broad categories of fermions within the SM: leptons and quarks.
There are three generations of leptons: the first generation contains the electron (e)
and the electron neutrino (v, ), the second the muon (x) and the muon neutrino (v,),
and the third the tau (7) and the tau neutrino (v;). The electron, muon and tau
all possess electric charge () = —1 and thus interact via the electromagnetic force,
while the neutrinos do not as they have charge () = 0. Leptons do not possess a
colour charge and thus do not participate in the strong interaction. Charged leptons
can be divided into left-handed and right-handed chirality, while neutrinos may only
be left-handed. The left-handed charged leptons and corresponding neutrinos have a

weak isospin equal to +1/2 and form weak isospin doublets,

: : 7 (2.2)

L L L

while right-handed charged leptons form weak isospin singlets, ¢, and have a weak
isospin equal to 0. Thus, only the left-handed leptons may participate in weak inter-
actions.

It is also important to note that while neutrinos are determined to be massless
within the framework of the SM, they are known to possess a small mass [22]. This
was confirmed in 2002 when evidence of neutrino oscillations was discovered by the
SNO [23,24] and Super-Kamiokande [25] experiments. The origin of massive neutrinos
represents an ongoing area of study within particle physics.

Similar to leptons, there are also three generations of quarks: the first generation



contains the up (u) and down (d) quark, the second the charm (c¢) and strange (s)
quark and the third the top (f) and bottom quark (b). All quarks possess electric
charge (Q = —i—% for the u, ¢ and ¢t and Q) = —% for the d, s and b) and so interact
via the electromagnetic force. Furthermore, unlike the leptons, quarks do possess
a colour charge, and so participate in strong interactions. The two quarks in each

generation form a weak isospin doublet, for example

ur,

, (2.3)
d,

and right handed singlets, ug and dg, where the first generation has been used as an
example. Thus, the quarks also participate in weak interactions.

Quarks only exist in colourless bound states and so cannot be directly observed
experimentally. As an example, the proton is composed of a bound state of two u

quarks and one d quark.

2.1.1.2 Gauge bosons

The gauge bosons serve to mediate interactions between the fermions. They are spin-
1 particles that are associated with the generators of the gauge theory defined in
Eqn. 2.1.

The SU(3)¢ group has eight generators, resulting in eight massless gauge bosons
GY (a = 1,...,8). They are known as gluons and are the mediators of the strong
interaction. A further three gauge bosons, W¢ (a = 1,2,3), are associated with the
SU(2)y, group generators and a final gauge boson, B,,, is associated with the generator
for the U(1)y group. These final four gauge bosons are mediators of the electroweak

interactions and are related to the physical W*, Z° and the photon 7. Of these, only



the photon is massless while the other three gauge bosons possess a mass generated
by the spontaneously broken symmetry of the SU(2);, ® U(1)y gauge group. This is

outlined in more detail in Section 2.1.4.

2.1.1.3 Higgs boson

The Higgs boson is a massive spin-0 particle that is a consequence of the aforemen-
tioned spontaneous electroweak symmetry breaking and is necessary to explain the

masses of particles within the Standard Model.

2.1.2 Quantum electrodynamics

In the modern context, the particles and interactions within the Standard Model
are described using quantum field theories and use the Lagrangian formalism. This
discussion of quantum field theories will begin with a description of quantum electro-
dynamics (QED), which describes the interactions of charged fermions mediated by
a photon.

The Lagrangian for a free fermion ¢ with mass m can be written as

Efree - QZ(Z& - m)¢ . (24>

Here, Feynman slash notation is used as shorthand to represent @ = 49, where v*
are the gamma (also known as Dirac) matrices. This Lagrangian must be invariant
under global phase transformations, ¢ — ®¥e™**. Furthermore, it must possess local
gauge invariance, and thus must also be invariant under the transformation o — «a/(x)

for any position x. Combining these conditions, the Lagrangian must be invariant

10



under the transformation
P — e, (2.5)

However, if the transformation in Eqn. 2.5 is substituted into Eqn. 2.4, it leads to the

following change to the derivative term,
VO — YO — ipd,a(x)ip. (2.6)

Thus, the Lagrangian is not invariant. In order to mitigate this, the derivative must

be replaced with the covariant derivative,
0, — D, =0, +ieA,, (2.7)

where e is the coupling constant of QED and A, is a vector field that transforms

under Eqn. 2.5 as
1
A, — A, + gauoz. (2.8)

Making the replacement described in Eqn. 2.7 results in a Lagrangian that is invariant
under local gauge transformation as required. The final missing piece is a kinetic term
for the new field A, that is similarly invariant under local gauge transformations, this

results in

Lign = —}l(&,Au — 9,A,) (0" A — 9P AY) = —iFWFW. (2.9)

11



Thus, the total Lagrangian for the theory of QED is
1 .5 -
Lqrp = —ZFWFW + i Py — mapip. (2.10)

Lqep gives the kinetic terms for the fermion fields, as well as for the A, field (the

photon). It also provides the interaction term necessary to construct the QED vertex,
Ling = —epy* A b, (2.11)

This fundamental vertex is shown in Figure 2.2.

Y

f

Figure 2.2: The fundamental vertex described by the theory of QED.

2.1.3 Quantum chromodynamics

The theory of quantum chromodynamics (QCD) describes the interactions of quarks
and gluons that hold a colour charge. It is a manifestation of the unbroken SU(3)

symmetry group. This results in a derivation of the Lagrangian that is very similar,

12



albeit slightly more complex, to the determination of the QED Lagrangian.
The free-quark Lagrangian may be written analogously to Eqn. 2.4, where the

quarks are represented in QCD as a colour triplet,

Pr
b=y |- (2.12)
Ve

Like with QED, the Lagrangian must be invariant under local SU(3) gauge transfor-

mations,
) — peitre@T (2.13)

where g, represents the coupling constant and T represents the generators of the

SU(3) group. These eight generators may also be written as
1
T = 5)\‘1, (2.14)

where A\ represents the Gell-Mann matrices. In a similar procedure to QED, the
Lagrangian can be made invariant under Eqn. 2.13 by replacing the derivative with

the covariant derivative
A
DH = (9# + ngiGu, (215)
and introducing eight new gauge boson fields G that transform as

1
GZ - GZ - g_auaa - fabcabGZ- (216)

S

13



Figure 2.3: The fundamental vertices of QCD.

Here, the structure constants f,,. have been introduced, which are related to the
Gell-Mann matrices by [\, A\e] = 20 fapeAa-

The kinetic term for the gluon fields may then be written as,

1
Lin = =G G (2.17)

pv

where G is the field strength tensor,
Gy, = 0,Gy = 0,GY, — gs fare G, G5 (2.18)

The extra term in the field strength tensor gives an additional feature of QCD: gluon
self-couplings, which are not present in QED. The form of the resulting QCD La-

grangian is,
1 .
Lacp = —ZG““”GZU + (i) — m)ap. (2.19)

The interactions associated with QCD are summarized in Figure 2.3.
The theory of QCD leads to some interesting physical consequences. The gluon

self-couplings result in the theory being asymptotically free, i.e. the coupling constant

14



increases at low energy or large length scales and may be expressed as

2
(@)=t T
4T (33— 2n)In (%)

(2.20)

where QQ* represents the energy transfer, A is the QCD scale and n; represents the
number of quark flavours. QCD also exhibits what is known as colour confinement,
which means that quarks cannot be observed in isolation in nature and only exist in

colourless bound states.

2.1.4 Electroweak unification

The concept of electroweak (EW) unification was introduced by Glashow [26], Wein-
berg [27] and Salam [28]. This theory is necessary to describe the weak interactions,
particularly at high energy. There are some properties of the electroweak interactions
that contribute to differences between this theory and those of QED and QCD. For
one, the weak interaction is mediated by massive bosons, W* and Z°, as opposed to
the massless photon and gluons of QED and QCD. Furthermore, for QCD in partic-
ular, it may be observed that the coupling constant is consistent for all eight gluons.
However in the EW interactions, it can be observed experimentally that the W and
Z bosons do not have the same couplings. A unified theory for the electroweak inter-
actions must include these elements, as well as maintaining the expected properties of
the photon that were developed in the theory of QED. The basic theory is thus con-
structed by maintaining invariance under the SU(2), ® U(1)y group transformations,

as well as spontaneously breaking this gauge symmetry via the Higgs mechanism.

15



2.1.4.1 Gauge theory

The first part of the electroweak Lagrangian may be derived by examining the trans-
formations under the SU(2); ® U(1)y symmetry group. This proceeds very similarly
to QED and QCD. The weak interactions are associated with the SU(2) group, and

thus must be invariant under the transformation,
¢ — 9@ 5, (2.21)

where ¢ (a = 1,2, 3) represent the Pauli matrices and ¢ is the coupling constant.
There is an additional symmetry to consider due to the U(1)y group and thus

there must also be invariance under the phase transformation,
¢ — iY@y (2.22)

where Y is the hypercharge and ¢’ is the coupling constant.
These combined conditions lead to the requirement that the covariant derivative

be

1 . a__a 1 .
D,=20,— §ngMU — §ng'BM. (2.23)
Four massless gauge bosons have been introduced, Wy (a = 1,2,3) for the three
associated with the SU(2) group and an additional one associated with the U(1)

group, B,,. This leads to the following kinetic terms for the gauge fields,

1 1

L= — Wi W™ — 2B, B" (2.24)

16



with the field strength tensors defined as

We, = 0,Wi — 0,W — gea W WS (2.25)

Buu = 8MB1/ - aVB;n (226)

where €4, is the Levi-Cevita tensor. Finally, the interactions with the fermions may
be added to obtain the final expression for this part of the electroweak Lagrangian.
Keeping in mind that the weak force interacts differently with left-handed and right-

handed fermions, we may write

1 1 - -
»Cgauge = _ZWSVWGHV - ZB;WB/W + ¢Lzlp¢L + ¢le¢3' (227>

2.1.4.2 Spontaneous electroweak symmetry breaking

The mechanism by which these massless gauge bosons will acquire mass, spontaneous
symmetry breaking, can now be discussed. In order to introduce the symmetry break-
ing, a potential must be added to the Lagrangian that will result in a shift in the
vacuum expectation value. To this end, a complex scalar doublet known as the Higgs

field is introduced,

¢+
¢0

©
I

(2.28)

¢ is symmetric under SU(2) ® U(1). This introduces the following terms to the

electroweak Lagrangian

LHiggs = ’Du¢|2 + V(‘Jﬁﬁb) - %RMlbL - %LMWR, (2-29>

17



where the covariant derivative is as defined in Eqn. 2.23. The final two terms represent
the interaction between the Higgs boson and the fermions, and provide the mechanism
by which the fermions acquire mass. The form of M depends on the type of fermion.

The form of the potential term V(¢'¢) must be such that the theory is renor-
malizable, thus it is restricted to having a maximum of quartic terms. Furthermore,
it must be rotationally invariant and so we are limited to terms with powers of ¢f¢.

Thus, the general form is

V(9'¢) = —1*0'o + Ao'9)?, (2.30)

where in order to preserve stability, A is chosen to be a positive real constant and
is positive such that the vacuum expectation value is not invariant.

The vacuum expectation value is then denoted to be v/v/2, where
v=1/=. (2.31)

Furthermore, without loss of generality the Higgs field can be defined in terms of the

physical Higgs field, h:

¢F 1 0
¢ = ; -7 ol (2.32)

By substituting this into Eqn. 2.29, the terms in the electroweak Lagrangian that

18



involve the Higgs boson can be determined,

v+ h)? : ‘
WA (2wt w2y W — i) 1 (o B, — gW])?)

1

Lhtiges =50,h0"h +
1 _ _

+ Mv?h? + Moh® + ZM4 — M — Y M.

(2.33)
The physical states for the W= bosons can then be written as

1

Wt =—
V2

(W, 7iW;), (2.34)

and in order to diagonalize the masses, the physical states for the Z boson and the

photon can be written as:

Z, = cos HWW[?’ —sinfw B, (2.35)

A, =sin HWW;E + cos Ow By, (2.36)

where 6y is the weak mixing angle and is defined as tan fy, = ¢’/g. Substituting this

back into Eqn. 2.33 gives,

2 2 2

vTg
Z, 4" —W WHTh —Z ZMh
8cos2 Oy " + * 4cos? Oy "

vg

1
Litigs =50 WO, + — =W, W +

2 2
9 vrr—1rut 2 g w2 272 3, typ4
+—4 Wu WHTR +—800328WZ”Z h® + Av“h” + Avh +4)\h

— PpMY, — M.
(2.37)

This gives the masses for the W (mw = %), Z (mz = ), and Higgs boson
(mp, = V2Av), as well as the interaction terms which are summarized in Figure 2.5.

The W and Z self-couplings and their couplings to the fermions can be derived by
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Figure 2.4: The fundamental vertices of the electroweak theory involving elec-
troweak gauge boson self-interactions, as well as their interactions with fermions.

expanding Eqn. 2.24. These interactions are summarized in Figure 2.4.

2.2 Modelling pp collisions

Due to the complexity of many modern experimental measurements, it is crucial
to have theoretical predictions to compare with. This need for suitable theoretical
predictions has led to the development of Monte Carlo (MC) simulation software to
model processes.

As this thesis pertains to data produced by colliding protons at a very high
centre of mass (COM) energy (y/s = 13 TeV), this section will focus on describing

the simulation of proton—proton collisions. First, the calculation of the matrix element
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Figure 2.5: Interactions in the electroweak theory involving the Higgs boson.
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will be discussed, followed by a description of parton showering algorithms and finally

a brief discussion of hadronization.

2.2.1 Matrix element and cross section calculations

The first step to the simulation of a particular process is the calculation of the matrix
element (ME), M. The ME is calculated by summing contributions from all the pos-
sible Feynman diagrams describing a specific process using the principles developed
in the previous section. For a specific example, we may consider the annihilation of a
quark anti-quark pair to produce a Z boson as outlined in Figure 2.6. This figure also
shows diagrams of different orders: leading order (LO) diagrams are defined as the
diagrams with the least vertices, next-to-leading order (NLO) are then the diagrams
with one additional vertex, and so on. In practice, while calculating diagrams up to a
higher order leads to more precision in the ME, it also becomes more computationally
expensive. Thus, MC simulations calculate diagrams only up to a fixed order. In this
analysis, the majority of the MC generators calculate diagrams up to at least NLO
accuracy.

In this thesis, the quantity of interest is the rate at which a specific process
occurs. This is generally expressed as a cross section, o. For example, if the process
being considered is two incoming partons (quarks or gluons) a and b with a high
COM energy that produce some final state X with an arbitrary number of outgoing
particles, then the partonic production cross section for the ab — X process may be
expressed as [19]

1
Gapsx X %/dcbnw\?. (2.38)

The amplitude |M|? is as described above, & represents the Mandelstam variable in
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Figure 2.6: Representative Feynman diagrams for a quark and an antiquark an-
nihilating to produce a Z boson, (a) shows the leading order process with the least
number of vertices, (b) shows NLO with one additional vertex and (c¢) shows NNLO
with two additional vertices. Note that the loop diagram in (c¢) will also contribute
to the leading order diagram via interference.

relation to the incoming partons, and the remaining term containing ®,, describes the
final state phase space available for the process in question. The proportionality is
simply an overall factor related to the particle characteristics. This gives the basis
for calculating the cross sections of processes in proton-proton collisions. There are,
however, other considerations that must be taken into account.

The first additional consideration is the structure of the incoming protons.
Equation 2.38 describes the production cross section in the case of two incoming
partons, however, the proton is not a fundamental particle and is instead a bound

state of two u quarks and one d quark. The quarks that are part of the bound state are
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known as the valence quarks. These valence quarks will interact with each other via
gluons which themselves produce quark-antiquark pairs, producing what are known
as sea quarks. The partons will each carry a fraction of the proton’s total momen-
tum, which must be taken into account when making predictions for a final state.
The partons within the incoming protons can undergo deep inelastic scattering when
the momentum transferred in the proton-proton collision is high enough to cause the
proton to break apart. This deep inelastic scattering process can be parameterized
by two quantities, Q% and x. Q? represents the squared momentum transferred in
the collision and x represents the fraction of the proton’s momentum carried by the
parton involved in the collision.

It is possible to construct a probability distribution for the momentum of the
parton involved in the collision, known as the parton distribution function (PDF),
f(z,Q%. The PDF serves to give the probability that a parton within the proton
has a momentum fraction between x and = + dx for a certain momentum transfer
Q?. The PDFs must be determined experimentally, but they are universal and can
therefore be derived from a combination of a wide array of experiments. An example
of a PDF set can be seen in Figure 2.7.

Thus, in order to obtain the cross section for the ab — X process where a and

b are part of two colliding protons p; and ps, we must include the PDFs,

1 1
Opipa—X = Z/{; d‘rlfa<x17 Q2) /0 dx2fb($27 QQ) a-abHXa (239>
a,b

where x; and x5 is the momentum fraction of p; and ps carried by their constituent
partons, denoted a and b respectively, and 64, x is the partonic cross section pre-
sented in Eqn. 2.38. Note that s in that equation may now be expressed as x;xss,

where s represents the COM energy of the incoming protons.
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Figure 2.7: PDFs from the NNPDF3.0 PDF set shown with uncertainty bands for
(a) @* =10 GeV? and (b) Q* = 10* GeV? [29].

The effects of higher order diagrams on the cross section measurement must now
be considered. There are two main items to highlight here, the first is the existence
of infrared (IR) divergences caused by the emission of a soft (low energy) gluon from
the initial incoming particles (see Figure 2.6b in the case where the gluon is soft,
for example). These divergences are absorbed by the PDFs below a certain scale
defined as the factorization scale ur. For higher scales, where the gluon emission is
harder (higher energy), they are included in the partonic cross section calculation.
The second item to highlight is the ultraviolet (UV) divergences caused by loop
corrections at high energy (see for example the loop diagram in Figure 2.6¢). These

are absorbed using the MS scheme and result in the strong coupling constant o,
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becoming a function of the renormalization scale pg. This gives [30]:

1 1
Opipa—sX = Z/ dmlfa(%,MF)/ dws fo (22, ir) Gab—sx (X128, as(R), KR, fF)-
— Jo 0

(2.40)

For a process such as the one described above at a high COM energy, the calculations
remain firmly within the region of perturbative QCD (pQCD), where the coupling
constant ay is much less than 1. This means that the partonic cross section can be

freely expressed as,
Oapsx = 0° + vy o0 4 ai oNLO (2.41)

2.2.2 Parton showers

The outgoing partons from the ME calculation will continue to radiate additional
partons until the individual parton energy is low enough for hadronization to occur
(typically around O(GeV)). These subsequent partons are modelled using a parton
showering algorithm.

The basic principle of the parton showering algorithm is to take the final state
partons from the ME calculation and determine the probability that the system will
produce another parton and what energy the resulting parton will have. This is
determined using a Sudakov form factor that is a function of the splitting functions
and the energy of the system [31].

Parton showering algorithms generally deal well with soft and collinear emis-
sions, but do not provide as adequate a prediction for the case where the emission
is harder or at a wide angle. In this case, the emissions are better modelled using

ME calculations. This leads to a natural desire to combine these elements in order to
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construct the best possible model of the hard scatter event. Several schemes are in
existence to accomplish this, two examples are the CKKW-L [32,33] and FxFx [34]
algorithms.

Another consideration when modelling the parton showering in a hard scatter
event is the effects from the underlying event (UE). This includes all activity that
cannot be directly contributed to the initial hard scatter. As an example, this can
include multiparton interactions (MPI), which result from the interactions of addi-
tional partons from the protons involved in the hard scatter, or from interactions
stemming from the beam remnants. These additional interactions have a tendency
to be relatively soft. They will, however, contribute additional energy and influence

the colour flow in an event leading to a higher hadron multiplicity.

2.2.3 Hadronization

Once the parton showering algorithm has evolved the partons down to a sufficiently
low energy, the hadrons, which are the observable final state, must be modelled. There
are two primary models to perform the hadronization, the Lund string model [35, 36]
and the cluster model [37]. Both of these models require input from experimental
data in order to determine necessary parameters. If the initially produced hadrons
are unstable, the decays to stable particles are appropriately simulated by the MC
generator.

The hadrons produced by these models mark the measurable state for partons
within a particle detector. If the parton has a sufficiently high transverse momentum,
it will create a collimated shower of particles known as a jet, which are part of the
measurement that is the subject of this thesis.

Figure 2.8 gives a representation of an event within a detector.
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Figure 2.8: Figure taken from Ref. [38]. An illustration of a pp — tt event giving
an overview of the main parts of the event as simulated by the PyTHIA MC gener-
ator. It shows the results of the hard scatter event, the parton showering and the
hadronization with the final state hadrons represented in green and blue.

2.3 Z+jets production in pp colliders

Measurements of Z production via pp — Z + X are very useful for numerous applica-
tions within the particle physics field. It is a relatively low background and frequent
process at the LHC and the Z boson is comparatively easy to identify, meaning that
it is a process that can be measured with a good deal of precision. This makes it
very useful for performing precision measurements of the Z boson properties, and
constraining PDFs [39], for example.

When the Z boson is produced in association with a jet, measurements provide
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a means of testing perturbative QCD and can be used to test theoretical predictions
at higher orders and in extreme regions of phase space. Particularly in the case of
producing accurate simulations, this is vital and Z-+jets measurements are frequently
used for this purpose [40], as well as for fine tuning parton showering algorithms [41].
It is an important process to have a good understanding of in all regions of phase
space, as it constitutes an important background to many Higgs measurements [7], as
well as beyond the Standard Model searches [6]. It is also used to derive calibration
procedures for measured objects [42-44].

With the energy accessible at the LHC, high-pr Z+jets production provides a
probe into higher order electroweak processes and can be used to probe the charac-
teristics of the triple gauge couplings [8], as one example. It can also be used to study
heavy-flavour production and its modelling [9], in the case where the jet produced is
the result of a b quark.

There are several processes that will give a Z+jets final state that are examined
in the following sections. The total measured cross section for these processes is
also outlined in Figure 2.9 in comparison to other SM processes. The dominant
process is examined first, followed by the diboson processes and finally the electroweak
processes.

In this analysis, only the case where the Z boson decays to a muon and an
anti-muon is considered. The Z boson decays to all fermion anti-fermion pairs within
the SM except for top anti-top, which is forbidden by conservation of energy. The
branching ratio for Z — p*p~ is 3.36% [22]. For the remainder of this thesis, this

will be written as Z — pp for simplicity.
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Figure 2.9: A summary of ATLAS cross section measurements for various SM
processes [45]. Of particular interest for this analysis: the Z+jets measurements in
the fifth column are dominated by the strong Z+jets (Drell-Yan) process described in
Section 2.3.1; the ZZ and W Z (see the V'V column) represent the diboson processes
discussed in Section 2.3.2; and, Zjj EWK (see the Vjj EWK column) represents the
electroweak processes in Section 2.3.3. These measurements agree with theoretical
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predictions, providing good substantiation for the SM.
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p

Figure 2.10: The LO Feynman diagram of the Drell-Yan process. In this analysis,
only the case where the Z decays to utu~ is considered. Note that at higher orders
(NLO and above), additional partons can be produced via initial state radiation.

2.3.1 Strong Z-+jets

In this analysis, the main process of interest is known as the Drell-Yan process, where
the Z boson is produced by a quark anti-quark annihilation and subsequently decays
to a lepton and an anti-lepton. The leading order production mechanism of this
process is shown in Figure 2.10.

The number of jets associated with the Drell-Yan process varies. Here, the focus
is the case where there is at least one jet produced in association with the Z boson.
The simplest LO diagram is shown in Figure 2.11, which can result in one jet being
produced. The subsequent Figure 2.12 shows the possible production mechanisms for
the case where two jets can be produced, and the production of more jets is possible
with higher order diagrams.

As this process is initiated by a strong interaction, it will be referred to as

strong Z+jets throughout this thesis.
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Figure 2.11: Representative Feynman diagram for the strong Z+1 jet process. This
is one of the NLO diagrams of the Drell-Yan process as seen in Figure 2.10.

Figure 2.12: Representative Feynman diagrams for the strong Z + 2 jets process.
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Figure 2.13: Representative Feynman diagrams of diboson processes that produce
Z+jets final states. In the case illustrated in the diagram on the left, the W boson
decays to pair of quarks. For the diagram on the right, the V' boson may be either a
W or a Z boson which decays to two quarks.

2.3.2 Diboson Z+jets

A Z+jets final state may also be produced as a result of diboson production. This
occurs via the gg — ZV process, where V' denotes either a W or Z boson. The
leading order diagrams for diboson Z-jets production are summarized in Figure 2.13.
While diboson Z+jets production is overall much less frequent than strong Z+jets
production (Ggsuong/Tdiboson & O(1000)), the cross section is enhanced in the high pZ
region making it slightly more significant (around 2%, as can be seen in Section 7.5)

in the phase space of this analysis.

2.3.3 Electroweak Z+jets

The final way to produce the Z+jets final state is via the exchange of an additional
Z or W boson, which will be referred to as EW Z+jets production throughout this
thesis. Some examples of this production mechanism at leading order are shown
in Figure 2.14. As with diboson Z+jets production, this process occurs much less

often than strong Z+jets production. However, like in the diboson case, this pro-
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Figure 2.14: Representative leading order diagrams for electroweak Z+jets produc-
tion. All diagrams of the electroweak Z+jets process have two additional electroweak
vertices compared to the strong Z+jets process.

cess becomes more important in the higher p% region and so makes a slightly larger

contribution in the phase space of this analysis.
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Chapter 3

The ATLAS Experiment

This chapter introduces the experimental setup used to collect the data analyzed in
this thesis. The ATLAS Collaboration is one of the largest scientific collaborations
in the world, with over 3000 collaborators representing institutions from 42 coun-
tries [46]. The CERN accelerator complex, described in Section 3.1, is the home of

the ATLAS detector, which is described in detail in Section 3.2.

3.1 The Large Hadron Collider and CERN

Located near Geneva, Switzerland, the Large Hadron Collider (LHC) [47] is a part of
the largest particle accelerator complex in the world, the European Organization for
Nuclear Reseach (CERN). The LHC is a circular accelerator that lies at an average
depth of 100 m underground and has a total circumference of 27 km. The full extent
of the LHC with respect to its surroundings can be seen in Figure 3.1. Its primary
function is to collide bunches of protons at high energy, producing data that is then
analyzed in order to examine outstanding questions in particle physics. The LHC

also functions secondarily as a heavy ion collider.
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The LHC is the largest ring in the CERN accelerator complex, a schematic
of which can be seen in Figure 3.2. The protons are initially produced by ionizing
hydrogen gas, and undergo four preliminary acceleration steps before they are injected
into the main LHC beam line. The protons are first taken to an energy of 50 MeV
by Linac2, a linear accelerator [48]. This is followed by an acceleration to 1.4 GeV
in the PS Booster before the protons are fed to the Proton Synchrotron (PS), which
accelerates them to 25GeV. Finally, they are accelerated to an energy of 450 GeV
in the Super Proton Synchrotron (SPS) before being transferred to the LHC, where
they are circulated until they reach the desired energy.

The LHC was designed to attain a COM collision energy of /s = 14TeV.
Work is ongoing to achieve this, primarily via training of the magnets [49]. The LHC
data-taking periods are divided into so-called runs, which have had increasing COM
energy since the LHC began taking physics data in 2009. A summary of past and
future planned LHC runs can be seen in Figure 3.3. This analysis is concerned with
data taken during LHC Run 2, which achieved a COM energy of /s = 13 TeV.

The protons are injected into the LHC in bunches with around 10! protons
per bunch, which collide up to every 25ns at various interaction points located
around the LHC. During Run 2, this translated to a peak instantaneous luminosity
of 2.1 x 10** em 2571, twice the LHC design luminosity of 1.0 x 103t cm=2s™!. Four
of the interaction points are outfitted with one of the major experiments located
around the LHC ring: ATLAS [3], CMS [4], ALICE [50] and LHCb [51]. ATLAS
(A Toroidal LHC ApparatuS) and CMS (Compact Muon Solenoid) are both general
purpose detectors designed to measure the full information from a pp collision, while
ALICE (A Large Ion Collider Experiment) focuses on the measurement of heavy-ion

collisions and LHCD (Large Hadron Collider beauty) is primarily designed to perform
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Figure 3.1: An aerial view of the LHC, including the positioning of each of the four
major experiments around the LHC ring. The Swiss Alps and Lake Geneva can be
seen in the background [52].

measurements related to hadrons containing b quarks.

The protons are kept on the correct trajectory in the beam line using a series
of bending magnets. The most important of these are the superconducting dipole
magnets, which produce a magnetic field strength of up to 8.3 T with proper training.
In order to maintain optimal performance they must be cooled to 1.9K, which is
achieved using a liquid helium cryogenic system. The beam line at the LHC must

also be kept at ultrahigh vacuum in order to eliminate collisions with gaseous particles.

3.2 The ATLAS detector

The ATLAS detector is a general purpose detector located at point 1 on the LHC

beam line, as seen in Figures 3.1 and 3.2. It is built in a cylindrical configuration
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Figure 3.2: A schematic description of the CERN accelerator complex [53]. Protons
are accelerated using Linac2 (replaced with Linac4 in 2020, as shown in the figure),
followed by the PS booster, the PS and finally the SPS before arriving at the main
LHC ring.
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Figure 3.3: A timeline of past and future planned Runs at the LHC. The COM
energy and instantaneous luminosity for each Run is also shown for reference. This
thesis is concerned with data taken during Run 2.
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Figure 3.4: A cut away view of the ATLAS detector with the various detector
components labelled [54].

around the nominal interaction point (IP), providing nearly complete 47 solid angle
coverage. The ATLAS detector is divided into a variety of subdectectors, with the
inner detector lying closest to the beam line, followed by the electromagnetic and
hadronic calorimeters and finally the muon spectrometer. These various subdetectors
are detailed in the following sections, and Figure 3.4 shows a diagram of the complete
ATLAS detector with these various subdetectors labelled.

ATLAS uses a right-handed coordinate system with the IP defined as the origin.
The positive x axis is directed towards the centre of the LHC ring, with the beam line
specifying the z direction and the positive y axis pointing upwards. The polar and
azimuthal angles, # and ¢, are defined with respect to the z and x axes, respectively.

Angular quantities within the ATLAS detector are frequently expressed using ¢ and
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the rapidity,

1 E+p,
=21 1

which uses the same symbol as the y coordinate. For the remainder of this thesis,
y will refer to the rapidity unless otherwise specified. The distance between objects

can then be defined as,

AR = \/Ay? + Ag2. (3.2)

As opposed to using 6 directly, the pseudorapidity may also be used,

n= —Intan (g) . (3.3)

It is an approximation of y, and is equivalent when the particle in question is massless.
It is useful for defining detector boundaries as it does not depend on the particle’s
momentum.

Transverse quantities are also often used within ATLAS, and are defined in the

xy cartesian plane. For example, the transverse momentum (pr) is defined as

pr = /D3 + P} (3.4)

Figure 3.5 shows a schematic description of the coordinate system.

3.2.1 Inner detector

The inner detector (ID) makes use of a combination of detector technologies to mea-

sure charged particles within the |n| < 2.5 region. This section will outline the various
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Figure 3.5: A graphical representation of the coordinate system used in the ATLAS
detector with relevant quantities labelled. The momentum of a hypothetical particle
is shown in red, while the transverse momentum for the particle is shown projected
onto the xy cartesian plane.

detector systems, which are also summarized in Figure 3.6. The ID is immersed in
a 2T solenoidal magnetic field, giving charged particles a curved trajectory. The
trajectory of a charged particle is known as a track, and is used to reconstruct the
particle’s momentum.

In addition to measuring the charged particle momentum, the ID is also the
primary subdetector used for performing vertex identification. A vertex marks the
location within the beam line where a proton-proton collision occurs. Due to the
high beam intensity at the LHC, there are typically several primary and secondary
vertices per bunch crossing, which can be identified by determining the origin of the
tracks as measured by the ID. The procedure for track and vertex reconstruction is

described in more detail in Section 5.1.
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Figure 3.6: Two views of the ATLAS inner detector. The left shows a cut away
view with each detector component shown. The right shows a more detailed view of
the various detector components as a function of the radial distance R from the beam
line [55,56].

The high-granularity silicon pixel detectors [57] are placed closest to the beam
line. In the barrel region, the pixel layers are arranged around the beam line in
concentric cylinders, while each end-cap region is outfitted with three disks centered
around the beam line. The barrel region was initially comprised of three layers, how-
ever an additional layer of pixel detectors known as the insertable B-layer (IBL) [58]
was added closest to the beam line after the completion of Run 1. The IBL was
needed to improve the robustness and precision of tracking measurements in light
of energy and luminosity increases going into Run 2 and beyond. Each pixel in the
original layers is 50 x 400 pm? in size, while the pixels in the IBL have a slightly
smaller size of 50 x 250 pm?. This results in a resolution of 10 pm x 115 pm for the
original pixels, and 10 pm x 60 pm for the IBL.

The silicon microstrip tracker (SCT) [59] consists of four layers of silicon strip
detectors in the barrel region, and nine disks in each of the end-cap regions. Each

layer consists of two strip sensors with a strip pitch of 80 pm and an angle of 40 mrad
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between the two sensors in order to have access to all spatial coordinates. This results
a SCT resolution of 17 pm x 580 pm.

The transition radiation tracker (TRT) [60] is the outermost layer of the ID and
is comprised of a collection of 4 mm diameter proportional counter drift tubes known
as straws. The TRT covers the || < 2.0 region, with 144 cm long tubes arranged
parallel to the beam line in the barrel region and disks in the end-cap region with 37 cm
long straws arranged radially. The straws contain a gas mixture, which is ionized as
charged particles pass through the straw. The resulting free electrons are amplified
and collected at the anode. Additionally, the straws are interspersed with a radiator
material which results in transition radiation photons being emitted when charged
particles cross from the radiator to the straws. These transition radiation photons
can also be absorbed by the gas mixture and result in a larger signal amplitude. This
allows for the TRT to be used for electron identification as the electrons produce a
larger amount of transition radiation than a minimum ionizing particle. The TRT
has an overall resolution of 130 pm which is significantly worse than the silicon based

detectors, however it compensates by providing many more hits.

3.2.2 Calorimeters

Next closest to the beam line after the ID is the ATLAS calorimeter system, which
is outlined in Figure 3.7. The combined system is arranged cylindrically around the
beam line and provides coverage in the |n| < 4.9 region. It is designed to contain
all activity from electrons, photons, and hadrons. The individual systems consist of
a variety of sampling calorimeters, which are comprised of alternating passive ab-
sorber layers and active layers that provide the measurements. There are two main

subsystems in the ATLAS calorimeter system: first is the liquid argon (LAr) elec-
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Figure 3.7: A cut away view of the ATLAS calorimeter system [61].

tromagnetic calorimeter (ECAL), and second the hadronic calorimeter (HCAL). The
ECAL is designed to contain all activity originating from electrons and photons, while
the HCAL is designed to contain all remaining hadronic activity. These subsystems

are outlined in the sections below.

3.2.2.1 LAr electromagnetic calorimeter

In the barrel region, which covers the |n| < 1.475 region, and the end-cap region,
which covers the 1.375 < |n| < 3.2 region, the ECAL is an accordion shaped lead-LAr
detector [62], with lead being the absorber and LAr being the active material. In
the forward region, 3.1 < |n| < 4.9, the first layer of the forward calorimeter (FCal)
is designed to contain electromagnetic (EM) showers. It also uses LAr as the active
material, but copper is used as an absorber instead of lead. The thickness of the lead

absorber plates is optimized as a function of ||, resulting in a thickness larger than
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22 radiation lengths (Xj) in the central region, and larger than 24X, in the end-cap
and forward regions.

In the barrel region, the EM calorimeter contains three layers of varying gran-
ularity as well as a presampler layer, which is designed to correct for energy lost by
electrons and photons before reaching the calorimeter. The first layer is finely seg-
mented in 7 in order to obtain an accurate position measurement. The second layer
is the largest and is designed to contain the majority of the EM shower, and the third
layer has coarser granularity and is designed to contain high energy electrons and
photons.

The electromagnetic end-cap calorimeters (EMEC) consist of two coaxial wheels
in each end-cap region, with the outer wheel providing coverage in the 1.375 < |n| <
2.5 region and the inner wheel covering the 2.5 < |n| < 3.2 region. Like the ECAL
in the barrel region, the outer wheel possesses three layers, while the inner wheel has
two layers with a slightly coarser granularity.

The FCal, which was partially constructed at Carleton University, provides
coverage in the high flux 3.1 < |n| < 4.9 region. Due to this high flux, the FCal has
a very dense configuration and thus has smaller LAr gaps than the ECAL. Only the

first of three layers, each 45 cm thick, is dedicated to the containment of EM showers.

3.2.2.2 Hadronic calorimeters

The HCAL is a combination of calorimeter technologies. The tile calorimeter [63],
which uses steel as an absorber material and scintillating tiles as the active material,
covers the |n| < 1.0 barrel region and also has an extended barrel portion that provides
coverage in the 0.8 < |n| < 1.7 region. The tile calorimeter is divided into three layers,
totaling a thickness of around 10 interaction lengths ().

Covering the 1.5 < |n| < 3.2 region, the hadronic end-cap calorimeters (HEC)
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are located directly behind the EMEC. The HEC calorimeters utilize LAr as an
active material as in the ECAL, however the absorber material is flat copper plates
as opposed to lead. The HEC is composed of two wheels with two layers each, for a
total of four layers.

Finally, the outer two layers of the FCal are dedicated to containment of
hadronic showers. Like the first layer, these two layers are 45cm thick, but use

tungsten as opposed to copper as the absorber material.

3.2.3 Muon spectrometer

The muon spectrometer (MS) [64] lies outside the hadronic calorimeters and is the
detector subsystem that is the farthest from the beam line. Due to their nature as
minimum ionizing particles, muons generally pass through the calorimeters without
depositing very much energy. Therefore, a dedicated system is required to identify
and perform precise measurements of muons.

The muon spectrometer is shown in Figure 3.8 and operates based on the de-
flection of muon tracks within a magnetic field produced by toroid magnets. The
In| < 1.4 region is immersed in a magnetic field with an approximate magnitude of
0.5 T produced by a large barrel toroid. The 1.6 < |n| < 2.7 region is immersed in
an approximately 1.0 T magnetic field produced by two smaller end-cap toroids. A
diagram of the barrel toroid, as well as the two end-cap toroids is shown in Figure 3.9.
The muon spectrometer provides measurements in the |n| < 2.7 region and is also
equipped with a trigger system that provides coverage in the |n| < 2.4 region.

The muon spectrometer is instrumented with various detector systems depend-

ing on the 7 region in question. The precision tracking measurements are performed

by the monitored drift tubes (MDT) and the cathode strip chambers (CSC). The
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Figure 3.8: A cut away view of the muon spectrometer in the ATLAS detector [65].
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Figure 3.9: The diagram on the left, taken from Ref. [3], shows the eight individual
coils for the air-core barrel toroid arranged outside the hadronic calorimeter (the
cylindrical shell in the centre of the image) as well as the coils for the two end-cap
toroids. The right image [66] shows the direction of the resulting magnetic field in
the muon spectrometer due to the toroids, as well as the direction of the magnetic
field produced by the solenoid in the inner detector.
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MDTs provide measurements in the || < 2.7 region and are complemented by the
CSCs over 2.0 < |n| < 2.7 due to the higher event rate in that region and the need
for better time resolution.

Triggering is performed using resistive plate chambers (RPC) in the |n| < 1.05
barrel region and using thin gap chambers (TGC) in the 1.05 < |n| < 2.4 end-cap
region. The MDTs only provide information in the bending plane, thus the RPCs
and TGCs are used as secondary trackers to give the muon tracks a coordinate in ¢

once the hits from the MDT and the trigger are matched.

3.2.4 Trigger system

The goal of the trigger system [67] is to identify events of interest in order to reduce
the amount of information that is saved from the detector. In normal operation, the
event rate in the ATLAS detector is 40 MHz and saving every event is not feasible.

The ATLAS trigger system is divided into two main stages. The level 1 (L1)
trigger is a hardware-based system and makes use of reduced granularity information
from the calorimeters and the muon spectrometer in order to identify particle candi-
dates, as well as large amounts of missing transverse energy. It also identifies regions
of interest (Rol) in 7 and ¢ to be investigated further. The L1 trigger reduces the
event rate to 100 kHz and has a latency of 2.5 pis.

The high-level trigger (HLT) is the software based second stage of the trigger
system. It examines events that are passed from the L1 trigger and more closely ex-
amines the L1 trigger Rols with progressively more complex algorithms to determine
whether the event is useful for physics. If the event passes the HLT then it is saved
to permanent storage. The HLT reduces the event rate to 1.2kHz, resulting in an

average 1.2 GB/s of data being saved to permanent storage.
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3.2.5 Luminosity measurement

The LHC delivers a very high instantaneous luminosity, L, to the ATLAS detector.
The luminosity is determined by the beam properties but can be conceptualized as
a measure of the number of particles per unit area per unit time. In the LHC case,

this quantity can be expressed as

_ [N?n,

- )
dro,o,

L (3.5)

where f is the revolution frequency of the LHC, N is the number of protons in each
colliding bunch, n; is the number of bunches and o, and o, are the width and height
of the beam. In practice, the exact beam parameters are not known. Furthermore,
the beam parameters may flucuate as the bunches circulate in the beam pipe and thus
the quantity reported by the LHC may not match with the luminosity being received
by the ATLAS detector. It is thus simpler and more accurate to simply measure the
luminosity directly. At ATLAS, this task is primarily performed by the LUCID-2
(LUminosity Cherenkov Integrating Detector) detector [68].

At the LHC, data is taken over a long period of time. Thus, the total integrated

luminosity over a period of data-taking can be defined as

£_/Lﬁ (3.6)

This quantity can be thought of as the size of the dataset. As an example, Figure 3.10
shows the measured total integrated luminosity over the course of Run 2, with the
final total considered suitable for physics measurements for this period of data-taking

being 139 fb~1L.
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Figure 3.10: The total integrated luminosity measured over the Run 2 data-taking
period [69]. The green represents the total integrated luminosity delivered by the
LHC, the yellow represents the total integrated luminosity recorded by the ATLAS
detector, and the blue represents the total integrated luminosity that is suitable for
making physics measurements.
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Chapter 4

Data and simulation samples

This chapter describes the recorded and simulated datasets that are analyzed for this
thesis. Section 4.1 describes the data collected using the ATLAS detector and Sec-
tion 4.2 discusses the various Monte Carlo simulated samples that provide predictions

of the data.

4.1 Data

This analysis is performed using data from pp collisions with /s = 13 TeV produced
by the LHC over the full Run 2 data-taking period from 2015-2018, and measured
by the ATLAS detector. Of the data collected by the trigger during Run 2, a total
integrated luminosity of 139.0fb~! with an uncertainty of 1.7% is considered to be
suitable for use in physics measurements [70]. Due to the high beam intensity of the
LHC more than one inelastic pp interaction per bunch crossing is expected. In Run 2,
the average number of interactions per bunch crossing, (1), was 33.7 as shown in
Figure 4.1. However, this quantity varies widely from year to year depending on the

luminosity conditions within the LHC. As such, both the total integrated luminosity
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Figure 4.1: Luminosity weighted distribution of the measured p in the ATLAS Run
2 dataset [69].

Year | Line (fb™1) | (u)
2015 3.21 13.4
2016 32.99 25.1
2017 44.31 37.8
2018 58.45 36.1
Total 139.0 33.7

Table 4.1: The integrated luminosity, L, and the average number of interactions
per bunch crossing, (i), of the data for each year of data-taking in the full Run 2
dataset [69].

suitable for use in physics measurements and the average number of interactions per

bunch crossing for each year are summarized in Table 4.1.

4.2 Simulation

The production of MC samples that can be compared with the data collected by the
ATLAS detector is a multi-step process. The first step is generation, whose basic

methodology was introduced in Section 2.2. This section will describe the various
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generators used in this analysis in more specific terms. After the generation step
has produced the relevant particles, the sample will undergo two subsequent steps
known as simulation and digitization, discussed in Section 4.2.5. These steps will
determine how the particles produced in the generation step will interact with the
ATLAS detector material, as well as the raw signals that the detector will produce
as a result.

One of the main benefits of utilizing MC samples is that they allow for access
to the true particles in an event (known as the truth or particle level MC) as well
as the reconstructed versions of the particles (reconstructed or dectector level MC).
The relationship between the reconstructed and truth level MC can thus be used to
correct for the effects of the ATLAS detector such that the data can be recovered at
truth level. This process is known as unfolding and is discussed in greater detail in
Chapter 6. MC samples are also used to estimate the number of events in the data
that originate from background processes.

A dedicated MC sample is produced that is specific to each individual process
(e.g.strong Z(— pp)+jets, electroweak Z(— pp)-+jets, etc.) and thus there are
several MC samples present in this analysis. These are outlined in detail in the
sections below, and can be found summarized in Table 4.2. Due to differing pileup
and detector conditions, MC samples are divided into different campaigns depending
on the years of data-taking they correspond to: MC16a for 2015-2016, MC16d for
2017 and MC16e for 2018. The analysis is performed independently on these three
campaigns with a procedure identical to the one used for the corresponding data-

taking years.
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4.2.1 Strong Z+jets samples

In total, there are five strong Z(— uu)+jets samples considered in this analysis, with
some being used to a greater extent than others.

The MADGRAPH+PYTHIA8 FXFX sample [71] uses MADGRAPH5_aMC@NLO
version 2.6.5 [72] with the NNPDF3.1 NNLO PDF set [73] to produce up to three ad-
ditional final state partons at NLO accuracy. The parton showering and hadronization
is then performed using PyTHIA 8.240 [74] with the A14 tune [41] and the NNPDF2.3
LO PDF set [75]. The different jet multiplicities are merged using the FXFx NLO
matrix element and parton shower merging prescription [34]. EVTGEN 1.7.0 [76] is
used to simulate the decays of bottom and charm hadrons and PYTHIAS is used to
simulate final state QED radiation.

Two datasets are created using the SHERPA MC generator. The first, produced
using SHERPA 2.2.1 [77,78], uses the Comix [79] and OpenLoops [80] libraries to cal-
culate matrix elements for up to two additional final state partons at NLO accuracy
and up to four additional partons at LO accuracy. The default SHERPA showering and
hadronization methods are used with a tune developed by the SHERPA authors. The
matrix elements and parton shower are matched using the MC@QNLO algorithm [81],
and different jet multiplicities are merged using an improved CKKW matching pro-
cedure [82,83] which is extended to NLO using the MEPS@QNLO method [84]. The
NNPDF3.0 NNLO PDF set [39] is used for the SHERPA 2.2.1 sample.

SHERPA 2.2.11 [71, 78] utilizes a similar configuration to version 2.2.1, how-
ever it includes LO accurate matrix elements for up to five additional final state
partons instead of four and the Hessian NNPDF3.0 NNLO PDF set [39,85] is used.
SHERPA 2.2.11 implements an improved splitting procedure in the parton showering

algorithm which results in improved modelling. It also includes an improved match-
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ing procedure facilitated by an updated treatment regarding unordered parton shower
histories®, which results in a suppression of the cross section for high pZ compared to
SHERPA 2.2.1.

The MADGRAPH+PYTHIA8 CKKW-L sample uses MADGRAPH5_ aMCQNLO
version 2.2.3 [72] with the NNPDF3.0 NLO PDF set [39] to produce LO accurate ma-
trix elements for up to four final state partons. The parton showering and hadroniza-
tion are then performed using PyTHIA 8.210 [74] with the Al4 tune [41] and the
NNPDF2.3 LO PDF set [75]. Overlaps between the matrix element and the par-
ton shower are removed using the CKKW-L merging procedure [32,33] and EvT-
GEN 1.2.0 [76] is used to simulate the decays of bottom and charm hadrons.

Lastly, the POWHEG+PYTHIA8 sample uses POWHEG Box v1 [86-88] to sim-
ulate the hard scatter process at NLO accuracy in QCD using the CT10nlo PDF
set [89]. Parton showering, hadronization, and the underlying event are modelled
using PYTHIA 8.186 [74] with parameters set according to the AZNLO [90] tune and
using the CTEQ6L1 PDF set [89]. EVTGEN 1.2.0 [76] is used to simulate the decays
of bottom and charm hadrons and PHOTOS++ [91,92] is used to simulate final state
QED radiation.

The MADGRAPH+PYTHIA8 FXFX sample is the primary sample used for this
analysis, with SHERPA 2.2.11 used as an alternative. POWHEG+PYTHIAS is used to

perform certain tests, and SHERPA 2.2.1 and MADGRAPH+PYTHIAS CKKW-L are

LA part of the matching procedure within the SHERPA generator involves identifying the start
of a parton shower. This is done by performing the showering backwards using a kr-like algorithm
(see Section 5.3). «s is evaluated at each node such that it can be used to calculate a Sudakov
form factor that is then applied to each propagator. This generally leads to a sequence of nodes
with an increasing kr scale (related to the transverse momentum), and small Sudakov form factors
suppressing contributions from high a, values. However, in extreme regions of phase space this
strict sequence of increasing kt may be violated. This can lead to the absence of the suppressing
Sudakov factors, resulting in artificially inflated values of the cross section. SHERPA 2.2.11 better
handles these cases compared to previous versions of the generator by using the largest previously
identified kt scale if the order of the sequence is violated.
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examined only for comparison and as a cross-check.

4.2.2 Diboson samples

Various diboson samples with either fully leptonic or semileptonic final states are
also considered. These samples are simulated using either SHERPA 2.2.1 or SHERPA
2.2.2 [78] depending on the process in question and use the NNPDF3.0 NNLO PDF
set [39]. Matrix elements are generated at NLO accuracy for up to one parton and
at LO accuracy for up to three additional partons. The parton showers are produced
and matched to the matrix element calculations with Catani-Seymour dipole fac-
torization [93] using the MEPS@QNLO method [84]. Virtual QCD corrections were
provided by the OpenLoops library [80] and a tuned set of parton shower parameters

developed by the SHERPA authors were used.

4.2.3 Electroweak Z-jets samples

Electroweak Zjj production is simulated using the vector-boson fusion (VBF) ap-
proximation? [94, 95] with HERWIG 7.2.0 [96,97]. The events are produced at NLO
accuracy in the strong coupling using the VBFNLO v3.0.0 program [98] to provide
the loop amplitudes. The MMHT2014LO PDF set [99] is used, and the parton show-
ering, hadronization and underlying event uses the default set of tuned parameters

provided by the generator.

4.2.4 Top samples

Various processes involving top quarks are considered due to their potential to appear

as background events within the analysis.

2This approximation neglects colour exchange between the incoming fermions as well as certain
interference effects between the ¢ and u channel diagrams.
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tt events with non-all-hadronic decays are considered, and are produced at NLO
accuracy using POWHEG BoX v2 [86-88,100]. The NNPDF3.0 NLO PDF set [39] is
used and the Aqamp parameter, which is a resummation damping factor and one of the
parameters that controls the matching of matrix elements to parton showering, is set
to 1.5myep [101]. The parton level events are then interfaced with PyTHIA 8.230 [74]
which models the parton showering, hadronization and underlying event using the
NNPDF2.3 LO PDF set [75] and parameters set according to the Al4 tune [41].
EVTGEN 1.6.0 [76] is used to simulate decays of bottom and charm hadrons.

The associated production of top quarks with W bosons (tW) is modelled with
PowHEG Box v2 at NLO accuracy using the five-flavour scheme and the NNPDF3.0
NLO PDF set. The diagram removal scheme [102] was used to remove interference
and overlap with the ¢f sample. The events are then passed to PYTHIA 8.230, which
performs the showering, hadronization and underlying event using the A14 tune and
the NNPDF2.3 LO PDF set.

Single top production was considered in both the s and ¢ channel. Both channels
were modelled with POWHEG Box v2 at NLO accuracy using the four-flavour scheme
and the NNPDF3.0 NLO PDF set. The events are then passed to PYTHIA 8.230,
which performs the showering, hadronization and underlying event using the Al4

tune and the NNPDF2.3 LO PDF set.

4.2.5 Simulating ATLAS detector conditions and response

The detector response is determined by inputting the simulated events into the
GEANT4 simulation [103] for the ATLAS detector [104]. The events are then re-
constructed using the same procedure that is used for data (see, for example, the

procedures outlined in Chapter 5).
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Process

Generator

ME order

Generator PDF

Parton showering
(Generator, PDF, tune)

Strong Z-jets

Strong Z+jets

MADGRAPH5_aMCQ@QNLO
SHERPA 2.2.11
SHERPA 2.2.1

0-3;QNLO

0-2j@NLO+3-5;@LO
0-2j@NLO+3-4j@LO

NNPDF3.1 NNLO
Hessian NNPDF3.0 NNLO
NNPDF3.0 NNLO

PyThia 8.210, NNPDF2.3 LO, Al14
SHERPA 2.2.11, defaults
SHERPA 2.2.1, defaults

MADGRAPH5_.aMC@QNLO 0-4jQLO NNPDF3.0 NLO PytHia 8.210, NNPDF2.3 LO, Al4
POwWHEG Box v1 NLO CT10nlo PyTHia 8.186, CTEQ6L1, AZNLO
Electroweak Z-jets
EW Z+jets | HERWIG 7.2.0 + VBFNLO | NLO [ MMHT2014LO [ HERWIG 7.2.0, defaults
Diboson
Fully-leptonic SHERPA 2.2.2 0-1JQNLO+2-3jQLO NNPDF3.0 NNLO SHERPA 2.2.2, defaults
Semi-leptonic SHERPA 2.2.1 0-1J@QNLO+2-3;QLO NNPDF3.0 NNLO SHERPA 2.2.1, defaults

Top
tt PowHEG Box v2 NLO NNPDF3.0 NLO PyrHia 8.230, NNPDF2.3 LO, Al4
tW PowHEG Box v2 NLO NNPDF3.0 NLO PyTHia 8.230, NNPDF2.3 LO, Al4
Single t PowHEG Box v2 NLO NNPDF3.0 NLO PyrHia 8.230, NNPDF2.3 LO, Al4

Table 4.2: A summary of the MC samples used in this analysis, as discussed in
detail in section 4.2. The generator used to produce the process is shown in the
second column and the third column shows the matrix element order produced by
the generator, where j represents final state partons (jets). The PDF used by the
generator, as well as the details related to the parton showering are also shown.

The effects due to multiple pp collisions that occur within the same or a neigh-
bouring bunch crossing (pileup) are simulated [105] using inelastic pp collisions pro-
duced using the PYTHIA8 event generator with the A3 tune [106] and using the
NNPDF2.3 LO PDF set. The resulting events are then overlaid with the existing

sample at a rate that is consistent with the measured value from data.

4.2.6 Monte Carlo event weights

A key difference between the data collected by the ATLAS detector and the events
produced by an MC generator is that the MC generator produces events by sampling
the scattering amplitude for a specific process over the full partonic phase space [107].
As some regions of phase space will have an associated cross section that is larger
than others, produced MC events are assigned a weight to reflect this.

Negative weights are also present in the MC samples described in this section.
These are largely due to corrections at NLO, which can result in negative contribu-
tions to the cross section from both the matrix element calculation and the parton

showering algorithm [108]. Having a high fraction of negative weights is detrimental
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to the statistical power of the sample, an effect which is discussed in more detail in
Chapter 7.7.

In order to make use of the MC samples in an analysis, they must be normalized
to the predicted rate: oyc x L, where oy is the cross section provided by MC
generator. In the case where there exists a cross section prediction at higher order
than the MC generator, then oy;c may be scaled by a so-called k-factor in order to
bring it into agreement with the improved prediction. This gives the following MC

event weight for each event 1,

k
wMC = & Lowc (4.1)

i i gen
Zi wy

where wf™ is the weight directly supplied by the generator. This event weight will
also undergo further corrections as detailed in Section 7.4 in order to adjust the
simulation to better agree with what is observed in the data. In order to illustrate
the distributions of the MC event weights, Figure 4.2 shows the normalized MC event
weights in the strong Z+jets samples after the selection and corrections discussed in

Chapter 7.
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Figure 4.2: The distributions of MC event weights for each of the strong Z+jets

samples present in this analysis. The normalization in Eqn. 4.1 as well as the selection
criteria and corrections described in Chapter 7 are applied.
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Chapter 5

Object reconstruction

In order to be useful for physics measurements, the raw information obtained from the
ATLAS detector systems must be processed to reconstruct the particles that created
the detector signals. In general, there are two main inputs to these reconstruction
schemes: the measured trajectories of charged particles, known as tracks, and energy
deposits in the calorimeter. Tracks are discussed in Section 5.1, while additional in-
formation on calorimeter energy clustering can be found in Ref. [109]. As calorimeter
energy clusters are not used in this analysis, they will not be described in detail here.

Electrons and photons, muons, taus and jets all have their own dedicated recon-
struction algorithms that use tracks and calorimeter clusters as input. In the analysis
performed for this thesis, only muons and jets built from tracks are considered and

thus their reconstruction algorithms are described below in Sections 5.2 and 5.3.

5.1 Tracks and vertices

As was discussed in Section 3.2.1, tracks are measured using information collected

from the inner detector. As charged particles pass through the layers in the ID they
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deposit energy, creating what are known as hits in the detector layers. These hits
form the starting place for the track reconstruction algorithm [110,111].

The first step of the track reconstruction algorithm is known as clusterization,
which groups together hits in adjacent pixels or strips in the silicon layers of the
ID. These clusters are then used to construct a three-dimensional coordinate, known
as a space-point, where a charged particle crossed the detector layer. Once all pos-
sible space-points have been determined, track seeds are formed from sets of three
compatible space-points.

The so-called impact parameters are then estimated for each track seed. A
reconstructed track is described by five parameters, (do, 20, ¢, 0,q/p), defined with
respect to the track’s closest approach to a reference point, as shown in Figure 5.1.
dy and zy describe the transverse and longitudinal distance from the point of closest
approach to the reference point and are known as the transverse and longitudinal
impact parameters, respectively. ¢ and 6 are as defined in the previous chapter, and
q/p is the charge of the track divided by the track momentum. In the case of the
track seeds, the reference point is chosen to be the centre of the beam spot.

In order to reduce the contribution from fake track seeds, basic selection criteria
are applied based on the estimated impact parameters and track seed momentum.
Furthermore, one additional space-point is required to be compatible with the track
seed. Finally, the purity of the track seed depends on the part of the detector it
is measured in, thus the track seeds are considered first if they are measured in the
SCT, followed by those measured in the pixel detectors, and lastly the mixed detector
seeds. A combinatorial Kalman filter [113] is then used to construct track candidates
by extrapolating the track seed to incorporate additional compatible space-points.

There may be more than one track candidate associated with a single space-
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track

Figure 5.1: A representation of a track with momentum p and charge ¢ in the ATLAS
detector. The 6 and ¢ angles have been labelled, in addition to the transverse and
longitudinal impact parameters dy and 2. The origin represents the centre of the
beam spot [112].

point and thus an ambiguity resolving step is required. Each track candidate is given
a score, which depends on the number of clusters assigned to the track candidate,
the number of holes (layers where a hit is expected but none is observed), the x?
of the track fit and the momentum of the track candidate. Ambiguities are then
resolved based on this track score and the determination of whether a specific cluster
is likely to be the result of multiple tracks based on the result of a neural network
(NN) classifier.

A high resolution global fit is performed for the surviving track candidates and
an extension to the TRT is attempted before the track candidates are added to the

final track collection. The extension to the TRT once again makes use of a combina-
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torial Kalman filter, and the compatible TRT hits are added to the track candidate.
If the extension is successful, then the fit is performed once again including the addi-
tional TRT hits before the track candidate is added to the final track collection.

The above description is known as inside-out track building, as the process
begins by examining information from the pixel detector and the SCT before consid-
ering the information from the TRT. There is a secondary method known as outside-in
tracking, which is used to provide better reconstruction efficiency for charged particles
produced further from the beam line (e.g. a photon converting to an electron-positron
pair, secondary decays) or in cases where a track is removed due to a large amount of
ambiguous hits. In order to perform outside-in tracking, track segments in the TRT
are constructed by means of a Hough transform [114] using hits that have not been
previously assigned to a track using the inside-out track reconstruction algorithm.
Close by to such a TRT segment, track seeds in the silicon detectors composed of
two space-points are constructed. These track seeds are then extended in the same
manner as the inside-out method and added to the final track collection.

Primary vertex reconstruction [115] is performed using the final track collec-
tion after the application of cuts to reduce the number of fake tracks. Due to the
large number of protons per bunch crossing, there are typically several reconstructed
primary vertices in each one. In order to determine the position of a vertex, a seed
position must first be chosen. The transverse seed position is defined as the centre
of the beam spot, which indicates the position where pp collisions occur and extends
42mm in the z-direction. The mode of the zy of all the input tracks is used as the
z-coordinate. An iterative y? minimization fitting procedure is then applied. For each
iteration, tracks that are less compatible with the vertex position are down-weighted

and the vertex position is recomputed. Once the vertex position is determined, the
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tracks that are incompatible with it are used to determine the position of additional
vertices.

After all the primary vertices have been reconstructed, the hard scatter vertex
is identified as the primary vertex from which the highest Y p2 originates. The
remainder of the primary vertices are classified as pileup vertices. Pileup refers to any
activity that cannot be attributed to the hard scatter. It can result from additional
proton-proton collisions within the same bunch crossing, from proton-proton collisions
within adjacent bunch crossings, or other background events that result in a signal
in the detector (e.g.cavern background, proton collisions with gaseous particles in
the beam pipe). The activity related to pileup tends to be of lower energy than the
activity from the hard scatter vertex, and is an important background to understand

and minimize.

5.2 Muons

Muon reconstruction [116] is primarily based on information collected from the MS
and the ID, with some information from the calorimeter also being incorporated.
Tracks in the ID are reconstructed as discussed in the previous section, while tracks
in the MS have their own dedicated reconstruction scheme.

Tracks in the MS are reconstructed by first using a Hough transform to identify
short segments of hits within an individual detector system in the MS. The segments
that are found to be loosely compatible with each other are combined into preliminary
track candidates. In order to create three-dimensional track candidates, the precision
measurements are used to establish the coordinate in the bending plane, while the
secondary coordinate is obtained using the trigger detectors. The muon trajectory

is found using a global x? fit, and any outlier hits are removed while additional
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compatible hits are added. If the hits in the track candidate are updated, then the fit
is performed once again. The track candidates then undergo an ambiguity resolving
step, and a final track fit is performed and extrapolated back to the beam line taking
into account the position of the interaction point and the estimated energy losses in
the calorimeter.

The use of the full detector information for global muon reconstruction results

in five distinct types of reconstructed muons:

e Combined (CB): an MS track can be matched to an ID track. A track fit is
then performed utilizing the hits from both the ID and the MS, as well as the

estimated energy loss in the calorimeter.

e Inside-out combined (I0): ID tracks are extrapolated to the MS and if at least
three loosely aligned MS hits are found a combined track fit is performed using
the ID track, the estimated energy loss in the calorimeter and the MS hits. As
this method does not require an MS track, it serves to recover some efficiency

in regions with poor MS coverage or in the case of low pp muons.

e Muon spectrometer extrapolated (ME): in the case where an MS track cannot
be matched to an ID track, the parameters of the MS track are extrapolated
back to the beam line. This exploits the larger n coverage of the MS compared
to the ID.

e Segment-tagged (ST): if an ID track extrapolated to the MS matches with at
least one MS segment, then it produces a reconstructed muon with its param-
eters taken from the ID track fit. Similar to IO muons, ST muons recover
efficiency in regions where the MS has lower coverage or in the case of low pr

muons.
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e Calorimeter-tagged (CT): if an ID track extrapolated to the calorimeter is com-
patible with energy deposits that are consistent with a minimum ionizing par-
ticle, then the ID track is tagged as a muon. CT muons are designed to recover

efficiency in regions where the MS is only partially instrumented (|n| < 0.1).

5.3 Jets

As was previously discussed in Section 2.2, jets are collimated showers of final state
hadrons resulting from energetic parton production originating from the initial pp
collision. In order to reconstruct jets within the ATLAS detector, low-level objects
(e.g. tracks, clustered energy deposits in the calorimeter, or a combination thereof)
are used as input to a jet finding algorithm. Truth particles from the MC simulation
can separately be used as inputs. The particles that are used as inputs are known as
jet constituents in the context of discussions regarding jets.

A common class of jet finding algorithms are known as sequential recombination

jet algorithms, which proceed as follows for a list of input particles:

1. Two distance metrics are defined, the distance between each pair of particles ¢

and j:

AR,
R?

1] 2p  2p
dij = min (pT,pr,j)

(5.1)

where AR;; is as defined in Eqn. 3.2, and the distance between each particle i

and the beam (B):
dip = p, (5.2)

There are two model parameters present in these calculations, p and R. These
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are chosen depending on the desired jet properties and will be discussed in detail

below.

2. The smallest distance in the {d,;,d;p} set is then determined. If d;; is the
smaller, then particles ¢ and j are combined into one and remain in the particle
list. If d;p is the smaller, ¢ is placed in the final jet collection and removed from

the list of particles.

3. If particles remain in the list, return to step 1.

The R parameter is a radius parameter and describes the size of the jets in y-¢
space. Meanwhile, the p parameter describes how the input objects are combined.
Setting p = 1 gives what is known as the k; algorithm [117], which combines smaller
pr constituents first. If p is instead set to 0, as it is in the Cambridge-Aachen
algorithm [118,119], then only the angular separation between constituents is relevant
to the recombination and close-by constituents are the first to be combined. The anti-
k; algorithm [120] sets p = —1, and is the most commonly used jet clustering algorithm
in the ATLAS experiment. The anti-k; algorithm combines higher pr constituents
first, resulting in very circular jets in y-¢ with radius R.

Each algorithm has its own benefits and downsides [121,122], largely related to
its ability to resolve so-called jet substructure, which studies the internal structure of
the jet, and its susceptibility to pileup. The k; algorithm, while it does a good job of
resolving jet substructure, is extremely susceptible to pileup and other detector noise
due to it clustering soft particles first. In general, this makes it unideal for use within
ATLAS’s high pileup environment. In addition, due to the clustering method the area
of the jet in y-¢ space varies widely. In contrast, the anti-k, algorithm is minimally

susceptible to pileup and noise and the jet area is very consistent due to its preference
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_ [ CamiAachen, R=1

Figure 5.2: The same set of particles used as input to the various sequential recom-
bination jet clustering algorithms [120]. The results of the k; algorithm are shown on
the left, Cambridge-Aachen in the centre and anti-k; on the right. Particles clustered
into the same jet are shown in the same colour.

to cluster hard particles first. However, it is poor for studying jet substructure. The
Cambridge-Aachen algorithm is somewhat susceptible to pileup and area fluctuations
due to only considering angular information, but it is well-suited for performing jet
substructure studies. Figure 5.2 shows the same set of particles clustered using the
three different algorithms.

As susceptibility to pileup is a chief concern, the anti-k; algorithm is preferable
for performing jet clustering within ATLAS. Furthermore, it provides improved cor-
respondence between reconstructed and truth jets compared to the other algorithms.
In order to perform dedicated substructure studies, a secondary algorithm (typically
Cambridge-Aachen) is often used to recluster the jet constituents from an anti-k;

jet. For example, this procedure is applied in the jet substructure studies found in

Refs. [123,124].
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Chapter 6

Measuring the differential cross

section

The measurement made in this thesis will ultimately be expressed as a set of differ-
ential cross sections, which is a common way of expressing precision measurements in
particle physics. As such, this chapter will first outline the definition of the differen-
tial cross section in Section 6.1, before discussing the way in which this measurement
is traditionally made in Section 6.2. The traditional methods described will produce
a measurement that is binned and will only probe one observable at a time, i.e. is
one dimensional. The new method being explored in this thesis to perform the mea-
surement, MultiFold, will then be described in Section 6.3. Unlike in the traditional
case, this method aims to produce a measurement that is both unbinned and highly

dimensional (24 observables are probed simultaneously).
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6.1 Differential cross section definition

The method by which the production cross section is theoretically calculated was
described in Chapter 2, and the process by which it can be determined from experi-
mental data can now be discussed. The cross section is directly proportional to the

rate at which a process occurs, and can be expressed as

dv

= — gl 1
=L, (6.1)

where dv/dt represents the event rate and L is the instantaneous luminosity. Inte-

grating with respect to time gives,

(6.2)

v
o=
In the case of the production cross section, v would represent the total number of
expected events occurring in nature over a certain period of data-taking.

This analysis is interested in the pp — Z(— puu) + X process, where the pp —
Z + X process has production cross section oz, and the Z boson decays to two muons
with branching ratio Bz_,,,. Thus, the production cross section for the pp — Z(—

pi) + X process will be,

VZ—pu
OZ—spp = BZ—)uu 07 = — (= (63)

L

where v_,,, represents the total number of expected pp — Z(— pp) + X events
produced in nature over the data-taking period.
As discussed in Section 3.2.5, the integrated luminosity is measured with a good

deal of precision and thus the only unknown quantity in Eqn. 6.3 that is required to
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determine the cross section is v_,,,,. If the ATLAS detector were able to identify and
measure each Z — pp event with perfect accuracy, then the number of observed data

data ' would on average be v. Unfortunately, this is not the case in reality and

events, n
the effects of the ATLAS detector must be considered in order to properly determine
the cross section. This process is generally known as unfolding within the particle

physics community, but is synonymous with deconvolution. In general, an unfolding

procedure must take into account the following issues.

1. Detector bias and resolution effects: the value of an observable measured by
the detector is subject to bias and resolution effects, and thus the measured

quantity will not be equal to its true value.
2. Efficiency and acceptance effects: an event in the detector may not be measured.

3. Fakes and out of fiducial events: a measured event may be the result of detector
noise, or a truth event that does not fall within the fiducial volume defined by

the analysis selection.

4. Background contributions: there may be events that originate from a non-signal

process.

Put simply, the unfolding procedure will provide the best estimate of the number of
Z — pp events that occur in nature based upon the observed data counts.

Firstly, not all Z — pu events that occur in nature will produce muons that
can be detected, either because they fall outside of spatial acceptance, or because
their pr is too low. The probability that a Z — puu event satisfies these kinematic
conditions is known as the acceptance, a. As the detector can only measure events
that are within acceptance, one way to remedy this is to define a so-called fiducial

phase space, €2, that defines the region of phase space in which the detector is capable
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of performing high quality measurements. This fiducial phase space will define the

kinematic region of the final measurement, and the so-called fiducial cross section,

Ofid = Ofid O Z—pp, (6-4)

which is the cross section as measured in the fiducial phase space, will be the result
as opposed to the production cross section. From this point forward, the subscript
will thus be dropped, and following this section the fiducial cross section will simply
be referred to as the cross section.

The definition of the fiducial cross section partially deals with effect (2) as listed
above. The efficiency, ¢ (see also Eqn. 6.20), can then be defined as the probability
that an event that enters into the fiducial phase space will also be detected. The
Z — up events that are detected enter into the so-called analysis phase space, A,
which mimics the fiducial phase space at detector level. Similarly, effect (3) can be
quantified by the introduction of the fiducial factor, fi¢ (see also Eqn. 6.24), which
dictates the probability that an event that enters into the analysis phase space also
enters into the fiducial phase space. Finally, to address effect (4), if there exists
contributions to n? that originate from a background process with an estimated

number of events equal to B , then the best estimate of the fiducial cross section is,

~fid “
. f (ndata _ ﬁ)
o= 7 : (6.5)

The fiducial cross section can also be considered on a per-bin basis as a function
of a certain observable of interest, x. In this case, the migration effects of point (1)
also need to be considered. To study an observable, both the fiducial and analysis

phase spaces are typically partitioned into Np;,s analogous bins with respect to =z,
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where the bins in the analysis phase space are indexed with ¢ and the bins in the
fiducial phase space are indexed with j. Events that enter into bin 7 in A may not
enter into the same bin in 2. How this particular effect is incorporated depends largely
on the individual unfolding procedure, and to simplify notation the best estimate of
the fiducial cross section in a bin j in the distribution of a certain observable can be

written as,

6= (6.6)

where 77442

represents the observed data counts in each bin i and U (7 %) ; represents
the number of events in bin j after the unfolding procedure is applied to the data
events. This represents the best estimate of the number of Z — pu events occurring
in nature in the jth bin of the distribution of observable x.

The differential cross section is then defined as the fiducial cross section ex-
pressed differentially with respect to observable z,

@ B U(ﬁdata)j

dr Az; L (6.7)

where Az; represents the bin width of the jth bin. This is the form in which the
results in this thesis will be presented in later chapters.
The major piece left to determine in Eqn. 6.7 is the unfolding procedure itself,

which will be described in the following sections.

6.2 Traditional unfolding methods

This section serves to outline the traditional methods used to perform the unfolding

procedure. This section will begin by outlining the basic mathematical background of
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the unfolding procedure in Section 6.2.1. The practical quantities required from the
MC samples to perform the unfolding will then be defined in Section 6.2.2. Finally,
Section 6.2.3 will outline the methodology for iterative Bayesian unfolding (IBU). As
IBU is the most common unfolding method used within the ATLAS Collaboration,

it will be used as a comparison to the MultiFold method in the following chapters.

6.2.1 Mathematical formulation of unfolding

This section will focus on developing the general mathematical formulation of the

unfolding procedure [125]. Consider an observable whose detector (or reconstructed)

reco

level value is 27°° and whose particle (or truth) level value is 2. If the detector

measuring the data were able to perform a perfect measurement, then the value of

reco

27 would be equivalent to 2™"*". Unfortunately, due to the effects discussed in the

previous section this is not the case in practice and thus additional steps must be
taken in order to obtain a measurement at the particle level.

The unfolding problem may be framed as determining the probability distribu-

truth

tion function (pdf) for the true values, 2"™", given that 2" has been measured and

that '™ and 27 are related by some function. Thus, the relation between the

reco reco) truth truth)
)

, may be written as

,and x pe(x

pdfs for z™°, p,.(x

pr(xreco) — /R(xreco|$truth) pt(xtruth)’ (68)

where R(x7|z""*") represents the response function. Given the effects of the de-

reco

tector, it describes the probability to observe 2™ given that the truth value was

mtruth )

The standard way to approach finding a solution to this problem is to construct

reco truth

histograms for 2" and z , where the number of expected events in a bin ¢ of the
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reconstructed level distribution can be written as

V: _ I/‘:ot/ pr(l,reco) dxreco) (69)
bin %

where 1/, is the total number of detected events. Similarly, the number of events in

a bin j of the truth level distribution can be written as,

y;f — Vgot/ D (:L,truth) dxtruth, (610)

where v/, is the total number of truth events. For the remainder of this discussion, it
will be assumed that each distribution is identically binned into a total of Ny, bins
(although this need not necessarily be the case in general). Equation 6.8 may then

be expressed as,

mes

fﬁd (v —B) = Z Rij vt i where i =1, ..., Npjns. (6.11)

Here, R represents the response matrix, which is a discretized version of the response
function and dictates the probability that an event is detected in bin ¢ given that the
event is in bin j at truth level, and fi9 and 3; are the fiducial factor and estimated
background contribution in bin i. For the sake of brevity, fi9 will be ignored in the
following discussion.

Equation 6.11 can be generalized to

v =RV + 3, (6.12)

t

where v" and v* are simply the number of detector and truth level events in each

bin represented as a column vector. Similarly, B is a column vector of the number
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of background events in each bin. Typically, the quantities in the above equation are
obtained using MC samples designed to precisely model the detector level and truth
level distributions.

The ultimate goal of the unfolding procedure is to determine the estimators for
v, D', given that a certain number of data events were observed. In theory, the most
straightforward way one could envision accomplishing this task is to simply invert

Eqn. 6.12,
V=RV - 1). (6.13)

Determining the estimators in this manner corresponds to deriving them using max-
imum likelihood estimation.

When a measurement is performed a set of values is obtained for the number
of observed events, m = (ny,....,ny)T. In general, the n; values may be considered
random Poisson variables with a mean (or expectation value) of v/. Thus, writing

out the log-likelihood function gives,

Nyins Nbpins r\n; 71/;'”
log L(v') = Z log(Poisson(n;; v} )) = Z log (M) : (6.14)
i=1 j '

where log is the natural logarithm. Taking the derivative with respect to v! and

setting it equal to zero results in the estimators for " and v* being,

P =n, (6.15)
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and

o' =R (n-p). (6.16)

Unfortunately, this method is not generally viable. The response matrix R,
which is estimated from the MC sample, has in many cases substantial off-diagonal
elements, and performing the unfolding by matrix inversion can thus result in large
statistical fluctuations. This is due to the fact that any small differences between
n and v", even if they are only statistical in nature, will be interpreted as a real
effect due to the detector rather than simple statistical variations, and they will be
propagated to the final result for &' [126]. Due to this limitation, this method is
not very commonly used except in very rare cases where the off-diagonal elements of
the response matrix are minimal enough that the variance falls within an acceptable
range [127]. Thus, other analytic methods have been explored in order to unfold
experimental data that reduce localized statistical fluctuations using a process known
as regularization.

The basic principle behind regularization involves introducing an element of
smoothness to the estimators for v¢. Imposing this smoothness serves to reduce the
variance on the estimators, while ideally leaving the underlying data distribution
only minimally affected. Different approaches to regularized unfolding provide var-
ious ways of imposing this smoothness, and it is usually quantified by a so-called
regularization parameter that is unique to that unfolding procedure. One possible
and very common method will be discussed in Section 6.2.3, but examples of other
methods include singular value decomposition (SVD) [128] using Tikhonov regular-
ization [129,130], the iterative dynamically stabilized method (IDS) [131,132], and

full Bayesian unfolding (FBU) [133].
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6.2.2 Relevant MC quantities

Before explaining any further unfolding methods in detail, some relevant quantities
from the MC samples must be defined. Throughout this section, v* and v will repre-
sent the number of truth and reconstructed events from the MC sample, respectively,

and can be written as,

Ntruth

t truth

Vit = g wy™™,  and (6.17)
k=1
NreCO

roo_ reco

Vi, = E Wy, (6.18)
m=1

truth(reco)

for the total number of each, respectively, where w represents the MC event

weights for the truth (reconstructed) level events as described in Section 4.2.6.

Now, recalling from the previous section that the response matrix dictates the

reco

probability that a quantity, x™°, is detected in bin ¢, given that the truth level

quantity, """ is in bin j, it may be calculated practically using
P(Ir-eco N ZEt-ruth) V?f,‘truth/\reco
_ truthy _ i j _ Y
Rij = P(x]z‘recoujru ) = P(ztuth) - i J (6.19)

J J

t,truth A reco
where v

i represents the number of truth events in bin j reconstructed in

reco
(2

bin ¢ and I/;f represents the total number of truth events in bin j. Here, z and
x;mth have been used as shorthand notation to represent 2™ € A; and z"™*" € Q;,
respectively, where A; represents the analysis phase space in bin ¢ and 2; represents
the fiducial phase space in bin j.

Another important quantity that can be determined from the response matrix

is the efficiency, which was previously discussed in Section 6.1. It represents the

truth

probability that an event with a truth level quantity z; enters into the analysis
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phase space in any bin,

t,truth A reco

1%
= Y Ry = Y Pl = 5 (620)

J

where Vjt.’tmthmeco represents the number of truth events in bin j that are reconstructed
in any bin. The efficiency can be used to relate another object known as the migration

matrix to the response matrix. The migration matrix may be defined as,

t,truth A reco

My =-4 (6.21)

t,truth A reco’
J

such that,

N
> My=1. (6.22)
=1

It is thus related to the response matrix by

a, =

. (6.23)

There are two additional quantities related to the detector level events, the first
of which is the fiducial factor (also discussed in brief in Section 6.1). The fiducial
factor represents the probability that an event with 2}°°° enters into the fiducial phase
space in any bin. In other words, the fraction of reconstructed events that are not the

result of either fakes or truth events that are outside of the fiducial volume defined

by the analysis. It can be written as

r,truth A reco

A (6.24)
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r,truth A reco
where v,

is the number of detector level events in bin ¢ that appear at truth

level and v represents the total number of detector level events in bin 7. Finally, the

reco
3

purity is the probability that an event with z appears in the same bin 7 in the

fiducial phase space (i.e. j = 1),

r,truth A reco

p=ti (6.25)

T
v;

6.2.3 Iterative Bayesian unfolding

[terative Bayesian unfolding (IBU) [134, 135] is the most commonly used unfolding
method within the ATLAS experiment. In this analysis, it will serve as the “standard”
result to which the main MultiFold result will be compared. This section will thus
discuss the methodology behind IBU.

IBU works by incorporating Bayesian statistics into the unfolding. Recall that
the response matrix for a specific observable can be written as the conditional prob-

ability,

Rij = P(xj*lai™™h), (6.26)

truth
J

reco
7

where 21°° and x are as previously defined. The number of unfolded events can

. Analogously to

then be estimated using the conditional probability P(z}™""|z}*)

Eqn. 6.11, one can write,

I/;f _ Z P(x;ruth|x£eco)V:7 (627)

where efficiency effects, contributions from fakes and background contributions are
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truth |xreco)

temporarily neglected. Using Bayes’ theorem, P(z; may be written as

P(xt'ruthlxl'«eco> _ P($§600|$§-rUth)P($;~rUth) _ P($£eco|x3ruth)P(x;ruth) (6 28)
J 7 P(‘r;‘reco) Zj P(xgeco|l,;ruth)P(l. ruth) :
and so Eqn. 6.27 becomes
reco xtruth P xtruth
% —Z Pl )h<ﬂ )h vy (6.29)
Z P recolxtrut )P(ZE rut )
truth)
V - Z Z R’L]P truth) Vi (6.30)

The iterative part of this process comes from the estimation of the prior, P(x t’“lth) On
the first iteration, P (™) is defined using the MC truth distribution, i.e. P(z{""") =
Vi /Uiy Tt is subsequently updated using the result for v} from the current iteration,
thus

(k) (Itruth>

Z z RZJP k) truth) x

y (k+1

l“eCO7 (631)

where k represents the current iteration number.
In order to apply this method to a measurement using data, which will again
be represented as m, the effects that were neglected eariler must also be included.

Incorporating them gives,

1 Rz]P ( truth) - fid

Ulm); = 2 30 Sty )+ (4 o) (6.32)

U(n); represents the unfolded result in bin j after k iterations, which gives the best
estimate of the particle level data in bin j. Notably, this is equivalent to the value

specified in Eqn. 6.7 in relation to the differential cross section measurement.
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The number of iterations serves as the regularization parameter for IBU. In-
creasing the number of iterations increases the variance of the result while decreasing
the bias. In fact, after a very large number of iterations IBU will approach the matrix
inversion solution and thus become unregularized. The number of iterations must be
optimized for each analysis, but in most cases very few iterations are needed to obtain

a sufficient bias reduction.

6.3 The MultiFold method

The traditional methods for measuring the differential cross section discussed in the

previous section have some key drawbacks, as listed below.

1. The data must be binned into histograms and the exact list of observables

determined prior to unfolding.

2. Only a small number of observables may be unfolded simultaneously (in the last
chapter, the focus was on unfolding observables one at a time but this could

potentially be done in two or three dimensions).

3. The response matrix is only parameterized as a function of the observables
included in the unfolding, and thus may neglect effects from so-called hidden

observables that are not included.

The MultiFold method [10] aims to address these drawbacks by performing an un-
binned, highly dimensional unfolding that is made feasible by the utilization of neural
networks. By obtaining a result that is highly dimensional and unbinned, its flex-
ibility is greatly increased. In addition to the ability to freely bin the results, new
observables may be calculated from the results or phase space reductions may be

applied. When using the traditional methods, adding a new observable or changing
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a phase space definition would require the full analysis to be rerun. As typical mea-
surements occur on the timescale of years, it is cumbersome to incorporate such a
change at a later date.

This section will first outline some general background on neural networks in
Section 6.3.1 before explaining the methodology of the MultiFold procedure in Sec-
tion 6.3.2.

6.3.1 Neural networks

This section aims to provide a basic introduction to deep neural networks, which are
the type of machine learning algorithm used in this thesis. This will, as such, be
a very narrow introduction to a very rich field of study. The following discussion
draws largely from Refs. [136-138], which provide a much more in-depth overview of
machine learning topics. Put very broadly, a machine learning (ML) algorithm is one
that is able to learn from a set of input data. The ML algorithm produces a function,
f, that is designed to predict outputs y from inputs . In the cases discussed in this
thesis, this is done by examining a set of labelled training datal. Two very common
tasks that are often performed are classification and regression tasks. In classification
tasks, the algorithm predicts which class an input belongs to and the output y is
a value mapping the input @ to a specific category. Regression tasks, meanwhile,
predict a numerical value given the inputs x.

ML algorithms are especially useful for approximating solutions to problems
that are too complex to be reasonably solved using a man-made program. They are
also, in theory, generalizable and once trained can be applied to new data without

degradation of performance. Over the past several years as the technical implemen-

! This is known as supervised learning. Input data can also be provided without labels and the
ML algorithm asked to learn the features of the dataset. This is known as unsupervised learning.
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Figure 6.1: A schematic diagram of a single neuron, where the input signal vector
x has four components.

tation of NNs has become more accessible, the usefulness of NNs within the particle
physics community has been explored with some depth and has found applications in
a great number of problems (an ever-growing list is maintained in Refs. [139, 140]).
As a few specific examples, ML has seen use in classification tasks in order to dif-
ferentiate between signal and background events, as well as in object reconstruction
where regression tasks can provide improved predictions of the object properties.
The most basic structure in a neural network is the eponymous neuron. The
basic principle behind a neuron is that given a vector of input signals, &, an output
signal y may be calculated by multiplying the inputs by a corresponding vector of

weights, w, and introducing a possible bias term b. In equation form,

y=w'z+b. (6.33)

A basic schematic of an individual neuron is also shown in Figure 6.1. These neurons
are often grouped into so-called layers, where an input vector of signals x is now

multiplied by a weight matrix W to get an output vector y. Or,

y=Wax+b. (6.34)
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Figure 6.2: A schematic of a DNN composed of an input layer with four features,
three hidden layers with ten nodes (neurons) each and an output layer.

More specifically, this kind of layer is known as a linear layer. Stacking a set of linear
layers would be equivalent to simply multiplying together the weight matrices from
each layer. To extract more information and introduce an element of non-linearity to
the function determination, a non-linear activation function may be applied. These
involve applying a transformation in the form of a non-linear function, ¢, to each

layer,

y=d(Wz+b). (6.35)

This combination of a linear layer and an activation function is what is known as a
hidden layer. If the network architecture includes an input layer (simply the inputs
x), one hidden layer and an output layer (the outputs y) then this is what is known as
an artificial neural network. The basis for a deep neural network (DNN) is combining
a series of fully-connected hidden layers, where fully-connected simply means that the
output of each neuron (also known as a node) in the layer is fed into all the nodes
of the next layer. A visualization of this kind of architecture is shown in Figure 6.2,
which shows a schematic of a DNN with one input layer, three hidden layers, and one

output layer.
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Figure 6.3: The two activation functions that are used in this thesis. The ReLLU
function is shown in blue, and the sigmoid in orange.

The two activation functions present in this thesis are the Rectified Linear Unit

(ReLU) and the sigmoid (¢), which are written as

¢(z) = ReLU(z) = max{0,z}, and (6.36)

¢(z) =o(x) = : (6.37)

respectively. The range of the ReLU function is [0,+00), while the range for the
sigmoid function is (0,1). This makes the sigmoid function useful for classifier tasks.
Meanwhile, the ReLLU function is useful for the optimization of the network, and so
is frequently used in layers before the output.

The above outlines how a function f is produced using a DNN, however this
output must now be evaluated to determine its performance. The performance of
a network is quantified using a so-called loss function, £(@), where 6 represents

the parameters of the model (the weights and the bias in the context of the above
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discusssion). The basic principle behind a loss function is that if the network output
is far from the target, the loss function will be larger. Thus, the best estimate for the

parameters can be obtained using,

A

0 = argmin £(6). (6.38)
0

The loss function can have a variety of forms, however one common choice is based
on the principle of maximum likelihood estimation. Typically, the model determined
from NN training can be represented by a pdf p(y|z;80). Thus, the principle of

maximum likelihood dictates that the best estimate for the parameters 6 is given by,

N

0 = argmax [ [ p(y,|z:; ), (6.39)
o iz
where N represents the number of examples in the input training data. This is

equivalent to calculating the minimum of the negative log likelihood,

N

0 = argmin (% > [ log p(y;|a:; 9)]) , (6.40)

0 i—1

where without loss of generality this has been scaled by 1/N. More compactly, this

can be expressed in terms of the expectation value,

~

0 = argmin E[— log p(y|x; 0)]. (6.41)
0

Thus, the loss function that corresponds to the maximum likelihood estimate is,
XN

£(0) = 5 D_[~logp(y;|x:: 0)]. (6.42)

=1
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The exact form of this loss function depends largely on the task the network is being
assigned to perform. As a specific example, consider the case where a binary classifier
is trained with one output labelled y = 1 and the other y = 0. For an input random
variable X, the probability that it will belong to the category labelled y = 1 is ¢
and the probability that it belongs to the y = 0 category is 1 — ¢ (i.e. the Bernoulli
distribution). If the classifier is equipped with a sigmoid activation function on the

output layer, then f(X) = ¢. This leads to a probability mass function equal to

q ify=1 .
pmf(y; q) = =¢'(L-q) 7. (6.43)
1—¢q ify=0
Taking the log results in,
log(¢”(1 — )'™") = ylog(g) + (1 — y) log(1 — q), (6.44)

and inserting this into Eqn. 6.42 gives the following loss function,

Z —y;log f(x;;0) — (1 — ;) log(1 — f(x;;0))]. (6.45)

2 |

This is known as the binary cross entropy loss function.

The discussion up until now has described the DNN architecture and how it uses
a series of inputs & to determine a model f(x; @) that gives an output y, where the
accuracy of the model is quantified by a loss function that examines the agreement
between the outputs from the model and the labels assigned to each example in
the training data. Now, the way in which the network learns must be discussed.
This process is known as optimization, the main idea behind it being to tune the

parameters such that the loss function moves towards its minimum value. The basic
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technique used to determine how the parameters should be changed is known as
gradient descent. This involves evaluating the gradient of the loss function with
respect to the parameters, VoL£(0), using a procedure known as backpropagation,
where the gradient is determined by allowing information from the loss function to
flow back through the network. The gradient will give the direction of fastest increase
of the loss function, thus by taking the negative one can find the direction of steepest
descent. Taking a step in this direction in parameter space results in the loss function

getting closer to its minimum value. Thus, the parameters are updated using

0 =0 — VL, (6.46)

where v is the learning rate or the step size. This is optimized depending on the
network.

There is one major drawback to the gradient descent method as it is written
above, that being that the calculation of the gradient for each event in the training
set is computationally expensive. In order to mitigate this, a modified version of this
method known as stochastic gradient descent is frequently employed. Since the loss
function is an expectation value, its gradient is itself an expectation value. Thus, the
idea behind stochastic gradient descent is that the gradient may be approximated by
calculating it for only a small subset of samples known as a batch. The parameters are
then updated according to Eqn. 6.46 using the gradient calculated using the batch.

The number of times the parameters are updated by passing through the train-
ing set is known as the number of epochs. In order to prevent overfitting, where
the model becomes very good at predicting the outputs of the training set but does
not generalize well, early stopping is one method that is employed. The resulting

function, f, determined using the training set is evaluated on a separate validation
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set. If the loss function after applying the model to the validation set is reduced from
the previous epoch, then the model parameters are saved. If the validation set error
does not improve for a specified number of epochs, then the algorithm is terminated

and the best parameters are saved.

6.3.2 Methodology

The shortcomings of traditional unfolding methods outlined in the introduction of
this section can be remedied through the usage of neural networks. The MultiFold
algorithm is underpinned by the principle of using NNs to perform a smooth, highly
dimensional reweighting of input MC samples. This reweighting procedure will first
be outlined before discussing how it is used in the MultiFold algorithm.

Neural networks provide a means by which to reweight samples in a highly-
dimensional and unbinned manner via a process known as density ratio estima-
tion [141]. This forms the basic principle behind the MultiFold method. To frame
this reweighting problem, consider two datasets, A and B, that describe the same
phase space €. The goal will be to reweight dataset A such that it better matches
dataset B. If the datasets are described by the probability density functions pa(x)
and pg(x), where x € () represents an event, then the per-event weight to reweight

sample A to sample B could be written as

() = 22 (6.47)

which is also known as the likelihood ratio, p(x|B)/p(«|A). This provides a means
by which to indirectly estimate pg(x). The events in each sample may in general be
weighted, but for simplicity this will be neglected for the remainder of this discussion.

Looking at this equation, the natural thought would perhaps be to simply determine
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pe(x) and pa(x) separately and then take the ratio. Unfortunately, this is does not
necessarily represent the best approach. For one, estimating the probability density
function directly is a much more difficult problem than estimating the ratio. It relies
to a larger degree on the training data being representative of the full sample, and
constitutes a more complicated network architecture than in the case of estimating
the ratio. This is also the reason for not directly estimating pg(x). Furthermore,
due to the division being performed, any errors in the estimation of the pdfs may be
artificially inflated. This is particularly problematic for highly-dimensional problems
like the one in this thesis, where the density values are often very low. Furthermore,
estimating the individual pdfs without considering the fact that their ratio will be
taken may result in a suboptimal model for the ratio. The NN models used to esti-
mate the pdf would be optimized specifically for that pdf, but this will not generally
translate to an optimized model for their ratio. It is, therefore, simpler and often
more accurate to estimate the ratio directly.

One possible method to estimate the density ratio involves the use of Bayesian

statistics to rewrite the ratio as,

(@ p@B) pBlo)P@)  PA)

@)= @ @A) - P pA)P) (6:48)
P(A) p(Bla)

r(x) = P(B) p(Ax) (6.49)

The P(A)/P(B) term is simply proportional to the number of events in each sample,
and may be approximated as P(A)/P(B) ~ N /Ng in the case where all events have
a weight of one. It will be neglected for the remainder of the discussion, as it will

be incorporated in the normalization factors at a later stage. The estimator for the
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density ratio may then be expressed as,

P(x) = . (6.50)

In order to calculate this practically, a classifier, f(x), can be trained to dif-
ferentiate between the two datasets [138,142-144]. Let X and Y € {0,1} be a
random set of input features and a random variable output labelling one of the two
datasets, respectively. As described in Section 6.3.1, the optimal form of f(x) can be

determined by minimizing the loss function,
flx) = argj{/nin Exy[L(f(X),Y)], (6.51)

where the expectation value is taken over the joint probability distribution and f
represents a specific trained classifier. Without loss of generality, this can instead be

written as,

f(x) = argfrlnin Ex (Eyx[L(f'(X),Y)|X]), (6.52)

and thus it is sufficient to minimize,

f(x) = argfrlnin By x—o|L(f'(x),Y)|X = x|, (6.53)

for all . Returning to the binary cross entropy loss function defined in Eqn. 6.45,

and rewriting it with the quantities defined in this discussion,

L(f'(x),Y) = =Ylog (f'(x)) — (1 = Y)log(1 — f'(z)). (6.54)
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Substituting this into Eqn. 6.53 gives the following to be maximized,

ﬂ@ZMgmﬂmW%W@D+O—YN%O—f®mXZw] (6.55)

= argglax ElY|X = z]log(f'(x)) + (1 — E[Y|X = «])log(1 — f'(x)). (6.56)

The maximum is achieved by setting f(x) = E[Y|X = ], which can be determined
by taking the derivative with respect to f’(x) and setting it equal to 0.

If the output layer of the classifier is equipped with an activation function
with the appropriate asymptotic behaviour and an output between 0 and 1, like the
sigmoid function that was discussed in the previous section, then f(x) will approach

E[Y|X = «] and 1 — f(x) will approach E[1 — Y |X = x]. Thus,

fl)  EY|X ==

1— f(x)  E1-Y|X =a] (6.57)
s 69
=0 = -

> ig;}; = 0;’ (6.60)

where once again on the last line the overall factor related to the sample size has been
neglected as it was in Eqn. 6.48. Therefore, by expressing the result of the classifier
in this manner it will provide an estimator of the density ratio, 7(x). In the context

of dataset A and B, this gives,

@) p@B) _ pale)
I @) "~ pla®) " pa(@)

() (6.61)
Thus, dataset A can be reweighted such that it matches dataset B by applying a
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weight to each event in A in the form of the above equation. In order to obtain better
statistics and a better estimate of pg(x), one would simply need to generate more
events in dataset A.

A frequent task in experimental particle physics is to examine the differences
between the data sample and the reconstructed MC sample (as in Section 7.5 for
example). To improve the MC prediction, one may wish to reweight the reconstructed
MC sample to match the data. In order to do this, a classifier would be trained using
a set of features @, with a label of ¥y = 0 corresponding to the reconstructed MC,
and a label of y = 1 corresponding to the data. The events in the reconstructed MC
sample would then be reweighted such that the new event weight for an event i in

the sample would be,

rew __ f(ml) )
N

w

(6.62)

where w; is the original event weight. This would result in MC events in a region of
phase space more densely populated by data events receiving a higher weight, and
correspondingly MC events in a region of phase space less densely populated by data
events being down-weighted.

The main idea behind the MultiFold algorithm is to iteratively perform reweight-
ings in this fashion to produce the unfolded result. The inputs to the NN in the case
in the last paragraph will be a set of features (the observables) and the corresponding
event weights from both the data sample, with (wi*® = 1, Z7) and the detec-
tor level MC sample, with (wj*°,#;°). In order to obtain the unfolded data at

truth level, the weight necessary to reweight each MC event at detector level is ap-

plied at the truth level, where the MC event j has truth level weight and features

pruth f truth) )

P A new reweighting function is then determined that reweights the

(w
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truth level MC sample with the original MC weights applied to the truth level MC
sample with the detector level reweighting applied. The final unfolded result will thus
be entirely determined by applying this new truth level reweighting function to the
original truth level MC sample. Ideally, the result of this reweighting will begin to
approach the best estimate of the data at truth level. This will be discussed in more
detail below.

The MultiFold algorithm is a part of a larger suite of algorithms, each with
slightly different inputs and outputs, which are collectively known as the OmniFold
algorithm. The OmniFold algorithm does not specifically require the use of neural
networks to perform the reweighting, however as NNs are very well-suited to the task
of determining reweighting functions they are an obvious choice. The three flavours

of the OmniFold algorithm are listed below.

e UniFold: essentially an unbinned version of IBU. One observable with the cor-
responding event weight is used as input to the algorithm. The output is then

a set of MC events with the truth level observable plus a modified event weight.

e MultiFold: takes a list of observables as input along with the corresponding
event weight. The output is then the list of observables plus a modified event

weight.

e OmniFold: takes as input all of the particle four vectors in an event and the
corresponding event weight. The output is then a variable-length list of four

vectors plus a modified event weight.

This analysis will focus specifically on the MultiFold version of the algorithm with
24 input observables. These observables are discussed in more specific detail in Sec-

tion 7.1.
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Figure 6.4: A schematic representation of the OmniFold algorithm.

The MultiFold algorithm proceeds as shown schematically in Figure 6.4. The

starting inputs for the algorithm are the data sample, with
D= ((wl = 1751)7 (wQ =1, 52)7 ) (deata =1, deata))’ (663>

where Ngaia is the total number of data events and Z; represents the 24 observables

for event 7, and the MC sample at both the detector level and truth level, with

MCroco = (W%, Z1°°), (w5, Z5°°), none ..., (Wi, Zxe.)) (6.64)
MCiputn = ((wirmh, i:’ltmth), none (wgmth, fgruth), s (w%&%’, fﬁ;ﬁ}h)) (6.65)

where Nyi¢ represents the total number of MC events. ot g greco(truh)

J J
represent the MC event weight at the detector (truth) level and the 24 observables

in event j at the detector (truth) level. As depicted above, an MC event j need
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not necessarily exist at both the detector level and the truth level. Having outlined
the intial inputs, the basic steps for a single iteration, k, of the method are then as

follows.

Step 1 Using the reweighting method described above, the function w® (7 is

determined that reweights the detector level MC from the previous iteration to the

data, D:
MCB), = (W™ = qiees W=D o ) ®) (grec) 710y v j where 3 7™, (6.66)
Here, w;fsfflgf_l) is the detector level MC weight for event j after the completion of

the previous iteration. For the first iteration, it is simply the initial wj*.

“Pull” weights The weights are propagated (“pulled”) in the form of multiplicative
factors to the particle level MC, this results in a reweighted truth level MC sample
that is denoted by /\/le;ﬁih :

./\/ngﬂih = (w;ruulihj(k) = w;ruth(k_l) X w(k)(f;eco),f;mth) V j where 3 7. (6.67)

For particle level MC events that are not reconstructed, the pulled weights are esti-
mated by determining a reweighting function p®)(Z"™") that reweights MCEfuﬂll

match MCP" %) v j where 3 Z7°°:

truth

Mcpull (k) _ (wgﬁ‘lﬁ};(lﬁ) _ wjtruth(k—l) « p( )(—»truth%f“cruth) v ] where ﬂ greco. (668)

truth i

Step 2 A new reweighting function, v® (Z"™"), is determined that replicates the

reweighting performed using the weights from Step 1 using the particle level quanti-
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ties, Z™"". This is done by reweighting the MC truth sample, Mc¥D 6 the MC

truth )

truth sample with the pull weights applied, MCfﬁhk).

Mctruth (wtruth (k) - wtruth (kil) X y(k)(ftrUth)

—truth
; Ztru )

V j where 3 2" (6.69)

Y

If the desired number of iterations has been reached, this is when the algorithm stops.

“Push” weights The weights are next propagated (“pushed”) to the reconstructed
level MC in the form of multiplicative factors. This results in a reweighted recon-

structed level MC sample that is denoted by MCPuE*).

reco

M (k) — (qreco(B) g reco(h=L) o (k) (truthy girecoy 5 ywhere 3 2™ (6.70)

reco push,j J

For reconstructed events that do not exist at truth level, the pushed Weights are

estimated by determining a reweighting function &(#"%) that reweights MC®

reco

MCPELR)  j where 3 2T,

reco

Mcpush k) _ _ (wreco(l'c) _ wr'eCO(k—l) X 5(k)<:i:re00)’:z;rec0) v ] where ﬂ —»truth (671)

reco push,j J

This process is iterated for a chosen number of iterations. The final result is

( — truth)

a reweighting function v(¥ that reweights the particle level MC to become the

“unfolded data”. In other words, the final output will be the set of events from the

truth MF —»truth)
)

truth level MC sample with a set of modified event weights: (w{™" x w,"", Z;

where wMF = p(Z7) [TNter 1, (™) is the weight given by the MultiFold algorithm
for an event 7. These unfolded events may then be used to construct distributions of
the observables included in the algorithm for any choice of binning with reasonable

statistics. Furthermore, distributions for additional observables may be constructed
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provided they may be derived from the input observables.
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Chapter 7

Analysis

The ultimate goal of this analysis is to perform a precision measurement of the Z(—
i) +jets process using the method described in Section 6.3.2, MultiFold. Performing
the measurement in this manner will not only make it highly dimesional and unbinned,
but also greatly increase its long term utility. In order to perform the measurement,
events that are a part of the Z — uu signal process must be selected. These events
will include contributions from the strong, electroweak and diboson Z+jets processes
that contain a Z — pup decay.

The relevant observables for this analysis are first discussed in Section 7.1. The
process of selecting events such that background contributions are minimized is then
described in Section 7.2 for the analysis phase space, and Section 7.3 for the fiducial
phase space. Following this, Section 7.4 describes the corrections applied to the
MC samples before the data and reconstructed level MC distributions for each of the
observables being measured are shown in Section 7.5. Section 7.6 describes the various
uncertainties that must be considered for each of the events passing the analysis
selection. Section 7.7 then describes some modifications made to the MC samples in

order to better facilitate their use in the unfolding procedure, as well as production
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of a set of mock data to be used for validation tests. Finally, Section 7.8 details
the implementation of both the traditional method for performing the measurement,

IBU, and the new method, MultiFold.

7.1 Observables

This analysis focuses on the measurement of 24 observables within the Z(— uu)-+jets

events:
e the transverse momentum and rapidity of the dimuon system: pf" and y,,

e the transverse momentum, pseudorapidity and azimuthal angle for the leading

(highest pr) and subleading (second highest pr) muon: p’{«l, Nuts Puis p%z, N2 and
QS;LQ

e the transverse momentum (pr), rapidity (y) and azimuthal angle (¢) for the

leading and subleading charged particle jets

e the mass (m), charged hadron multiplicity (n.,), and N-subjettiness (77, T2 and

73) for the leading and subleading charged particle jets

The N-subjettiness is an observable designed to probe the jet substructure, and is

defined as [145]

™ —

1
CieserPrafo epin 18R, 7.1
2icjer Prillo ie%pT’ je{rﬂl.l.}N}{ il (7.1)

where ¢ runs over the constituents of a given jet, j runs over the subjet axes and R
is the radius parameter used in the jet building algorithm. 7, is designed to quantify

the degree to which a jet can be classified as N subjets.
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7.2 Analysis phase space definition

Requirements are placed on events in this analysis primarily to limit contributions
from processes other than the Z — pup signal process. These requirements include
ensuring the events are of good quality, pass criteria related to the muon quality and
satisfy various kinematic cuts. The selection performed in this analysis is very typical
for any ATLAS analysis selecting Z — ppu events.

Firstly, the event must have been measured during a period of time where the
LHC and ATLAS were operating as expected. This means that the event must be
part of the ATLAS Good Runs List (GRL) [146], which defines periods of data-taking
that are suitable for use in analyses. Secondly, there is a step which removes events
that were measured during times where the detector was experiencing an issue due to:
an error in the LAr or tile calorimeter system, an error in the SCT, or a restart of the
trigger, timing and control system that causes the event to be incomplete. These two
criteria are the cause of the discrepancy between “recorded” and “good for physics”
in Figure 3.10.

The data were collected using the ATLAS trigger menu, which selects events
containing a wide range of characteristics of interest. In this analysis, only events that
satisfy a single muon trigger are selected [147]. The single muon trigger requires the
event to have at least one muon with a pr higher than a threshold value (50 GeV),
or exceed a lower pr threshold but meet basic isolation requirements. Due to the
increasing luminosity and pileup during 2016-2018, the latter condition has a slightly
higher pr requirement (pr > 26 GeV) as well as more stringent isolation criteria than
for the condition applied during 2015 (pr > 20 GeV). The event is also required to
have at least one reconstructed primary vertex.

The selection criteria are designed to provide a pure and high statistics sample of
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Z — pp events, which requires that the muons be measured with high efficiency and a
low fake rate. The remaining selection criteria thus require defining the reconstructed
particles within each event in order to fully define the analysis phase space. Physics
objects within an event in the ATLAS detector are reconstructed using the algorithms
discussed in Chapter 5, and have a selection applied as outlined below. This selection
is also summarized in Table 7.2.

The muons must pass so-called “Medium” identification requirements [116]. In

order to satisfy this requirement, the muon must:

e be either a CB or IO muon (see Section 5.2);

e have a significance = l(a/p)ip—(a/P)uis | < 7, where is the uncer-
veaq/p sig Voa/mm i teta e < 1 Where o(g/p)

tainty on the ¢/p quantity in both the ID and the MS. This serves as a loose

compatibility check between the ID and MS momentum measurements in order

to minimize the number of hadrons misidentified as muons;

e have more than one hit in the MDT, or one hit and less than two holes within

the |n| < 0.1 region.

Utilizing the “Medium” requirement results in an identification efficiency of 96.1% for
muons with 20 GeV < pp < 100 GeV, measured using simulated ¢t events containing
a W boson decay to a prompt muon [43].

Additionally, the muons must satisfy track-to-vertex association (TTVA) re-
quirements, which are designed to minimize the contributions from muons that do

not originate from the hard scatter vertex. The TTVA requirements are:
[} ’do’/O’(do) < 3,
o |zpsinfd| < 0.5mm.
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The muons are also subject to an isolation requirement in order to reduce the
number that originate from hadronic sources as opposed to from a Z boson. The
isolation criteria requires that the pr from other sources within a certain AR of
the muon does not surpass a threshold. Lastly, the individual muons must have
pr > 25GeV and be within the |n| < 2.4 region.

The remaining physics objects that must be properly defined are the tracks and
the track jets. Tracks must first fulfill a “Loose” selection criterion, which requires

the track to have:

e pr > 500 MeV and |n| < 2.5;
e at least seven hits in the silicon layers of the ID;

e no more than two holes in the silicon layers and no more than one hole in the

pixel layers;
e no more than one shared hit.

They must also pass a “Tight” TTVA selection in order to limit the number
of tracks that do not originate from the hard scatter vertex. This requires that the
tracks have |dy| < 0.5mm and |zpsinf| < 3mm. Additionally, any tracks that are
part of a reconstructed muon are excluded from the track collection.

The general prescription for jet building was discussed in Section 5.3. For this
analysis, all tracks passing the criteria discussed in the previous section are used as
inputs to the jet building algorithm. The anti-k; algorithm is implemented using
FastJet [148] with the radius parameter set to R = 0.4 to produce the final track
jet collection. There is no pr requirement for the track jets, and thus it is possible
(although very rare, particularly for the leading track jet) for the track jet pr to be

only 500 MeV if composed of only one low pr track.
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Event selection | Description

Basic data quality | All ATLAS detector systems must be operational
No LAr calorimeter, tile calorimeter, or tracker errors
Event is complete

Trigger Pass a single muon trigger

HLT mu20_iloose L1MU15 OR HLT mu50 (2015)
HLT mu26_ivarmedium OR_HLT mu50 (2016-18)
Primary vertex Have at least one primary vertex

Muons Niuons > 2 (as defined in Table 7.2)

Opposite charges

Pass TTVA recommendations for muons

81 GeV < my, <101 GeV

Pt > 190 GeV

Table 7.1: A summary of the selection criteria applied for this analysis.

Object Definition

Muons pr > 25GeV, |n| < 2.4

Medium quality, pass isolation

Tracks pr > 500 MeV

Loose quality

Pass tight TTVA criteria

Do not originate from a muon

Track jets | Constructed using anti-k; algorithm with R = 0.4
Input tracks must fulfill the above requirements

Table 7.2: A summary of the selection criteria applied to each reconstructed physics
object in the analysis.

There are several requirements placed on the reconstructed dimuon system.
The event is required to have at least two muons with opposite charge and the recon-
structed dimuon mass, m,,,, must be between 81 GeV and 101 GeV such that it falls
within a 10 GeV range of the Z boson mass. The dimuon system is also required to
have p4* > 190 GeV. This has primarily been chosen to ensure that the balancing
jet(s) have a high quantity of charged particles and to reduce the overall dataset size.

A summary of the event selection criteria can be found in Table 7.1.
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7.3 Fiducial phase space definition

The previous section discussed the selection criteria applied to the events and ob-
jects at the reconstructed level. This is mimicked at the particle (truth) level in
order to define the so-called fiducial volume, which defines the measurement and is
required to compare with theoretical predictions (e.g. the particle level MC samples,
or predictions from theorists).

At the event level, the fiducial phase space is defined using an identical kinematic
selection to that applied at the reconstructed level. Thus, there must be at least two
truth muons with opposite charge that have a dimuon mass in the 81 GeV < m,, <
101 GeV range, and pf¥ must be larger than 190 GeV.

The fiducial volume is defined at the particle level, which means that all parti-
cles considered must be stable at the detector scale. This is ensured by imposing a
requirement that ¢r > 10 mm for each particle, which coincides with the standard def-
inition used for LHC experiments. The particle level muons are evaluated after being
“dressed”. The dressing procedure accounts for final state radiation photons emitted
from the muon, and adds the four momenta of any photons within AR < 0.1 of the
muon to the muon four momentum. The individual muons must have a pr larger
than 25 GeV and be within |n| < 2.4, identical to the kinematic selection applied at
the reconstructed level. Stable charged particles, excluding the muons, are used to
define the tracks at particle level. They must have pr > 500 MeV and |n| < 2.5, as
at the reconstructed level. The track jets are then built using the same method as
at the reconstructed level but using the charged particles as input to the jet building

algorithm.
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Object Selection criteria

Dressed muons | pr > 25GeV, |n] < 2.4

Charged hadrons | pr > 500 MeV, |n| < 2.5

Fiducial volume | At least two oppositely charged muons
81GeV < my,, < 101GeV

P > 190 GeV

Table 7.3: A summary of the fiducial selection criteria applied for this analysis.

7.4 Corrections to Monte Carlo samples

Multiple corrections designed to account for known modelling differences between sim-
ulation and data are applied to the MC samples in order to improve their agreement
with the observed data. The first such correction is known as pileup reweighting [149],
which adjusts the MC sample such that the pileup conditions are more in line with
those observed in data. This is done by first calibrating the p value, the number of
interactions per bunch crossing, and then correcting the distribution of y such that it
better matches between MC and data. While the i is a measured quantity in data,
in the MC samples it is an assigned parameter that determines the number of pileup
interactions to be overlaid (see Section 4.2.5). To derive this correction, the first step
is to apply a calibration factor to the measured p value in data. This is done since
the MC simulation of an event with a given p is known to be too hard, i.e. it better
models data events with a higher observed p value. Thus, the reconstructed p value
in data is scaled by a factor of 1/1.03 before deriving the correction required to bring
the data and MC distributions of p into agreement. This second correction is applied
to the MC event weight in the form of a multiplicative factor, and is, in general, a
small correction with a mean of 1 and a standard deviation of around 0.2.

There are also various corrections applied due to observed differences between

the data and MC samples related to the muons. These are applied in the form of
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correction factors to the MC events, and are designed to correct for inaccuracies in
the muon efficiency, i.e. the probability for a real muon to be reconstructed, to fulfill
isolation criteria, and to fulfill TTVA criteria. They depend on the properties of the
muon(s) within the event, and are derived by measuring the various efficiencies using
the tag-and-probe method with J/1 and Z events in the central region [43] separately
for MC and data. An appropriate correction is determined for each muon in the event
and then multiplied together before being applied to the MC event weight. These
correction factors are all on average very close to one, with standard deviations of
less than 0.01.

An additional correction is applied to the simulated muon pr, as differences
are observed between its value in simulation versus its value in data. This muon
momentum calibration depends on the 1 and ¢ position of the muon within the
detector, and the correction is derived using the same tag-and-probe method that
was used to determine the muon efficiency correction factors [43].

Lastly, there are differing trigger efficiencies between data and simulated events.
This correction is also applied as a correction factor, and once again depends on
the positioning of the triggering muon within the detector as well as its pr. The
correction factors are determined using the tag-and-probe method that was discussed

previously [147].

7.5 Observed and predicted event yields

Following the corrections to the MC samples described above, and the application of
the selection criteria to both the data and MC samples in order to obtain a comparable
set of signal events to be analyzed from both, the predicted event yield from the MC

samples and the associated distributions for each observable may be compared with
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Sample Selection criteria
None DQ Trigger | Dimuon | p4* P P
> 165GeV | > 190 GeV | > 200 GeV

Data 1115M | 1082M | 274.1M | 76.10M | 391.0k 246.7k 207.3k
Strong Z(— pp)+jets

MG5 aMC+Py8 FXFx 315.2M | 313.3M | 178.8M | 84.73M | 388.5k 245.9k 206.7k

SHERPA 2.2.11 308.9M | 307.1M | 173.8M | 81.51M | 368.3k 231.6k 194.2k

SHERPA 2.2.1 290.1M | 288.4M | 163.4M | 76.91M | 371.1k 235.9k 198.6k

MG5.aMC+Py8 CKKW-L | 292.6M | 290.9M | 168.7M | 80.28M | 436.9k 281.0k 240.8k

POWHEG+PYTHIAS 271.1M | 269.5M | 159.3M | 77.04M | 304.1k 188.9k 157.8k
EW Z(— pp)jj 86.16k | 85.63k | 68.88k | 36.64k 5.355k 3.928k 3.484k
Z (= pp)V 3.330M | 3.312M | 903.7k | 143.8k 10.06k 7.079k 6.183k
Other VV 10.53M | 10.47M | 1.464M | 14 0 0 0
Top 83.08M | 82.71M | 17.44M | 97.62k 1.358k 649 498

Table 7.4: Observed and predicted event yields for data and the MC samples after
the data quality (DQ), trigger, and muon selection criteria are applied as discussed in
Section 7.2. Differences in yield between MC and data are expected up to the dimuon
selection as the data collected by the full trigger menu will contain substantial QCD
and W+jets background while the MC samples will not. These contributions are
negligible after dimuon selection is applied.

data. Table 7.4 presents the observed event yield in data and the predicted event
yields from the MC samples at reconstructed level at various stages of the event
selection, and Table 7.5 shows the relative reduction between the stages. Figures 7.1
to 7.6 show the data and reconstructed MC distributions with the pf* > 190 GeV
selection criterion applied for a subset 24 observables of interest for this analysis. The
remaining distributions can be found in Appendix A.

The agreement between the reconstructed MC and data varies depending on
the MC sample. In general, the MC generators that contain additional higher or-
der parton emissions (i.e. SHERPA 2.2.1, SHERPA 2.2.11 and MADGRAPH+PYTHIAS
FxXFX) agree better with data. In particular, MADGRAPH+PYTHIAS FXFX ap-
proaches the event yield of data very closely and is thus used as the primary sample
for this analysis. SHERPA 2.2.11 also performs well and is used as the alternative MC

sample.
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Figure 7.1: MC predicted distributions for pf*, y,, and the pr of the leading
muon compared with data are shown on the left using the MADGRAPH-+PYTHIAS
FxFx sample as the strong Z-+jets MC. The ratio to data for all of the MC samples
for the same observables are shown on the right.
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Figure 7.2: MC predicted distributions for the subleading muon pr, 1 of the leading
muon and ¢ of the subleading muon compared with data are shown on the left using
the MADGRAPH+PYTHIA8 FXFX sample as the strong Z+jets MC. The ratio to
data for all of the MC samples for the same observables are shown on the right.
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Figure 7.4: MC predicted distributions for the number of charged constituents, 7,
and 7, for the leading track jet compared with data are shown on the left using the
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Figure 7.5: MC predicted distributions for the pr, y and m of the subleading
track jet compared with data are shown on the left using the MADGRAPH-+PYTHIAS
FxFx sample as the strong Z-+jets MC. The ratio to data for all of the MC samples
for the same observables are shown on the right.
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Figure 7.6: MC predicted distributions for the number of charged constituents,
and 73 for the subleading track jet compared with data are shown on the left using
the MADGRAPH+PYTHIA8 FXFX sample as the strong Z+jets MC. The ratio to
data for all of the MC samples for the same observables are shown on the right.
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Sample Selection criteria
DQ Trigger | Dimuon | pi* P P
> 165GeV | > 190 GeV | > 200 GeV

Data -3.02% | -74.66% | -72.24% | -99.49% -36.91% -15.95%
Strong Z(— p1)—+jets

MG5_aMC+Pvy8 FxFx -0.58% | -42.93% | -52.62% | -99.54% -36.69% -15.96%

SHERPA 2.2.11 -0.59% | -43.42% | -53.09% | -99.55% -37.11% -16.15%

SHERPA 2.2.1 -0.59% | -43.36% | -52.92% | -99.52% -36.43% -15.81%

MG5_aMC+Py8 CKKW-L | -0.58% | -42.00% | -52.42% | -99.46% -35.69% -14.29%

POWHEG+PYTHIAS -0.58% | -40.88% | -51.65% | -99.61% -37.88% -16.46%
EW Z(— up)jj -0.61% | -19.57% | -46.80% | -85.38% -26.65% -11.32%
Z(= up)V -0.54% | -72.71% | -84.09% | -93.00% -29.64% -12.65%
Other VV -0.54% | -86.02% | -99.99% | -99.90% -25.96% -0.00%
Top -0.45% | -78.91% | -99.44% | -98.61% -52.23% -23.22%

Table 7.5: The percentage of events rejected after the application of each set of
selection criteria relative to the previous set.

7.6 Uncertainties

A complete set of systematic uncertainty sources is evaluated for this analysis, with
the goal of providing a 68% confidence interval to the true underlying physics. They
can be divided into three main categories: experimental systematic uncertainties,
which are largely related to aspects of the event and object reconstruction and are
discussed in detail in Section 7.6.1; theoretical uncertainties, which are associated
with aspects of the theoretical modelling within the MC generators and are discussed
in detail in Section 7.6.2; and, statistical uncertainties, which are discussed in Sec-
tion 7.6.3. Uncertainties associated with the unfolding procedure are also present and
will be discussed in more detail in association with each unfolding method in Sec-
tions 7.8.1.2 and 7.8.2.2. The uncertainties are evaluated using two techniques: the
“Hessian” method, where the +10 effect is estimated for each uncertainty source and
each is considered uncorrelated to other uncertainties; and replica variation. Each
variation is independently propagated through the full analysis in order to determine

the impact on the final results.

117



1A e e

= R e e B = T : -
£ 1.06{—Z - up, Madgraph+Pythia8 FxFx ~PRWUp ] £ 1.08 E Z - up, Madgraph+Pythia8 FxFx - Siﬁi ggwn =
5 [ Vs=13Tev,139.0 fb* —~PRWDown 5 “"°L s=13Tev, 1300m" —— [satontp E
E 1.04 } Dilepton, p_‘;“ > 190 GeV { E 1.06 E Dilepton, p#“ > 190 GeV o Tave E
B o ] B 1.04F I Treoer bow E
= 102 — = C B
3 - ] $ 102 .
o = —— - === ——— -
C ] 0.98F ]
0.98~ - F E
C ] 0.96— =
0.96~ = 0.94f 3
0.941~ = 0.921 =
Lo b b b b b v b v Ly uy O b b b b b b 103

200 300 400 500 600 700 800 900 1000 0'%00 300 400 500 600 700 800 900 1000
pi¥ [GeV] Pt [GeV]

Figure 7.7: The impact of the up and down variations of the pileup reweighting (left)
and the up and down variations of the muon efficiency correction factors (right) on
the reconstructed dimuon distribution in the MADGRAPH+PYTHIAS FXFX sample.

7.6.1 Experimental systematic uncertainties

As has been previously discussed, there is a 1.7% uncertainty associated with the
measured luminosity. The majority of the remaining experimental uncertainties are
associated with the MC corrections discussed in Section 7.4 and affect quantities
related to the reconstructed MC.

The pileup reweighting procedure involves applying a correction factor of 1/1.03
to the measurement of u before reweighting the MC g distribution. Up and down sys-
tematic variations associated with the pileup reweighting procedure are determined
by setting this correction to 1/1.072 and 1/0.988, respectively, followed by a dedi-
cated reweighting. Next, there are up and down variations for the correction factors
associated with the trigger, reconstruction, isolation and TTVA efficiencies in the
muon reconstruction. These systematic variations affect the reconstructed MC event
weights and are dependent on the muon kinematics, and thus result in a shift across
all observables. The effect of these variations on the reconstructed pf¥* distribution
can be seen in Figure 7.7.

There are systematic uncertainties related to the muon momentum calibration
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Figure 7.8: The impact of the up and down systematic variations to the muon
calibration on the distrbution of the reconstructed dimuon pr for the MAD-
GRAPH+PYTHIAS FXFX sample.

procedure. Four uncertainties, each with up and down variations, are considered: one
for momentum variations due to measurements made in the inner detector, one for
momentum variations due to measurements made in the muon spectrometer, one for
the momentum scale and one related to the measured sagitta! value. These uncer-
tainties affect the muon pr, and depend on the muon pr, ¥ and ¢. As an example,
the effect of these systematic uncertainties on the reconstructed pi* distribution can
be seen in Figure 7.8.

There are four systematic uncertainties associated with the tracks: one to ac-
count for imperfect knowledge of the residual alignment of the inner detector, one to
account for variations in the track reconstruction efficiency, one to account for varia-
tions in the track reconstruction efficiency when the track is inside a jet, and another

to account for variations in the rate of fake tracks. The first of these is a variation

IThe distance between the centre of circular arc to the centre of its base. The arc in this case is
defined by the path the charged particle takes through the ID.
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Figure 7.9: The impact of the systematic uncertainties associated with the
tracks on the reconstructed distribution of the leading track jet pr in the MAD-
GRAPH+PYTHIAS FXFX sample.

of the track pr, while the remaining three uncertainties involve removing a subset
of tracks from the MC event. Unlike the majority of the systematic uncertainties
discussed in this section, the track uncertainties are propagated using only the down
variation for each uncertainty before being symmetrized in the final result. In order
to determine the impact of these uncertainties on the track jet observables, the track
jets are rebuilt using the modified track collection for each variation. The effect of
these variations on the reconstructed distribution for the leading track jet pr is shown

in Figure 7.9.

7.6.2 Theoretical systematic uncertainties

The theoretical uncertainties are associated with the modelling parameters chosen by
the MC generators. They thus impact the MC event weights and result in variations

to both the reconstructed and truth level MC distributions. They can be broken down
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into four categories: the perturbative uncertainties (QCD scale variations), the PDF
uncertainties, variations to the chosen value of oy, and the uncertainties associated
with the parton showering algorithm.

The variations of the QQCD renormalization (x,) and factorization (uf) scales
are designed to account for the lack of higher order corrections. These variations are
determined by the MC generator by recalculating the MC event weights after doubling
or halving the individual scales. This results in six uncertainties corresponding to
various possible combinations. For example, if both scales are multiplied by two it
corresponds to the up-up (“uu”) variation, whereas if p, is kept at the nominal value
and gy is halved it corresponds to the nominal-down (“nd”) variation. Increasing
the scales results in a smaller cross section, however varying the factorization scale
results in a much smaller effect than varying the renormalization scale. The impact
of each variation on the truth level pf¥ distribution is shown in Figure 7.10. The
largest variation, “dd”, is propagated through the full analysis and is taken as the
associated uncertainty.

Next, the variability of the underlying PDF is determined. The nominal PDF
used by the generator is the central value of a distribution of PDFs. The generator
provides a set of 100 PDF replicas sampled from this distribution in order to determine
the uncertainty [39]. In a typical analysis, each of the 100 variations is propagated
through the full analysis and the final uncertainty is taken to be the root mean square
(RMS) of the 100 variations in each bin of the observable distributions.

As a specific example, the changes to the nominal truth level pf* distribution
using the 100 PDF replicas as well as the corresponding RMS values are shown in
Figure 7.11. Due to the nature of the MultiFold method, the procedure applied for

this analysis is slightly modified. The algorithm in Section 7.7.2 is used to produce
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Figure 7.10: The impact of the QCD scale variations in the MADGRAPH+PYTHIAS
FXFX sample on the truth level dimuon pr distribution.

a reweighting function to reweight the nominal sample to the sample varied by the
RMS of the PDF variations and this varied sample is used to propagate the error
through the full analysis.

Upwards and downwards variations of the strong coupling constant o, to 0.119
and 0.117 from its nominal value of 0.118 are also included as an uncertainty. This
affects both the oy value in the PDF, as well as the o value used by the MC generator
(see for example Eqn. 2.41). These variations are derived using the SHERPA 2.2.11
sample, as they are not available in the MADGRAPH+PYTHIA8 FXFX sample due
to a technical issue. They can be seen applied to the truth p4 distribution of the
SHERPA 2.2.11 sample in Figure 7.12. In order to determine the variation for the
MADGRAPH+PYTHIA8 FXFX sample a function is derived to reweight the nominal
SHERPA 2.2.11 sample to the varied sample using the algorithm discussed in Sec-
tion 7.7.2. The reweighting function is then applied to the MADGRAPH-+PYTHIAS8

FXFX sample to determine the variation, which is then propagated through the un-
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Figure 7.11: The impact of the 100 replicas of the NNPDF3.0 PDF set on the truth
level dimuon pr distribution is shown on the left. The distribution on the right shows
the fractional systematic impact based on the RMS of these 100 replicas.

folding procedure.

Lastly, there are four uncertainties associated with the parton showering, each
with an up and down variation. Two sets of tune variations are considered, one that
mainly accounts for underlying event effects (Varl) and another that mainly accounts
for effects related to jet shape and substructure (Var2). Renormalization scale varia-
tions (Ren) and variations related to multiple parton interactions (MPI) are also con-
sidered. These uncertainties are derived with a dedicated POWHEG+PYTHIAS sam-
ple using the AZNLO tune. An example of the impact of these systematics on the
number of constituents in the leading track jet can be seen in Figure 7.13. The
renormalization scale variation causes the largest shift to the distribution, while the
remaining variations are much smaller. In an identical procedure to the one used for
the o, uncertainties, in order to apply these variations to the MADGRAPH+PYTHIAS
FxFX sample a reweighting function is derived using the method described in Section
7.7.2 which reweights the nominal POWHEG+PYTHIAS sample to match the varied
sample. This reweighting function is then applied to the MADGRAPH+PYTHIAS

FXFX sample to determine the systematic variations to be propagated through the
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Figure 7.12: The impact of the ay variations in the SHERPA 2.2.11 sample on the
truth level dimuon pr distribution.

unfolding procedure.

7.6.3 Statistical uncertainties

The statistical uncertainties for both data and the MC samples are determined using
bootstrapping [150], a procedure which involves producing 100 replica datasets for
each sample. In order to produce a replica dataset, each event 7 is assigned a modified
event weight equal to w; s X w;, where w; is the original event weight for the 7th event
and w; ps is a randomly sampled value from a Poisson distribution with a mean of
one. The individual replica datasets are individually propagated through the full
analysis to obtain an associated measurement and the final statistical uncertainty is

determined using the spread of these results.
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7.7 Sample processing

As discussed in Chapter 6, the MultiFold algorithm takes as input a data sample
with (w; = 1,7;) and an MC sample with (w}*°, 7;°°) and (w}r“th,a?;mh) for the
reconstructed and truth level events, respectively. As stated in Section 7.5, the
MADGRAPH+PYTHIA8 FXFX sample is used as the nominal in this analysis. One
potential issue that could arise if the entire dataset is used to train the model is that
of overtraining. This occurs when the output model does a suitable job of modelling
the training data, but does not generalize well. In order to mitigate this, the MAD-
GRAPH+PYTHIA8 FXFX sample is divided into a subset to be used for training the
model, and a subset to which that model is applied. These are known as the train
and test splits, respectively, and their derivation is outlined in Section 7.7.1.

While the MADGRAPH4+PYTHIA8 FXFX sample models the data relatively

well, it is also the strong Z+jets sample with the largest fraction of negative MC
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event weights. This creates two issues: it inflates the input file size, and negative
weights are known to create difficulties for the NN. A way must thus be developed to
eliminate these negative weights from the sample. Another point that has yet to be
discussed in detail in this thesis is the mock data or pseudodata that is mentioned
in Chapter 1 in reference to performing tests of the MultiFold method. In order to
perform these tests it is required that the pseudodata emulate the data as closely
as possible, but access to a target truth distribution is also required. Therefore, the
pseudodataset must be produced using MC samples, but must be adjusted such that
it agrees with the data at both the detector level and the truth level.

Both of the points raised in the previous paragraph imply some kind of reweight-
ing. However, this reweighting must be disconnected from the main MultiFold algo-
rithm. For one, as was already stated, negative weights can create issues for NNs.
Thus, using NN reweighting to produce a positive weight MADGRAPH+PYTHIAS
FxFx sample by inputting the sample with the large percentage of negative weights
is undesirable. In the case of the reweighting to data required for the pseudodataset,
this should ideally be performed with a separate algorithm in order to avoid biasing
the unfolding. An alternative reweighting algorithm, OmniSequential, was thus de-
veloped for this analysis in order to accomplish these two tasks. It is discussed in
detail in Section 7.7.2. Sections 7.7.3 and 7.7.4 then outline the specifics of its use in

the elimination of negative weights and the pseudodataset production, respectively.

7.7.1 Test and train splits

As referenced above, the NNs required for the MultiFold method are trained using
a subset of the MC sample (the train set). After the model has been trained, it is

applied to an independent subset of the sample (the test set) in order to obtain the
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unfolded result. The number of effective events is the metric used to determine how

the samples should be split. It is defined as,

2
Nevts
()

Neg=-S— 2
¢ ZNevts w2 ’
=1 [

(7.2)
where w; represents the event weight for the ith event, and N, represents the total
number of events in the sample. For data, where w; = 1 for all events, N.g will always
be equal to the total number of data events. For weighted MC events this will not
be the case. As was briefly discussed in Section 4.2.6, this is also further complicated
by negative weight events, which in general require that more events be produced in
order to obtain the same statistical power as a sample with only positive weights.

The MADGRAPH+PYTHIA8 FXFX sample, which is used as the nominal MC
sample for this analysis due to its good agreement with the data (see Section 7.5)
contains roughly four times the effective statistics of data. Thus, a total of four times
the effective statistics of data are kept for each MC sample to remain consistent
with the main one. These events are then split with one quarter being included in
the test file, and the remaining three quarters being included in the train file. It is
advantageous to make the training dataset as large as possible, however, if the test
dataset is too small the statistical errors will greatly increase. Therefore, this split is
chosen in order to balance these two considerations. The event weights are also scaled
according to the fraction kept as well as the test/train split percentage such that the
overall yield is unaffected. The remaining events, if any, are placed in a “rest” file
and are used for the pseudodata production.

Table 7.6 summarizes the number of effective events for each sample as well as

the fraction of the sample that is kept to be used for the test and train samples. The
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Sample Nevts Negr Predicted yield | Neg/Pred. | Percent kept | Negative weight fraction
Data 246677 | 246677 - - - -
MG5_aMC+Py8 FxFx 19260277 | 963297 234400 4.11 100% 35.86%
SHERPA 2.2.11 27618109 | 3155432 219595 14.37 25% 14.17%
SHERPA 2.2.1 6836375 | 709826 225405 3.15 100% 16.30%
MG5_aMC+Py8 CKKW-L | 1004321 | 557025 267875 2.08 100% 0.06%
POWHEG+PYTHIA8 822091 | 743068 180067 4.13 100% 1.02%
EW Z(— pup)jj 571378 | 196736 3728 52.77 6% 6.77%
Z(= pp)V (= jj) 991378 | 149367 6738 22.17 15% 7.61%
Top 4849 4498 612 7.35 50% 0.25%

Table 7.6: The number of effective events (Neg) and other related quantities for
the samples used in this analysis. The percent kept represents the percentage of
each sample kept for the test/train samples, the remaining events are saved in a rest
sample that is used in the pseudodata production.

fraction of negative weights in each sample is also summarized.

7.7.2 OmniSequential

Referring back to the discussion in the introduction of this section, there are two
instances in this analysis where a sample reweighting must occur that is unrelated to
the unfolding procedure: reweighting the MC samples such that the negative weights
are eliminated, and in the construction of the pseudodata. In order to perform these
reweightings, a new method was developed for this analysis, known as OmniSequen-
tial.

OmniSequential takes inspiration from the principle behind the reweighting
used in the MultiFold method, but employs more standard data analysis techniques.
While density ratio estimation (see Section 6.3.2) uses neural networks to perform
a high-dimensional smooth reweighting, OmniSequential instead applies a series of
reweightings to each event based on one-dimensional and finely binned projections
of the samples to obtain a smooth reweighting function. The full procedure will
be examined in detail below. As OmniSequential does not examine the complete
phase space, it is not necessarily expected to perform well in all regions. However,

for included observables and observables related to them, it should provide a good
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approximation of the target distribution.

OmniSequential takes two samples as input: a target sample and one sample
to be reweighted to match this target sample. The first step of the OmniSequential
algorithm is to determine a sensible binning for each observable. A range is manually
selected such that it includes at least 99.5% of the data, with the possibility for
overflow or underflow bins included according to the nature of the observable in
question. The bin width is chosen based on Scott’s rule [151], and if the observable
has a skewness (u3 = E[(x — p)3]) that is larger than two then log binning is used.
This choice was found to perform well, and applies to observables with a long tail
(e.g. the pr distributions). This allows for good statistical precision in the tail regions
that is similar to that of the main body of the distribution. One iteration of the

OmniSequential algorithm then proceeds as follows.

Histograms with the fixed binning outlined above are created for each observable
being used as input to the algorithm. One is created from the target sample,

and another from the input sample being reweighted.

The observable with the worst agreement between the input sample and the

target is determined using the chi-squared pull:

X* = Bl _ x* — ot

2
X o [Xz] V2N 40f

(7.3)

A fit, g, (either a polynomial fit or using a Gaussian Kernel) is then applied to

the ratio between the input and target histograms for the worst observable.

The events in the input sample are then reweighted based on the result of the
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fit. For each event i, the new weight in the current iteration k, wgk), will be:

WD

wi = g(at?) x w7, (7.4)

(k)

%

) is the fit evaluated at the value of the observable with the worst
_1)

where g(x
agreement in the current iteration and wgk is the weight from the previous

1teration.

The iterations continue until a maximum allowed number is reached or closure, where
all observables have a 2,2 < 1, is achieved.
The end result of the OmniSequential algorithm will be a weight to be applied

to each event ¢ in the input sample,

Niter

w (@) = [ o® ), (7.5)

where Z; represents the set of input observables for event i, ¢*) represents the fit to
the ratio between the input sample and the target for the observable with the worst
agreement in iteration k, and g(k)(:vz(-k)) is the fit evaluated at the value of the worst

observable in iteration &k for event 3.

7.7.3 Positive reweighting

As discussed in the introduction to this section, the first application of the OmniSe-
quential algorithm is to eliminate the negative weights from the MC samples that are
to be inputs to the MultiFold algorithm. There are two considerations when reweight-
ing these MC samples to contain only positive weights. Firstly, the distributions of
the observables must be statistically compatible before and after the reweighting,

which is achieved by appropriately modifying the event weights. Secondly, it is vi-
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tal that the overall statistical error is preserved in the reweighting. In a weighted
sample, the statistical error in a certain part of phase space containing N events can
be expressed as \/2?;1 w?. Naively, then, one could attempt to preserve the sta-
tistical uncertainties by ensuring that the distributions of the observables weighted
by the usual weights squared are also statistically compatible. Unfortunately, this is
not sufficient as the weight landscape will change based on the reweighting applied
in order to ensure the distributions of the observables are statistically compatible.
Some events are thus dropped from the final sample in order to preserve the variance
for localized regions of phase space. This is done in accordance with the procedure
outlined in Ref. [152] and while the main procedure is summarized here, additional
details and derivations may be found therein.

In order to reweight the weights, w, the following is done.

e The target distributions for the OmniSequential algorithm are determined using
the original MC sample at truth level. The input sample to the algorithm has
the same events, but with the weights all set to the average from the original

sample in order to eliminate the negative weights.

e The average weight sample is then reweighted at truth level to match the target

using the OmniSequential algorithm.

In order to preserve the statistical uncertainties, the following steps are under-

taken.

e The reweighting for w? subsequently proceeds in much the same way as the
reweighting for w, except the events in the input and target distributions are

weighted by w? instead of w.
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e For each event ¢ in the reweighted sample, calculate

(wi,rew)2

2

(@) (7.6)

bi =

where w; ey is the reweighted weight for event i, and (w?),ey is the reweighted
squared weight for event 1.

e Keep the event with probability p;.

o If the event is kept, set the MC event weight w; to W yew X D;.

e Scale the weight for the corresponding reconstructed MC event weight by :

Wi orig

The above procedure is applied in full to the MADGRAPH+PYTHIAS FXFX sam-
ple, as it is used as the input to the MultiFold algorithm. The results of reweighting
the MADGRAPH+PYTHIAS FXFX sample are shown in Appendix B. Parts of this
procedure are also required for the construction of the pseudodata sample, which is

discussed in the following section.

7.7.4 Pseudodata production

In order to perform tests of the MultiFold method, access to a pseudodataset is
required. The pseudodata is designed to match the data as closely as possible, thus
the observable distributions must be statistically compatible between it and the data
sample. Furthermore, in order to ensure that the MultiFold result agrees with an
expectation “truth data” distribution, the truth level information for the pseudodata
must be accessible. The pseudodata must also have event weights that are equal to
1 for all events, like in the actual data.

The MC samples primarily used to construct the pseudodata are the “rest” splits

of the SHERPA 2.2.11 sample, the electroweak Z+jets sample and the diboson Z+jets

132



sample. Before any reweighting to the data is performed, the negative weights in these
samples must first be eliminated. This is done using the procedure outlined in the
previous section, however in this case the preservation of the statistical uncertainties
is not relevant, so only the first reweighting with OmniSequential described in the
previous section is performed.

Once the SHERPA 2.2.11, the electroweak and the diboson rest samples have
been reweighted such that they contain only positive weights, the three individual
samples are combined into one total sample. The OmniSequential algorithm is then
used to determine a reweighting function that reweights the combined MC sample to
the data with the top background subtracted as the target. As the input sample is
being reweighted to data, the reweighting cannot be done at truth level. This creates
complications as the truth distributions must be recoverable after reweighting. The
sample is thus reweighted using the reconstructed quantities where available, but wyc
is reweighted as opposed to the reconstructed weight, w (similar to the MultiFold

algorithm). In general, the events in the sample can be divided into three categories:
1. Events that pass both the truth and reconstructed level selection criteria;

2. Events where all reconstructed quantities are defined, but the event does not

pass the selection at the reconstructed level;
3. Events where one or both reconstructed muons are not defined.

In the case of category (1), wyc is reweighted based on the reconstructed observables
and the corresponding reconstructed weight is adjusted by a factor of wyic rew/ WM, orig-

The vast majority of events in category (2) are simply those which fail the fi-
nal pf" selection, but pass the selection criteria preceeding it. In this case, all the

reconstructed quantities are saved and can thus be used to reweight the event using
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the reweighting function determined by OmniSequential. The only additional consid-
eration that must be made in this case is if pf" is one of the variables appearing in
the reweighting function. In this case, the function is extrapolated to the appropriate
value of pf/*. The reconstructed MC event weight is then adjusted in the same manner
as in (1).

The events in category (3) are those in which one or both of the muons are
not reconstructed. In this case, the track jet observables are all present at the recon-
structed level and are used as usual. For the muon variables, there are two possible

cases:

1. The leading muon is defined and the subleading muon is not. This is largely
due to cases where the subleading muon fails the pr > 25 GeV criterion due to

resolution effects and thus the following is done:

the reconstructed quantities are used as usual for the leading muon,;

the pr of the subleading muon is substituted to be 25 GeV;

P is approximated to be ph' + 25 GeV;

the truth level quantities are used for the subleading muon angular vari-

ables.

2. Neither muon is defined. In this case, the truth level quantities are used for all

muon observables.

Once again, the reconstructed MC event weight is then adjusted in the same manner
as in category (1).
The final step in the pseudodata production is to unweight the events in the

reweighted sample. For each event ¢ with weight w;, a new weight is assigned that is
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equal to:
Wpseudodata = Poisson(w;). (7.7)

If Wpseudodata = N > 1, then the event is added to the final pseudodata sample N
times with weight 1. At this point, the contribution from the top background is also
added to the pseudodata sample with the same unweighting procedure.

The final result of this procedure is a pseudodata sample that, while constructed
using MC samples, has observables very similar to the data distributions and an
equivalent weight distribution where each event has a weight of 1. Furthermore,
the truth distributions can be recovered, which gives the ability to check agreement
between them and any results obtained. The comparison of the pseudodata sample

with the full Run 2 data distributions for the 24 observables are shown in Appendix B.

7.8 Implementation of unfolding methods

Having now defined the fiducial and analysis phase spaces, as well as the samples that
are used as inputs to the unfolding algorithms, discussion can now turn to the specifics
of the implementation of the unfolding procedures required to obtain the differential
cross section measurements as detailed in Chapter 6. This section first presents the
procedure implemented to obtain the IBU measurement (introduced in Section 6.2.3),
followed by a section detailing the procedure to obtain the measurement using the
MultiFold method (introduced in Section 6.3.2).

As a reminder, the goal is to obtain a high dimensional and unbinned mea-
surement of each of the 24 observables outlined in Section 7.1 using the MultiFold

method. The role of IBU in this analysis is to perform the same measurement (i.e.
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the same 24 observables will be measured using the same samples as input to the
algorithm), but in a traditional way to serve as a comparison and validation for the

MultiFold measurement.

7.8.1 Iterative Bayesian unfolding implementation

This section will first outline the technical details of the IBU implementation, before
showing some relevant quantities from the MC sample that are required for the IBU
procedure. Following this, the results of a technical closure test are shown, before
finally presenting a discussion of how the uncertainties discussed in Section 7.6 are
propagated through the IBU procedure.

The first step of the IBU measurement is to determine an appropriate binning
for each of the 24 observables. There is a trade off to consider when determining an
appropriate bin width. Having a larger number of bins means that more information
about the overall shape of the observable is preserved, however increasing the number
of bins also increases the statistical fluctuations. The bin width is thus chosen to be
roughly the detector resolution, which translates to a purity (see Eqn. 6.25) of around
60-70% being targeted in each bin.

The MC samples used to construct the response matrices for the IBU method
are the combined train splits of the strong Z+jets MADGRAPH+PYTHIAS FXFX sam-
ple, the EW Z+jets sample, and the diboson Z+jets sample after they have undergone
the positive reweighting detailed in Section 7.7.3. The chosen binning is shown in Ta-
ble 7.7 and Figures 7.14 and 7.15 show the efficiency (Eqn. 6.20), purity (Eqn. 6.25)
and fiducial factor (Eqn. 6.24) in each bin for each observable. The migration matrices
(Eqn. 6.21) for each observable are then shown in Figures 7.16 to 7.19. As discussed,

the purity is chosen to be between roughly 60-70% in each bin of the distributions as
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can be seen in Figures 7.14 and 7.15. The efficiency is driven largely by the proper
reconstruction of both muons, as evidenced by the drop in efficiency in the central n
region due to the lack of instrumentation in that area of the MS (see Section 5.2), and
the dependence on the muon pr. Overall, the total per-event efficiency is typically
within the 70-85% range. The fiducial factors quantify the per-bin probability that a
reconstructed event is not the result of a fake or an out-of-fiducial truth level event.
This is most prominently demonstrated by the reduction in the fiducial factor in the
first bin of the p4" distribution, where events have a truth level value that falls outside
of the fiducial volume, but due to resolution effects the reconstructed value will enter
the analysis phase space. Overall, the per-event fiducial factor is typically within the
90-99% range.

The method is implemented using the RooUnfold [153] package. After examin-
ing the increase in uncertainties versus the decrease in systematic bias over different
numbers of iterations, the choice was made to run IBU for two iterations. The contri-
bution from the top background is neglected for IBU, as the impact on the unfolded
result due to its inclusion is smaller than the statistical errors and is negligible in

most regions of the phase space.

7.8.1.1 Closure tests

To ensure that the implementation of the IBU method is functioning as intended, a
technical closure test is performed. This is done by unfolding the MADGRAPH+PYTHIAS
FXFX plus non-strong MC sample using the response matrix derived from the same
sample. If the unfolding is working as intended, the unfolded result will exactly match
the truth MC distributions. Perfect closure is observed for all observables, a subset

of which are shown in Figures 7.20 and 7.21.
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Observable Bin Edges

P [GeV] 190 230 300 450 600 1000

Yo 25 2 15 -1 075 0.5 025 0 0.25 0.5 0.75
1152 25

P [GeV] 25 125 200 300 400 600 800

P2 [GeV] 25 50 75 100 150 200 300 400

Tt 25 2 15 -1 075 0.5 025 0 0.25 0.5 0.75
1 15 2 25

o 25 2 15 -1 075 0.5 025 0 0.25 0.5 0.75
1 15 2 25

but 32 28 24 20 1.6 -1.2 08 04 0 04 0.8
1.2 1.6 2.0 2.4 2.8 3.2

b2 32 28 24 20 1.6 -1.2 08 04 0 04 0.8

1.2 1.6 20 24 2.8 3.2

Leading track jet pr [GeV] 0 50 100 150 200 300 1000

Subleading track jet pr [GeV] | 0 25 50 100 500

Leading track jet y -2.5 -2.25 -2.0 -1.75 -1.5 -1.25 -1.0 -0.75 -0.5 -0.25
0 0.25 0.5 0.75 1.0 1.25 1.5 1.75 2.0 2.25 2.5
Subleading track jet y -2.5 -2 -1.5 -1 -0.75 -0.5 -0.25 0 0.25 0.5 0.75
1 1.5 2 25
Leading track jet ¢ -3.2 -28 -24 -20 -16 -1.2 -0.8 -04 0 04 0.8
1.2 1.6 2.0 24 2.8 3.2
Subleading track jet ¢ -3.2 -28 -24 -20 -16 -1.2 -08 -04 0 04 0.8
1.2 1.6 2.0 24 2.6 2.8 3.0 3.2
Leading track jet m [GeV] 0 8 16 24 32 42 70

Subleading track jet m [GeV] 2.5 7 12 20 40

Leading track jet ng 7 11 15 20 30 40

Subleading track jet ng, 4 7 11 15 20 30 55

Leading track jet 7 0.05 0.1 0.17 0.25 0.35 0.5 0.9

Subleading track jet 7 0.1 0.2 0.35 0.5 0.9

Leading track jet 7 0.025 0.05 0.08 0.12 0.17 0.25 0.5

Subleading track jet m 0.025 0.1 0.17 0.25 0.5

Leading track jet 73 0.025 0.05 0.1 0.2 0.3

(eo) New] Nen) Nevl el Nao) B Bl Raw)

0.025 0.08 0.14 0.2 0.3

Subleading track jet 73

Table 7.7: The chosen bin edges for each of the 24 observables examined in this
analysis.
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Figure 7.14: The efficiency, purity and fiducial factor as defined in Section 6.2.2 for
the dimuon pr and y, the pr, n and ¢ for the leading and subleading muon, and the
pr, Yy, ¢ and m of the leading track jet. The binning reported in Table 7.7 is used.
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Figure 7.16: The migration matrices as defined in Section 6.2.2 for the dimuon
pr and y, and the pr and 7 of the leading and subleading muon. One can observe
that each of the rows sum to one as expected.
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Figure 7.17: The migration matrices as defined in Section 6.2.2 for the ¢ of the
leading and subleading muon, and the pt and y of the leading and subleading track

jet.
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Figure 7.18: The migration matrices as defined in Section 6.2.2 for the ¢, m and
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Figure 7.19: The migration matrices as defined in Section 6.2.2 for the 7, 7 and

73 for the leading and subleading track jet.
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Figure 7.20: The results of performing a technical closure test for the IBU method.
The dimuon pr and y, and the pr and m of the leading and subleading track jet are
unfolded. The MADGRAPH+PYTHIAS FXFX plus non-strong MC sample is used to
construct the response matrix and the detector level MC is used as the input to the
unfolding. If the method is performing as expected, the unfolded result (black) will
match the truth MC distribution (red). As expected, perfect agreement is observed.
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Figure 7.21: The results of performing a technical closure test for the IBU method.
71 and the number of constituents in the leading and subleading track jet are unfolded.
The MADGRAPH+PYTHIA8 FXFX plus non-strong MC sample is used to construct
the response matrix and the detector level MC is used as the input to the unfolding.
If the method is performing as expected, the unfolded result (black) will match the
truth MC distribution (red). As expected, perfect agreement is observed.

7.8.1.2 Uncertainties

The uncertainties are evaluated as described in Section 7.6, and are individually prop-
agated through the unfolding procedure to produce a varied result. The uncertainty
on the measurement due to that specific source of uncertainty is then determined by
taking the difference between the varied unfolded result and the nominal unfolded
result.

Firstly, the experimental systematic uncertainties (introduced in Section 7.6.1)

and the theoretical systematic uncertainties (introduced in Section 7.6.2) result in
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changes to the MC sample. Therefore, they impact the response matrix, as well
as the efficiencies and the fiducial factors, and thus produce a varied result when
propagated through the unfolding procedure. It is worth noting that since the the-
oretical uncertainties modify the MC event weight they affect the reconstructed and
truth level MC distributions in similar ways, and so the resulting response matrix is
typically very similar to the nominal case.

The statistical uncertainty (as discussed in Section 7.6.3) on the MC sample
results in a change to the MC event weights, and thus changes to the response matrix,
the efficiencies, and fiducial factors. As this analysis uses 100 replica datasets, this
results in 100 variations to the MC inputs and a corresponding 100 variations to the
unfolded result. The total uncertainty due to the MC statistics is then determined
by taking the RMS of the 100 variations in each bin of the unfolded distribution.
The replica datasets for the data, meanwhile, will result in a change to the initial
(pseudo)data distribution that is to be unfolded. Thus, in order to determine the
uncertainty due to the data statistics, each replica dataset is unfolded using the
nominal response matrix from the MC. The standard deviation of the 100 variations
in each bin of the unfolded distribution is then taken to be the uncertainty due to
the data statistics.

Lastly, there are uncertainties associated with the unfolding procedure that
have yet to be discussed. The standard procedure used by the ATLAS Collaboration
considers two uncertainties [126]: the basic unfolding uncertainty (also known as the
data-driven closure test) and the hidden variable uncertainty. The data-driven closure
test is designed to examine the sensitivity of the unfolding method to shape differ-
ences between the data and the MC sample. In order to accomplish this, the truth

distribution for each observable is reweighted such that the reconstructed MC distri-
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bution better matches the (pseudo)data distribution. The reweighted reconstructed
level MC is then unfolded using the nominal response matrix. Ideally, the unfolded
result will match the reweighted truth MC distribution. The difference between the
unfolded result and the reweighted truth distribution is taken to be the uncertainty.

The hidden variable uncertainty is designed to check for any dependence on
variables that effect the detector response but are not included in the unfolding pro-
cedure. In order evaluate this, the alternate SHERPA 2.2.11 sample is reweighted such
that the truth distribution matches that of the MADGRAPH+PYTHIAS FXFX sam-
ple. The reweighted SHERPA 2.2.11 reconstructed distribution is then unfolded using
the nominal response matrix. The uncertainty is then taken to be the difference

between this result and the reweighted SHERPA 2.2.11 truth distribution.

7.8.2 MultiFold implementation

This section presents the procedure implemented to obtain the measurement using
the MultiFold method (introduced in Section 6.3), which constitutes the main result
for this analysis. The MultiFold algorithm was discussed in detail in Section 6.3.
Here, its implementation and its differences from IBU will be highlighted for clarity
before showing the technical closure test results and describing the uncertainties.
The neural networks implemented for MultiFold have three hidden layers with
200 nodes each. The ReLu activation function is used for the internal layers and
the sigmoid activation function is used for the final layer. Training proceeds for 200
epochs with early stopping using a patience of 10 epochs, i.e. if the validation loss
does not improve for 10 epochs then the training ends and the network weights with
the lowest validation loss are saved. The input training data is randomly divided

into two parts, with 75% to be used in training the network and 25% to be used for
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validation. The input features are standardized by subtracting the mean and dividing
by the standard deviation. In order to mitigate difficulties encountered due to the
neural network struggling to learn the wrap around effect, (¢ = 0 = 27)?, the choice
was made to decompose the ¢ observables in this analysis into ¢ — (sin ¢, cos ¢).
The neural networks are implemented with KERAS [154] and TENSORFLOW [155]
and optimization is performed with ADAM [156]. As previously discussed, the chosen
loss function is the binary cross entropy, which is necessary for the density ratio
estimation to function.

MultiFold is trained for five iterations of the algorithm, using the portion of
the MADGRAPH+PYTHIA8 FXFX sample set aside for training (the train split with
the positive reweighting applied, as discussed in Sections 7.7.1 and 7.7.3) as input.
The model from the final iteration is then saved and applied to the part of the MAD-
GRAPH+-PYTHIA8 FXFX sample set aside for the test split. The results using the
test split constitute the unfolded results for the MultiFold method. This is done as
an additional measure to eliminate any potential bias from overtraining, and to pro-
vide similar statistics to the data sample. The vast majority of the output MultiFold
weights are small. However, in some cases these weights may be large or in rare cases
even infinite in regions where phase space coverage differs between samples. The
MultiFold weights are thus capped at a value of 100. This cap only affects around
0.003% of events.

One major difficulty encountered with regard to the utilization of neural net-
works is that they are randomly initialized. This means that the weights in Eqn. 6.34

are typically initialized to small positive random numbers before training begins. This

2Due to the nature of the ATLAS coordinate system, the ¢ coordinate varies from 0 to 27. This
has the effect that two particles that are in fact very close together in ¢, but are situated at ¢; = 0.1
and ¢o = 6.0 for example, will appear to the neural network as being very far away from each
other. This was found to result in biases in the training. By inputting these observables into the
NN training in terms of sin ¢ and cos ¢ the NN is able to interpret this effect more correctly.

149



randomness will ultimately result in a different unfolded result each time the network
is trained with the same input information, which is undesirable. In order to miti-
gate this effect, 100 randomly initialized models are trained to create an ensemble,
and the nominal result is taken to be the median weight from the final ensemble of
random initializations. An additional uncertainty is also assigned in order to quan-
tify the spread of these networks. It is discussed in more detail below, however it
should be noted that this additional uncertainty does result in a total uncertainty
that is slightly larger than what is seen on the IBU result. Computing these addi-
tional models also considerably increases the computing time and resources required
to complete an analysis such as this, particularly since this ensembling technique must
also be used for each of the systematic uncertainty variations, including the MC and
data bootstraps.

A final point on the implementation of the MultiFold method is that of the
normalization. As the input samples are standardized such that the mean of the
weights in each sample is equal to unity, the output will not be normalized to the
cross section. This is thus achieved by utilizing Eqn. 6.5 to obtain a normalization

factor,

MF fid
norm __ w; f ndata

w _ °
i MF ]
D W €

(7.8)

where wMY is the weight produced by the MultiFold algorithm for an event i, and
e and ff are as previously defined in Eqns. 6.20 and 6.24 and are calculated using
the MC samples used as input to the MultiFold algorithm. After the normalization
is applied the sum of the normalized weights will give the fiducial cross section if
inserted into Eqn. 6.5, as desired. It should be noted that as part of the MultiFold

procedure, this normalization factor will be affected by the uncertainties detailed in
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the dedicated section below.

Unlike in the IBU case, the nominal input MC sample used for MultiFold is the
strong Z+jets MADGRAPH+PYTHIA8 FXFX sample. The inclusion of the EW and
diboson Z+jets events were found to produce a result that was in general agreement
within statistical uncertainties with the result obtained with the strong-only unfold-
ing, and no clear improvement to the agreement with the target when used to unfold
the psuedodata sample.

For emphasis, although the MultiFold results are displayed in one-dimensional
histograms, the actual output from the MultiFold algorithm is a set of weights to
be applied to the MADGRAPH+PYTHIA8 FXFX test sample. This reweighted MC
sample is the unfolded result, and thus can be freely rebinned or used to calculate

additional observables from the 24 included in the unfolding.

7.8.2.1 Closure tests

As was done with IBU, the implementation of the MultiFold method is tested by per-
forming a technical closure test. In this case, the train split of the MADGRAPH+PYTHIAS
FxFX sample is used to train an ensemble of 25 models to be used for the unfolding
with the same sample used as the input data. The model is then used to unfold the
test split of the MADGRAPH+PYTHIAS FXFX sample and the result of the unfolding
is compared with the truth level MADGRAPH+PYTHIA8 FXFX test sample. If the
method is working as intended, the unfolded result and the truth-level distribution
should agree. The results of the technical closure test for each of the 24 observables

are shown in Figure 7.22, and as expected closure is achieved for each observable.
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Figure 7.22: The results of performing a technical closure test for the MultiFold
method. The model is trained using the train split of the MADGRAPH+PYTHIAS
FXFx sample, and the result is obtained by applying the model to the test split of
the same sample. The results of the unfolding are shown in black, while the truth
level test split is shown in green. If the method is performing as expected, then these
should match, which is observed. 152



7.8.2.2 Uncertainties

The vast majority of the systematic and statistical uncertainties are propagated in an
identical manner to IBU, just with varied input samples instead of a varied response
matrix or data histogram. As with the nominal result, each systematic variation is
determined using an ensemble of 100 random initializations of the network. There
are some subtle differences in the derivation of the unfolding uncertainties between
the two methods due to the multidimensional nature of the unfolding, as well as some
additional uncertainties unique to the MultiFold method. These will be discussed
further in the following.

The uncertainty associated with the data-driven closure test is designed to
account for the sensitivity of the unfolding method to differences in shape between
the MC and data samples. In the case of the MultiFold algorithm, this uncertainty
is determined by running the MultiFold algorithm for an additional 5 iterations for
a total of 10. The result obtained after 10 iterations is then compared with the
nominal unfolded result and the difference is taken as the uncertainty. The effect
of performing the test in this way should be equivalent to the method used in the
IBU case, where the reconstructed level MC distributions are reweighted at truth level
such that they better match the (pseudo)data before unfolding them with the nominal
response matrix. By performing the initial 5 iterations, the reconstructed MC has
been made to match the (pseudo)data and performing the additional 5 iterations will
give the unfolded result based upon the reweighted starting dataset.

The hidden variable uncertainty is designed to quantify the dependence of the
result on any variables that effect the detector response but are not included in the un-
folding procedure. It is evaluated in similar fashion to IBU, just with the reweighting

applied to the “response matrix” as opposed to the input sample. This produces an
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equivalent result, but performing the test in this manner for the MultiFold method is
easier to implement. The alternate SHERPA 2.2.11 sample is reweighted at truth level
using a neural network such that it better agrees with the MADGRAPH+PYTHIAS
FXxFx sample. The (pseudo)data is then unfolded with the reweighted SHERPA 2.2.11
sample and the uncertainty is obtained by comparing this unfolded result with the
nominal one.

The unfolding uncertainties are frequently the dominant uncertainties for a
given observable. As they are evaluated by switching out one MC sample for an-
other, they are known as two-point systematics, and can be interpreted as a random
sampling of the underlying uncertainty pdf. While this is expected to give the correct
magnitude, no information regarding the internal correlations of the uncertainty are
accessible. This can create challenges as the default assumption is that uncertainties
are fully correlated between bins. This is discussed more specifically in Section 8.1.

As discussed at the beginning of this section, the EW Z(— pu)+jets sample
and the diboson Z(— pp)-+jets are not included in the MC sample used in the Mul-
tiFold algorithm. In order to be conservative, an uncertainty is assigned to account
for the effects of these contributions. In order to derive it, the train splits of the
MADGRAPH+PYTHIA8 FXFX sample, the EW sample and the diboson sample are
combined and used in the NN training to unfold the (pseudo)data. The resulting
model is applied to the combined test set and the difference between this result and
the nominal one is used as the uncertainty. In a similar fashion, in order to quantify
the small error due to the top background the algorithm is run on pseudodata with
the top contribution not included. The difference between this and the nominal result
is then taken as an uncertainty. The size of this uncertainty gives an estimate of the

magnitude of the differential cross section of the top processes entering the analysis
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phase space.

Due to the random initialization of the NNs there is some variation in the
results obtained from MultiFold. In order to determine the uncertainty due to this,
the algorithm is run with 100 random initializations and each set of MultiFold weights
is saved. The final uncertainty is calculated after the unfolded result has been binned.
It is taken to be the standard error on the mean in each bin, i.e. \;LN’ where N is the
number of random initializations in the ensemble.

Finally, there is an additional statistical uncertainty inherent to the Multi-
Fold method. Since the final result is computed using the test split of the MAD-
GRAPH+PYTHIA8 FXFX sample (see Sections 7.7.1 and 7.7.3), an additional uncer-

tainty must be included due to the limited statistics of this sample. This is evaluated

according to the usual formula for the error on the number of counts in a weighted

o = /Z w?, (7.9)

where ¢ indicates the bin and j represents the individual events.

sample,
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Chapter 8

Results

This chapter shows the differential cross section results and their associated uncer-
tainties for both the pseudodata described in the previous chapter and the ATLAS
Run 2 dataset. The main results are obtained using the MultiFold method (see Sec-
tions 6.3.2 and 7.8.2), while the results obtained with the traditional method, IBU (see
Sections 6.2.3 and 7.8.1), are also shown for the sake of comparison and validation.
Section 8.1 shows the results using pseudodata. The differential cross section
distributions for the 24 observables used as input to the unfolding are presented for
both the MultiFold method and IBU. This serves as an important test of the Multi-
Fold method as it allows for a comparison with a known target “truth pseudodata”
sample, as well as with a well-established method. This is followed by the results
of a series of tests performed using the results obtained from the MultiFold method,
including constructing new observables from the results, examining them over kine-
matic subregions, and constructing a series of multidimensional distributions. The
results of these tests are also compared with the target distributions. Finally, the dif-
ferential cross section results for the ATLAS Run 2 dataset are shown in Section 8.2

for the 24 observables used as input to the unfolding procedure, as well as for three
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additional observables that are calculated from the MultiFold result. The theoretical
predictions from the MADGRAPH+PYTHIA8 FXFX sample and the SHERPA 2.2.11

sample are compared with the differential cross section measurements.

8.1 Results with pseudodata

8.1.1 Results comparison

This section will show the unfolded results for each of the 24 observables using the
pseudodata sample as the input to the IBU procedure and the MultiFold algorithm.
The results are presented as differential cross sections and will be compared with the
target truth pseudodata. In order to quantify the agreement of the result with the

target, the x? is calculated using
x?=DC'D". (8.1)

Here, D is a row vector containing the bin-wise difference in the number of events
between the unfolded distribution and the target, i.e. the known underlying truth
distribution used to generate the pseudodata. C' represents the total uncertainty
covariance matrix, and is determined by summing the uncertainty covariance matrices
from each source of uncertainty.

The results, along with their corresponding p-values, are shown in Figures 8.1
to 8.5. The p-values are also shown tabulated in Table 8.1. The corresponding rel-
ative uncertainties as well as the correlation matrices are shown for a subset of the
24 observables in Figures 8.6 to 8.8 and Figures 8.9 to 8.11 for IBU and MultiFold,
respectively. The remainder can be found in Appendix C. The p-values are generally

larger than 0.5, as opposed to a random uniform distribution between 0 and 1, indi-
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cating that the uncertainties are overestimated for both methods. With the exception
of poor agreement for the subleading track jet mass and number of constituents in
the leading track jet for MultiFold, the unfolded differential cross section distribu-
tions are found to be in agreement with the target truth pseudodata distributions.
Observing this level of agreement is not unexpected given the amount of observables
being examined. Furthermore, the track jet mass is one of the observables with the
most pronounced shape difference observed between data and MC (see Figures 7.3
and 7.5).

In many cases, including for the two observables that exhibit poor agreement,
the unfolding uncertainty is the dominant one. As discussed in Section 7.8.2.2; the
internal correlations inherent to these systematics are not known. As they are taken
to be fully correlated between bins when calculating the p-value, this could be un-
fairly affecting it. If the unfolding uncertainties are considered uncorrelated between
bins, then the p-values for the disagreeing subleading track jet mass and number of
constituents in the leading track jet would be brought into agreement with 0.0534
and 0.239, respectively. As such, in the case where these uncertainties dominate it
may be prudent to explore alternative correlation models when comparing to a target
distribution.

These results show that MultiFold gives comparable results to those obtained
with the traditional unfolding method of IBU, but with all the additional benefits of
the result being high dimensional and unbinned. Some of these additional benefits
will be explored in the following section. In most bins, the MultiFold method does
result in a slightly higher uncertainty compared to IBU (see Figure 8.12), which is
to be expected due to the additional uncertainty sources inherent to the MultiFold

algorithm. In regards to the NN initialization uncertainty, it can likely be reduced
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Figure 8.1: The differential cross section as a function of the dimuon pr (left) and
y (right). The pseudodata unfolded with IBU is shown in orange with the total
uncertainty shown in the hatched band, and the MultiFolded pseudodata is similarly
shown in blue. The target truth pseudodata is shown in purple, and the p-value
quantifying the agreement between the unfolded result and the target is displayed on
the figure for each method.

with the introduction of additional networks in the ensemble. Other ML methods
could also be explored to perform the density ratio estimation that may reduce this
uncertainty. Another contributor to this increased uncertainty is due to the multi-
dimensionality of the result. If one considers the IBU case, the systematics related
to the muon calibration procedure will not in principle effect the track jet observ-
ables beyond some very small acceptance effects. Similarly, the systematics related
to tracking will not impact the muon observables. In MultiFold, this is not the case
due to the multidimensionality of the reweighting, and the application of these sys-

tematic uncertainties will also result in changes to observables that are not directly

linked to the object(s) affected by the systematic in question.
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Observable MultiFold p-value | IBU p-value
P 0.817 0.653
Yy 0.897 0.815
Pt 0.686 0.549
P 0.733 0.626
un 0.907 0.780
M2 0.906 0.931
Gt 0.999 0.918
G2 0.971 0.958
Leading track jet pr 0.976 0.793
Subleading track jet pr | 0.805 0.628
Leading track jet y 0.999 0.991
Subleading track jet y 0.955 0.958
Leading track jet ¢ 0.991 0.909
Subleading track jet ¢ 0.984 0.896
Leading track jet m 0.921 0.0506
Subleading track jet m | 0.0173 (0.0534) 0.301
Leading track jet ng, 0.00845 (0.239) 0.274
Subleading track jet n., | 0.901 0.567
Leading track jet 7 0.893 0.875
Subleading track jet 7, | 0.914 0.603
Leading track jet m 0.919 0.579
Subleading track jet 75 | 0.922 0.953
Leading track jet 73 0.965 0.922
Subleading track jet 735 | 0.912 0.986

Table 8.1: The p-values that result from performing a x? test to test the agreement
between the unfolded pseudodata results obtained with MultiFold or IBU and the
target truth pseudodata distribution. Agreement is achieved within 20 for all observ-
ables except for the subleading track jet mass and the number of constituents in the
leading track jet in the MultiFold case. The values in parentheses indicate the p-value
when the unfolding uncertainties are decorrelated, as discussed in the main text.
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Figure 8.2: The differential cross section as a function of the leading and subleading
muon pr, n and ¢. The pseudodata unfolded with IBU is shown in orange with
the total uncertainty shown in the hatched band, and the MultiFolded pseudodata

is similarly shown in blue.

The target truth pseudodata is shown in purple, and

the p-value quantifying the agreement between the unfolded result and the target is

displayed on the figure for each method.
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Figure 8.3:

Subleading track jet ¢

The differential cross section as a function of the leading and subleading

track jet pr, y and ¢. The pseudodata unfolded with IBU is shown in orange with
the total uncertainty shown in the hatched band, and the MultiFolded pseudodata

is similarly shown in blue.

The target truth pseudodata is shown in purple, and

the p-value quantifying the agreement between the unfolded result and the target is

displayed on the figure for each method.
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Figure 8.4: The differential cross section as a function of the leading and subleading
track jet m and number of constituents. The pseudodata unfolded with IBU is shown
in orange with the total uncertainty shown in the hatched band, and the MultiFolded
pseudodata is similarly shown in blue. The target truth pseudodata is shown in
purple, and the p-value quantifying the agreement between the unfolded result and
the target is displayed on the figure for each method.
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Figure 8.5: The differential cross section as a function of the leading and subleading
track jet 7, 7 and 73. The pseudodata unfolded with IBU is shown in orange with
the total uncertainty shown in the hatched band, and the MultiFolded pseudodata

is similarly shown in blue.

The target truth pseudodata is shown in purple, and

the p-value quantifying the agreement between the unfolded result and the target is
displayed on the figure for each method.
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Figure 8.6: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the dimuon pr and y broken down by source with the
total uncertainty shown as the solid black line. The right shows the corresponding
uncertainty correlation matrices for the same observables.
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Figure 8.7: The plots on the left show the relative uncertainty on the unfolded result
obtained using IBU for the leading track jet pr, m and number of constituents broken
down by source with the total uncertainty shown as the solid black line. The right
shows the corresponding uncertainty correlation matrices for the same observables.
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Figure 8.9: The plots on the left show the relative uncertainty on the Multifolded
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Figure 8.10: The plots on the left show the relative uncertainty on the MultiFolded
result for the leading track jet pr, m and number of constituents broken down by
source with the total uncertainty shown as the solid black line. The right shows the
corresponding uncertainty correlation matrices for the same observables.
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Figure 8.11: The plots on the left show the relative uncertainty on the MultiFolded
result for the subleading track jet pr, m and number of constituents broken down by
source with the total uncertainty shown as the solid black line. The right shows the
corresponding uncertainty correlation matrices for the same observables.
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Figure 8.12: The relative total uncertainty in each bin (corresponding to the bins
in Table 7.7) for the unfolded results from IBU (orange) and MultiFold (blue). For
most bins, MultiFold is observed to have a slightly higher uncertainty, as discussed

in the text.
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8.1.2 Tests of the MultiFold result

Having shown that good agreement is attained between the MultiFold result and the
target truth pseudodata for the 24 observables used as input, some additional results
can be explored that demonstrate some of the features of the MultiFold method.
Firstly, some observables will be derived from a subset of the 24 using the Multi-
Folded result. Secondly, the differential cross section results for the 24 observables
will be reexamined in a series of kinematic subregions. Lastly, some two dimensional
distributions will be constructed. All of these results will once again be compared to

the target distribution and the agreement quantified by the p-value.

8.1.2.1 Derived observables

One of the notable benefits of the MultiFold algorithm is that observables can be
calculated after the unfolding has been performed, provided the necessary quantities
to calculate the new observable are included in the inputs. This increases the utility
of the results by eliminating the need for the analysis to be redone if a new observable
is desired. As such, this section explores some of the observables that may be derived

from the 24 inputs. They are:
e 7Ji: the ratio of the leading track jet 7 and 1, i.e. 7, = 7' /7"

e AR, ;i: the angular distance between the Z boson and the leading track jet.
This involves performing four vector addition for the leading and subleading
muons, and calculating AR between the dimuon system and the leading track

jet. It is thus a function of 8 out of the 24 input observables.

e Track mj;: the invariant mass of the leading and subleading track jet. This

involves the four vector addition of the two track jets, and is thus a function of
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Observable MultiFold p-value | IBU p-value
Leading track jet m5; | 0.913 0.763

AR, 51 0.953 0.0723

Track mj; 0.451 0.560

Table 8.2: The p-values that result from performing a x? test to test the agreement
between the unfolded pseudodata and the target. The observables listed are unfolded
directly using IBU, but are calculated after unfolding in the MultiFold case.

8 input observables.

These three observables are also unfolded directly using IBU to serve as a com-
parison. Figure 8.13 shows the differential cross section results obtained by calculating
these observables from the MultiFolded results compared with the IBU result and the
target. The resulting p-values for both methods are displayed alongside the results
and also in Table 8.2. All three observables exhibit good agreement with the target.
The relative uncertainties and the corresponding uncertainty correlation matrices can

be found in Appendix C.

8.1.2.2 Results in kinematic subregions

In order to further validate the MultiFold results presented in this section, the dif-
ferential cross section distributions for the 24 observables are examined in a series
of kinematic subregions and their agreement with the target is evaluated once more.
The kinematic subregions presented in this section can be broken down into three
main categories: a higher pZ region, a region with a higher EW Z+jets contribution,
and a region with an enhanced diboson contribution.

Higher p%jj region

The first criterion applied in this case is that the subleading track jet pr be larger
than 50 GeV, which enforces a topology where both jets have high pr. The binning

is kept consistent where possible with Table 7.7, however the following modifications
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Figure 8.13: The differential cross section as a function of the leading track jet
To1, ARy, ;1 and the track dijet mass. The pseudodata unfolded with IBU is shown
in orange with the total uncertainty shown in the hatched band. The MultiFolded
pseudodata for these three observables is calculated after the unfolding is performed,
and is shown similarly in blue. The target truth pseudodata is shown in purple, and
the p-value quantifying the agreement between the unfolded result and the target is

displayed on the figure for each method.
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are made in the case of empty or low statistics bins:
e Subleading track jet pr: (0, 25, 50, 100, 500) to (50, 75, 100, 150, 500);

e Leading track jet pr: (0, 50, 100, 150, 200, 300, 1000) to (50, 100, 150, 200,

300, 1000).

The results for each of the 24 observables are shown in Figure 8.14 and the cor-
responding p-values are summarized along with the other results in this section in
Table 8.3.

The second criterion applied is simply that the dimuon pr be larger than

350 GeV. The binning modifications in this case are:
e pi": (190, 230, 300, 450, 600, 1000) to (350, 400, 450, 600, 1000);
° p‘T‘I: (25, 125, 200, 300, 400, 600, 800) to (125, 200, 300, 400, 600, 800).

Results are shown in Figure 8.15 and p-values are summarized in Table 8.3.

For both of these kinematic subregions, agreement with the target is seen for
all obervables with the exception of the subleading track jet mass. If the unfolding
uncertainty is considered decorrelated, then the p-value for the subleading track jet
mass in the pjﬁ > 50 GeV region improves slightly (from 0.0212 to 0.0216) but still
exhibits tension on the order of 2-30 with the target. Conversely, in the pf >
350 GeV region, the p-value becomes 0.289, bringing the subleading track jet mass
into agreement with the target.

Electroweak enhanced region
To examine a region of phase space with an enhanced electroweak Z+jets contribu-
tion, two separate criteria are placed on derived observables to target the so-called

VBF topology. The first criterion is that the track m;; be larger than 200 GeV. The
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Figure 8.14: The differential cross section measurement for each of the

24 observ-

ables with a selection criterion of pf? > 50 GeV applied after the MultiFold result has
been obtained. The MultiFold result is in black, the original MC truth (the starting
place for the MultiFold algorithm) is in blue, and the target truth pseudodata is in

green.
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Figure 8.15: The differential cross section measurement for each of the 24 observ-
ables with a selection criterion of pf" > 350 GeV applied after the MultiFold result
has been obtained. The MultiFold result is in black, the original MC truth (the start-
ing place for the MultiFold algorithm) is in blue, and the target truth pseudodata is

in green.
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differential cross section results for the 24 observables and their agreement with the
target is shown in Figure 8.16.

The second derived observable considered is the track dijet rapidity separation:
|Ay;;| = |yj1 — yj2|. The criterion in this case is that |Ay;;| > 2, and the results of
its application are shown for each of the 24 observables in Figure 8.17.

As before, the p-values for each of the 24 observables after these selection criteria
have been applied can be found in Table 8.3. For the track m;; > 200 GeV criterion
agreement is observed for all 24 observables, and for the |Ay;;| > 2 criterion the only
observable to exhibit poor agreement is the subleading track jet mass (if the unfolding
uncertainties are decorrelated, then agreement is achieved with a p-value of 0.0720).
Diboson enhanced region
In order to examine how the MultiFolded results perform in a region of phase space
where the diboson contribution is enhanced, a selection is applied such that the

leading track jet mass must be larger than 32 GeV. The changes to the binning are:
e Leading track jet m: (0, 8, 16, 24, 32, 42, 70) to (32, 36, 42, 70);

e Leading track jet pr: (0, 50, 100, 150, 200, 300, 1000) to (100, 150, 200, 300,
1000);

e Leading track jet ng,: (0.5, 6.5, 10.5, 14.5, 19.5, 25.5, 39.5) to (0.5, 10.5, 14.5,
19.5, 25.5, 39.5).

Note that this criterion reduces the dataset size by approximately 98% and so the
statistical uncertainties are substantial. The differential cross section results for each
of the 24 observables after the application of this selection criterion is shown in Fig-
ure 8.18. The p-values are also once again tabulated alongside the other results from

this section in Table 8.3. Agreement is seen for all observables in this case.
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Figure 8.16:

The differential cross section measurement for each of the 24 observ-

ables with a selection criterion of track m;; > 200 GeV applied after the MultiFold
result has been obtained. The MultiFold result is in black, the original MC truth (the
starting place for the MultiFold algorithm) is in blue, and the target truth pseudodata

is in green.
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Figure 8.17: The differential cross section measurement for each of the 24 observ-
ables with a selection criterion of track |Ay,;| > 2 applied after the MultiFold result
has been obtained. The MultiFold result is in black, the original MC truth (the start-
ing place for the MultiFold algorithm) is in blue, and the target truth pseudodata is

in green.

180



£ 5F Vs=13TeV, 139.0 o' — MultiFold { £ V/s=13TeV, 139.0 o' — MultiFold % §| V/s=13TeV, 139.0 i~ — MultiFold % Vs=13 TeV, 139.0 o' — MultiFold
= Z(— pp)+jets, pi*>190 GeV = MCTruth =2 Z(— pp+iets, pi*>190 GeV e MCTruth | (5 Z(— pp)+jets, pi*>190 GeV MC Truth gl & — p+jets, g >190 GeV e MCTruth |
=5 | mn>32 GeV after unfolding e Target | 56" m; > 32 GeV after unfolding = Target 3 6 m>32 GeV after unfolding Target | F °[ my>32 GeV after unfolding = Target
3 ar p-value: 0.269 | p-value: 0.488 | & pvalue: 0.784 | & p-value: 0.459
< ° = &
3 ]
3 4 5 4 T3 4
2 3 3
2 2 ] 2 4
1
0 0 0
%LSE R EI'SE R gl'SE s ey
él. P élt"’ += gl, e f:,l. —
0.5 50.5] 505 4 F05c |
“ 5 10 15 20 25 30 35 = 5 10 15 2 = 35 40 45 50 60 65 70 = 5 10 15 20 25 30 35 40
Leading track jet ne Subleading track jet nc Leading track jet m [GeV] Subleading track jet m [GeV]
3 Vs=13TeV, 139.0 "' — MultiFold =10 V5=13TeV, 139.0 1! — Mutifold | & V/s=13TeV, 139.0 o' — MultiFold | € 257 /5213 TeV, 139.0 fo~' — MultiFold
3 Z(= py+iets, g4 190 GeV W MC Truth 8 (= p+iets, g#>190 GeV e MC Truth = Z(— ) +jets, %> 190 GeV e MCTruth | = Z(— g +jets, p¥>190 GeV. W MC Truth
§03F m>32CeVafterunfolding == Troet. - 2081 1,537 GeV ater unfolding = Taget | 5| mi>32 GeV after unfolding = Target szo my>32 GeV after unfolding = Target
= p-value: 0.799 = pvalue: 0.886 | 3 p-value: 0.951 | 3 p-value: 0.986
= 0.6 i ® 15
go.z r E
3 ]
° S 0.4] |

°
"

°
o

o
N

0.0
%15 T T s T - - - = n?umE T T T T r i -Ea,l_sE T T T T T i
g ot I e s H B e == N [ =S
oL o1 ol 'rJ—,L + ¥+ =1
e e 2 E £ E j
5050 e} 0.5 4§05 L L . L 50.5] L n n L
<100 200 300 400 500 600 700 800 9001000 = 100 200 400 500 < -2 - 1 2 = -2 -1 0 1 2

Leading track jet pr [GeV] Subleading track jet pr [GeV] Leading track jet y Subleading track jet y

£ 157 \/5=13TeV, 139.0 1! — watrold | B 3 513 Tey, 139.0 0o —"witioid | & V5=13TeV, 139.0 "' — MmultiFold E\/5=13TeV, 139.0 o'

< Z(— pp)+jets, pi*>190 GeV - MCTruth | = Z(— pptiets, pi'>190 GeV e MCTruth 7~ 200 Z(— pu)+jets, g >190 GeV - MC Truth - Z(— ppy+iets, pgi*>190 GeV

& | mi>32GeV after unfolding e Terget | & | 4032 GeV after unfolding © my>32 GeV after unfolding == Target £ mp>32 GeV after unfolding

3 p-valuef 0.997 | 3, 3 p-value: 0.524 p-value: 0.912

] 3 8150 B

0

g1 £y 51.5EH\’*4\ j gl.sf

£ £ £ " 2 e

el el el J. el }

e -3 2 2 E j
50 Zo. 505! 505

-3 -2 -1 1 2 = -3 -2 - 0 1 2 3 0.0 01 02 03 04 05 06 0.7 08 09 0.0 01 02 03 04 05 06 0.7 0.8 09
Leading track jet ¢ Subleading track jet ¢ Leading track jet 7 Subleading track jet 7;

g /s=13TeV, 139.0 o' MultiFold /s=13TeV, 139.0 ib~' MultiFold 2 800 Vs=13TeV, 139.0 o' MutiFold | Q@ L /s5=13TeV, 139.0 o~ MultiFold |
= Z(~ ) tets, 4> 190 GeV MC Truth Z(— ) Hets, 7> 190 GeV MCTuth § = Z(— p)+iets, p¥> 190 GeV MC Truth = Z(— pr+iets, p> 190 GeV MC Truth
e my>32 GeV after unfolding = Target my>32 GeV after unfolding = Target «© m;>32 GeV after unfolding = Target K goo| m>32GeVafter unfolding == Target
E 400 p-value: 0.739 p-value: 0.890 % 600 p-value: 0.515 | § p-value: 0.814

[

%15 T T T T 81sE T T T T 8150 T T T T T 5 815 T T T T T 5

gt S B e e S , g o ——— | g ot |

21 f 1 21 —t 21 t 1 21 + —

5 0.5] L L . L 5050 . L % 30, | 505 E|

= 0.0 0.1 0.2 03 04 05 = 0.0 0.1 0.2 03 04 05 = 005 010 015 0.20 025 030 ©0.00 005 010 0.15 020 025 030

Leading track jet , Subleading track jet , Leading track jet 3 Subleading track jet 73

% 0.4 V/s=13 TeV, 139.0 i — Multifold | £ Vs=13TeV, 139.0 i~ — MultiFold | V/s=13 TeV, 139.0 o' — MultiFold | %} V/s=13TeV, 139.0 i~ — MultiFold
O 0 Z- pwtiets, pi*>190 Gev - MC Truth = Z(— pptiets, pi'>190 GeV/ L MC Truth Z(— pyiets, pi'>190 GeV - MC Truth o) Z(— puy+jets, pi>190 GeV - MC Truth
3 my > 32 GeV after unfolding  Target N mp>32 GeV after unfolding e Target | m;>32 GeV after unfolding o Taget | 5 0.61 m;>32 GeV after unfolding  Target
03 pvalue: 0773 p-value: 0.968 pvalue: 0.890 1 ¥ p-value: 0.973
5 3 &
¥ %o
502 ] 3
3 3

0.1
0.0 .
Bisp T 31_5E 3 g*LSE T T T Eﬂ.sf E|
2 ot— ] e —— : S ottt
Sl t { S o bttt =L =t ] sl t
g 2 2 g L E
B0 ’go_sE . . . . L. 4 805 505 , . , I .
200300 400 500 600 700 800 900 1000 £ 5 -1 ) 1 5 100 200 300 400 500 600 700 800 50 100 150 200 250 300 350 400
P [GeV] Y 7' [GeV] pf [GeV]
£ 25 /5=13TeV, 139.0 o' — MultiFold V/s=13TeV, 139.0 i~ — Multifold Vs=13TeV, 139.0 fo' — multifold | & 157 {/5=13 TeV, 139.0 o' Multifold
= Z(— p)+jets, pi>190 GeV MC Truth Z(— ) +iets, p¥>190 GeV MC Truth Z(— ) +iets, p¥>190 GeV MCTruth | = Z(— ) +iets, p¥>190 GeV C Truth
20/ mi>32 GeV after unfolding mp>32 GeV after unfolding w Target | my>32 GeV after unfolding & my>32 GeV after unfolding = Target
5 .
3 p-value: 0.881 3
® 10
3. 3
10,
5
0
210 t 210 2L 2L
s s 2 2
fosi _ fos fos._ . . Jges_ ]
2 =2 -1 0 1 2 e -2 -1 0 1 2 €73 2 2 3 €73 -2 -1 o0 1 2 3
Mt M2 bt Sz

Figure 8.18: The differential cross section measurement for each of the 24 observ-
ables with a selection criterion of m;; > 32 GeV applied after the MultiFold result has
been obtained. The MultiFold result is in black, the original MC truth (the starting
place for the MultiFold algorithm) is in blue, and the target truth pseudodata is in

green.
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Observable p-values
P2 > 50GeV | pht' > 350CeV | mj; > 200GeV | [Ay;,| > 2 | mj > 32GeV

i 0.831 0.946 0.648 0.573 0.772
Yyup 0.892 0.976 0.537 0.908 0.968
! 0.921 0.766 0.770 0.867 0.890
e 0.796 0.959 0.976 0.894 0.973
M1 0.944 0.896 0.536 0.933 0.901
M2 0.957 0.953 0.990 0.993 0.881
b1 0.965 0.951 0.983 0.999 0.998
b2 0.995 0.672 0.941 0.981 0.945
vy 0.887 0.984 0.956 0.969 0.799
P 0.838 0.852 0.771 0.708 0.886
m 0.994 0.921 0.938 0.995 0.951
Yio 0.948 0.979 0.986 0.997 0.986
b5 0.893 0.998 0.727 0.997 0.997
bj2 0.923 0.705 0.887 0.919 0.998
mj 0.732 0.751 0.590 0.592 0.784
Mo 0.0212 0.0295 0.263 0.0228 0.459
nl} 0.142 0.538 0.133 0.835 0.269
nl? 0.428 0.972 0.887 0.714 0.488
it 0.746 0.919 0.363 0.329 0.524
i 0.809 0.461 0.972 0.956 0.912
ch 0.857 0.974 0.952 0.975 0.739
73 0.809 0.709 0.916 0.882 0.890
h 0.782 0.877 0.744 0.989 0.515
73 0.115 0.738 0.147 0.502 0.814

Table 8.3: The p-values quantifying the agreement between the MultiFolded pseu-
dodata result and the target truth pseudodata where a series of selection criteria have
been applied after the unfolding has been performed.
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Obs. 1 \ Obs. 1 bin edges \ Obs. 2 \ Obs. 2 bin edges \ p-value

P [GeV] | 190,230, 300, 450, 1000 p?rl [GeV] | 0,50,100,200,500, 1000 0.959

pzfl [GeV] | 0,50,100,200,500,1000 p?f [GeV] | 0,25,75,200,500 0.486

m;1 [GeV] | 0,8,16,24,32,70 Tfl 0,0.05,0.1,0.17,0.25, 0.761
0.35,0.5,0.9

mje [GeV] | 0,2.5,7,12,20,40 ng 0,0.1,0.2,0.35,0.5,0.9 4.53 x 1076

P [GeV] | 190,230,300, 450,1000 | Y, -2.5,-1.5,-1,-0.5,-0.25, 0, 0.952
0.25,0.5,1,1.5,2.5

P [GeV] | 190,230, 300, 450, 1000 | m;; [GeV] | 0,40, 80, 150, 300, 500, 1000 | 0.291

Table 8.4: The chosen observables (obs. 1 and 2) and their corresponding binning
for the two dimensional distributions constructed using the MultiFolded pseudodata
results. The corresponding p-value is also shown, which quantities the agreement
between the result and the target truth pseudodata.

8.1.2.3 Two-dimensional closure tests

The final feature of the MultiFold method that will be explored in this chapter is the
ability to make multidimensional distributions after obtaining the unfolded result. Six
such distributions will be examined here and their agreement with the target truth
pseudodata will once again be checked. The observables and their chosen binning,
as well as the resulting p-values are shown in Table 8.4. Meanwhile, Figures 8.19
and 8.20 show the ratio to the target distribution in each bin for each two-dimensional
distribution.

Good agreement is attained for all two-dimensional distributions with the ex-
ception of the one involving the subleading track jet mass. If the unfolding uncertainty

is once again decorrelated, then agreement is observed with a p-value of 0.562.
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Figure 8.19: Two dimensional distributions for the dimuon pt and rapidity, and the
leading and subleading track jet pr created using the MultiFolded pseudodata result.
The ratio of the results to the target truth pseudodata are displayed as a function of
one observable per bin of the other observable. The corresponding p-values are also

shown.
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Figure 8.20: Two dimensional distributions for the leading track jet m and 71, the
subleading track jet m and 7y, the dimuon pr and the track dijet mass, and the dimuon
pr and the leading track jet pr created using the MultiFolded pseudodata result. The
ratio of the results to the target truth pseudodata are displayed as a function of one
observable per bin of the other observable. The corresponding p-values are also shown.
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8.2 Results with data

This section presents the final results of this analysis. The differential cross section
distributions for each of the 24 observables using the Run 2 ATLAS data unfolded with
the MultiFold method are shown in Figures 8.21 to 8.25. Additionally, the differential
cross section distributions are shown for the leading track jet 71, AR, ;1 and my;
in Figure 8.26. The results obtained using the MultiFold algorithm are compared
with the results obtained using IBU, as well as with the theoretical predictions from
the MADGRAPH+PYTHIA8 FXFX sample and the SHERPA 2.2.11 sample with the
additional EW and diboson truth level events included.

The uncertainties on the results for both IBU and MultiFold are as described
in Sections 7.8.1.2 and 7.8.2.2, and the relative uncertainties and corresponding cor-
relation matrices can be found in Figures 8.27 to 8.29 for IBU and in Figures 8.30
to 8.32 for MultiFold for a selection of the 24 observables. The remainder are shown
in Appendix C. As was the case with the pseudodata, the total uncertainties on the
MultiFold result tend to be larger than those of IBU for the same reasons discussed in
the previous section. The uncertainty on the theoretical predictions include the PDF
and o, uncertainty, and the QCD perturbative uncertainties. The increased error in
the SHERPA 2.2.11 sample compared to the MADGRAPH+PYTHIAS FXFX sample
is due to the QCD perturbative uncertainty, which is larger in the SHERPA 2.2.11
sample. This has also been observed in previous analyses utilizing these generators,

for example in Ref. [40].
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Figure 8.21: The differential cross section as a function of the dimuon pt (left) and y
(right). The MultiFold measurement is shown in black with the grey error bands, and
is used as the reference distribution for the ratio plot. A separate measurement based
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the theoretical predictions from MADGRAPH+PYTHIAS FXFX and SHERPA 2.2.11
are shown in pink and blue, respectively.
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Figure 8.22: The differential cross section as a function of the leading and subleading
muon pr, 7 and ¢. The MultiFold measurement is shown in black with the grey
error bands, and is used as the reference distribution for the ratio plot. A separate
measurement based on IBU is shown in orange with the total uncertainty shown
in the hatched band, and the theoretical predictions from MADGRAPH+PYTHIAS
FxFx and SHERPA 2.2.11 are shown in pink and blue, respectively.
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Figure 8.23: The differential cross section as a function of the leading and subleading
track jet pr, n and ¢. The MultiFold measurement is shown in black with the grey
error bands, and is used as the reference distribution for the ratio plot. A separate
measurement based on IBU is shown in orange with the total uncertainty shown
in the hatched band, and the theoretical predictions from MADGRAPH+PYTHIAS
FxFx and SHERPA 2.2.11 are shown in pink and blue, respectively.
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Figure 8.24: The differential cross section as a function of the leading and sub-

leading track jet mass and number of constituents.

The MultiFold measurement is

shown in black with the grey error bands, and is used as the reference distribution
for the ratio plot. A separate measurement based on IBU is shown in orange with
the total uncertainty shown in the hatched band, and the theoretical predictions
from MADGRAPH+PYTHIAS FXFX and SHERPA 2.2.11 are shown in pink and blue,

respectively.
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Figure 8.25: The differential cross section as a function of the leading and subleading
track jet 71, 79 and 73. The MultiFold measurement is shown in black with the grey
error bands, and is used as the reference distribution for the ratio plot. A separate
measurement based on IBU is shown in orange with the total uncertainty shown
in the hatched band, and the theoretical predictions from MADGRAPH+PYTHIAS
FxFx and SHERPA 2.2.11 are shown in pink and blue, respectively.



In general, good agreement within uncertainties is observed between the mea-
surements and the theoretical predictions, the exception being some tension between
the measurement and the MADGRAPH4PYTHIAS FXFX sample for the subleading
track jet 7 and 73, in the first bin of the subleading track jet mass and number
of constituents, and in the final two bins of the leading track jet 79; distribution.
The observed results using the MultiFold method are also found to be in agreement
with those obtained using IBU. As was observed in Section 7.5, the central value
of the SHERPA 2.2.11 predictions is seen to slightly underestimate the differential
cross section in the majority of the distributions. However, as the uncertainties are
on the order of 20% in most bins this underestimation is accounted for within the

uncertainties.
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Figure 8.26: The differential cross section as a function of the leading track jet 791,
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and is used as the reference distribution for the ratio plot. IBU is shown in orange
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Figure 8.27: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the dimuon pp and y broken down by source with
the total uncertainty shown as the solid black line. The right shows the correlation

matrices for the same

observables.
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Figure 8.28: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the leading track jet pr, m and 7; broken down by
source with the total uncertainty shown as the solid black line. The right shows the
correlation matrices for the same observables.
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Figure 8.29: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the subleading track jet pr, m and 7, broken down by
source with the total uncertainty shown as the solid black line. The right shows the
correlation matrices for the same observables.
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Figure 8.30: The plots on the left show the relative uncertainty on the Multifolded
result for the dimuon pr and y broken down by source with the total uncertainty
shown as the solid black line. The right shows the correlation matrices for the same
observables.
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Figure 8.31: The plots on the left show the relative uncertainty on the Multifolded
result for the leading track jet pr, m and 77 broken down by source with the total
uncertainty shown as the solid black line. The right shows the correlation matrices

for the same observables.

198



Relative uncertainty Relative uncertainty

Relative uncertainty

L e L
[ =ees Pileup = Muon systematics Vs =13 TeV, 139.0 ot
0 l;— Unfolding —— Datastatistics (Train) ~ Z — [I[1, p#“ > 190 GeV_]
"7 —— MC statistics (Train) ===+ Modelling MultiEolded data -
[~ ===« Luminosity e Muon calibration —
[T == Track systematics === NN init. uncertainty 7
008 L MC statistics (Test) ===+ Top background .
[ -«<s Non-strong events === Total -
0.06— —
0.04— —
0.02— =
O e IS IS IO ST AP VA YA AW
0 50 100 150 200 250 300 350 400 450 500
Subleading track jet P, [GeV]
0..255 [T
[ ==== Pileup —— Muon systematics Vs =13 TeV, 139.0 fb™ ]
[ —— unfolding —— Datastatistics (Train) ~ Z — L[, p:“ > 190 GeV
[~ —— MC statistics (Train) ===+ Modelling MultiFolded data |
0.2 [ ==+ Luminosity —— Muon calibration ]
f- == Track systematics == NN init. uncertainty N
r MC statistics (Test) = === Top background b
.15+ Non-strong events === Total -
0.1— I
[ ] d
0.05 -
=
e b P e f
35 40
Subleading track jet m [GeV]
L e )
[ -ees Pilewp —— Muon systematics Vs =13 TeV, 139.0 fb™* ]
0.14 — — Unfolding —— Data statistics (Train) ~ Z — L[, pﬁ" > 190 GeV—]
[~ MCstatistics (Train) ==== Modelling MultiFolded data 7
0.12 -+ Luminosity —— Muon calibration 4
[[ = Track systematics === NN init. uncertainty |
0 1; MC statistics (Test) ===+ Top background
"TF === Non-strong events === Total B
0.08— —
0.06[— -
0.04F .
0.02 -

by
03 04 05 06
Subleading track jet 1,

01 0.2 07 08 09

Unfolded data (MultiFold)

s =13 TeV, 139.0 o™, Z — i, p* > 190 Gev
T T

1
0.8
0.6
0.4
0.2
0
-0.2
-0.4
-0.6

Vs = 13 TeV, 139.0 fb™, Z — i, p** > 190 GeV

I l il
Subleading track jet m [GeV]

Vs =13 TeV, 139.0 fb™, Z — up, p4* > 190 Gev
T T

100 - 500 0.68 L 1.00

50 - 100

25-50

Subleading track jet P, [GeV]

50 - 100
Subleading track jet P, [GeV]

100 - 500

Unfolded data (MultiFold)

20-40

12-20

Subleading track jet m [GeV]
~
I

7-12 12-20 20-40

Unfolded data (MultiFold)

1
0.50 - 0.90 0.8
0.6
-
g 0.35-0.50 0.4
: 02
© 0.20-035 0
£
g -0.2
<@
S 010-020 0.4
n
0.6
0.00 - 0.10 -0.8
-1

0.00-0.10

0.10-0.20 0.20-0.35 0.35-0.50 0.50 - 0.90

Subleading track jet 1,

Figure 8.32: The plots on the left show the relative uncertainty on the Multifolded
result for the subleading track jet pr, m and 7 broken down by source with the total
uncertainty shown as the solid black line. The right shows the correlation matrices

for the same observables.
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Chapter 9

Conclusion

This thesis demonstrates the first use of the MultiFold method in an ATLAS analysis.
The high-dimensional and unbinned measurement is used to construct differential
cross section distributions as a function of 24 observables in Z+jets events in the full
ATLAS Run 2 dataset. In order to further demonstrate the benefits of the method,
three additional differential cross section distributions are presented as a function of
observables calculated from the MultiFold result.

The theoretical predictions provided by the MADGRAPH+PYTHIAS FXFX plus
non-strong and SHERPA 2.2.11 plus non-strong generators show generally good agree-
ment with the differential cross section measurements for all 27 observables, with
the exception of some tension between the data and the MADGRAPH+PYTHIAS
FxFX prediction for the subleading track jet 7 and 73, and the leading track jet 7o;.
The first bins of the subleading track jet m and number of constituents also show
some small deviations. The SHERPA 2.2.11 sample is found to agree with the data
within uncertainties, however the predicted central value underestimates the data by
approximately 5-10% in the vast majority of bins.

In comparing the MultiFold results to those obtained using the traditional

200



method, IBU, they are found to be in agreement with each other within uncertain-
ties. Performing the unfolding with the MultiFold method results in slightly larger
total uncertainties than when using IBU. This is due, in part, to the NN initialization
uncertainty, which arose due to the stochastic nature of the neural networks. It could
potentially be reduced by producing additional models for inclusion in the ensemble.
It may also be worth exploring the use of boosted decision trees, for example, to
perform the reweighting necessary for the MultiFold algorithm. As they are not of a
stochastic nature, they will produce a consistent result if the same training data is
used. Such a study is beyond the scope of this thesis, but if tested the performance
of the reweighting would need to be carefully evaluated to ensure it performs as well
as the neural network reweighting. The other sources of increased uncertainty in the
MultiFold result are caused by its intrinsic multidimensionality, and the additional
statistical uncertainty from the dataset to which the final model is applied. The first
is largely a consequence of the uncertainties associated with the tracks. In IBU, or
other one dimensional unfolding methods, the uncertainties on the tracks used to
build the jets will not affect the muon observables, but this will not be the case in
a high dimensional unfolding. Both of these effects are inherent to the MultiFold
method.

The MultiFold method is also used to perform a measurement using realistic
pseudodata. This serves as the primary validation of the method as it allows for a
comparison with a known truth target (from which the pseudodata was sampled). The
agreement between the MultiFold result and the target is quantified by performing a
x? test and reporting the resulting p-value. Agreement within 20 is seen for 22 of the
24 observables, the exceptions being the subleading track jet mass and the number

of constituents in the leading track jet. This level of agreement can be explained by
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the nature of the unfolding uncertainties. The structure of the internal correlations
in both the basic unfolding uncertainty and the hidden variable uncertainty are not
known. In the x? test the uncertainties are assumed to be fully correlated between
bins, but this is not necessarily the case for the unfolding uncertainties. Indeed,
if both of these uncertainties are considered uncorrelated between bins, then both
disagreeing observables come into agreement with the target. This indicates that in
the case where a user is comparing results with a known target distribution it may
be prudent to explore alternative correlation schemes for these two uncertainties.

The pseudodata results are further used to perform a series of tests of the Mul-
tiFold result to ensure that agreement with the target is maintained under extensions
of the method. Firstly, three additional observables are calculated from the MultiFold
result dataset. These are all found to be in agreement with the target. Secondly, a
series of kinematic subregions are examined in order to highlight regions with: an
increased pgjj, an enhanced electroweak Z-jets contribution, and an enhanced di-
boson Z+jets contribution. Once again, excellent agreement is maintained with the
target with the exception of the subleading track jet mass in three of the five sub-
regions, where it exhibits tension at the 2-3c0 level. If the unfolding uncertainties
are decorrelated, then this observable comes into agreement in two out of the three
subregions, with the third continuing to exhibit tension in the 2-30 range. Lastly,
a series of two-dimensional distributions were constructed from the MultiFold result
and agreement with the target was once again observed in all distributions except
for the one involving the subleading track jet mass. Once more, agreement for this
distribution is observed if the unfolding uncertainties are decorrelated.

In conclusion, the MultiFold method has been used successfully to perform the

first unbinned 24 dimensional measurement. Furthermore, extensions of the method

202



that leverage these features have been demonstrated to perform well. These results
will be published in the near future in the form of a dataset with a series of events
containing the value of each of the 24 observables, and a series of weights correspond-
ing to the nominal result and each of the systematic variations. A user guide will also
be established to aid in instructing users on usage of the samples, including how to
choose an appropriate binning, and considerations regarding the correlation schemes
as discussed in relation to the unfolding uncertainties. By enabling observables to be
calculated directly from the final results, allowing for the construction of multidimen-
sional distributions, and giving flexible binning options, results in this format are of
great utility to the particle physics community, and have the potential to set a new

standard in the way measurements are made and shared going forward.
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Appendix A

Additional data to Monte Carlo

comparisons

This appendix presents the figures comparing the reconstructed MC and data distri-

butions that were not presented in Section 7.5.
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206



Appendix B

Sample reweighting validation plots

This appendix shows the results of the different sample reweightings performed in
Section 7.7. First, the results of reweighting the MADGRAPH+PYTHIA8 FXFX sam-
ple such that the negative weights are eliminated is shown. Figures B.1 and B.2 show
the results of the reweighting at the reconstructed level, while Figures B.3 and B.4
show the results at the truth level. Figures B.5 and B.6 show the results of reweight-
ing the combined SHERPA 2.2.11, EW, and diboson “rest” samples such that they

match the data.
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Figure B.1: The ratio between the reweighted and original MADGRAPH+PYTHIAS
FxFx distributions for the reconstructed dimuon pr and rapidity, leading and sub-
leading muon pr, n and ¢, and the leading track jet pr, rapidity, ¢ and mass.
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Figure B.2: The ratio between the reweighted and original MADGRAPH+PYTHIAS
FxFxX distributions for the reconstructed leading track jet 7, 7 and 73, the subleading
track jet pr, rapidity, ¢, mass, 7, 7o and 73, and the number of constituents in the
leading and subleading track jet.
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Figure B.4: The ratio between the reweighted and original MADGRAPH+PYTHIAS
FxFx distributions for the truth level leading track jet 71, 75 and 73, the subleading
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Appendix C

Additional uncertainty results

This appendix shows the remaining uncertainty plots that were not shown in Chap-

ter 8.

C.1 Pseudodata results
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Figure C.1: The plots on the left show the relative uncertainty on the unfolded result
obtained using IBU for the leading muon pr,  and ¢ broken down by source with the
total uncertainty shown as the solid black line. The right shows the corresponding
uncertainty correlation matrices for the same observables.
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Figure C.2: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the subleading muon pr, n and ¢ broken down by
source with the total uncertainty shown as the solid black line. The right shows the
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Figure C.3: The plots on the left show the relative uncertainty on the unfolded result
obtained using IBU for the leading track jet y and ¢ broken down by source with the
total uncertainty shown as the solid black line. The right shows the corresponding
uncertainty correlation matrices for the same observables.
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Figure C.4: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the leading track jet 7, 7 and 73 broken down by
source with the total uncertainty shown as the solid black line. The right shows the
corresponding uncertainty correlation matrices for the same observables.
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Figure C.5: The plots on the left show the relative uncertainty on the unfolded result
obtained using IBU for the subleading track jet y and ¢ broken down by source with
the total uncertainty shown as the solid black line. The right shows the corresponding
uncertainty correlation matrices for the same observables.
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Figure C.6: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the subleading track jet 71, 7o and 73 broken down by
source with the total uncertainty shown as the solid black line. The right shows the
corresponding uncertainty correlation matrices for the same observables.
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Figure C.7: The plots on the left show the relative uncertainty on the MultiFolded
result for the leading muon pr, n and ¢ broken down by source with the total uncer-
tainty shown as the solid black line. The right shows the corresponding uncertainty
correlation matrices for the same observables.
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Figure C.8: The plots on the left show the relative uncertainty on the MultiFolded
result for the subleading muon pr, n and ¢ broken down by source with the total un-
certainty shown as the solid black line. The right shows the corresponding uncertainty
correlation matrices for the same observables.
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Figure C.9: The plots on the left show the relative uncertainty on the MultiFolded
result for the leading track jet y and ¢ broken down by source with the total uncer-
tainty shown as the solid black line. The right shows the corresponding uncertainty
correlation matrices for the same observables.
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Figure C.10: The plots on the left show the relative uncertainty on the Multi-
Folded result for the leading track jet 7, 7 and 73 broken down by source with the
total uncertainty shown as the solid black line. The right shows the corresponding
uncertainty correlation matrices for the same observables.
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Figure C.11: The plots on the left show the relative uncertainty on the MultiFolded
result for the subleading track jet y and ¢ broken down by source with the total uncer-
tainty shown as the solid black line. The right shows the corresponding uncertainty
correlation matrices for the same observables.
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Figure C.12: The plots on the left show the relative uncertainty on the MultiFolded
result for the subleading track jet 71, 7 and 73 broken down by source with the
total uncertainty shown as the solid black line. The right shows the corresponding
uncertainty correlation matrices for the same observables.

226



Relative uncertainty Relative uncertainty

Relative uncertainty

Unfolded pseudodata (IBU)

V5 =13 TeV, 139.0 ™, Z — s, p"* > 190 Gev
T T 1

L B L B B L L L B L

0.14 plew Vs = 13 TeV, 139.0 o *]
uon systematics L _
Unfolding Z -, pL >190 GeV 7 0.78 - 1.00
Data statistics it
0.12 para Sasne Pseudodata unfolded with IBU—|
Modelling ]
Luminosity 1 0.71-0.78
0.1 Muon calibration Iy
Track systematics B =
Total - ol
0.08 X 063-071
r IS
L =
= [=]
0.06F £ 051-063
[ B
0.04— g
= 0.35-0.51
(0074 RN S
E - 0.00 - 0.35
0

0" “0.1702 03 04 05 06 07 08 00 1

. . 0.00-0.35 0.35-0.51 0.51-0.63 0.63-0.71 0.71-0.78 0.78 - 1.00
Leading track jet 1,,

Leading track jet T,

Unfolded pseudodata (IBU) Vs = 13 TeV, 139.0 fb™?, Z - uu, p*# > 190 GeV
1

A T b T T T T T T T LT T T
R CTEECTED Ml:;e;‘psys(emaﬁcs Vs =13 ‘I;EIV, 139.0fb™ | 45-6.0 042 053 1052 056 0.38
C gn'old'"?_ . Z o pp,pt > 190 GeV 7 40-45 057 069 072 078 050
| — ata statistics i
0.12 e Pseudodata unfolded with IBU—] 28- 4.0 |06l o7 [N - 06
C . Modelling 9
- + Luminosity - 3.6-38 .64 064 071 073 0.70
01 — Jauon :;‘2:’2’;‘;";5 - 3.4-36 |0 56 059 061 056 0.80
[ = Total ] 3.3-34 144 060 060 063 0.69
O-ng - = 32-33 143 050 049 0.64
S
C ] ¥ 31-32 047 o 0.30 - 062
0.06 L - < 30-3.1]o: . 0.73 1.00
C ] 29-3.0 68 079 078
0.04= 28-29 : 100
C 26-28
0.02 24-26
20-24
0 wkoesapnazoprdrogoazoprazs 00-20
0 1 2 3 4 5 6
. -0
ARuuvll
ARuu.il
Unfolded pseudodata (IBU) Vs = 13 TeV, 139.0 fb™, Z — pu, p** > 190 GeV
MU T b T T T T T T T 1
L e stematics ‘Ié: 13 Tev, 139.0 fb" [ N
[ ——— Unfolding Z -, pH* > 190 GeV A 500 - 1200
0.12— Data stafistics Pseudodata unfolded with IBU—

MC statistics
Modelling
Luminosity
Muon calibration

300 - 500

———— Track systematics

— Total

lllllll

0.08[] % 150 - 300
Fl ] S
0.06 ; B £ 80-150
0.04H 4
= 40 - 80

0 FYYTY PR bespusbusbusdeuduunduns
0 200 400 600 800 1000 1200 40 - 80 80-150 150-300 300-500 500-1200
m; [GeV]

m; [GeV]

Figure C.13: The relative uncertainty on the unfolded result obtained using IBU
broken down by source (left) and the corresponding uncertainty correlation matrix
(right) for the leading track jet 751, AR, j1 and the track dijet mass.
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Figure C.14: The relative uncertainty
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determined for the unfolded result obtained

by calculating the observable after performing the unfolding using the MultiFold
method (left) and the corresponding uncertainty correlation matrix (right) for the
leading track jet 701, AR, ;i1 and the track dijet mass.
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Figure C.15: The plots on the left show the relative uncertainty on the unfolded re-
sult obtained using IBU for the leading muon pr, n and ¢ broken down by source with
the total uncertainty shown as the solid black line. The right shows the correlation
matrices for the same observables.
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Figure C.16: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the subleading muon pr, n and ¢ broken down by
source with the total uncertainty shown as the solid black line. The right shows the
correlation matrices for the same observables.
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Figure C.17: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the leading track jet y and ¢ broken down by source with
the total uncertainty shown as the solid black line. The right shows the correlation
matrices for the same observables.
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Figure C.18: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the leading track jet 7, 73, and the number of con-
stituents broken down by source with the total uncertainty shown as the solid black
line. The right shows the correlation matrices for the same observables.
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Figure C.19: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the subleading track jet y and ¢ broken down by
source with the total uncertainty shown as the solid black line. The right shows the
correlation matrices for the same observables.
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Figure C.20: The plots on the left show the relative uncertainty on the unfolded
result obtained using IBU for the subleading track jet 7, 73, and the number of
constituents broken down by source with the total uncertainty shown as the solid
black line. The right shows the correlation matrices for the same observables.
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Figure C.21: The plots on the left show the relative uncertainty on the Multifolded
result for the leading muon pr,  and ¢ broken down by source with the total uncer-
tainty shown as the solid black line. The right shows the correlation matrices for the
same observables.
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Figure C.22: The plots on the left show the relative uncertainty on the Multifolded
result for the subleading muon pr,  and ¢ broken down by source with the total
uncertainty shown as the solid black line. The right shows the correlation matrices
for the same observables.
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Figure C.23: The plots on the left show the relative uncertainty on the Multifolded
result for the leading track jet y and ¢ broken down by source with the total uncer-
tainty shown as the solid black line. The right shows the correlation matrices for the

same observables.
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Figure C.24: The plots on the left show the relative uncertainty on the Multifolded
result for the leading track jet 7, 73 and the number of constituents broken down by
source with the total uncertainty shown as the solid black line. The right shows the
correlation matrices for the same observables.
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Figure C.25: The plots on the left show the relative uncertainty on the Multifolded
result for the subleading track jet y and ¢ broken down by source with the total
uncertainty shown as the solid black line. The right shows the correlation matrices
for the same observables.
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Figure C.26: The plots on the left show the relative uncertainty on the Multifolded
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Figure C.27: The relative uncertainty on the unfolded data result obtained us-
ing IBU broken down by source (left) and the corresponding uncertainty correlation
matrix (right) for the leading track jet 791, AR, ;1 and the track dijet mass.
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Figure C.28: The relative uncertainty determined for the unfolded data result ob-
tained by calculating the observable after performing the unfolding using the Multi-
Fold method (left) and the corresponding uncertainty correlation matrix (right) for
the leading track jet 751, AR, j1 and the track dijet mass.
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