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CHAPTER 1

Introduction

Leucippus (450–370 B.C.) and Democritus (460–371 B.C.) were most likely the first to postulate that
matter is composed of indivisible objects. Even though our knowledge about matter has been greatly
improved ever since then, the fundamental statement still holds up. Our current understanding of the
elementary particles and fundamental forces in our universe is described by the Standard Model of particle
physics. It is the unification of many profound theoretical ideas which are capable of explaining almost all
observed phenomena.

The Standard Model’s heaviest elementary particle is the top quark with a mass close to that of a gold
atom. Due to its high mass, the top quark plays a special role in the search for beyond the Standard
Model physics. When four top quarks are produced in a single proton-proton collision with an energy of
over 700 GeV, they create the heaviest particle final state ever seen at the Large Hadron Collider. The
simultaneous production of four top quarks is an incredibly rare process which makes it interesting to
study and hard to observe. Reason enough to investigate this process with new techniques such as Deep
Neural Networks.

Deep Neural Networks are the models used in deep learning which over the passed decade has developed
to the most flexible and widely applied machine learning field. In recent years, Deep Neural Networks
have become the go-to machine learning technique for speech recognition, spam filters, self-driving cars
and many other applications. With the High Luminosity upgrade of the Large Hadron Collider the number
of observed events will increase largely. Deep Neural Networks, which performance scale very well with
the amount of available data, thus are a promising perspective.
This thesis uses the four-top-quark process as a framework to investigate how suitable Deep Neural

Networks are for event classification for rare processes. Feedforward Neural Networks will be used to
investigate both the achievable performance and the dominant and hard to distinguishing backgrounds.
Recurrent Neural Networks with raw kinematic information will be used to investigate whether the Neural
Network can uncover better features than humans can. For better rejection of backgrounds, which are
hard to distinguish from the four-top-quark process, a hadronic top quark reconstruction is carried out.
The chapters are organized as follows: Chapter 2 briefly introduces the Standard Model of particle

physics and the four-top-quark production. In Chapter 3, a short overview of the Large Hadron Collider
and the ATLAS experiment is given. The utilized datasets and their simulation is discussed in Chapter 4.
Chapter 5 gives a brief introduction to deep learning and different types of Neural Networks. The setup
up as well as the first studies of Neural Networks are introduced in Chapter 6. The last chapter (Chapter
7) presents the results of the Neural Network studies and a reconstruction of hadronically decaying top
quarks.
The terminology of particles physics and deep learning is often different. For instance, datasets are

commonly called samples and features variables. In this thesis, the phrases coming from deep leaning
will be used, unless a physics concept is introduced. For obvious reasons the instances of data will be
called events.
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CHAPTER 2

Theoretical Background

This chapter will introduce the basic theoretical knowledge needed for the analysis carried out in the
following chapters. First, a short overview of the Standard Model of particle physics is given, discussing
the fundamental particles and their interactions. Special emphasis is put on the top quark as its properties
are pivotal for the four-top-quark process studied in this thesis. The final state and the production channels
of the four-top-quark process will be described in the last section of this chapter.
It is not common to use S.I. units in elementary particle physics, since energy, mass ,and momenta

scales encountered are tiny. The system used instead is known as natural units, where [kg,m,s] are replaced
by [ℏ,2,GeV1]. To simplify, the units ℏ = 2 = 1 will be used in this thesis. Thus, all momenta, energies,
and masses have the same unit GeV, whereas time, and length are given in terms of GeV−1.

2.1 The Standard Model of Particle Physics

The Standard Model of particle physics (SM) embodies our current understanding of the fundamental
constituents of the universe and their interactions. It is a renormalizable quantum field theory constructed
from a number of profound theoretical ideas to describe the experimental data observed. As often the case
for theories in physics, the SM is guided by the principle of symmetry. Its local gauge symmetry group

(* (3)� × (* (2)! ×* (1).

consists of the colour symmetry group (* (3)� and the symmetry group of the hypercharge (* (2)!×* (1). .
The colour charge and the hypercharge are related to the strong nuclear force and the electroweak force
respectively. The subscripts ! and . indicate that electroweak force is the unification [1] of the weak
nuclear force and the electromagnetic force. * (=) and (* (=) are the unitary and special unitary groups
of degree = originating from the group theory structure of the SM [2]. Therefore, the SM contains two of
the fundamental forces of nature. Gravity, which is the third fundamental force can be neglected at the
energy scales that are studied at colliders.

The particles in the SM are elementary particles, i.e. they show no indication of substructure up to the
current level of accuracy. All elementary particles can be categorized according to their spin statistics.
Particles with half-integer spin obeying the Fermi-Dirac-statics are called fermions, while particles with
integer spin are called bosons which obey the Bose-Einstein-statistics [3]. Each particle has an associated
antiparticle with the same mass and spin but opposite electrical charge, as well as lepton and baryon
numbers.
Fermions are further subdivided into quarks and leptons. Quarks, contrary to leptons, can interact

via the strong nuclear force. They come in 3 colours and 6 types called flavors namely up(u), down(d),
charm(c), strange (s), bottom(b), and top(t). Mathematically speaking, quarks form 3 flavor doublets
where the upper component has an electric charge of & = 2

3 and the lower an electric charge of & = −1
3 .

1 GeV is the abbreviation for Giga electron volt where 1eV = 1.602 · 10−19 J.
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Chapter 2 Theoretical Background

From a physical point of view, this structure is reflected in three generations of quarks. The 2nd and
3rd generation quarks have the same quantum number as the quarks of the 1st generation but higher
mass. Experimentally it was observed that quarks only exist in bound states of quark-antiquark pairs
called mesons or three quark or antiquark systems called baryons, collectively called hadrons. The
Standard Model explains this behavior via colour confinement, which states that coloured objects are
always confined to colour singlet states and thus are colour neutral. In the case of quarks, the process of
confinement is often referred to as hadronization.

Similarly to quarks, the six leptons of the SM can be arranged into three generations, each composed of
a doublet. Within a doublet the lepton in the doublet that is electrically neutral and massless2 is called a
neutrino (a). Their massive charge partners are called electrons 4, muons ` and taus g.

The forces in the Standard Model are mediated by gauge bosons3. The gauge boson associated with the
strong nuclear force is the gluon. The gluon is a massless particle which itself carries colour charge and
therefore has the unique property of self-interaction. The electroweak force is mediated by three gauge
bosons, two massive ones called W± and Z bosons, and one massless boson called photon. The strength
of each interaction is modelled by energy depending coupling constants.

Figure 2.1: Schematic depiction of the SM [6]. The masses of the massive particles in the SM are taken from [7].
The electroweak force is divided into the electromagnetic force and the weak nuclear force.

The Standard Model is summarized in Figure 2.1. The only SM particle not yet introduced is the Higgs
boson, discovered in 2012 [8]. It can be interpreted as the excitation of the field predicted by the Higgs
mechanism through which elementary particles acquire mass.
Even though the Standard Model is a remarkable achievement of modern science, it’s not the final

answer. It has several shortcomings, for instance it neither provides a candidate for dark matter [9] nor
explains the large matter-antimatter asymmetry in our universe [10].

2 Neutrinos are massless in the Standard Model. However, the observation of neutrino oscillations [4] indicate that they are
massive.

3 The term “gauge” indicates that theories describing the forces are invariant under local gauge transformations [5].
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2.2 The Top Quark

2.2 The Top Quark

The top quark has been first discovered in proton-antiproton collisions at the Fermilab Tevatron Collider
in 1995 [11]. It has a charge of & = 2

3 and was observed to be the most massive particle of the Standard
Model. The Particle Data Group reports a top mass of <C = 172.76± 0.30 GeV combing results measured
at the Tevatron and the Large Hadron Collider [7]. Therefore, it is 40 times heavier than the next-heaviest
quark, the b quark.

Owing to its large mass, the lifetime of the top quark, gt ≈ 5 · 10−25 s [7], is very short. Consequently,
it decays before it can hadronize, since typical time scales for interaction of the strong force are one order
of magnitude higher. The decay to a W boson and a quark is governed by the CKM matrix [1] of the
electroweak interaction. Decays in the same generation are enhanced, in particular the matrix element
|+C1 | is much larger than |+CB | and |+C1 | resulting in a branching fraction of �' = 1.013 ± 0.030 [7].

(a) Top pair production (b) Single top production

Figure 2.2: The two different categories of top production.

The production modes of the top quark can be categorized into top-quark pair production and single
top production. The processes in which the top is produced in pairs made up the main contribution of
events in the discovery of the top quark. This is because processes producing single tops are governed
by the electroweak interaction whereas top-antitop pairs are produced via the strong interaction, as can
be seen in Figure 2.2. Thus, the first evidence for single top processes was published considerably later
in 2006 [12]. An advantage of the single top production is that the CKM matrix element |+tb |

2 can be
measured directly [13].
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Chapter 2 Theoretical Background

2.3 Four-Top-Quark Production

The four-top-quark production (fC C̄ C C̄ ) is one of the energetically highest processes accessible at the Large
Hadron Collider (LHC). The center-of-mass energy

√
B required to produce this process has to be at

least 4 times the mass of the top quark. The most recent cross-section4 calculation for proton-proton
collisions predict fC C̄ C C̄ = 11.97+18%

−21% fb−1 at
√
B = 13 TeV [14]. The cross-section calculation is performed

at Next-to-Leading-Order precision in the strong and the electroweak coupling constant. Due to its small
cross-section this process was not observed until now. The cross section fC C̄ C C̄ is enhanced in many beyond
the Standard Model (BSM) scenarios such as supersymmetry theories [15] or pair production of scalar
gluons [16].

(a)
(b)

Figure 2.3: Two possible production processes of CC̄CC̄ in the SM.

The Feynman diagrams of two CC̄CC̄ production processes are shown in Figure 2.3. As mentioned in
Section 2.2, each of the four top quarks will almost exclusively decay into a b quark and a W boson. The
W boson can further decay either hadronically into two quarks or leptonically into a charged lepton and a
neutrino, while the b quark will hadronize. The branching ratios for the possible leptonic ‘ℓ’ and hadronic
‘ℎ’ decay combinations are shown in Table 2.1 where the ℓℓℎℎ channel is subdivided depending on the
charges of the leptons. The CC̄CC̄ final state characteristics, therefore, are a high quark multiplicity and 4 b
quarks.
The analyses of CC̄CC̄ carried out by the ATLAS and CMS collaborations are performed either in the

”one-lepton, opposite-sign“ channel (1LOS) or in the ”same-sign, multilepton” channel (SSML). The
1LOS channel considers final states that contain either one lepton or two leptons with opposite charges.
The SSML channel considers final states that contain either two leptons with the same charge or at least 3
leptons.
CMS published results in the 1LOS channel and in the SSML channel using 36 fb−1 proton-proton

collision data at 13 TeV. The observed (expected) upper limits on the CC̄CC̄ cross-section are 48 fb (52 fb)
[17] and 41.7 fb (20.8 fb) [18], respectively. An updated preliminary result using 137 fb−1 in the SSML
channel leads to an observed (expected) upper limit of 22.5 fb (8.5 fb) [19].

The results published by the ATLAS collaboration combine the results of both channels. The observed
(expected) upper limit using 36 fb−1 is 49 fb (19 fb) [20]. The ATLAS analysis that uses the data with
L = 137 fb−1 is the first search to claim evidence of four-top-quark production. The CC̄CC̄ production
cross-section is measured to be 24+7−6 fb [21].

ℎℎℎℎ ℓℎℎℎ ℓℓℎℎ OS ℓℓℎℎ SS ℓℓℓℎ ℓℓℓℓ

�' 0.311 0.422 0.143 0.072 0.049 0.004

Table 2.1: Branching fraction of the different decay channels of CC̄CC̄, following from the decay of four, bosons.

4 The cross-section f will be introduced in Section 3.1
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2.4 Three-Top-Quark Production

2.4 Three-Top-Quark Production

A process that is important in the analysis carried out in this thesis, is the production of three top quarks
(CC̄C). The most dominant production processes and their branching fractions are shown in Table 2.2.
All dominant production processes produce CC̄C in association with an additional particle. The most
recent calculation of the three top quark cross-section for proton-proton collisions predict fC C̄ C ≈ 2 fb at√
B = 14 TeV [22].
The final state of a CC̄C event has at least 3 b-quarks and a total energy larger than 3 times the mass of

the top quark. Depending on the decay of the W bosons and the particle produced in association with CC̄C,
different numbers of leptons, neutrinos, and quarks can be part of the final state composition.

Process branching frac.

?? → CC̄C, 0.72
?? → CC̄C 9 0.19
?? → CC̄C1 0.08

Table 2.2: Dominant CC̄C production processes and their branching fractions [22].
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CHAPTER 3

The Large Hadron Collider and the ATLAS
Experiment

3.1 The Large Hadron Collider

The Large Hadron Collider (LHC) is the world’s largest particle accelerator. It is located at the European
Laboratory for Particle Physics CERN, at the French Swiss border near Geneva. The construction of the
collider started in 2000, in the 27 km long tunnel of its predecessor, the Large Electron-Positron Collider
(LEP). Over ten thousand scientists from more than 100 countries contributed to the construction of
the LHC and the detectors. The LHC was designed to collide protons with a center-of-mass energy of√
B = 14 TeV, to push the limits of our understanding of particle physics, with conditions similar to those

of the very early universe.
During Run 1 of the LHC in the years 2010 to 2012, a center-of-mass energy of

√
B = 7 − 8 TeV

was reached. The most famous discovery made during this time is the observation of the last missing
ingredient of the SM, the Higgs boson, in 2012 by the ATLAS and CMS collaborations [8]. After two
years of maintenance work, Run 2 started in 2015 and ended in 2018. During Run 2, properties of
the Higgs boson such as its Yukawa coupling to the heaviest, third-generation quarks and leptons were
investigated. Moreover, many precision measurements of SM parameters were performed to search for
physics beyond the Standard Model.

Proton Acceleration

The protons that will be accelerated to TeV energies originate from hydrogen atoms in a bottle. After
their ionization, the protons are pre-accelerated to 450 GeV, and squeezed into bunches. The three
pre-accelerators Linac 2, PSB, and SPS are shown in Figure 3.1. The bunch trains of protons entering the
LHC are separated by 25 ns and contain 1.15 · 1011 protons. They are further accelerated by electrical
fields and focused via magnetic fields of 3 T provided by superconducting dipole and quadrupole magnets.
The LHC itself consists of two parallel vacuum rings in which protons travel in opposite directions. Once
the protons have reached the desirable energy, they collide at 4 interaction points. At each point, one of
the large detectors is located, namely ATLAS, CMS, ALICE, and LHCb. The ATLAS and CMS detectors
are general-purpose detectors looking for particle properties and BSM physics. The LHCb experiment
is focused on heavy flavour physics. The fourth experiment, ALICE, studies heavy-ion physics such as
quark-gluon plasma.
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Chapter 3 The Large Hadron Collider and the ATLAS Experiment

Figure 3.1: The accelerator complex of CERN including the LHC. The accelerator chain for the protons is shown as
well as the four major experiments [23].

Luminosity and Pile-up

Rare high energetic processes such as CC̄CC̄ can only be observed if the center-of-mass energy is large
and enough particle collisions take place. Whether a collider produces the required number of events is
quantified by its instantaneous Luminosity !. It is defined by the formula

! =
1
f

3#

3C
; [!] = m−2s−1 (3.1)

where f is the cross-section which expresses the underlying quantum mechanical probability that an
interaction will occur. The design instantaneous Luminosity of the LHC is ! = 1034 m−2s−1, however, it
has already been surpassed during Run 2. Of practical importance is the integrated Luminosity L

L =
∫

!3C (3.2)

since the Luminosity adds up with time and can vary depending on collider conditions. One drawback of
high Luminosities is that multiple interactions at the same bunch crossing take place. However, only the
interaction with the highest energy is of interested called the hard scattering event. All events originating
from other interactions are called pile-up < ` >. In practice, it is a challenging task to identify and
remove particles coming from pile-up.

3.2 The ATLAS Experiment

The ATLAS detector is the largest general-purpose detector at the LHC. Its main purpose is to search for
new undiscovered particles and probe the SM by taking advantage of the high energy protons available at
the LHC. This section introduces the coordinate system and the structure of the ATLAS experiment as
well as the particle reconstruction.

The ATLAS Coordinate System
The coordinate system of the ATLAS experiment is right-handed with its origin at the interaction point.
The z-axis is oriented in the direction of the beam pipe while the x-axis points to the center of the LHC,
the y-axis points upwards. Cylindrical coordinates (z,q,\) are a natural choice where q is the azimuthal

10



3.2 The ATLAS Experiment

angle and \ the polar angle. A commonly used variant of \ is the pseudorapidity [,

[ = − ln[tan( \
2
)], (3.3)

where [ = 0 corresponds to the center of the detector and [→∞ points to the beam axis. The advantage
of this definition is that the outgoing particle rate per unit [ is on average constant.
At the interaction point the constituents of the protons, quarks and gluons, collide and break up the

structure of the protons. Due to the colour confinement the quarks and gluons hadronize and form new
particles and particle jets. Jets in the context of particle physics refers to narrow cones of hadrons and
other particles produced during the hadronization of quarks or gluons. The particles originating from the
collisions have a total transverse momentum ?T = ?x + ?y of zero since the partons of the initial protons,
quarks and gluons, have negligible momenta in the transverse plane.

Inner Detector

The track, momentum, and energy of particles are measured in cylindrically arranged detector layers
surrounding the beam pipe, as shown in Figure 3.2. The layer closest to the interaction point is called
the inner detector and covers a pseudorapidity range of |[ | < 2.5. It’s composed of several highly
granulated tracking detectors such as silicon pixel detectors and transition radiation detectors for particle
identification. The super-conducting solenoid magnets provide a 2 T magnetic field in which the trajectory
of charged particles are bent. The radius of this curve together with the tracking information provided by
the inner detector can then be used to measure the particle’s momenta.

Figure 3.2: Illustration of the ATLAS detector and its sub-units.[24]

Calorimeters
The calorimeter of the ATLAS experiment enables the measurement of particle energies through
interactions with the detector material. Particles entering the calorimeters initiate showers until they are
stopped. The length of these showers is proportional to the energy deposited by the particle. The ATLAS
calorimeter system consists of several different calorimeters suitable to the widely varying requiements
of the physics processes of interest. They cover in total a pseudorapidity of |[ | < 4.9 only excluding
the crack region 1.3 < |[ | < 1.52 between the barrel and the End-Cap. The two major components are
the electromagnetic calorimeter (ECAL) and the hadronic calorimeter (HCAL). Showers initiated in the
ECAL are governed by the electroweak interaction, therefore, the chosen material is liquid Argon. On the
other hand, the HCAL contains scintillator crystals adjusted for the hadronic showering.

11



Chapter 3 The Large Hadron Collider and the ATLAS Experiment

Muon Spectrometer
The outermost layer of the ATLAS detector is the muon spectrometer. Muons are Minimum Ionizing
Particles (MIPs) in the range O(100) MeV up to the TeV scale. Therefore, they only deposit a small
fraction of their energy in the calorimeters. To identify and measure the properties of muons, gaseous
detectors in a magnetic field are used. A muon passing through such a detector ionizes the gas. The ions
and electrons drift in an electrical field and induce a signal. The muon spectrometer of the LHC has a
magnetic field of 0.5 T to 1 T and covers a range of |[ | < 2.7.

Object reconstruction

The detector signals of the different particles (cf. Figure 3.3) have to be converted into physics objects.
Since many particles, such as the top quark or W and Z bosons, decay before reaching the detector, they
have to be identified via their long-living decay product; a process referred to as reconstruction. Notably,
the reconstruction of most physics objects is performed independently. An “overlap removal” is then
performed depending on the goal of the analysis carried out.

Figure 3.3: Interaction of different types of particles with different segments of the ATLAS detector [25].

While leptons, photons, and jets can be identified by their interaction with the different detector
components, neutrinos do not interact with any part of the detector. They have to be identified via the
conservation of transverse momentum. The deviation of the total ?T sum from zero is an indication for
the presence of neutrinos or other exclusively weakly interacting BSM particles. The missing transverse
momentum can be defined as

®�miss
T = −

∑
8∈final state particles

®?T,8 . (3.4)

Of special interest for the reconstruction of top quarks, and thus the CC̄CC̄ process, are the b-jets originating
from the hadronization of b quarks. The B hadrons contained in the b-jets have a long lifetime and usually
decay within the tracking detectors. Therefore, a secondary decay vertex can often be identified. To
improve the efficiency of b-tagging further, kinematic properties such as the mass and the fragmentation
of B hadrons are utilized.
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CHAPTER 4

Datasets and Event Selection

This chapter introduces the datasets used for the Neural Network studies carried out in the following
chapters. An overview of the steps taken to simulate the different background and signal datasets is given
as well as a short introduction of event weights. The chapter is then concluded by the description of the
event selection and the definition of the signal region.

4.1 Simulated Datasets

The data used in this thesis does not come from real proton-proton collisions measured in the ATLAS
detector but rather is simulated data. These simulations are essential to accurately estimate the underlying
background and for optimal signal selection. The ATLAS simulation chain [26] can be divided into
three steps: generation of the event and immediate hadronization and decay of the produced particles,
simulation of the particle interaction with the detector such as parton showering, and digitization of the
detector responses into voltages and currents. The event generation can proceed at different levels of
precision. A leading-order (LO) event generation only takes those production processes into account that
have the smallest power of the coupling constant among all possible contributing processes. On the other
hand, a next-to-leading-order (NLO) calculation additionally considers production processes which are
sub-leading in the coupling constant power.

The datasets used for the signal and all backgrounds are simulated to match the conditions of the Run
2 dataset. It consists of three sub-campaigns MC16a corresponding to the data taking conditions in
the years 2015 and 2016, MC16d for the year 2017, and MC16e for the year 2018. The CC̄CC̄ events are
simulated using MadGraph5_aMC@NLO [27] at NLO precision. The top quarks are decayed at LO
using MadSpin whereas the parton showers and hadronization processes are modeled by Pythia8 [28].
In addition to the first NLO CC̄CC̄ dataset, a second signal dataset produced at LO precision is available.
The background datasets are summarized in table 4.1 together with the used event generators and

parton shower simulation programs. All backgrounds except CC̄+diboson and ++jets1 are produced at
NLO precision. CC̄+diboson was generated at LO but scaled to the NLO cross-section. ++jets is simulated
at NLO for up to two jets and at LO for up to four jets. The dataset referred to as “others” mainly contains
CC̄C events but also +� and +++ events. More details about the datasets can be found in the ATLAS
four-top-quark analysis [21]. The final simulation step of the ATLAS detector responses to the different
final state particles is modeled by AtlFast II [29].
An additional dataset containing CC̄CC̄ and CC̄C events was simulated (MC16e only) for reconstruction

studies and was not used as an additional background in the CC̄CC̄ analysis. Similarly to all other samples it
contains information about reconstructed objects. Additionally, information not available at reconstruction
level called truth information is available for this dataset. An example for truth information would
be the information if a W boson decays hadronically or leptonically. The CC̄C events are generated by
MadGraph5_aMC@NLO while the parton showering is simulated using Pythia8.

1
+ corresponds to either a W or a Z boson
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Chapter 4 Datasets and Event Selection

Dataset Event generator parton showering

CC̄CC̄ MadGraph5_aMC@NLO Pythia8
CC̄, Sherpa [30] Sherpa

CC̄,, MadGraph5_aMC@NLO Pythia8
CC̄/ MadGraph5_aMC@NLO Pythia8
CC̄� PowHegBox [31] Pythia8
CC̄ PowHegBox Pythia8

C (C̄)- PowHegBox Pythia8
++jets Sherpa Sherpa
++ Sherpa Sherpa

others MadGraph5_aMC@NLO Pythia8
CC̄C MadGraph5_aMC@NLO Pythia8

Table 4.1: Summary of the event generator and parton showering programs used for the different datasets.

Event Weights

The datasets described above contain a combined ∼2, 700, 000 events that pass the preselection which
will be introduced in the next section. The CC̄, datasets contains ∼400, 000 events, while the NLO CC̄CC̄

dataset contains ∼500, 000 events. However, the cross-section of CC̄, at 13 TeV is an order of magnitude
larger than the cross section of four-top-quark events and even after applying the preselection the ratio is
still approximately 20 (c.f. Figure 4.1(a)). The number of generated data events #gen for each process
has to be scaled to the number of expected events in the detector and passing all preselections #pass, by
applying Luminosity weights FLumi defined by

FLumi =
#exp

#pass
=
f · !
#gen

. (4.1)

Moreover, different event and reconstruction efficiencies, weights have to be applied to account for
different beam and detector configurations such as pile up, lepton scaling factor, jet vertex tagger, and
b-tagging scaling factor weights. A special weight is the generator weight [7], originating from the
evaluation of the phase space integral during the generation of the events. For Next-to-Leading-Order
event generation this weight can become negative due to the calculation contribution of loop amplitudes
[32]. The negative weights often can be problematic for machine learning methods. The effective number
of observable events after applying the weight sum will be referred to as event yield.

4.2 Object and Event Selection

The signal and background datasets contain four different reconstructed objects types electrons, muons,
jets, b-jets and �<8BBT . An overlap removal procedure depending on the distance between two objects is
applied to ensure that calorimeter clusters and particle tracks are not as signed twice to different objects.

The event preselection is described in the following. Events passing the preselection have to have fired
a single-lepton or dilepton trigger. The ?T threshold of these triggers vary depending on the fulfilled
isolation requirements of the leptons and the data-taking period. Only those events which have at least
one vertex reconstructed from at least two inner detector tracks with transverse momenta of ?T > 0.4 GeV
are considered. The kinematic preselection requirements for leptons and jets are summarized in Table
4.2. Additionally, the electron charge identification selector (ECIDS) [33] is applied for final states with
two electrons or an electron and a muon. The ECIDS suppress the charge misidentification background
significantly. Jets are reconstructed using the anti-kC algorithm [34] (R = 0.4). To reduce pile-up, jets
are furthermore required to have a transverse momentum of ?T < 60�4+ and |[ | < 2.4. B-jets are
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4.2 Object and Event Selection

identified using a multivariate algorithm called MV2c10 [35], where c10 refers to the fact that 10% of the
background dataset are c-jets. The working points provided are 80%, 77%, 70%, and 60% b-tagging
efficiency. The working point selected for this analysis corresponds to 77% b-tagging efficiency.

Particle type ?T |[ |

Electrons > 28 GeV < 2.47
Muons > 28 GeV < 2.5

Jets > 25 GeV < 2.5
B-jets > 28 GeV < 2.5

Table 4.2: Transverse momentum and pseudorapidity preselections for the different particles. The crack region is
excluded.

Signal Region

Events entering the signal region come from the SSML channel, where two same-sign leptons or at
least three leptons are required. The branching fraction of this channel is �' = 0.12 (cf. Table 2.1) where
the larger contribution originates from the same-sign lepton events �' = 0.07. The definition of the
signal region is then completed by requiring at least 6 jets among which at least two are b-tagged, as well
as a scalar sum of all lepton and jet ?T’s, �T larger than 500 GeV.

Figure 4.1 shows the �T distributions before the definition of the signal region is applied (a) and after
(b). As can be seen, the amount of background events is significantly decreased in the signal region. To
quantify this observation, the significance B is defined as

B =
.B√
.B + .1

(4.2)

where .B and .1 are the signal and background yields. The calculated values for the significance after
applying the requirements of the signal region and before are 0.8 and 1.8, respectively. The total number
of events available for training Neural Networks, introduced in Chapter 5, decreases to ∼700, 000 events.
The number of events fulfilling the preselection and the signal region criteria are summarized in Table A.1
in the Appendix. The dominant backgrounds in the signal region are CC̄, , CC̄/ and CC̄�. The backgrounds
coming from CC̄- are split depending on the instrumental effects and physics processes that lead to a final
state similar to that of a CC̄CC̄ event:

QmisID: events with one lepton having its charge mis-identified

CO: events with one lepton coming from photon material conversion

HF: events with one lepton coming from heavy-flavour hadron decay

light: events with one lepton coming from light-meson decay or events with one wrongly identified
jet as a lepton

other: events falling into none of the above categories

Minor backgrounds are diboson production ++ , associated production of bosons with jets ++jets, single
top C (C̄)- and CC̄,, which all can enter the previously introduced dataset of “others”.
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Chapter 4 Datasets and Event Selection

(a) Preselection

(b) Signal Region

Figure 4.1: Sum of the transverse momentum of all leptons and jets (�T) after applying the preselection (a) and in
the signal region (b). The dark red line shows the signal scaled to the total background yield. The last bin contains
additionally all events with �T > 2 000 GeV.
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CHAPTER 5

Introduction to Deep Learning

Deep learning, is a sub-field of machine learning, and thus it is concerned with the study of algorithms
that have the ability to learn through experience. The experience is typically gained by presenting the
algorithm with data examples from which it learns a set of rules. In the particular case of deep learning,
the models considered here are Deep Neural Networks (DNNs).
In this chapter, Artificial Neural Networks (ANNs) are introduced first, before turning to the more

advanced DNNs. Two different types of DNNs, namely Feedforward Neural Networks (FNNs) and
Recurrent Neural Networks (RNNs) and their training algorithms will be discussed. Furthermore, different
types of activation functions, weight initializations, and optimization algorithms are reviewed. Special
emphasis is put on the application to supervised classification tasks which is the kind of problem at hand
in the latter chapters of this thesis.

5.1 Artificial Neural Networks

As it is often the case for inventions in science and technology, the idea of ANNs is inspired from nature,
more precisely by the human brain. The two key principles involved in the decision-making process of
human brains are recognizing patterns and inductive thinking [36]. These, for any machine learning
model, highly desirable attributes, are modeled by imitating the structure of the human brain in an ANN.
The basic building blocks of the brain, neurons, process and transmit information via electric and

chemical signals. The input signals received by a neuron are summarized to a net input I. This net input
is then compared to an internal threshold. The output of the neuron is 1 if the threshold is passed and 0
otherwise. Although the summation process of all the input signals to the net input is still part of ongoing
research in the field [37], here, the net input I for an artificial neuron is simply defined to be

I = 1 +
∑
8

G8F8 , (5.1)

where F8 are weights representing the assigned importance of the different features G8, 1 is the bias
term which is the artificial equivalent of the threshold in a biological neuron. Additionally, an arbitrary
activation function Φ(I) is applied to the net input corresponding to the unknown degrees of freedom in
the decision-making process and determining the final output of the artificial neuron.

The neurons in an ANN are structured as layers, shown in Figure 5.1. The first layer is called the input
layer, containing all the input features. In practice, these input features are physical variables such as
kinematic quantities of the final-state particles. The layers following the input layer are called hidden
layers. If an ANN has more than one hidden layer it is considered a DNN and thus, by definition, a deep
learning model. The different layers are connected to their successors via weight vectors ®F. Depending on
the magnitude of the weights, a neuron will focus on a combination of features provided by the neurons in
the previous layer. The model complexity and flexibility, therefore, increases with the number of neurons
=ℓ and layers ℓ it contains. In the case of fully connected layers, i.e. every neuron in a given layer is
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Chapter 5 Introduction to Deep Learning

Figure 5.1: Schematic structure of a deep neural network with fully connected layers [38]. The input values of the
given task G8 are fed into the neurons (depicted as circles) of the input layer and processed in the hidden layers. The
weights which connect neurons located at different layers are represented by a solid arrow. In the output layer, all
information is combined and predictions (depicted as dark squares) about the classes are made.

connected to all neurons in the previous layer, the number of free parameters # (weights and bias) can be
calculated according to

# =

!∑
ℓ=1

=ℓ−1=ℓ + =ℓ (5.2)

where ! is number of layers in the Neural Network. The last layer is called the output layer where all
information is compressed and predictions are made. In this thesis, the prediction made is the affiliation
of an event to a signal or background process. In terms of machine learning language, such a problem is
called a supervised classification task, where the supervision is given by the correct assignment known
from the simulation. To get the classification right, an ANN has to learn which combination of features
ultimately results in the best separation between the different classes. This process is often referred to as
training and is discussed in the next section.

5.2 Training of Feed-Forward Neural Networks

There are several types of Neural Networks, each adjusted and optimized for their specific field of
application. However, they all share a similar, gradient-based training procedure that can be best
understood considering Feed-Forward Neural Networks1 (FNNs).
The first step of any gradient-based method is the forward pass. The forward pass involves the

evaluation of the net input and the activation function for each neuron successively. The neuron output
values 0 = Φ(I) are preserved for the necessary gradient calculations later in the training. The forward
pass is applied for each event individually, such that the predictions made in the output layer results in
a prediction distribution ?. This distribution is used to evaluate the current performance of the neural
network based on a loss function.

1 The name originates from the fact that in an FNN, information is always passed forward. Different types of ANNs also involve
a cyclic flow of information within one neuron (see section 5.3)
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5.2 Training of Feed-Forward Neural Networks

Loss function
The loss function ! (\) is a measure of how close ? is to the true distribution H, and depends on the weight
tensor \ which includes all trainable parameters2. The training of an FNN is said to have converged if the
trainable parameters are adjusted such that the loss function is at a local minima.
A commonly chosen loss function for classification tasks is the cross-entropy loss [40] defined for

 = 2 classes and m events as

! (\) = − 1
<

<∑
8=1

 ∑
9=1

H
(8)
9
· ln(? (8)

9
) = − 1

<

<∑
8=1

[
H
(8) ln(? (8) ) + (1 − H (8) ) ln(1 − ? (8) )

]
(5.3)

where ? (8)
9

is the predicted probability that the 8Cℎ event belongs to class 9 and H (8)
9

is either 1 if the true
class of the event is 9 or 0 otherwise. It can be derived from the Kullback-Leibler divergence [41] and
thus interpreted as the likelihood that ? could have been generated by H. Selecting the cross-entropy loss
avoids small values in the gradient calculations which is key for fast convergence of the training algorithm
discussed in the next sub-section.

Backpropagation algorithm
The most widely used training algorithm is called the Backpropagation algorithm [42]. In addition to the
first forward pass, a second backward pass is performed. In the backward pass, weight updates for each
weight in the ANN are calculated based on the neuron outputs obtained in the forward pass. The exact
execution of the weight updates depends on the optimization algorithm chosen, but most optimization
algorithms are variations of the simple gradient descent method. Gradient descent calculates the partial
derivatives of the loss function for each weight, exploiting the chain rule. In the case of the cross-entropy
loss for a single event, the derivative with respect to the weight between the 9 Cℎ neuron in layer ℓ and the
:
Cℎ neuron in the previous layer ℓ − 1 is given by

m!

mF
ℓ
9:

=
1
=

=∑
:=0

0
ℓ−1
: (Φ(I

ℓ
9) − H 9) (5.4)

where the predicted distribution ? in Equation 5.3 was expressed as a function of the = output features
0
ℓ−1
: provided by the neurons in the previous layers. Equation 5.4 only holds for particular choices of

the activation function for instance the sigmoid function 1
1+4−I . This often-used activation function can

be especially problematic since its derivative leads to vanishing gradients. However, since the partial
derivative of the cross-entropy is independent of the neuron’s output derivative, this problem is avoided.
Hence, gradient descent, in combination with cross-entropy, ensures fast convergence of the weight
updates. The weight updates themselves are performed by adjusting the weight Fℓ9: at the time step C − 1
to a new weight via

F
ℓ
9: (C) = F

ℓ
9: (C − 1) − U · m!

mF
ℓ
9:

(5.5)

where U is a tunable hyperparameter called the learning rate, which determines the step size of the
learning updates.

One complete iteration of the Backpropagation algorithm is called an Epoch. It comprises the forward
pass, the evaluation of the loss function, and updates of the weights based on a gradient method such as
gradient descent. Typically an FNN needs to be trained over several Epochs until it converges.

2 The bias term can be reinterpreted as the weight F0 = −1 of the weight tensor [39]
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Chapter 5 Introduction to Deep Learning

5.3 Recurrent Neural Networks

Even though FNNs have outperformed human experts in numerous tasks [43–45], they still lack some
fundamental capabilities of the brain, one of which is the ability to remember. To solve this problem
Recurrent Neural Networks (RNNs) were introduced. The input features of RNNs are ordered data
sequences of varying lengths. RNNs are most prominently capable of understanding and making up
meaningful sentences. However, RNNs can also be utilized in physics applications when measurements
can be organized as a sequence. For instance, by ordering final state particles of the same type according
to their transverse momenta as discussed in more detail in Section 6.2.

Figure 5.2: Schematic description of a Recurrent Neural Network neuron unrolled through time. The information is
propagated in a feed-forward manner using the same three weight matrices at each time step.

The neurons of an RNN have at least one additional state called the hidden state ℎ. This state functions
as a feedback loop in time connecting the data earlier in the sequences with their successors. Thus,
important information for the context is available at all times. Figure 5.2 shows the hidden state loop
unrolled in time. Each time-step is a copy of the same neuron receiving a different part of the sequence
as input G8. Every copy of the neuron is connected with its descendant by the same weight matrix,ℎℎ.
Consequently, the update of the hidden state vector ®ℎ(C − 1) to the new hidden state ®ℎ(C) can be expressed
as

®ℎ(C) = Φ(,ℎℎ
®ℎ(C − 1) +,Gℎ®G), (5.6)

where,Gℎ is the weight matrix connecting the input vector ®G with the hidden state and Φ the activation
function. The individual outputs H8 are connected with the current hidden state ℎ8 via the weight matrix
,ℎH and therefore can be calculated as

H8 = ,ℎH · ℎ8 . (5.7)

The training of the weight matrices is performed by the Backpropagation Through Time algorithm (BTT).
Similarly to the standard Backpropagation algorithm, BTT propagates the gradient backward from the
output to the input layer. Additionally, the BTT propagates the gradients also backward in time.

While the above-described RNNs can in principle retain information over a long sequence, in practice
the calculated gradient quickly vanishes, rendering the training impossible. The solution to this problem
comes with the Long Term Short Memory (LSTM) neuron architecture which introduces one more
intermediate state called the cell state. An LSTM neuron performs four basic iterations at each time step.
Firstly the irrelevant parts in the current cell state are forgotten based on the new information and the old
hidden state. Then, new information that is relevant for processing the sequence is stored, followed by
updating the cell state based on the results obtained. Lastly, the output to the hidden state is computed
based on the updated cell state and the new information. The cell state has the advantage that it allows for
an uninterrupted flow of the gradients and therefore makes it possible to process long sequential data.
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5.4 Optimization of Neural Networks

5.4 Optimization of Neural Networks

At the base of optimization of Neural Networks is the “no free lunch theorem”. It states that there is no
one single model that works for every problem [38]. The only way to build ANNs with high performance
is to try out different optimization algorithms, activation functions, weight initializations, and so forth.
Hence, after introducing the performance measure of choice, the most commonly used options will be
discussed in this section.

Performance measures

In this thesis, most of the time binary classification problems are considered where an event either
belongs to the signal class or the background class. Therefore, when evaluating the outcome of the
classification, four cases are possible

True positive (TP): The true and the predicted class are signal

False negative (FN): The true class is signal but the predicted class is background

False positive (FP): The true class is background but the predicted class is signal

True negative (TN): The true and the predicted class are background

These quantities can be summarized using the Receiver-Operator-Characteristic (ROC) curve where the
signal efficiency (G = TP

TP+FN ) is plotted against the background rejection (H = 1 − FP
TN+FP ). The separation

power of the classifier is then given by Γ, the Area Under the Curve (AUC) which is the integral under the
ROC curve. A model that is capable of distinguishing all signal events from all background events has an
AUC of 1. However, in practice, models with such high AUC are very likely to overfit the dataset used
during training. Overfitting also called overtraining, schematically depicted in Figure 5.3(c), occurs when
the model is too complex and not only detects subtle patterns of the data but also of the noise. One way of
reducing overfitting is to decrease the number of parameters used in the neural network. This is achieved
by simplifying its architecture, i.e./ the number of layers and neurons. On the other hand, a random
classifier, which on average gets 50% of the event classes correctly, achieves an AUC of 0.5. A model that
is too simple to parametrize the underlying structure of the data underfits the problem, as shown in Figure
5.3(a). In the case of Neural Networks there are various ways of avoiding underfitting such as selecting a
more complex architecture or adjusting the learning rate of the optimization algorithm.

(a) Underfitting (b) Appropriate-fitting (c) Overfitting

Figure 5.3: Three different models (black) to distinguish the red from the blue circles [46].
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Optimization algorithms
Gradient Descent discussed in Section 5.2 is just one choice of the optimization algorithm. In practice,
Gradient Descent is rarely used due to its high computational cost. A very popular variation is the mini
batch Stochastic Gradient Descent (SGD) [47]. SGD calculates the weight updates based on a small
randomly selected subset of the dataset, called the batch. The number of events in the batch will be
referred to as the batch size. The full statistics of the dataset is used by calculating the weight updates <
times on different batches until all events in the dataset were used. The number of batches < is given by
batch size divided by the number of events in the total dataset. One evaluation of the weight updates
on the batch will be refereed to as an iteration. The usage of SGD can decrease the computational cost
significantly. Furthermore, due to the random nature of the batch selection, the training algorithm can
escape local minima in the weight space more easily than the Gradient Descent.
Two problems that can similarly slow down the training process are saddle points and plateaus where

the gradient and therefore the weight updates can become very small or very large. An optimization
algorithm designed to increase the performance of Neural Networks in such situations is RMSprop [48].
This algorithm introduces a constant step size where the direction of the weight update depends on the
sign of the gradient. The constant step size is only changed if the previous and the current gradients
have the same sign. In this case the step size EC for the next RMSprop weight update FC is given by the
previous step size EC−1 multiplied with a constant factor V

EC = VEC−1 + (1 − V) (
m!

mF
)2 (5.8)

FC = FC−1 −
!A
√
EC

m!

mF
(5.9)

where !A is the learning rate. The name (RMSprop) giving Root Mean Squared term is needed to
incorporate mini-batches for the gradient calculation.
An optimization algorithm that has been shown to work well for a broad range of applications is the

Adaptive Moment Estimation (ADAM) algorithm [48]. Like RMSprop it uses a EC term, while introducing
an additional term <C called the momentum term. This term ensures a faster convergence by increasing
the learning rate !A for those weights that had a large contribution in the previous step

<C = V2<C−1 + (1 − V2)
m!

mF
, (5.10)

where V2 is a constant scaling factor. The weight update for ADAM is then given as

FC = FC−1 −
!A√
ĒC
<̄C (5.11)

where ĒC =
EC

1−V and <̄C =
<C

1−V2
are bias corrections needed to counteract the initialization to 0. As always

in machine learning the best choice of the hyperparameters such as learning rate, scaling factors, and
batch size can only be found by testing.
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5.4 Optimization of Neural Networks

Activation functions and Weight initialization

Another component of a neural network that can have a influence on its performance is the activation
function. The rectified linear (ReLU) activation function, shown in Figure 5.4(a), inherits the net input
for positive values and evaluates to 0 otherwise. Consequently, the weight updates are easy to compute
or cancel completely. This can be an advantage when it comes to computation cost, and a disadvantage
if the obtained performance is poor. The leaky ReLU activation function (Figure 5.4(b)) is similar to
ReLU, except for negative values where it returns the net input scaled by a constant U. Thus, all weights
are updated in each iteration which for some cases improves the performance. The Exponential Linear
Unit (ELU) is shown in Figure 5.4(c), and is very similar to the leaky ReLU but has a smooth transition
between positive and negative net input values. It is defined as

selu(I) = _
{
I if I < 0
U4
−I − U if I ≥ 0,

(5.12)

_ is fixed two 1, and U is a tunable parameters. A special version of ELU is the Scaled Exponential
Linear Unit (SELU) which was designed to improve the performance of FNNs. The SELU activation
function fixes U to 1.6732 and _ to 1.0507. The sigmoid activation function (Figure 5.4(d)) can take
values between 0 and 1 and hence is the preferred choice for the output layer where probabilities for the
different classes are obtained. Moreover, it’s the activation function that is closest to the initial idea of
the biological neuron whose output is either 0 or 1. One drawback of the sigmoid activation function is
related with its exponential definition (see Section 5.2). Calculating exponential functions is much more
computationally challenging then computing linear functions like ReLU.

(a) ReLU
(b) Leaky ReLU

(c) ELU
(d) Sigmoid

Figure 5.4: Four commonly used activation functions [49]

Closely related to the selection of the activation function is the choice of the weight initialization.
For instance some activation function like SELU require normally distributed weight initialization. The
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simplest choice would be to initialize all weights and biases to a constant value. However, this leads to
the same partial derivative for all weights and thus only one feature could be learned. Therefore, it’s not
surprising that weight initialization can have a considerable influence on the performance of a neural
network. The most popular methods are LeCun, Glorot, and He initialization [47]. These methods draw
random values for the initial weights from uniform or normal distributions. They only differ, in upper and
lower bounds or standard deviation and mean. The biases, on the other hand, are typically initialized
separately either to 0, a small constant value, or 1 in the case of LSTMs (introduced in Section 5.3).

Regularization
All methods and functions described previously try to increase the performance measure. Another way of
improving a Neural Network is to decrease its overtraining. This process is referred to as regularization.
The straightforward way of decreasing the overtraining is to reduce the number of parameters. However,
removing neurons or entire layers might lead to a completely different training behavior. Two other
regularization strategies that avoid changes in the architecture are the Ridge Regression [50] and Lasso
Regression [51] also called ℓ1 and ℓ2 regularization. Both introduce additional terms to the loss function.
In the case of Lasso Regression, this term is given by the ℓ1 norm U1

∑=
8=1 |F8 | where U1 is a new

hyperparameter and F8 is the 8
Cℎ weight. A useful property of this regularization is that it tends to

eliminate the weights for the least important features. The term of the Ridge Regression is defined as the
ℓ2 norm U2

∑=
8=1 |F8 |

2. For large U2, all weights are close to zero, thus reducing the degrees of freedom.
Another approach to avoid overtraining is the method of Dropout [52]. In this method, at each training

step, every neuron has a probability C to be temporarily ignored, meaning that it will not forward any
output signals to it is successor neurons. Hence, Dropout prevents the neural network to rely too much on
specific neurons.
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CHAPTER 6

Neural Network Setup

Before the Neural Networks introduced in Chapter 5.1 can be used to analyze the datasets described in
Chapter 4, the data needs to be prepared. The preprocessing involves the definition of a dataset splitting
strategy to properly treat overfitting and the selection of representative input features for both FNNs and
RNNs. Moreover, the transformation of the input features and renormalization of the event weights are
discussed in this chapter.
For the practical implementation of Neural Networks, the API Keras [53] with Tensorflow [54] as a

backend is used throughout this thesis.

6.1 Splitting Strategy

The two essential quantities of every machine learning model are the performance measure and its
overtraining. As discussed in Section 5.4 the performance measure of choice is the AUC (Γ). It can be
evaluated on a single dataset. Overtraining, however, measures how well a model trained on one dataset
generalizes to a second dataset. Thus, at least two datasets are needed to evaluate the overtraining of a
model. An important side note is that the two datasets need to be orthogonal i.e. they do not have events
in common. Therefore, the original dataset is split into two independent datasets called the training
and the testing dataset. As the name suggests, the training of the Neural Network is performed on the
training dataset. After all trainable parameters are fixed, the model is tested on the testing dataset. The
overtraining $E as a function of the two obtained AUCs Γtest and Γtrain can be expressed as

$E = 1 −
Γtest
Γtrain

. (6.1)

The Neural Network with the highest AUC, which has a reasonable $E , typically under 5%, will be
considered to be the best model. A detailed strategy to discover the best model is described in Chapter 7.
The optimization relies on training numerous models with different hyperparameters and architectures.
However, since the same testing dataset is exploited multiple times, this approach introduces a bias into the
overfitting measurement. To compensate for this, a third orthogonal dataset, called the validation dataset,
is introduced. Similarly to the testing dataset, it is spared during training and additionally also remains
unused during the optimization. Only after all hyperparameters are fixed, the Γvalidation is calculated,
thus allowing for an unbiased estimation of $E . Equation 6.1 needs to be adjusted by replacing Γtest
with Γvalidation, for the final evaluation of the overtraining. The error of the obtained overfitting is then
evaluated by generating multiple versions of the validation dataset and evaluating the AUC on all of them.
The different versions of the validation dataset are generated using random sampling with replacement
referred to as bootstrapping.

The background datasets available of the four-top-quark analyses are split into 20% validation dataset
and 80% for testing and training. The segmentation of the dataset containing 80% of all background
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Chapter 6 Neural Network Setup

events is performed by splitting on the event number1 (even or odd). The obtained datasets are referred
to as the even and the odd dataset. This procedure is applied for each background dataset individually
such that the three final datasets have a proper number of events for each process. The CC̄CC̄ signal dataset,
since it holds events calculated both at leading order and next-to-leading order, is treated differently. All
LO events are used for training to avoid the negative event weights problem, which will be discussed
in Section 6.3. The NLO events are split into 80% testing dataset and 20% for validation dataset. The
complete splitting strategy is summarized in Figure 6.1.

Figure 6.1: Splitting strategy applied to ensure an unbiased estimation of both, overtraining and performance (plot
by Ö. Oğul Oncel).

The indicated application step corresponds to further studies of the CC̄CC̄ process performed using the
NLO events. As the red arrows imply, two Neural Networks with the same hyperparameters are trained.
The first one uses the even dataset as the training dataset and the odd dataset as the testing dataset (yielding
Γeven). The definition of the testing and training dataset is interchanged for the second Neural Network
(yielding Γodd). The combined AUC, Γtotal, can be determined as

Γtotal =
Γeven + Γodd

2
. (6.2)

This scheme ensures that the final performance measure Γtotal is independent of the concrete choice of the
training and testing datasets.

6.2 Feature Selection

The selection of input features is crucial to obtain a Neural Network with a high AUC. The features
selected have to discriminate the signal process well from the background processes. If too many or
irrelevant features are selected, the training of the Neural Network is slowed down which in turn can
lead to decreased performance. The usage of prior information about the problem, such as the different
physical characteristics of a processes, can be used as a guideline to find good separating features. In the
case of the CC̄CC̄ process, it is known that the final state has a high jet and b-jet multiplicity (cf. Section
2.3). As can be seen in Figures 6.2(a) to 6.2(c) these properties are reflected in the number of jets (# 9)
and the b-tagging score

∑
FMV2c10. To be more precise,

∑
FMV2c10 is calculated by assigning each jet

1 The event number uniquely identifies the event in the dataset.
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6.2 Feature Selection

in the event a weight depending on its MV2c10 score (c.f. Section 4.2). The weights can take values
between 1, if the jet passes none of the working points, and 5, if the jet passes all of the working points.
In practice, resolution and detector effects can smear out expected characteristics. Therefore, it is

necessary to validate which features increase Γtotal. As the first figure of merit, the ranking of features
provided by a boosted decision tree algorithm [55] is adopted. The BDT ranking score is derived by
counting how often a feature is used to split decision tree nodes, and by weighting each split occurrence by
the separation gain squared it has achieved [56]. To ensure that the highest-ranking features are also well
suited for Neural Networks, a study using an iterative removal algorithm is performed. This algorithm
aims to find the best : features out of a set of < features, by training < Neural Networks with the same
hyperparameters. Each of the Neural Networks is trained without one of the < features. The feature that
had the smallest impacted on the AUC is removed. This process is repeated until only : features remain.
The : = 18 features selected in this manner, out of < = 25 considered features, are summarized in table
6.1, together with the respective BDT ranking scores. As previously mentioned, # 9 and

∑
FMV2c10 are

two of the highest-scoring features alongside the angular distance features Δ'(G, H) which are calculated
according to

Δ'(G, H) =
√
([G − [H)

2 + (qG − qH)
2 (6.3)

where x and y are two particles. An example of an angular distance distribution is shown in Figure 6.2(c).
Here, Δ'(1, 1)min refers to the minimum angular distance between any b-jet pair.

Feature Definition BDT ranking score∑
FMV2c10 Sum of b-tagging weights of MV2c10 0.114

Δ'(;, ;)min Maximum angular distance between any lepton pair 0.063
?
9 ,0
T ?T of the leading jet 0.063
�
miss
T Missing transverse energy 0.059
# 9 Jet multiplicity 0.059
?
ℓ,0
T ?T of the leading lepton 0.059
?
1,0
T ?T of the leading b-jet 0.058
Δ'(1, 1)min Minimum angular distance between any b-jet pair 0.055
?
9 ,5
T ?T of the sixth highest jet 0.055
Δ'(;, 1)max Maximum angular distance between any lepton and b-jet 0.054
Δ'(;, 9)min Minimum angular distance between any lepton and jet 0.051
�

0
T Scalar sum of all lepton and jet ?Ts excluding the leading jet 0.049

?
ℓ,1
T ?T of the sub-leading lepton 0.049∑
; Δ'(;, ;) Sum of all angular distances between any lepton pair 0.040

?
9 ,1
T ?T of the sub-leading jet 0.039
Δ'(;, ;)max Maximum angular distance between any lepton pair 0.039
Δ'(;, 1)min Minimum angular distance between any lepton and b-jet 0.039
q
ℓ,0

q of the leading lepton 0.038

Table 6.1: The 18 selected features for the FNNs with their respective BDT ranking score.

The approach chosen to select features for the RNN is different and is loosely inspired by [57]. The
four-momenta of the reconstructed objects in the final state are used directly as input features. If multiple
particles of the same type are present in the final state of an event, this particles are sorted according to
their ?T. Thus, an input feature such as the pseudorapidity of any jet [ is a ?T-sorted sequence of length
= 9 where # 9 is the number of jets observed in the event. In practice, all input feature sequences in the
same event have to have the same length. This is accomplished by padding sequences that do not have the
desired length with zeros. In addition to the features described above, some high-level features, such as∑
FMV2c10, are selected. The combination of the low-level and high-level derived features was shown to
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Chapter 6 Neural Network Setup

increase performance in several applications [58, 59]. The input features selected are q, [, ?T of electrons,
muons and jets as well as �miss

T , qmiss
T , # 9 and

∑
FMV2c10. All features for FNNs and RNNs are shown in

detail in Appendix A.
To have some kind of feature selection, a small ℓ1 regularization term is applied to the RNN. As briefly

mentioned in Section 5.4, this regularization tends to eliminate connections to the least important features.
Thus an automatic feature selection is provided, which suppresses redundant information.

(a) Sum of b-tagging weights of MV2c10. (b) Jet multiplicity.

(c) Minimum angular distance between any b-jet pair, (d) Legend

Figure 6.2: Three of the most discriminating features of the FNN study. The last bin in each distribution contains
additionally the events which fall into bins above the maximum x-axis range.

6.3 Feature Transformation and Event Weight Treatment

As discussed in Section 5.2, the backpropagation algorithm calculates the gradients of the loss function
for each weight, starting from the output layer and working backwards to the input layer. Each gradient
of the current step, therefore, depends on the gradients derived in the previous step. Thus, when the
selected input features have small numerical values, the gradients start to vanish [47], leaving the weights
virtually unchanged. On the other hand, if the features have large numerical values, the gradients can
become very large, leading to the exploding gradient problem [47]. Both cases can hinder the convergence
of the Neural Network. One way of dealing with these problems is to transform all input features to
normal distributions, i.e. 0 mean and a variance of 1, before feeding them to the Neural Network. This
transformation is crucial. Neural Networks trained without it show an up to 0.2 decreased AUC compared
to the same Neural Networks with transformed input features. Additionally, the SELU activation function
can be utilized to normalize the neuron outputs at each layer.
Event weights are interpreted as probabilities in Neural Networks. These probabilities are multiplied

with the loss function at each training step. When the event weights, introduced in Chapter 4.2, are very
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6.3 Feature Transformation and Event Weight Treatment

small or very large, the training of Neural Networks are affected by the vanishing and exploding gradient
problem. This is because gradients are calculated based on the loss function. To avoid very large and very
small event weights, a renormalization is applied such that the sum of all weighted signal training events
equals the sum of all weights of the background training events, following the approach described in [56].
The renormalized event weight are exclusively used during training.

(a) Event weights (b) Renormalized event weights

Figure 6.3: The difference in classification between a Neural Network trained with and without renormalization
event weights.

The score distributions2 shown in Figure 6.3 are the probabilities assigned by the Neural Network for a
given event to be a signal event. The red dots and lines represent events that truly originate from CC̄CC̄

events, while the blue dots and lines represent events that truly originate from background processes. The
solid lines denote the score obtained for the training dataset while the dots denote the score obtained on
the testing dataset. A perfect classifier would be a classifier for which all signal events are in the first bin,
and all background events are in the last bin.
Figure 6.3(a) shows the score of a Neural Network trained without renormalization. The Neural

Network focuses on the background events since the total background yield (228) is much higher than the
signal yield (30). The same Neural Network is used to obtain the score shown in Figure 6.3(b), the only
difference being the renormalization of the weights. The classification with renormalized weights clearly
separates background and signal events and ultimately results in a higher AUC.
All negative events weights are set to 0 during the training since the usual interpretation of the event

weight as probabilities cannot be applied; a problem referred to as the negative weight problem [32].

2 The y-axis of the displayed distributions shows the number of events normalized to 1.
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CHAPTER 7

Results

Based on the studies and methods described in the previous chapters, this chapter presents the four-top-
quark signal classification results using Deep Neural Networks. In the first section (Section 7.1), different
hyperparameters and ingredients of Feedforward Neural Networks for a signal vs. all background are
studied. Section 7.2 explores the potential and the implications of the training of Feedforward Neural
Networks with multiple different background classes. In Section 7.3, the construction and the obtained
signal discrimination of Recurrent Neural Networks is presented. Section 7.4 presents a study on the
training duration of Neural Networks on both, central processing units (CPUs) and graphics processing
units (GPUs). The last section (Section 7.5) is concerned with the reconstruction of two hadronically
decaying top quarks, in order to improve the discrimination of CC̄C in the four-top-quark analysis.

The statements made about Neural Networks in the following sections are not necessarily transferable to
other applications. The influence of hyperparameters and other ingredients of Neural Networks depends
on the application and size of the dataset used.

7.1 Signal Classification using Feedforward Neural Networks

The strategy chosen to obtain an FNN that discriminates the CC̄CC̄ signal well from the background processes
seeks to optimize the structure of the Neural Network and tune its most important hyperparameters.
The correlation between different ingredients of the Neural Networks is taken into consideration by
investigating several parameters at the same time. To limit the number of Neural Networks that need
to be trained to a reasonable amount, only parameters with expected large correlations are varied
simultaneously. Furthermore, unless stated otherwise, all performance measures obtained are based on
a binary classification approach. In binary classification, only two classes are considered a signal and
a background class. The AUC of the current classification is calculated at each epoch on the testing
set. The FNNs are trained until five consecutive epochs did not improve the AUC, but at least for 80
epochs. The AUCs quoted in the following sections are the mean of the two Neural Networks trained
(Γtotal) unless stated otherwise. As described in Chapter 6, the 18 input features are first transformed into
normal distributions and then reweighted before they enter the input layer.

Architecture

The first choice that has to be made is the number of parameters, also called the size, and the number of
layers of the Neural Network, referred to as the depth. As discussed in Chapter 5, the architecture has to
be complex enough to model the problem and not too complex to avoid overtraining.

The number of parameters needed for the present problem is investigated by using fully connected layers
and can be calculated according to Equation 5.2. The parameters are distributed to the layers such that the
number of neurons in successive layers declines. Additionally, the number of neurons in any hidden layer
is required to be at least 25% the number of neurons in the input layer (18 × 0.25 = 4.5 ≈ 5), following
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Chapter 7 Results

the approach described in [57]. Since the dataset is relatively small for a deep learning application, the
number of hidden layers is kept small.
The Neural Networks considered had 200 to 70000 tunable parameters, evenly spread over the three

orders of magnitude studied. For each size investigated, 10 Neural Networks with 1 to 10 hidden layers
are trained. The only exceptions are Neural Networks with less than 1000 parameters, where the number
of neurons would have fallen below 5. For Neural Networks with these sizes, only a maximum depth of 5
was considered. All other ingredients are kept constant.

Figure 7.1 shows the result of the study for the number of parameters where Γtotal is the average of the 4
best-performing Neural Networks differing in the layer configuration. For all sizes, the standard deviation
of the average is smaller than 0.001. For the blue squares, the epoch with the highest AUC for each Neural
Network was selected, whereas, for the black and green, the AUC at epoch 10 and 80 is reported.
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Figure 7.1: The averaged AUCs of FNNs with different number of parameters where the training is stopped after 10,
80 and at the best-performing epoch. The average includes the AUCs of the 4 best-performing Neural Networks of
different depth.

The Γtotal for the best epoch slightly increases with higher number of parameters. For Neural Networks
with more than 10000 parameters, the performance gain per additional trainable parameter is minor,
indicating that the current number of parameters is sufficient to obtain a reasonable separation between
signal and background events. In the case of Neural Networks with few parameters, every weight needs
to be fine-tuned so as to obtain the best possible performance, which can take several epochs. On the
other hand, for Neural Networks with many parameters, not all information available to a neuron is
important. The learning process to identify which of the available information is key to obtain a good
training result and can also take several iterations. These behaviours are reflected in the distribution of the
training results evaluated at epoch 10 which show AUCs close to the best observed AUC only for Neural
Networks of intermediate size. The Neural Networks evaluated at epoch 80 show a strong decrease in
Γtotal (obtained on the test sets) with the number of parameters, indicating overtraining. The tendency
of large Neural Networks to have high overtraining is especially apparent in Figure 7.2 for large epochs.
However, when the AUC is calculated at the optimal epoch, this dependence is significantly attenuated.

In Figure 7.3, the average AUCs of Neural Networks with different numbers of hidden layers are shown.
The average includes the 4 best-performing Neural Networks of different size. The FNNs showing the
highest AUC are models with low numbers of hidden layers, especially those with two layers. The
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Figure 7.2: The average overtraining for different FNN configurations. The training is stopped after 10, 20, 80 and
at the best-performing epoch. The average includes the overtrainings of the 4 best-performing Neural Networks of
different depth.

overtraining was observed to be independent of the number of hidden layers.
The overall performance gained by varying the number of parameters and layers is small compared to

the performance gained by hyperparameter tuning. This is because the selected optimization algorithm,
Adam, is very stable in its final performance, in combination with a reasonable initial learning rate. A
cross-check using mini-batch Stochastic Gradient Descent (SGD) showed that, for this algorithm, the
performance does depend more on the number of parameters.
Summarizing the obtained results, it can be stated that a Neural Network for hyperparameter tuning

should have more than 10000 parameters to ensure flexibility and less than 30000 to avoid overtraining.
For the studies on the learning rate, activation function, and weight initialization, a Neural Network with
20000 parameters and 2 hidden layers is selected. Its overtraining is shown in Figure 7.4 together with the
overtraining of other Neural Networks in the region of interest.
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Figure 7.3: The average AUC for FNNs with different numbers of hidden layers. The average includes the AUCs of
the 4 best-performing Neural Networks of different size.
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Figure 7.4: The overtraining for FNNs of different sizes and depth, in the region where the observed AUCs are close
to the best-performance obtained.
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Weight Initialization and Activation Functions

The Neural Networks architecture selected in the last sub-section is now selected to study the influence
of activation functions and weight initialization on the AUC. As discussed in Section 5.4, different weight
initializations are designed to prevent the output of the activation functions from vanishing or exploding
during the forward pass. Therefore, a large correlation between the two can be expected.
The effect of activation functions is studied by setting the activation function of all neurons in all

hidden layers to either ReLU, leaky ReLU (U ∈ [0.1, 0.3, 0.5]), ELU (U = 1), or SELU. For each
activation function, different weight initializations namely Glorot, He, and Lecun with normal and uniform
distributions are tested. The activation function of the output layer is left to be the Sigmoid function. The
initialization value of the biases was found to have an insignificant influence on the performance of the
Neural Networks and will be zero. All other parameters are kept constant.
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Figure 7.5: AUCs obtained for different choices of activation functions and weight initialization.

Figure 7.5 shows the obtained AUCs for all combinations, while Figure 7.6 shows the corresponding
overtraining values. The best performance is reached when ELU is combined with the Glorot normal
distribution weight initialization, which is the weight initialization that works best for all considered
activation functions. The difference between normally and uniformly distributed weight initializations is
minor but normally distributed initializations result in slightly large AUC.

The ReLU activation function is outperformed for all considered cases by all other activation functions.
This indicates that a training in which some weights are not updated, as is the case for ReLU, is not
beneficial for this application. In fact, the performance increases with the slope constant U for leaky
ReLU. In the case of ELU, a smooth transition between the output values for negative and positive net
input results in the best Γtotal for all weight initializations. The SELU activation function, specifically
designed for FNNs, does not lead to an improved result compared to ELU.
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The overtraining for all considered activation functions and weight initializations remains below 5%.
The Neural Networks with the highest AUC also have the smallest overtraining and the lowest Γtotal on the
training dataset. Therefore, the additional performance gains come from the reduction of overtraining by
the activation functions and weight initializations.
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Figure 7.6: The overtraining for different choices of activation functions and weight initialization.
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Learning Rate and Optimization Algorithms

Building upon the results obtained in the first two studies, the performance for different optimization
algorithms is investigated. The hyperparameters of the optimization algorithm expected to have an
significant influence on the performance of the Neural Networks are the learning rate, determining the step
size of every weight update, and the batch size which is the number of events used during one iteration of
the training (introduced in Chapter 5).
Three different optimization algorithms are considered in this thesis: SGD, ADAM, and RMSprop.

For each optimization algorithm, distinct learning rates are investigated together with varying batch size.
The different batch sizes are selected as powers of 2 and range from 28

= 256 to 214
= 16384. All other

ingredients of the Neural Network are kept constant.
Figure 7.7 shows the observed Γtotal values as a function of the learning rates for different optimization

algorithms while averaging over the 3 best-performing batch sizes for each learning rate. All three
investigated optimization algorithms show a similar behaviour in the respective peak region. The
improvements gained by fine-tuning the learning rate within one order of magnitude are minor. For
ADAM and RMSprop, even learning rates of one order of magnitude higher than the optimal observed
learning rate result in only slightly worse AUCs, while SGD is more sensitive. The reason is that, ADAM
and RMSprop calculate individually optimized learning rates for different parameters (weights and biases)
based on the initial learning rate. On the other hand, SGD always applies the same learning rate for all
parameters. This internal optimization is also reflected in the fact that Neural Networks trained with
SGD tend to need more epochs until the best AUC is reached, compared to Neural Networks trained with
RMSprop or ADAM.
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Figure 7.7: The obtained average AUC of FNNs with different learning rates and three distinct optimization
algorithms. The average includes the AUCs of the 3 best-performing Neural Networks with different batch sizes.

All considered models have a similar overtraining for all considered learning rates, as shown in Figure
7.8. The choice of the optimization algorithm used for training did not influence the overtraining. The
Neural Networks with less than 1% of overtraining are the models that have poor AUC, indicating that the
training for these models did not converge.
In order to study the dependence of Γtotal on the batch size, Figure 7.9 shows the results obtained by

using SGD as the optimization algorithm. The AUC for learning rates close to the optimal observed
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Figure 7.8: The overtraining of FNNs as a function of the learning rates for three optimization algorithms.
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Figure 7.9: The AUC as a function of the batch size for different learning rates !A . The Neural Networks are trained
using SGD.
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choice (black and red) is almost independent of the batch size. On the other hand, for smaller learning
rates, the batch size has a significant impact. This is because for those Neural Networks the maximum
considered number of 120 epochs is reached which in turn is a direct consequence of the small batch
size. Neural Networks trained with small batch sizes perform less weight updates per epoch. When
the maximum number of epochs is not sufficiently high, the small number of weight updates leads to a
non-optimal weight configuration that decreases the obtained AUC. The drop in peak performance for
small batch sizes (< 2000) can be attributed to the fact that a small batch may not contain events from all
backgrounds. The weight updates calculated based on this batch may not be accurate enough to lead to
the optimal weight configuration during training.
The best Neural Network obtained uses Adam with a learning rate of 0.003 and a batch size of 2048.

The maximum Γtotal reached is 0.853, with an overtraining of 0.016 on the testing set.

Polynomial Learning Rate Decay

Three different training scenarios for the same problem are shown in Figure 7.10. In the first case
(7.10(a)), the learning rate is too low to reach the minimum of the Loss functions � (\) during the training.
On the other hand, if the learning rate is too large (7.10(c)), the weight updates overshoot the point of best
performance, resulting in a decreased AUC. Both cases can be avoided when using polynomial learning
rate decay (7.10(b)). In polynomial learning rate decay, the initial learning rate !Aini is adjusted for each
epoch according to

!A (�) = !Aini · (1 −
�

�tot
)= (7.1)

where !A (�) is the learning rate at epoch � , and = is the used polynomial power. For this technique, the
total number of epochs �tot has to be fixed. Using polynomial learning rate decay results in a smoother
coverage of the training towards the minimum.

(a) (b) (c)

Figure 7.10: Training of a Neural Network trained with a too low (a), a too high (c) and a polynomial decaying
learning rate (b) [60].

For the studies on polynomial learning rate decay in this thesis, SGD was selected as the optimization
algorithm to investigate the gained improvements independently of the parameter-by-parameter optimiza-
tion used by Adam and Rmsprop. The initial learning is varied between 0.02 and 0.3, building upon the
knowledge gained in the previous sub-section. The considered polynomials have powers of 1 to 3. The
other parameters of the Neural Network are kept constant.

Figure 7.11 shows the results of the polynomial learning rate decay. Within the considered hyperpara-
meter ranges, no improvement of the behaviour in the peak region is observed compared to the training
with fixed learning rates. Learning rate decays with polynomials of power 1 perform best among all
investigated learning rates. The reason for this is not apparent and needs further investigations. One
drawback of polynomial learning rate decay is that Neural Networks, on average, have to be trained longer
until the epoch with the best performance is reached. However, for all learning rates considered with

39



Chapter 7 Results

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Learning rate
0.8400

0.8425

0.8450

0.8475

0.8500

0.8525

0.8550

0.8575

0.8600

to
ta

l
Power = 1
Power = 2
Power = 3

Figure 7.11: AUCs for FNNs trained using polynomial learning rate decay (SGD).

the exception of !Aint = 0.02 the epoch having the best performance is more than 5 epochs away from
�tot = 80. The overall stability of the best AUC against different learning rates is only improved slightly
(cf. Figure 7.7).
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Figure 7.12: The overtraining for FNNs trained using polynomial learning rate decay (SGD).

The overtraining of the Neural Networks trained with polynomial learning rate decay, shown in Figure
7.12, decreases with the learning rate and is independent of the power of the polynomial used. Similarly
to the overtraining observed for SGD using a fixed learning rate, all trained models have an overtraining
below 1.5%.
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Cyclic Learning Rate Decay

Another attempt to improve the AUC by varying the learning rate during training, is cyclic learning
rate decay. The functionality is illustrated in Figure 7.13; during one cycle, the learning rate is linearly
increased from a predefined minimum learning rate to a predefined maximum learning rate and after that
linearly decreased until the minimum learning rate is reached. The number of batches needed to move
from the maximum to the minimum learning rate or the other way around, is a tunable hyperparameter
called stepsize. Moreover, the maximum learning rate can be decreased cycle by cycle. This learning rate
schedule is designed to prevent the training from getting stuck in a local minimum or on a saddle point.
The cyclic learning rate decay study was conducted with 3 different parameters. The maximum

learning rates considered are O(10−1), while the minimum learning rates are O(10−2). Five different
step sizes are considered simultaneously, which are chosen close to the suggested 2 − 8 iterations per
epoch (∼ 160 − 640) in [61]. Each combination is trained with a constant maximum learning rate and a
maximum learning rate that decreased to its half value after each cycle. All other parameters are the same
parameters used for the previous learning rate study.

(a)
(b)

Figure 7.13: a) The learning rate schedule for cyclic learning rate decay with (bottom) and without (top) additional
decay of the maximum learning rate “max_ lr”. b) Topology of a loss function for which cyclic learning rate decay
can improve the performance of a Neural Network. The flags 1, 2 indicate the position of local minima whereas flag
3 indicates the position of the global minimum [62, 63].

The heatmap in Figure 7.14 shows the results obtained for the different combinations of minimum and
maximum learning rates where the quoted Γtotal values are the average AUC over all step sizes for both
the fixed and the decaying maximum learning rate training. Varying the minimum learning rate improves
the performance of the Neural Networks more than varying the maximum learning rate. Therefore, it
seems to be more beneficial to slowly move into the local minimum rather than trying to escape it with
large maximum learning rates. The drop in performance obtained for models trained with a maximum
learning rate of 0.1 is most likely not an indication for a different local minimum but rather due to the fact
that the training did not converge during 120 epochs. For minimum learning smaller than 0.3, the same
problem occurs. Similar to polynomial learning rate decay, Neural Networks trained with cyclic learning
rate decay need more epochs until the best performance is found compared to Neural Networks trained
with a fixed learning rate.

The comparison between cyclic learning rate decay with fixed maximum learning rate and with
additional decay of the maximum learning rate is shown in Figure 7.15 where only the 5 best-performing
Neural Networks were considered for each learning rate. No significant difference between the two
learning schedules (red and black squares) can be observed.
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Figure 7.14: The dependence between the maximum and the minimum learning rates of FNNs trained with cyclic
learning rate decay.
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Figure 7.15: Observed AUCs for different maximum learning rate using cyclic decay with and without additional
decay.
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7.1 Signal Classification using Feedforward Neural Networks

Figure 7.16 shows the obtained AUCs as a function of the step sizes for different types of learning
schedules. Step sizes in the recommended region (between 160 and 640) result in the best AUCs, while
step sizes outside of this range tend to decrease performance. The difference in performance between
Neural Networks trained with the two distinctive learning rate schedules is small for step sizes in the
recommended region. Outside of the region, training without additional decay of the maximum learning
rate works better.
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Figure 7.16: Dependence of the AUC on the stepsize chosen for the cyclic learning rate decay.

The Neural Network with the best performance uses a constant maximum learning rate of 0.9, a
minimum learning rate of 0.03, and a step size of 640. The obtained Γtotal is 0.854 with an overtraining
of 1.7%. This result is similar to that obtained by using polynomial learning rate decay. Therefore, no
second local minimum was found that improves the performance of the Neural Network.
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Regularization

The study of regularization aims to increase the AUC obtained on the testing dataset by decreasing the
overtraining. The obtained models with under 2% overtraining are already below the point of exceptions
(5%), and thus it is unlikely to obtain a higher AUC.

The twomethods applied are the Dropout, governed by the probability ? for a neuron to be ignored during
training and the Ridge regression, governed by U, the scaling parameter of the additional Loss function
term. The investigated values for U range from 0.001 (small regularization) to 0.1 (strong regularization)
while the probability of Dropout is either 20%, 40%, or 60%. The Dropout is only applied to the neurons
in the hidden layer, giving the Neural Network the possibility of recovering performance during the
training. To investigate the correlation between the learning rate and the different regularization methods,
5 different fixed learning rates between 0.0005 and 0.01 are investigated. The selected optimization
algorithm is ADAM since this optimization algorithm was used for the best-performing Neural Network
in the fixed learning rate study.
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Figure 7.17: AUCs as a function of learning rates for 3 choices of ?, the Dropout probability. (ADAM)

Figure 7.17 shows the obtained AUCs for the different learning rates and Dropout values, where the
Ridge regression term U was fixed to 0.001. The peak performance has decreased by 0.003 compared to
the results obtained without any regularization (cf. Figure 7.7). Neural Networks with a lower probability
of Dropout outperform those with a higher probability of Dropout as is to be expected for a regularization
method. This behavior is also apparent in Figure 7.18, where the learning rate is fixed to 0.001. The
performances decrease continuously from the top left corner, where only little regularization is applied to
the bottom right corner, where a strong regularization is applied. The overtraining of the trained Neural
Networks, shown in Figure 7.18(b), decreases with the amount of regularization applied, as expected.

In the investigated parameter range, a large Ridge regression term is a stronger restriction than dropping
out neurons in the first hidden layer with a high probability.
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7.1 Signal Classification using Feedforward Neural Networks

(a) (b)

Figure 7.18: Dependence of the AUC (a) and the overtraining (b) for different Dropout probabilities and Ridge (ℓ2)
regularization.
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Achieved Separation

The Neural Network obtained in the sub-section about cyclic learning rate decay is the best-performing
model obtained for the CC̄CC̄ application. The score for the training on the dataset containing the background
events with even event numbers is shown in Figure 7.19(a), whereas the score for the training on the
dataset containing the background events with odd event numbers is shown in Figure 7.19(b). Both
classifications assign most signal events to scores above 0.7, and background events scores below 0.5.
This indicates that the Neural Network is better at identifying signal events than at identifying background
events, which is expected since the background dataset contains many different processes. The distance in
each bin between the dots and the solid lines is a measure of the overtraining of the model. Since the
Neural Network used has a tiny overtraining, most dots and lines are very close.

(a) (b)

Figure 7.19: Neural Network scores for the Neural Network trained with the background dataset containing even
event numbers (a) and on the background dataset containing odd event numbers (b).

To investigate which backgrounds are particularly hard to separate from the CC̄CC̄ signal, a cut on the
score is optimized based on the significance B (introduced in Chapter 4). For both trainings the optimal
cut is determined to be 0.7 which increases the significance in the signal region from 1.8 to 3.0. The
�T distributions for the two cases are shown in Figure 7.20. The dominant backgrounds after applying
the cut are still CC̄, , CC̄/ and CC̄�. The model trained on the backgrounds with even event numbers is
better in rejecting CC̄�$, while the model trained on the backgrounds with odd event numbers is better in
rejecting CC̄others. However, the difference is minor and therefore most likely not statistically significant.
The rejection of all other backgrounds is approximately equally good for both setups when normalized
to the signal yield in the investigated region. When applying the cut the signal yield is reduced by a
factor of 2, while most other backgrounds are reduced by a factor of ∼ 25. The background yield of the
dataset “others’,’ mainly containing CC̄C is the background that is hardest to distinguish from CC̄CC̄ and is
only reduced by a factor of 3. A similar result was obtained when training the BDT used in the official
ATLAS CC̄CC̄ analysis [21] at

√
B = 13 TeV which used the same datasets. In fact, for the high BDT region,

a significant CC̄C contamination was observed. This can be especially problematic because the CC̄C cross
section, is only known at leading order, fC C̄ C = 1.9 fb (at

√
B = 14 TeV) [22]. If the fC C̄ C at NLO is higher

than the LO cross section CC̄C could become the dominant background for CC̄CC̄.
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7.1 Signal Classification using Feedforward Neural Networks

(a) Dataset with even numbered background events

(b) Dataset with odd numbered background events

Figure 7.20: �T distributions after applying a cut (optimized on the signal efficiency) to the FNN scores obtained for
the training on the background dataset containing even event numbers (a) and the background dataset constraining
odd event numbers (b). The last bin additionally contains all events with �T > 2 200 GeV.
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Validation and Error Estimation

As mentioned previously in Section 6.1 the generalization of the optimized Neural Network has
to be validated on the validation dataset. The error in the observed AUC can then be determined by
bootstrapping. The selected number of resampled datasets is 50.

The bootstrapping results for the selected Neural Network performed on the validation set is shown in
Figure 7.21. The seed quoted on the x-axis is the random seed (divided by 365) used for resampling the
validation set. The average of all 50 AUCs is indicated by the red line. The average Γtotal is 0.852± 0.005,
where the error is the standard deviation of the distribution. The error is larger than the performance
gained by fine-tuning the learning rate within one order of magnitude. The AUC obtained on the testing
set (0.854) is within the error observed by bootstrapping. This means, that during the hyperparameter
optimization no additional bias was introduced.

Figure 7.21: AUCs observed by using the bootstrap method on the validation set. The seed quoted (divided by 365)
is the random seed used to generate the different resampled versions of the validation set. The red line indicates the
mean of all observed AUCs.
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7.2 Multi Classification using Feedforward Neural Networks

The Feedforward Neural Networks trained in the last section had one neuron in the output layer and
classified signal events against background events. The Neural Networks considered in this section all
have several neurons in the output layer in order to individually treat different background processes. The
outputs of the Neural Network are " probabilities, where " is the number of classes considered, each of
which is the probability of a given event to belong to a class 2. Two different multi classifications will be
investigated in the following: one with 14 classes and one with 3 classes.
The AUCs quoted in the following sub-section are calculated in the same way as the AUCs for the

binary classification approach (single against all combined backgrounds). The number of parameters is
increased to approximately 300000 to account for the increased complexity of the problems considered.
For convenience and excessively for this section, + is defined to be either a, , a / , or a Higgs boson.

Fourteen Classes

The first multi classifier approach treats every background process as an individual class. Presenting
the Neural Network with the opportunity to optimize the selection for each background. The best obtained
Γtotal is 0.852, not increase the performance compared to the binary classification used previously.
Figure 7.22(b) shows the score for the most important backgrounds. The similarity between the CC̄CC̄

(red) and “others” (green) which is mostly CC̄C, already observed in Section 7.1, is apparent since the
highest fraction of events for both processes end up in highest bins. The dominant backgrounds CC̄+ (blue)
are most commonly assigned a score below 0.5 but also have considerable contributions up to scores of
0.8. All other backgrounds (black) have a similar distribution to CC̄+ .

In Figure 7.22(a) the confusion matrix of the classification is shown. The y-axis gives the information
about the true event class. The predicted labels on the x-axis are determined by assigning an event to
the class for which it has the highest probability. The numbers given in the different cells correspond
to fractions of total events in the same row. A perfect classification would only have entries of 1 on the
diagonal. The trained classifier has almost exclusively entries for three classes, which correspond to the
processes with the highest yields. The CC̄CC̄ yield was renormalized to the combined total background yield
as discussed in Section 6.3. Therefore, it is beneficial for the Neural Network to focus on the correct
identification of CC̄CC̄ events rather than rejecting background events.

(a) (b)

Figure 7.22: The confusion matrix (a) and the Neural Network score (b) for the multi classification with 14 classes.
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Class Weights

A way to force the Neural Network to pay more “attention” to minor backgrounds is to scale all
processes to the same yield using class weights. This reweighting will decrease the AUC of the obtained
classification. However insights about which backgrounds are most difficult to distinguish from CC̄CC̄ can
be gained. This provides a possibility to validate the observations about CC̄C (others). The class weights
F2 are calculated according to

F2 =
#total
" · #2

(7.2)

where #total is the sum of all yields, #2 is the yield of class 2 and " the number of classes (14).
The confusion matrix obtained by applying class weights is shown in Figure 7.23. As expected, most

classes have their largest fraction of events on the diagonal. The separation between different classes is
limited by the choice of the input variables that were selected to discriminate signal from all backgrounds
and not to discriminate between different backgrounds individually. In agreement with the previous
studies, the dataset “others” is the background with the highest fraction of events predicted to be signal
events (0.4). The other signal like backgrounds for this classification are CC̄� and CC̄,, .

Figure 7.23: The confusion matrix for the multi classification with 14 classes where an additional class weight was
applied during the training of the Classifier.
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Three Classes

In the next study, only three different classes are considered, namely a signal class, a class containing
the most dominant backgrounds CC̄+ , and a class for all other backgrounds called “rest”. No additional
class reweighting is applied. This study aims to improve the AUC compared to the result obtained in the
binary approach. The additional class for CC̄+ is meant to help further reducing the dominant background.
The results of this approach is shown in Figure 7.24. The confusion matrix indicates that the events

belonging to the “rest” class are identified as a signal or CC̄+ event. This is because this class has a low
combined yield of ∼ 86 whereas CC̄+ has a yield of 151 and CC̄CC̄ a yield of 237, during training. The
identification of CC̄+ has significantly improved compared to the previous multi classifier approaches. On
the other hand, the correct identification of CC̄CC̄ has decreased from 0.94 (cf. Figure 7.22) to 0.87.

(a) (b)

Figure 7.24: The confusion matrix (a) and the Neural Network score (b) for the multi classification with 3 classes.

When comparing the confusion matrix (Figure 7.24(a)) of the three classification approach with the
high score region of the binary classification (Figure 7.20) one might expect a better rejections of CC̄+ and
all the remainder backgrounds from the binary classification, since the rejection of the binary classifier
are higher than 0.37 and 0.6. However, in a confusion matrix the event is assigned to the most likeliest
category. In fact, reviewing the background events ending up in the CC̄CC̄ category showed that most of
them had scores below 0.8 but higher scores for CC̄CC̄ than for the other two categories. The AUC of both
approaches is with 0.854 for the three classes approach and 0.853 for the binary classification similar.
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7.3 Signal Classification using Recurrent Neural Networks

Compared to Feedforward Neural Networks, Recurrent Neural Networks are more complicated to train
and computationally more expensive. A single neuron of the used LSTM neuron structure has 5 activation
functions, each of which has specific functionalities that control the different cell states. To maintain the
functionality of the LSTMs these activation functions will not be changed.

The strategy chosen to study RNNs is restricted to the most impactful parameters, namely the number
of parameters, the number of hidden layers, and the learning rate. The optimization algorithm selected
is SGD and it is used in combination with polynomial learning rate decay to ensure that the training
converges if a minimum is found in the parameter space. The maximum number of epochs is restricted to
80, while the AUC is computed at every epoch. The mean and the standard deviation needed to transform
the input features are obtained based on all objects in the considered feature. To be more concrete, to
transform the leading electron’s pseudorapidity into a normal distribution, the [ of all electrons are
considered during the calculation of the mean and the standard deviation. Only the 7 objects with the
largest ?T for each particle type and event are considered, to avoid using variables with significant
mismodeling. Since several of the 7 · 13 = 91 input features contain many zeros (due to zero padding),
Lasso regression must be applied. The scaling constant U1 is fixed to 0.002.

Architecture

As for the FNNs, the number of parameters and the number of layers is investigated first. Based on the
knowledge gained in the first architecture study (Section 7.1), the range for the number of parameters
considered is between 2000 and 30000. The number of hidden layers tested is restricted to a maximum of
4 hidden layers.

Figure 7.25 shows the AUCs of Neural Networks as a function of the number of trainable parameters
for 20 (black), 40 (red), 60 (blue), and 80 (green) epochs. Every quoted Γtotal is averaged over the 4
different hidden layer configurations considered. The performance for 40, 60, and 80 epochs is similar for
the most studied sizes, while the training at 20 epochs has not converged.
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Figure 7.25: The average AUC for different RNNs configurations. The training is stopped after 20, 40, 60, or after
80 epochs. The average includes the AUCs of the 4 best-performing Neural Networks of different depth.
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The Neural Networks with 30000 parameters evaluated at 80 epochs show a decrease in performance,
which hints to the fact that these models started to overtrain.

Almost all models have an overtraining below 3%, implying that the applied regularization is sufficient.
The overtraining is independent of the number of parameters and hidden layers in the Neural Networks,
which indicates that all trainings converged if the Neural Network were trained over enough epochs.

The Neural Networks with 1 or 2 hidden layers outperformed Neural Networks with 3 or 4 hidden
layers in all cases considered. The peak performance of Γtotal = 0.838 is reached by a Neural Network
with 15000 parameters and two hidden layers.

Learning Rate and Batch Size

The Neural Network with the best performance in the previous study is selected to investigate the AUCs
dependence on the learning rate and the batch size. The considered batch size varies from 211 to 214,
which was observed to be a high-performance region for FNNs. Following the same logic, learning rates
between 0.05 and 0.8 with decay polynomials of power 1 to 3 are selected.

Figure 7.26 shows the average AUCs obtained using the different learning rates and decay polynomials.
The average includes the results for the two best performing considered batch sizes (2048 and 4096).
Similar to the observed results for FNNs, the performance of RNNs is stable within one order of magnitude
around the learning rate that performs the best. Outside of the stable region, the performance of RNNs
decreases rapidly. Similarly, the power of the chosen polynomial has a minor influence on the performance
inside the stable region, whereas, it can have a significant influence outside of that region. One reason
for this could be the more complex and thus more fragile training procedures for RNNs compared to
FNNs. On the other hand, the fact that the learning rate decay of order 1 worked the best, implies that the
Neural Networks might not have converged. The epoch at which the highest AUC is reached is close to
the maximum 80 epochs, but more than 5 epochs away. Therefore, a combination of both effects is the
most likely explanation for the rapid drop.
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Figure 7.26: Average AUC of RNNs as a function of the learning rate and the power of the polynomial used for
learning rate decay. The average includes the AUCs of the 2 best-performing Neural Networks with different batch
sizes.

The dependence of the AUC on the batch size is shown in Figure 7.27. A similar dependence as for the
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FNNs can be observed. For learning rates close to the optimal value, the batch size has a minor influence
on the performance of the Neural Networks. For smaller learning rates, the dependence is larger. The
decrease in performance when choosing a large batch size, when combined with a small learning rate, is
larger than the observed decrease for FNNs. This validates the assumption that the more complex training
of RNNs is sensitive to the choice of hyperparameters.

The best performing RNN has a significantly smaller AUC (0.842) than the best performance observed
using FNNs (0.854). Therefore, the initial idea to present the Neural Network with the possibility of using
the full information available did not improve Γtotal. The RNN failed in combining the input features in a
way that discriminates the signal from the background more than the features used for FNNs, which are
constructed using physical knowledge.

The overtraining of all considered Neural Networks is below 3%. Figures showing the dependence of
overtraining on the batch size and the learning rate can be found in Appendix A.
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Figure 7.27: The AUC as a function of the batch size for different the learning rates.
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Achieved Separation

Proceeding in the same way as for the FNNs, a cut based on the significance is optimized on the RNN
score. Events passing the cut, contribute to the �T distribution shown in Figure 7.28. The selected
RNN is the best-performing Neural Network from the learning rate and batch size study in the previous
sub-section. It was trained on the background dataset, which contains events with odd event numbers. The
score of the RNN can be found in the Appendix A together with both the score and the �T distribution of
the corresponding RNN trained on background events with odd event numbers.

Figure 7.28: The �T distribution after applying a cut (optimized on the significance) to the RNN score obtained for
the training on the background dataset containing even event numbers. The last bin additionally contains all events
with �T > 2 200 GeV.

The optimized cut is determined to be 0.85. When applying the cut the significance in the signal region
improves from 1.8 to 2.7. As expected, this significance is lower than the one observed for the best FNN
(2.9). The comparison between the background yields after applying the respective cuts to the FNN
and RNN scores is shown in Table 7.1, where ^ and Z are functions of the signal efficiencies B and are
calculated according to

^ = B · . ′sig (7.3)

Z =
^FNN − ^RNN

.sig
(7.4)

where . ′sig is the signal yield after applying the cut and .sig before. As can be seen, the reduction
measure, ^, of all backgrounds is higher for FNN than for RNNs. The background hardest to reduce is
CC̄C. The dominant backgrounds CC̄, , CC̄/ and CC̄� are reduced the most. Z was designed with the intent
to investigate from which backgrounds the performance decrease of the RNN, compared to the FNN,
originates from. The backgrounds ++ and C (C̄)- have the largest Z values which indicates that these
background especially benefit from the engineered features in the FNN.
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measure CC̄, CC̄/ CC̄� CC̄QmisID CC̄CO CC̄HF CC̄light CC̄other C (C̄)- ++ others

^FNN 33.8 33.6 33.7 53.1 45.5 68.9 111.3 74.7 100.8 197.7 59.4
^RNN 29.4 29.2 29.3 46.2 39.6 60.0 96.9 65.0 87.7 172.0 51.7

Z 0.07 0.09 0.11 0.51 0.27 0.56 2.15 1.54 2.55 5.84 2.52

Table 7.1: The reduction measure ^ (defined in Equation 7.3) for the high score FNN and RNN region and their
scaled difference Z (defined in Equation 7.4).

Validation and Error Estimation

The AUC obtained with the testing dataset (0.842) needs to be validated to ensure that no additional
bias during the hyperparameter tuning was introduced. As for the FNN case, the validation is realized
by determining the AUC with the resampled versions of the validation sample. Figure 7.29 shows the
observed AUCs and there mean value (red line) Γ = 0.838. The standard deviation represents the error of
the obtained result and was determinate to be 0.006. Thus, the observed performance on the testing set is
within the expected error.

Figure 7.29: AUCs observed by using the bootstrap method on the validation set. The seed quoted (divided by 365)
is the random seed used to generate the different resampled versions of the validation set. The red line indicates the
mean of all observed AUCs.
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7.4 Performance Evaluation Using CPUs and GPUs

All Neural Networks in the previous studies were trained on Central Processing Units (CPUs). However,
in deep learning applications, it is prevalent to use Graphics Processing Units (GPUs).
Most operations performed during a Neural Network training are simple matrix multiplications of

weight matrices and feature matrices. CPUs are designed to perform few, but complicated tasks and
struggle with multiple threads at the same time. On the other hand, GPUs are designed to perform simple
but many tasks at the same time, making them the optimal choice for deep learning applications.
The following study investigates the training time of Feedforward Neural Networks and Recurrent

Neural Networks using CPUs and GPUs. The same datasets that were used in the previous Neural Network
studies are utilized in here. The devices used for the training are Intel Xeon e5-2620 v3 (maximum
bandwidth = 25.6 MB

s ) CPUs and Geforce gtx 1080 (maximum bandwidth = 320 GB
s ) GPUs.

Neural Networks with sizes between 2000 and 70000 parameters are considered. The optimization
algorithm used is SGD, with batch sizes between 210 and 216. All other parameters are fixed to the
best-performing Neural Networks of each type. The AUC evaluation at each epoch is turned off since the
needed calculations can take several seconds. The reported training time per epoch is the average over
120 epochs.

Figure 7.30 shows the training time for Neural Networks of different sizes, where the batch size was
fixed to 8192. The RNNs take significantly longer to train than the FNNs due to their more complicated
neuron structure and training algorithm. GPUs outperform CPUs for all considered Neural Networks.
The gain in performance is especially large for Neural Networks with many tunable parameters. For the
largest RNNs, training time decreases per epoch by a factor of 4 when using GPUs compared to CPUs.
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Figure 7.30: Training times per epoch for FNNs and RNNs of different sizes, trained on CPUs and GPUs.

The results for different batch sizes are shown in Figure 7.31, where a Neural Network with 50000
parameters was used. Again GPUs outperform CPUs over the full parameter space selected. The decrease
in training time is small for small batch size and increases with larger batch sizes. The reason for this is that
only the calculations within one iteration are performed simultaneously. Since the number of performed
calculations scale with the batch size, also the performance gain does. The saturation of performance gain
for Neural Networks with batch size larger than ∼ 16000 most likely has two sources. The first one is
that for this batch sizes the matrices get so large that the GPUs reach their limit in terms of maximum
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number of calculations that can be performed at the same time. The second possible explanation is that
the observed standard deviation of the training times per epoch was significantly larger for the batches of
215 and 216. This indicates that the cluster node started to lag, potentially influencing the obtained result.
In conclusion, it can be stated that even for the small datasets and Neural Networks considered, the

usage of GPUs is highly advisable.
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Figure 7.31: Training times per epoch for FNNs and RNNs trained with different batch sizes and on CPUs and
GPUs.
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7.5 Reconstruction of Two Hadronic Top Quarks

The CC̄C contamination in the high score regions of the FNN, the RNN, and the BDT used in the official
ATLAS CC̄CC̄ analysis motivate the search for a feature that discriminates the two processes well. Since
both processes are very similar in their kinematics, the chosen approach aims at exploiting the different
final state particle composition. In the same-sign two-lepton channel, two of the four , bosons that
originate from four top-quark decays, decay hadronically. On the other hand, a CC̄C event, in the same
channel, produced without any associated particles, has one hadronically decaying W boson in the final
state. As discussed in Section 2.4, such a production is not possible at leading order. In practice the
particles produced in association with CC̄C make the separation of CC̄CC̄ and CC̄C more complicated. Incorrect
reconstruction of jets or leptons and charge misidentification can further disturb the reconstruction.

The datasets used for the reconstruction were introduced in Chapter 4. The signal region is redefined to
require the conditions of the two hadronic top quark reconstruction: Events with 3 or more leptons are
rejected; only events with two leptons with charges that have the same sign are considered. The number
of required jets is raised from at least 6 jets to at least 8 jets. All other signal region conditions remain
unchanged.

Reconstruction principle

The reconstruction technique presented in the following tries to identify CC̄C events by means of final
states that have one hadronic top quark and CC̄CC̄ events by means of final states that have two hadronic top
quarks. Priority is given to the reconstruction of two hadronic top quarks, which are reconstructed from 6
jet combinations, 3 jets for each top quark. At least one of the two top-quark candidates has to contain a
b-jet. The assignment of the three jets to a W boson and a b-jet depends on the number of b-tagged jets
assigned to the top quark. If only one of the jets is b-tagged, this jet is assigned to the b-jet, and the two
other jets are considered to be the decaying products of the W boson. If two-jets are b-tagged, the two jet
combination with the best discriminator is selected, but at least one b-tagged jet has to be assigned to the
b-jet. If none or all jets are b-tagged, the combination with the lowest discriminator is selected.
The discriminator chosen for the reconstruction is based on j2 and contains one term for each of the

four reconstructed objects (2 top quarks and 2 W bosons).

j
2
2had = j

2
C1
+ j2

C2
+ j2

,1
+ j2

,2
. (7.5)

The individual j2 terms are defined as

j
2
- =
(<3/2 9 − <- )

2

f
2
-

; - ∈ C,,, (7.6)

where <3/2 9 is the invariant mass of the 3 or 2 jet combination. The mass < and the width f of the top
quark and the W boson are obtained from the dataset, as discussed in the next sub-section.

The reconstruction of two hadronic top quarks is considered to be successful if j2
2had does not exceed a

critical value j2
21. The exact value of j

2
21 is left as a tunable parameter of the reconstruction. If j2

2had
is larger than j2

21, the reconstruction of one hadronic top quark is carried out. The reconstruction of
one hadronic top quark proceeds in the same way as the two hadronic top quark reconstruction using
the discriminator j2

1had = j
2
C1
+ j2

,1
. If j2

1had also surpasses a second critical value j2
22, the event is

considered to have no hadronic top quark.
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Calibration

The calibration of the top quark andWbosonmass andwidth is performed bymatching the reconstruction
candidate to the truth particles. The kinematic and final state particles of the truth particles are known
from the truth information in the used datasets. Only hadronically decaying truth top quarks or W bosons
with final state particles that can be measured by the ATLAS detector are considered. The matching is
performed based on the Δ' between the reconstruction candidates and the truth top quarks in the same
event. The closest reconstruction candidate is assigned to the truth top quark. The matching of W bosons
is performed in the same way and independently of the matching of top quarks.

Only matched pairs that have a X'(reco, truth) smaller than a critical value are considered for the final
mass fit. Figure 7.32 shows the result of the calibration with a critical value of Δ'(reco, truth) < 0.4.
The mass and the width of the particles is determined as the mean and standard deviation of the Gaussian
fit. The obtained masses and widths are <C = 172 GeV, <, = 82 GeV, fC = 21 GeV, and f = 9 GeV.

To study the dependence of the observed masses and widths, different critical values for the matching
between 0.1 and 0.8 were considered. The mean of the distribution is mostly independent of the critical
value. The standard deviation varied between 22.6 and 16.9 for the top quark and between 7.7 GeV and
9.6 GeV for the W boson. The critical value of Δ'(reco, truth) < 0.4 was selected as the point at which
both weight distributions showed an approximately symmetric peak.

(a) Top Quark (b), boson

Figure 7.32: Mass distributions of the reconstructed, truth-matched top quarks (a) and W bosons (b).

In order to have a comparison to the results discussed in the next sub-section, a best-possible
reconstruction is defined. This reconstruction also uses truth information and, therefore, can not be used
for measured data. All pre-requirement concerning the number of b-jets in the reconstructed particles are
the same as for the j2 based reconstruction. The best-possible reconstruction first selects all top quark
candidates with a mass within 3f around <C and containing a W candidate within 3f around <, . If
there are more truth top quarks than reconstructed top quarks, the mass windows are broadened to 4f. If
the number of truth top quarks still exceeds the number of reconstructed top quarks, all candidates are kept.
After this pre-selection is finished, the matching based on Δ'(reco, truth), as described previously, is
performed. The candidates closest to the truth top quarks in the same event are said to be the reconstructed
top quarks.
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7.5 Reconstruction of Two Hadronic Top Quarks

Reconstruction Results

Figure 7.33 shows the number of identified hadronic top quarks for the CC̄CC̄ and the CC̄C processes for
the j2 reconstruction (blue) and the true distribution (red). The critical values j2

21 = 5 and j2
21 = 10

are tuned such that the reconstruction distributions match the true CC̄CC̄ distribution. This results in a
poor performance on the CC̄C dataset. In fact, only 64% of the CC̄CC̄ events and 43% of the CC̄C events are
categorized correctly to one or two hadronic top quark events. Most CC̄C one hadronic top quark events are
reconstructed as two hadronic events and most non hadronic top quark events are reconstructed as one
hadronic top quark events. The most likely explanation for this behavior is that the dominant production
channel of CC̄C is the associated production with a W boson. In fact, the original branching fraction of
0.72 is increased due to the signal region cuts to 0.99. In the case where the additional W boson decays
hadronically, a hadronic top quark decay can be easily faked. The additional W boson is also the reason
why at truth level not all CC̄C events in the signal region have one hadronic top quark. The signal region
requirement of two same sign leptons can be achieved for a two hadronic CC̄C event when the additional W
boson decays leptonically.

(a) CC̄CC̄ events (b) CC̄C events

Figure 7.33: Observed reconstruction where the critical values were tuned such that the fraction of events in all
three channels fit the true CC̄CC̄ distribution.

The poor performance (only 64% of all events a recategorized correctly) for the CC̄CC̄ is not apparent. The
comparison of Δ'(reco, truth) between the j2 based reconstruction and the best-possible reconstruction,
shown in Figure 7.34, shows that in most cases the incorrect jet combinations were selected. Furthermore,
the kinematic distribution of the reconstructed objects differ in some cases from the truth and best-possible
reconstruction distributions, as shown in Figure 7.35.
A possible improvement of the j2-based reconstruction can be the introduction of an additional term

proportional to the MV2c10 scores for the jets assumed to be the b-jet of the top-quark decay. Another
way to improve the performance is to reconstruct the leptonically decaying W bosons, additionally. The
difficulty in the reconstruction of several leptonically decaying W bosons is the allocation of �<8BB) to
several neutrinos, which was the reason why this approach was not considered for this study.
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(a) (b)

Figure 7.34: Δ' between the reconstructed top quarks and the truth top quarks for the CC̄CC̄ process (a) and the CC̄C
process (b). The last bin contains additionally all reconstructed top quarks with Δ' > 6.

(a) Top ?T for the one-hadronic-top category. (b) Top ?T for the two-hadronic-top category.

(c) Top [ for the one-hadronic-top category. (d) W boson [ for the one-hadronic-top category.
.

Figure 7.35: Kinematic distributions for the truth and reconstructed top quarks and W bosons. The last bin in all
distributions contains additionally the events which fall into bins above the maximum x-axis range.
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CHAPTER 8

Conclusion

Top quark physics is a very active research fields in particle physics. With a Yukawa coupling close to
unity and a resulting large mass, the top quark offers a great potential to observe physics beyond the
Standard Model. The decay of four top quarks produced in the same event is a particularly rare process.
Therefore, the cross-section of CC̄CC̄ is very sensitive to additional BSM contributions. Its rarity makes the
identification of CC̄CC̄ events particularly challenging and makes the need for more powerful and efficient
techniques apparent. One promising perspective are Deep Neural Networks, which outperform other
state-of-the-art machine learning techniques in many applications.
The analysis presented in this thesis utilizes Feedforward Neural Networks (FNNs) and Recurrent

Neural Networks (RNNs) to identify CC̄CC̄ events in the same-sign and multilepton channel. The Neural
Networks are trained on ATLAS simulated proton-proton collision simulation. All signal and background
datasets are split into training, testing, and validation datasets to ensure that the obtained separation
between signal and background events generalize well to unseen data. 18 input features are selected for
the Feedforward Neural Networks. The input features that discriminate CC̄CC̄ best from the backgrounds
are the number of jets and a b-tagging weight. For Recurrent Neural Networks, 9 input features that
contain the raw kinematic information for all particles in the event are combined with the three most
discriminating features of the FNN study.
An important observation is that the renormalization of event weights and the transformation of the

input features to normalized distributions is curtail for the performance of the Deep Neural Networks.
The chosen number of trainable parameters in a Deep Neural Network is observed to be pivotal to handle
overtraining and achieve the best possible performance. The choice of the activation function and weight
initializations improves the area under the ROC curve (AUC) by reducing the overtraining. The most
impactful hyperparameter for both RNNs and FNNs is the learning rate of the optimization algorithm.
In contrast, the choice of the optimization algorithm itself has no impact on the peak performance for
all trained Deep Neural Networks considered. A small batch size can increase the training speed and
can lead to improved performances for short training times. While being a promising prospect for more
complicated weight space topologies, polynomial and cyclic learning rate decay do not significantly
improve the performance of Deep Neural Networks for the CC̄CC̄ application.

The highest AUC reached for FNNs is 0.854 on the testing set and 0.852 ± 0.005 on the validation set.
The best performing RNN has an AUC of 0.842 on the testing set and 0.838 ± 0.006 on the validation set.
Therefore, it can be stated that in the considered case, constructing features using physical knowledge
is more successful than presenting all information to the Neural Network. Using the high score Neural
Network region a significant improvement of the significance from 1.8 to 2.9 for FNNs and to 2.7 for
RNNs is obtained. In both cases, the dominant backgrounds CC̄, , CC̄/ and CC̄� are reduced by a factor of
over 15. In agreement with the official ATLAS analysis, CC̄C is the hardest to distinguishing background,
also for the Deep Neural Networks. Truth level studies of CC̄C and CC̄CC̄ showed that the reconstruction of
two hadronically decaying top quarks is a promising prospect to discriminate CC̄CC̄ from CC̄C. The j2-based
reconstruction of two hadronically decaying top quarks identified most top quarks into the correct category
but still needs further improvements to restore the separations observed in the truth level studies. An
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auspicious possibility to improve the reconstruction is to identify the, bosons produced in association
with the CC̄C.

The training of both FNNs and RNNs on CPUs and GPUs were investigated as a function of the batch
size and number of trainable parameters in a Neural Network. For FNNs and RNNs, GPUs outperformed
CPUs and decreased the training time up to a factor of 4. Therefore, GPU training of Neural Networks
will become increasingly important for particle physics especially once the Large Hadron Collider is
upgraded to higher luminosities.
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APPENDIX A

Appendix

Number of Events and Event Yield

Datasets # PS # SR Yield PS Yield SR

CC̄CC̄ NLO 444664 301420 47.74 29.75
CC̄CC̄ LO 452548 283457 34.36 21.15

CC̄, 391298 14170 973.75 61.37
CC̄,, 4370 876 38.44 7.51
CC̄/ 539828 63621 630.52 50.06
CC̄� 439753 41043 324.39 38.95

CC̄QmisID 11359 586 1039.16 13.63
CC̄CO 5993 759 515.92 21.84
CC̄HF 17144 462 1881.69 15.89
CC̄light 2100 292 128.40 6.72
CC̄others 1977 195 153.27 6.28
C (C̄)- 26538 926 198.14 5.12
++ 275409 1890 313.04 4.39

++jets 6284 81 841.23 1.63
others 2579 8453 42.33 3.06

Table A.1: Number of simulated events # and yields after applying the Pre-Section PS and inside the Signal Region
SR.
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Appendix A Appendix

Input Features

Feedforward Neural Network

The distributions shown in this sub-section are the input features of the FNN.

Figure A.1: High-level input features of the Feedforward Neural Network. The last bin of all diagramms additionally
contain all events above the maximum x-axis range (overflow).
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Figure A.2: Δ' input features of the Feedforward Neural Network.
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Figure A.3: ?T input features of the Feedforward Neural Network. The last bin of all diagramms additionally
contain all events above the maximum x-axis range (overflow).
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Recurrent Neural Network

The distributions shown in this sub-section are the input features of the RNN:
∑
FMV2c10, �

<8BB
) and # 9 .

The yield of the features varies depending on the particle type.

Figure A.4: Input features of the Recurrent Neural Network. The last bin of all diagramms additionally contain all
events above the maximum x-axis range (overflow).
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Figure A.5: Input features of the Recurrent Neural Network. The last bin of all diagramms additionally contain all
events above the maximum x-axis range (overflow).
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Additional Plots

Additional plots for RNN training. Discussed in more detail in Section 7.3.

(a) (b)

Figure A.6: Observed Neural Network scores for the RNNs trained with the background dataset containing even
event numbers (a) and on the background dataset constraining odd event numbers (b).
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Figure A.7: The overtraining of RNNs as a function of the batch size and the learning rate. (ADAM)
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Figure A.8: Overtraining of RNNs as a function of the learning rate for different powers of the decaying polynomial.
(ADAM)

Figure A.9: The �T distribution after applying a cut (optimized on the signal efficiency) to the RNN score obtained
for the training on the background dataset containing odd event numbers. The last bin additionally contains all
events with �T > 2 200 GeV.
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