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2 Introduction

At the Large Hadron Collider (LHC) at CERN in Geneva, particles are collided at immense
energies and frequencies, to probe a world of physics that was previously inaccessible. Each
collision produces large amounts of particles, many of which we already know. But there
are many theoretical models that predict new particles, that should also be produced in the
LHC. The problem is finding them. These particles decay very quickly, and are not detected
directly. Their decay products are what is measured in the detector. How can we know which
particles come from known particles (background) and which originate from new, undiscovered
physical processes (signal)? In this thesis, we will look into the task of distinguishing signal
from background. This will be done in two ways, first by contributing to an already existing
strategy, and second by constructing a search strategy from scratch.

Of course, the term ‘new particles’ is quite vague. The new physics we will be looking into
comes from the framework of supersymmetry, an extension of the standard model which de-
scribes all the particles we have observed so far. The interesting thing about supersymmetry
is that it provides an explanation for dark matter. Astronomical observations indicate that
regular matter, which makes up everything we can encouter in our everyday life, cannot be
all there is. In fact, a large portion of the matter in the universe could be comprised of some
unknown matter, which we call dark matter, because it does not emit light. In the first half
of the theory section (sec. 3.1 - 3.4), we look into the concepts of supersymmetry and dark
matter. These are both very complex subjects and we will therefore only go into the theory
that is relevant for this thesis. We also shortly go into the LHC and one of the experiments
that actually measures the particles, ATLAS (sec. 3.5).

In the second half of the theory section(sec. 3.7), we will discuss the method of how we are
going to distinguish background from signal. Our strategy will be based on machine learning
tools. Machine learning uses computer algorithms to find patterns in data. By feeding these
tools computer generated data from collision events, patterns can be found that help distin-
guish between different kinds of data.

As we have said before, this project will be split into two subprojects. The same can be said
about this thesis. The methods, results and discussion will be separated for each subproject.
We will explain what algorithms were used, what the results were and what this means for
search strategies at the LHC.



3 Theory

3.1 Dark Matter

One of the biggest unanswered questions in physics is what the universe is made of. We now
believe that only about 5% of the energy budget of the universe is baryonic matter, the matter
we know from day to day life. A far larger part is dark matter (DM), which makes up about
25% [1]. There are many theories as to what DM is, and this research is ultimately aimed at
helping to answer this question. Before we go into all that, there is an important question
we need to ask ourselves. Why do we believe that there is so much unexplained matter in
the universe? This is because there are many astronomical observations that point in this
direction. Here, we will discuss three of them.

3.1.1 Rotation Curves

The first of these observations is the rotation curves of galaxies. Galaxies, like our own Milky
Way, rotate around their center. The speed with which objects in the galaxy rotate around
their center depends on how far that object is located away from the center. Figure 1 shows
an example of the measured rotation curve of galaxy NGC6503 [2].
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Figure 1: The rotation curve of galaxy NGC6503 [2]. The dotted, dashed and dashed dotted
lines are the theoretical contributions from gas, disk and halo respectively. We can clearly see
that contributions from disk and gas (the ‘normal’ matter), do not give the observed curve.
Only when a DM halo is added does the theoretical prediction match the measurements.

Figure 1 shows us that at large radii, beyond the edge of the galactic disc, a flat behaviour
of the rotation curve occurs. This means that over a large range of distances from the center
of the galaxy, objects travel at the same speed. This is unexpected because we know from
Newtonian dynamics that the speed of an object in orbit around a massive object should follow
relation 1. It must be noted that this relation is only valid for spherically symmetrical galaxies.
However, similar arguments can be made for non-spherical, more realistic mass density profiles

of galaxies.



o(r) = GM (r) (1)

r

with M(r) = /p(r)r2dr (2)

Here, G is Newtons’s constant. We observe that the mass profile, M (r), of baryonic mass
decreases o< 1/4/r at large r. However, we see that at large r, v is constant. This means
that the mass density profile p oc 1/r2. Thus there must be something that gives rise to this
deviating distribution [3].

Such observervations can be explained in different ways. A simple explanation is the presence
of extra mass, which is altering the mass density profile. This mass could be in the form
of non-luminous astrophysical objects, but also in the form of electrically neutral particles
introduced by new physics. In this research, the mass is assumed to originate from such an
unknown particle. However, you could also argue that the laws of gravity we know might be
wrong or incomplete at large distances. For our example this would mean that although the
mass distribution decreases with 1/4/7, some unknown gravitational effect causes the speed
to become constant at larger 7.

3.1.2 Bullet Cluster

So we have seen that there are two important explanations for the gravitational effects ob-
served. Why then do we choose to investigate the existence of an unknown, new, elusive
particle when it is not even clear if such a particle is necessary? Well, this is because there are
also some important observations that cannot be explained by modified gravitational laws.
One of these observations is the bullet cluster [1]. This is a cluster of galaxies that has been
formed by two smaller clusters colliding. From the observational technique of gravitational
lensing the mass distribution of this cluster has been deduced. Gravitational lensing is an
effect described by General Relativity. Because mass curves space-time it changes the trajec-
tories of particles, such as photons, causing mass to bend light around it. This can be used in
astronomy to measure mass distributions, by looking at light from bright objects behind the
massive object under investigation. This is very useful because it allows to not only observe
mass that emits light, but also matter that does not, such as DM.

Figure 2: Image of the bullet cluster, two colliding clusters. A combination of gravitational
lensing and optical measurements have been used to identify DM (purple) and baryonic matter

(pink).



In figure 2 we can see four regions, two pink and two purple. The pink regions are made
of baryonic gas, slowed down by friction upon impact. This gas is hot and emits photons,
and can be observed by optical measurements. The purple areas have slowed down much less
than the gas and have thus accumulated near the edges of the new cluster. Because the mass
fraction of gas in clusters is much higher than that of objects like stars [4], we would expect
that most of the mass would be near the center of the new cluster, because that is where the
gas is located. However, gravitational lensing observations tell us that in fact most of the
matter is located near the edges of the new cluster, in the purple areas.

This is a strong indication that there are unknown objects/particles that interact at most
weakly (or else friction would have slowed them down). This has much less to do with gravi-
tational effects, and thus cannot be explained with modified gravity.

3.1.3 CMB

A distinction can be made between cold DM and hot DM. The distinction is based on speed.
Hot DM moves relativistically, cold DM does not. Most evidence points to DM being cold.
One of the observations in support of this is the cosmic microwave background (CMB). This is
the light that is left over from right after the universe became optically transparent, so a few
seconds after the Big-Bang. An image of the distribution of this light can be seen in figure 3.

Figure 3: Image of the CMB as observed by the Planck telescope. The colours indicate the
intensity fluctuations of the light.

The intensity is not the same across the image. We believe that it is DM that triggered this
structure formation. The details of this are not relevant, but the idea is that tiny variations in
the initial mass distribution would have increased due to mass (including DM) accumulating
around areas of higher mass density. This is a positive feedback loop, which eventually leads
to the large scale structures we see today. However, for this to occur, DM must be cold. If
it was too hot, it would never accumulate near areas with more mass, never initiating the
positive feedback loop.



3.1.4 The WIMP miracle

The following section has been based on ref. [5]. Both temperature 7" and DM mass m, have
units of energy.

Now that we have made it plausible that we need a new type of particle to explain DM, an
obvious question arises. What should this particle be? One of the most important candi-
dates for particle DM is the class of WIMPs, the weakly interacting massive particles. These
WIMPs are particles with masses at the weak scale, which is in the 10 GeV - 1 TeV regime.
They are a candidate because they introduce something called the WIMP miracle. This is the
fact that stable WIMP DM could give rise to the DM relic density (the amount of DM left
in the universe). Several measures of the relic density will be used; Y and Qx. Introducing
their exact definition requires information that goes beyond the scope of this research. Giving
exact values of these quantities would thus also be less useful. For the arguments made in this
section, it is enough to recognize them as measures of the density of dark matter left in our
universe at the present moment. This section is aimed at introducing the concept of WIMPs
and making plausible that they could be good DM candidates.

To understand how WIMPs could give rise to the correct relic density, we need to go back
to the beginning of the universe. After the Big Bang, the universe was a very hot place.
When the temperature of the universe 7' is higher than the mass of the DM particle m,,
the particles are in thermal equilibrium, meaning that as many particles are created as are
annihilated. However, as T' decreased, eventually becoming smaller than m,, the abundance
of the particles decreases with ~ (mXT)3/ 2¢mx/T At the present moment, the temperature of
the universe is very low, and we would expect the amount of DM particles to have dropped
to zero. However, the universe is not only cooling down, it is also expanding. This causes a
freeze out: at a certain moment the DM in the universe is so dilute, that the DM particles are
too far away from each other to interact. This in turn causes the number of DM particles to
approach a constant. We can describe this process using the Boltzmann Equation:
% = —3Hn — (o4v)(n® — nzq)

The first term on the right hand side describes the decrease of number density (n) due to
dilution. Here, H is the Hubble parameter, which is a measure of the rate at which the
universe expands. The second term gives the change of number density due to creation and
annihilation. Here (o4v) is the thermally averaged DM annihilation cross section, which is
a measure for the amount of events, i.e. how often a certain reaction occurs. The n’-term
comes from the DM annihilation reaction XX — SM, with SM representing the Standard
Model (non-DM) particles, and nzq—term comes from the reverse, DM creation, process.

The relic density can be calculated by solving the Boltzmann equation numerically. However,
this is a quite difficult procedure, and goes beyond the scope of this thesis. We will only
discuss the results. This will be done on the basis of two figures.
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(a) The evolution of the density of a 100 GeV
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Figure 4: Figures taken from ref. [5].

From figure 4a we can gather that a 100 GeV WIMP could indeed lead to the correct relic
density, if it has the correct cross section. Variations in the cross section will lead to different
relic densities. We saw this dependence in the Boltzmann equation. The evolution of the
dashed line indicates the evolution of the density of a particle that stays in thermal equilibrium.
As we had expected, this cannot lead to the correct relic density. Figure 4a shows us the
evolution of a WIMP particle with a single mass. Figure 4b shows us the range of masses
that could lead to a correct relic density. For example, a particle with the same annihilation
cross section but a lighter mass as the particle displayed in the left figure would lead to a relic
density that is too low. However, if its cross section was also a bit lower, it could again lead
to the correct value. The brown shaded area in figure 4b indicates the particle masses that
could give rise to the correct relic density if the correct, reasonable cross section is chosen.
We see that for 100% WIMP DM we get a mass range of 100-1000 GeV, very natural values
for a weakly interacting particle. This is what is referred to as the WIMP miracle: a weakly
interacting massive particle could very naturally lead to a correct relic density. Of course,
not all DM has to be explained by a single particle. If we accept this, more masses and
annihilation cross sections are acceptable. The supersymmetric DM candidate that will be
introduced later falls into this category.



3.2 Brief overview of the Standard Model

Now we have convinced ourselves that particle DM is necessary and that the WIMP is a
plausible candidate, we need to see if we can find a good WIMP candidate. The obvious place
to start looking is the Standard Model of particle physics (SM). To do this, it is a good idea
to first recap what we know about the SM. This section is entirely based on several chapters
from ref. [6].

The SM of elementary particle physics describes the smallest building blocks of nature and
their interactions. These particles can be grouped by several different properties. The first
is spin. Particles with half integer spin are called fermions, whereas particles with integer
spin are called bosons. Fermions can be divided into different subgroups. If the particle has a
colour charge, and thus interacts via the strong force, it is called a quark. If it does not, it is a
lepton. These groups can both be divided into three subgroups, called generations. There are
twelve fermions. Six flavours of leptons distributed over three generations, and six flavours
of quarks, also divided in three generations. The complete list of fermions is shown below:

Table 1: The leptons of the SM.

Generation | Flavour Charge | Spin
First e (electron) -1 3

ve (electron neutrino) | 0 3
Second g (muon) -1 3

v, (muon neutrino) 0 3
Third 7 (tauon) -1 3

v; (tauon neutrino) 0 3

Table 2: The quarks of the SM.

Generation | Flavour Charge | Spin
First d (down) —1 :

u (up) 3 3
Second s (strange) | —% :

c (charm) | 3 3
Third b (bottom) | —3% :

t (top) 3 5

Before we look at the bosons, we first need to introduce the four fundamental forces of nature.
These are, in decreasing strength: strong, electromagnetic, weak and gravitational forces.
Gravity cannot be treated in the same quantum mechanical way as the other three forces
and will thus not be treated here. All forces need to be considered on a quantum scale to
be applicable in elementary particle physics. In this context we couple a force to a mediator.
These mediators transfer a specific force between particles that couple to this force.

The first force we will discuss is the electromagnetic force. This is the same force that we
know from the classical theory of electromagnetism. However, on the quantum scale we need
to look at the quantum version, called quantum electrodynamics (QED). The electromagnetic
force works on particles which have charge and is mediated by massless photons.

10



The second elementary force we will discuss is the strong force. Because the strong force works
on very tiny length scales, it does not have a classical equivalent. The quantum mechanical
theory of the strong force is called QCD, quantum chromodynamics. We immediately rec-
ognize the Greek word for colour in that name. Colour is an intrinsic property of particles
that couple to the strong force, which in the SM are quarks and gluons. There are three
types of quark colour: red, green and blue. Quarks carry colour, antiquarks carry anticolour:
anti-red, anti-green and anti-blue. We should stress that quarks don’t actually have a phys-
ical colour, it is a name given to one of the quark’s quantum numbers. Like the photons in
QED, the force mediator in QCD are the massless gluons. Gluons are bi-coloured, meaning
they have one color and one anti colour. All measurable particles in nature are colourless
or white, so it is impossible to find a free quark or gluon. This is called confinement. They
always combine to form a baryon (like the proton) or a meson (like the pion). Baryons are
made up of three quarks in a colourless combination. Mesons are made of a quark and an an-
tiquark, also in a colourless combination. Together the mesons and baryons are called hadrons.

The final force we will talk about is the weak force. It does not have an abbreviation like the
other two forces do. Another thing that sets this force apart from the other two is the fact
that the mediators have mass. These couple to all leptons as well as quarks. The weak force
has three massive mediators, the Z-boson, which mediates the neutral interaction, and the
W*-bosons, which mediate the charged interaction. These mediators, as well as the photon
and the gluon all have spin 1. Together they are known as the gauge bosons. Finally we have
the Higgs mechanism, which is linked to mass generation. This mechanism introduces the
final particle in the SM, the Higgs boson. It has spin 0 and is massive.

3.2.1 Mixing

In the previous sections, we omitted one complication from our discussion on the weak force.
Observations indicate that it is not the mass-eigenstate quarks (up,down etc.) that the weak
force couples to. There seems to be some mixing between the different generations. This
means that the weak eigenstates of the quarks are not (u,d), (c,s), (t,b) but (u,d’), (c,s),
(t,b’) where d’,s" and b’ are defined as follows.

d/ Vud Vus Vub d
SN =1 Vea Ves Vo | | s
v Vie Vis Vi b

The matrix in the middle is called the CKM-matrix, and it tells us how the different mass

eigenstates mix in the charged interaction.

3.2.2 Electroweak force

One other thing to take into account is that the electromagnetic force and the weak force
are actually not two distinct forces, but can be regarded as manifestations of the electroweak
force, which is mediated by its own set of gauge bosons. These electroweak eigenstates are
the B, W1, Wy, W3 bosons. These mix, just like the quarks in weak theory, to create the mass
eigenstates we recognize:

~v = cos(fw ) B + sin(Oy ) W3

Z = —sin(bw)B + cos(Ow ) W3
1

Wt = —Q(W1 T iWs)

Here 6y is the electroweak mixing angle.



3.2.3 Possible WIMP candidates

Now we have introduced all relevant parts of the SM, we can return to our original question
and see if we can find a good WIMP candidate. It turns out that we cannot. One of the
properties of the WIMP is that is must be solely weakly interacting. This means we can
disregard all quarks and charged leptons. This leaves us with only the neutrinos and the the
Z and Higgs boson. The latter two aren’t good candidates because they are very unstable.
Neutrinos would be our best shot, but sadly their mass is too small to produce the correct
relic density. They are also relativistic, meaning they belong to hot DM, and we are searching
for a cold DM candidate. So, we need to look somewhere else for our DM candidate.

12



3.3 Supersymmetry

The SM is not a complete description of nature. To fix its shortcomings, theorists come up
with extensions to the SM. One of these extensions is supersymmetry (SUSY). SUSY says
that every SM particle should have a partner, which has exactly the same quantum numbers
except for its spin. The spin changes by 1/2, so bosons become fermions and vice versa.
However, this would also mean that the mass of the partners would be the same. If this were
the case, we should have already observed superpartners. The case is that SUSY is a broken
symmetry, which means besides having different spins, the superpartners also have a different
mass. It needs to be said that there are many different SUSY breaking models. The generic
SUSY model we will be looking at is the Minimal Supersymmetric Standard Model (MSSM),
which includes all SUSY breaking models with a minimal amount of particles.

So each particle has its own superpartner. The partners of the quarks and leptons are called
squarks and sleptons and have spin 0. The names of the partners of the SM fermions are
all constructed by adding the prefix s. The superpartners of the SM gauge bosons are called
gauginos and have spin 1/2. The suffix -ino is added to the names of the SM gauge bosons.
It is important to note that the electroweak gauginos are superpartners of the electroweak
eigenstate gauge bosons, so Wy, Wy, W3, B. Finally there is the Higgs boson. The MSSM
requires five higgs states, two charged and three neutral. The Higgs superpartners also have
spin 1/2 and are again named by adding the suffix -ino. The symbols of all superpartners are
constructed by adding a tilde to the SM symbol (e.g. u* — u*).

Just like in the SM, the mass eigenstates of the gauginos are not the same as the electroweak
eigenstates. Mixing again occurs, to create the neutralinos and the charginos. The neutralinos
are mixed states of the neutral electroweak gauginos, belonging to B and W3, and the two
neutral higgsinos. This creates four new particles, which are all neutral and are ordered by
increasing mass. The charginos are mixed states of the corresponding charged gaugino, so Wi,
and corresponding charged higgsino. These again are ordered by increasing mass. Eventually,
we have 4 neutralinos and 4 charginos:

neutralinos: Xb, X9, Xa» X1

charginos: )ﬁc, @t

Different MSSM models result in different neutralino and chargino compositions. If a mixed
particle is composed of mostly Bino (B), it is called Bino-like. The same goes for Higgsino
and Wino (Wi23).

The last thing we need to introduce about the MSSM is R-parity conservation. The most
important thing to note is that supersymmetrical particles have R-parity -1 and each SM
particle (including all Higgs states) has R-parity +1. If interactions conserve R-parity, super-
symmetrical particles can’t decay into (only) SM particles. This in turn means the lightest
supersymmetrical particle (LSP) is stable!

We have introduced a lot of new concepts. However, we should remember our goal: to find a
good WIMP candidate. Could one of the SUSY superpartners be suitable? It turns out this
is indeed the case and that the lightest neutralino is a great WIMP candidate. Why is this?
Well, first of all it is charge and colour neutral, so only interacts weakly. Second of all, it has
mass so it could explain the gravitation effects observed by astronomers. Its mass can also
be in a range that allows it to produce the correct relic density. And finally, in many SUSY
breaking models X! is also the LSP, and therefore stable!

13



3.4 Galactic center excess

So far we have seen that the lightest neutralino of the supersymmetric model could be a
good candidate for DM. However, there are many parameters like masses and couplings in
the MSSM. Which models should we look for? To answer this question, we need experimen-
tal input, in this case in the form of the photon excess coming from the center of the Milky Way.

As we have stated before, there is a lot of DM in our galaxy, especially near the center. This
is because of gravitational effects: because there is a lot of baryonic matter near the center,
DM is pulled towards it. This in turn pulls more baryonic matter towards the center. Via
annihilation, this DM could produce photons (indirectly). It has been shown that certain
DM models can explain the photon excess in the 1 GeV < E, < 5 GeV range measured by
the Fermi-LAT telescope via these annihilation photons. Observational data was fitted using
SUSY parameter scans to find which combination of parameters would lead to the best fit to
the excess amount of photons coming from the Galactic center [7]. For our purposes the most
important parameters to look at are the masses of the lightest neutralino and the lightest
chargino. Figure 5 shows which model points would explain the excess best (a lower p-value
means a better fit). We can see that the difference in mass between these two particles, the
so called mass gap AM, can be quite small (0 GeV < AM < 90 GeV ). Why this is an
interesting observation will become clear in the next section, where we will explore the direct
search for these DM candidates.
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Figure 5: The best fit SUSY models that could explain the Galactic center excess (GCE).
A lower p-value means a better fit. The yellow overlay indicates those models that result
in a correct relic density. The grey line indicates the models where the mass gap is zero:
Mt = My, Adapted from ref. [8].
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3.5 Collider searches

There are many different ways of looking for DM, but the way we will look into involves particle
colliders, in particular that of the Large Hadron Collider (LHC). In this collider, protons are
accelerated and collided into one another, creating many different particles. Every collision is
called an event. If SUSY exists and it includes particles with masses in the range accessible
to the LHC, these particles could be created in these collisions. If this is the case, we should
be able to find signs of their creation. And if we do not find signs of their creation, we should
be able to exclude certain mass and cross section ranges of the particles. This is why SUSY
should be a broken symmetry; SUSY particles with low masses have all been excluded because
no sign of them has ever been found. These signs would be found in one of the detectors at
the LHC. The LHC accelerates the protons and collides them and the detectors measure
everything that comes out of those collisions. There are a few detectors, each with a different
focus. The general-purpose detector we will be focusing on is ATLAS.

3.5.1 ATLAS

ATLAS is one of the four detector at the LHC. It has several layers, each designed to measure
a specific particle. The precise details of ATLAS are irrelevant to this research. It is however
important to know what it can measure. At first order we could say that it can measure
particles and their four-momenta (F,p). For example, it can detect the energy, momentum
and recognise electrons. However, there are exceptions and complications.

One of these complications comes from quarks. As we have seen, quarks always combine to
form baryons or mesons. However, they are not created as such. In the collision at the LHC,
they are created as free quarks. They have very high energies, allowing them to very shortly
travel as free quarks. There is so much energy that a quark-antiquark pair can be created.
The antiquark pairs with free quarks to form a meson. The remaining quark now has a lower
energy because some of the energy was used to create the quark-antiquark pair. However,
there is still a free quark with a high energy. So the whole process is repeated several times
until the energy of the remaining quark is so low that it can bind to a hadron. What we
are left with is a group of hadrons all traveling in about the same direction. This cluster of
hadrons is called a jet. ATLAS can measure the four-momenta of these jets.

The second important complication is the missing transverse momentum. In the LHC, the
two protons are collided head on. This means that the total momentum transverse to the
beam pipe is zero. Because of conservation of momentum the sum of all transverse momenta
of all collision products (the particles created by the collision), should also be zero. However,
as noted before, ATLAS cannot measure every type of particle. The most notable of these
are the neutrinos. They only interact weakly and do not decay in the detector, which can
therefore not detect them. This means that part of the transverse momentum is carried off by
the neutrinos. The same would be true for a potential DM particle. It could at most interact
weakly (and gravitationally) and would therefore fly right through the detector. This creates
an unbalance in the transverse momentum. The momentum carried off by the undetected
particles is missing, and is therefore called missing transverse momentum. This quantity can
be calculated by adding up all the measured transverse momenta and seeing how much the
balance is short of being zero. It should be noted that in the following we will be talking
about missing transverse energy (Fp, MET). However, because energy and momentum can
easily be related via the mass of the particle, this distinction is not very important.
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To properly introduce the kinematic variables used in this research we first need to get a feeling
of what coordinate system we will be using. We will be using spherical coordinates as can be
seen in figure 6. It should be noted that instead of using 6, the coordinate pseudorapidity 7
is used, which is defined as follows:

0
= —In(tan -
n n(an2)

Detector

Collision Point 9

b

\
X (Center of LHC)

Figure 6: The basic structure of the ATLAS detector, including the coordinate system it uses.

Now we have seen in what kind of coordinate system we are operating, we can introduce some
variables that will be used.

e AR = \/A¢? + An?: A measure for the angular distance between two particles, with
A¢ the difference in the polar coordinates and An the difference in pseudorapidity.

o M- = +/(Eix + E_)?— (pi+ +pi—)2%: The combined invariant mass of two particles
with opposite charge (in this case leptons).

o Pr=,/ pg + p2: The momentum of a particle perpendicular to the beampipe.

3.5.2 Signal - Background selection

Say that you are looking for a new particle that decays to a pair of electrons. ATLAS could
certainly detect these electrons, but how could you know they were the result of some new
particle instead of the many SM processes result in two electrons? The problem is that for
every event where a SUSY particle is made, there are many events where only SM background
processes occur. ATLAS selects the signal from the background by gathering all the events and
applying cuts to different kinematic variables. We know what SM electrons should ‘look’ like
(what properties they should have) and we know what electrons from new particles should look
like. By finding the properties that distinguish signal from background, a lot of background
can be cut away. For example, we could say that all events that have f < 10 GeV should
be cut away, because the signal has a high [, signature. Eventually, you hope to be left
with pure signal, i.e. events that only the existence of the new particle can explain. Now, a
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pure signal can never be a reality, because signal and background often look very similar, and
there are always uncertainties on the theoretical models that tell you the properties of signal
and background events. ATLAS uses a significance measure to say how likely it is that a new
particle has been found (or its mass excluded for that matter), called the Zy-value. We will
refer to this value as the significance. The Zx value indicates how many standard deviations
a new-physics model differs from the SM. Discovery is mostly claimed when the value exceeds
50, whereas a model is excluded if you expect to see more than a 30 excess, but nothing is
found.

3.5.3 Process

It is now time to introduce the specific process we will be looking at in this research. It can
be seen in figure 7. Two quarks interact via the weak interaction, producing a W boson. This
boson then creates a lightest chargino and a second lightest neutralino. Both of these particles
decay via the weak interaction into the lightest neutralino (the WIMP candidate) and a weak
gauge boson. These gauge bosons then decay into a pair of leptons. These final six particles
enter the detector. As we have seen, the LSP and neutrino cannot be detected and contribute
to the MET. The three charged leptons are detected by the ATLAS detector. This means this
process has a specific signature: 31 4+ .

q

Figure 7: The Feynman diagram of the process we will be investigating [9].

An important property of this process is the presence of an opposite sign - same flavour (OSSF)
charged lepton pair, which originates from the Z-boson.

3.5.4 Current searches

Several searches for the process introduced in the previous section have already been con-
ducted or proposed. We will focus on the strategy by the ATLAS collaboration. The solid
red and purple lines in figure 8 show the exclusion limits for the masses of the SUSY particles
in the process shown in figure 7, which is the most important exclusion limit for our research.
The purple limits belong to the LHC-run where the collisions had a center of mass energy of
8 TeV. The red limits are newer and belong to the LCH-run with a center of mass energy of
13 TeV. The lines with different colours belong to different processes. ATLAS unrealistically
assumes that the branching ratio to two LSP’s and a W and Z boson is 100%. This means
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that all )ﬁ and X5 particles decay into these products. For this search, a model is chosen
where these SUSY particles have the same mass. Note that we will not be making these
assumptions in our research. The most important line in the figure is the red one, which indi-
cates the observed limit. Everything below that line can be excluded with 95% confidence level.

What we can see is that for compressed models, where msg = Mo, the limits are not very

strong, meaning that not a lot of models can be excluded. This is especially the case for the 13
TeV run. The general trend is that the larger the mass gap, the more models can be excluded.
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Figure 8: The limits set by ATLAS on a specific SUSY model [10], where Mot = Msy. The red

line indicates the limits as has been observed for the \/s = 13 TeV run. Several lines indicate

models where a certain relation between mgy and mso apply.

3.5.5 Search strategy for compressed spectra

We have seen that the limits placed by ATLAS are not as strong for compressed models.
This is a problem, because these are the models that might be able to explain the GCE. We
therefore need a way to become more sensitive to these types of models. We will look at a
proposed search strategy introduced in ref. [9]. This paper stresses the importance of a search
directly aimed at those compressed models.

There are several choices that the ATLAS collaboration makes that directly lead to their
search strategy being less suitable in this mass region. First of all, the ATLAS strategy relies
on triggers where Pr(l) > 20 GeV. This means that events are only saved as such if the trans-
verse momentum of their most energetic leptons is higher than 20 GeV. However, for small
AM models, this presents a problem. If we assume that the energy of the Z boson is spread
evenly among its two daughter leptons, we can see that the momentum of each of these leptons
is roughly bounded by (m%g - m%?) /2. So we will have a problem if the mass difference drops
below 40 — 50 GeV.

Another problem that makes the ATLAS strategy less effective for compressed models is the
fact that they look for large Fp. It is true that the LSPs carry off most of the energy of the
next to lightest supersymmetric particles (NLSPs), in this case the 5{% and X3. This is why
it is logical to expect high J. However, this does not necessarily need to be the case. The
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LSPs are often produced back to back. This allows for their momenta to be cancelled (to some
extent) in the equation that is used to calculate the Fr.

Selecting the OSSF pair poses another challenge. Doing this correctly is important when
reconstructing an event that gives information about the new physics. If all three leptons
have the same flavour, there are two candidate OSSF pairs. One is correct, with both leptons
coming from the Z-boson. The other is wrong, because one lepton originates from the W=
boson. ATLAS selects the pair of leptons that has an invariant mass M;,;_ close to the Z-
boson-mass. Because of conservation of momentum, the invariant mass before and after a
decay must be the same, so the invariant mass of the lepton pair will be the same as that
of the Z-boson. So selecting the pair based on the Z-boson-mass seems like a good idea.
However, we are looking at compressed spectra, where the mass gap between the lightest and
second lightest neutralino is smaller than the mass of the Z-boson. There is not enough energy
available to produce the boson on shell, and so a virtual Z-boson is created. A virtual Z-boson
can have a lower invariant mass, so the lepton pair produced in a compressed process will also
have an invariant mass lower than the Z-mass. Ref. [9] proposes to select the OSSF-pair based
on the minimum separation (smallest value of AR). Other possibilities include taking the pair
with the smallest M;,;_ or with the highest Pr per lepton.

3.6 Research Question

We have now seen why we need an explanation for DM, why the LSP could be a good WIMP
candidate and what attempts have already been made to find it. In this research we will
attempt to improve on the current search strategies. To do this we will be using machine
learning techniques. Machine learning uses computer algorithms to search for patterns in
data, which allows it to distinguish between different types of data points. The details of
machine learning will be explained later.

In this thesis we will be researching two different questions. The first arises from the difficul-
ties of selecting the correct OSSF pair. The goal of the first part of this research is to see if
machine learning techniques can be used to classify the final state leptons as belonging to the
OSSF pair or not. This leads to the first research question:

How can machine learning tools be used to classify final state leptons as pair or non-pair lep-
tons?

In the second part of this research we will attempt to use machine learning tools to create an
entirely new strategy. Machine learning will be used to classify events instead of leptons. We
want to see if patterns can be found that allow for the distinction between events belonging
to background processes and events belonging to signal processes. This leads to the second
research question:

How can machine learning tools be used to classify Monte Carlo simulated events as belonging
to signal or background processes?
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3.7 Machine Learning
3.7.1 The basics

We are now going to look a little deeper into machine learning. In machine learning, data
is provided to an algorithm, which then finds patterns in that data. Using these patterns, it
can then predict an output for new data points. This output is called a target or label. There
are two types of machine learning: classification and regression. In regression the target is
continuous. An example of this type of machine learning is fitting a function. Given a cer-
tain z € R what would y € R be? In that case, x is a data point and y is the target. In
classification problems the target or label are discrete and they tell us to which class a point
belongs. An example of this would be predicting if someone has a disease. The data point
would be a patient and the target would be positive or negative, i.e. the patient does or does
not have the disease. Because our data points belong to classes (pair or non-pair and signal
or background) we will be looking into classification.

Another distinction can be made by whether or not a target is provided with the data point.
If it is, the machine learning problem is said to be supervised. If it is not, it is a unsuper-
vised problem. In a supervised problem, we give the algorithm a lot of data, providing each
data point with a target. Each data point contains an attribute set. These are the specific
properties of a given data point. In machine learning, these properties are called features. In
the medical example these would be the patients symptoms. The algorithm then tries to find
patterns in the data that predict the target. If we then provide new data without a target,
it can predict what the target should be. This is the route we will be taking in this research.
Our problem calls for supervised classification.

To make sure the previous part is clear, I will apply the terms mentioned above to an example.
Figure 9 shows a classification problem. There are three classes, red, green and blue. The x
and y axis represent two features and each point is a data point. This means that (x,y) form
the attribute set of the data point. The colour of each point indicates its class, or target.
The algorithm then tries to relate the features to a target. This is represented here by the
coloured areas. If a data point is in the red area for example, the algorithm says it has class
red. So if a new data point were to have (x,y) = (4,5) it would predict that it has class red.
The boundaries between the areas are called decision boundaries. The plain in which all this
happens is called the feature space, which has the same amount of dimensions as the number
of features (so in this case 2).

Figure 9: Visualisation of machine learning. FEach point in feature space represents a data
point, each colour represents a class. The coloured areas indicate what the tool has learned

[11].
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3.7.2 Model selection and overfitting

We have so far been very vague about the algorithms (we will also use the terms tools or
classifiers) that find the pattern in the data. This is because there are many different al-
gorithms that use different techniques to do their job. However, they all have something in
common. They are all tunable. By altering them slightly, they can be improved. These im-
provements are made by adjusting the hyperparameters of the classification algorithm. The
prefix hyper- is added to prevent confusion with the parameters of the data, the features. The
patterns in the data are found by the algorithm itself, but the hyperparameters must be tuned
by the user. The same goes for the size of the data sets used. For this quantity, the bigger
the better applies. We will therefore take (arbitrarily) large data sets throughout the research.

This leads us to the next important concept in machine learning: overfitting [12]. The basic
idea is that an algorithm can be made very complex by tuning its hyperparameters. An al-
gorithm is complex when its decision boundary is complex. This can be made clear by again
looking at figure 9. Most of the points are grouped together, but there are some outliers: some
of the blue dots lie in the area that is dominated by green points and vice versa. Now we could
tune the algorithm to make a very complex decision boundary, so that every data point of
the training data lies in its corresponding area. However, it is very likely that when new data
points are added for the algorithm to predict, these complex decision boundaries will not reflect
reality, and some points will be classified incorrectly. Overfitting leads to very good classifica-
tion of training data, but to poor classification of new data. The predictor is not generalisable.

To prevent this, we can separate our initial data, with which we create our predictor, into
two groups: training and validation data. The training data is given to the algorithm to find
the decision boundaries. The validation data is then used to tune the hyperparameters. This
process is called model selection. In this context, a model is just an algorithm with a specific
set of hyperparameters. Because the word ‘model’ can be confusing because of its use in the
context of SUSY models, we will not use it in the context of machine learning. Checking a tool
with the validation data will prevent overfitting, because tools which are overfitted will have
poor performance on the validation data, and will thus be rejected. However, because you are
using the validation data to tune the hyperparameters, you are still in danger of overfitting.
When trying to get the best performance by tuning you could be tuning the hyperparameters
in such a way that the predictor works well on the validation data but will still not be very
generalisable. To make sure that this is not the case, it is often wise to split the data in three
instead of two, with the third set being the test set. This is the final check to see how well
your model works. The test set is used only once, after all tuning is complete, to assess the
actual performance of the predictor.

Now we understand machine learning in general, we can look at it in more detail, and at the
different algorithms specifically. In this thesis we will be looking at decision trees, random
forests, support vector machines and neural networks. In the following sections, we will explain
the basic ideas of these tools.
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3.7.3 Decision Trees

Decision trees are one of the most simple classification tools. The basic idea is to take consec-
utive binary cuts in feature space until you are left with a decision about what class a data
point belongs to. To clarify this, let’s look at an example. The example has two features, x
and y, and three classes, red, blue and yellow.

1L

| 1 | 1 1 I
Figure 10: Visualisation of ML by a decision tree. The lines between the different coloured
areas have been learned by the tool to best separate the data [11].

We can see that the decision tree has partitioned the feature space by drawing lines in it. For
example, it has said that if y < 0.9, the class is blue. It has also found that if 0.9 <y < 1.4
and & < 7 the class is red. By combining all these conditions it has divided up the feature
space. We can also see an example of what could be overfitting. At x ~ 6 we see a sliver
of red in the yellow area. This is probably caused by an outlier, and doesn’t represent the truth.

So far it is not clear why this tool is called a decision tree. To understand this we will again

look at figure 10, disregarding the sliver of red we previously mentioned. It is straightforward
to see that this figure can also be represented as shown in figure 11.
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Figure 11: Visual representation of a decision tree decision process. We start at the top and
work towards the bottom, each end note being a classification.

The decisions form a structure that looks like an inverted tree. The terminology of the ar-
chitecture of such a tree stays with the tree metaphor. Each true/false line is called a branch
and each final decision is called a leaf. The first condition is called the root.

Now we have introduced the basic idea and architecture of a decision tree we can look into
how best to tune it. As we saw in figure 10, this type of tool is prone to overfitting. How can
we counteract this? One way to do this is by setting a maximum depth to the tree. You can
only have a specific amount of conditions before a decision has to be made. This prevents the
creation of ever more complex decision boundaries.

One final thing we should introduce about decision trees before we continue to random forests,
is feature importance. A decision tree algorithm can tell you how important a feature was
when separating the data into classes. For example, consider a binary classification problem
with two features, x and y. If all points of class A lie below y=3 and all points of class B lie
above it, then the tool can classify all points by just using feature y. This feature is thus much
more important than feature x.

3.7.4 Random Forests

As stated in the previous section, one of the biggest problems with decision tree algorithms
is over-fitting. One of the solutions to this problem is using a random forest[13]. A random
forest is basically a group of decision trees that all classify a certain point separately, and
then vote over which it is. This process is called bagging. The best results are obtained if
the trees are uncorrelated. However, they use the same features and try to describe the same
system, so they are obviously not uncorrelated. The idea of a random forest is to decrease
this correlation by training each tree with a selection m out of the total p features. A typical
value for m is \/p. However, this is not always the best choice. This could for example be the
case if there are a lot of features but only a few relevant ones. The probability that a tree is
then grown with relevant features is small. Here, m is a tuning parameter.
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3.7.5 Support Vector Machine

One of the big problems with decision trees and random forests is that they can only draw
straight lines through feature space, and are therefore mostly effective in the classification
of linear problems, where the decision boundaries between classes are linear. Support vector
machines (SVMs) use linear models to implement non linear class boundaries [14]. We will not
give a full mathematical foundation of this, as it goes beyond the scope of this research. In-
stead, we will try and give an intuition for what this tool does, in stead of how it works exactly.

How does a SVM work? To understand this we first need to introduce the maximum margin

hyperplane. To illustrate this concept we will first look at the linear, non-mapped 2D feature
space, with binary data that is separable in that space. We can visualise this as follows:

N

maximum margin hyperplane

support vectors

Figure 12: The mazimum margine hyperplane. This is the line that mazimally separates the
data points from two different classes, represented here as filled and empty dots. The points
that lie closest to this plane are the support vectors, which will be introduced later.[14]

The filled dots are data points of one class, the empty points data points of another. The
maximum margin hyperplane is the plane that gives the greatest separation between classes.
In this 2D case the hyperplane is a line, but we can imagine that for a 3D case the hyperplane
would be a surface, and so on. In an N-dimensional case, the hyperplane is (N-1)-dimensional.
The support vector are the points that lie closest to the hyperplane. So getting the maximum
margin hyperplane involves making a plane that maximises the distance between the support
vectors and that plane. The word ‘distance’ is key here.

What if the classes are not linearly separable, but can only be separated by a non-linear
boundary. One way to solve this is by transforming the features. For example, we could
transform the features (z1,22) to (23, 23x9, z123,23). This introduces many more features
and makes the learning process much more computer intensive. This is where the strength
of the SVM lies. Instead of transforming the features, it changes the definition of distance.
Normally, this is of course defined by the inner product (x,y). By changing the definition of
this inner product (or in SVMs terminology, the kernel), you curve space. In this way, finding
the maximum margin hyperplane is still a linear problem, only in a non-linear, curved space.
This does, however, mean that we can no longer easily access what the tool has done (i.e.
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what the hyperplane is) because the function involved is now non-linear. This makes the tool
a black box. There are many different ways we transform the inner product, many different
ways we can choose a kernel. We will be using the most popular ones, where v, and d are
tuning parameters:

1. linear: (x;,x)

2. polynomial kernel: (y{x;, z) + 7)¢

3. radial basis function (rbf): exp(—v||z; — z||?)
4. sigmoid: tanh(y(x;, x) + r)

So far we have assumed that the classes are separable. However, in real life applications,
this is not often the case. If we apply our previous technique to non-separable data, we will
definitely be overfitting, as no point is allowed to be classified incorrectly. This will lead to a
very complex decision boundary. We need to introduce a penalty factor C. In the maximisation
process, this factor (also called the complexity factor) punishes points that have been classified
incorrectly. In the previous case, C — oo. Wrongly classified points were punished so severely
that they cannot occur. In this thesis, we will treat C as a tuning parameter, optimising on
the basis of test data.

3.7.6 Neural Networks

Neural networks are the final, and most powerful machine learning tool we will discuss. In the
previous cases, we had our input attribute set that resulted in a specific output class via a cer-
tain function. Now more layers are added. We transform the features, to make ‘new’ features
in our hidden layer, which are then transformed into new features in new hidden layers and so
on. How does it work? We will first give a graphical explanation, after which we will shortly
touch on the mathematics involved. The mathematical part of this section is based on ref. [12].

Figure 13 shows the basic architecture of a neural network with one hidden layer. We start
with an input layer. The inputs here are the features, so if there are D features, there are also
D inputs. Then, these features are combined and transformed to create new features, in the
hidden layer. The amount of features in the hidden layer, or hidden units, does not have to
be the same as the amount of input features. In our example, there is only one hidden layer,
but in theory this process can be repeated many times, creating ever new hidden layers. The
final step is the output layer. For binary classification, which we will be using, there are two
options. Both these options will be used in this research. The first is to have two outputs,
one for each class. Using a softmax function (the exact form of this function will be presented
later), the values of these outputs can be transformed into a probability that a certain data
point belongs to a class. For example, if output 1 is 0.7 and output 2 is 0.3, there is a 70%
chance that the point belongs to class 1 and a 30% chance that it belongs to class 2. The
second option involves having only one output. An optimal threshold value is manually placed
on this output. If the output value is above that threshold you classify the point as one class,
and if it is below the threshold you classify it as the other.
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Figure 13: wvisualisation of a neural network.

Now we have a basic feeling of what a neural network is, we can look into it a little deeper
by seeing how exactly the new units are created. As we saw in figure 13, we first transform
D features to M hidden units in our first hidden layer. This is done by using activations a;,
defined as:

D
1 1
aj = Z w](-i)xi + wJ(O) (3)
i=1

(1)

In this equation, w; is called a weight. It determines how important a specific feature is in
the new activation. The quantity wj(.é) is a bias which sets off the activation. The activations
can already be used as the hidden units, but they can also be transformed using an activation
function h. After the activations have been transformed, we have M hidden units z; = h(a;).
These activation functions are mostly non-linear, which makes the neural network a black box
algorithm, just like the SVM. This is because we would need to invert the whole network to
get information like feature importance. Because of the complex equations involved, this is
very challenging for small networks and nearly impossible for large ones. A few examples of

often used activation functions are:

e sigmoid: h(z) = 1/(1+exp (—x)) (note that this is a different sigmoid than the one used
in SVMs)

e h(x) = tanh(z)
e relu: h(x) = maz(0,z)

These units function as the input for the next layer. Instead of x; in equation (3) we take z;
and instead of summing up to D we sum up to M. This process can then be repeated until the
desired amount of hidden layers is achieved. Then, the same process is done one last time,
with the z;’s now being the outputs. If we have two outputs, we can use the softmax function
(%) as our last activation function. If we only have one output, any activation can be
used, but mostly a sigmoid is chosen.

The architecture we have just discussed is the most basic form of a neural network. There are
many other layers that can be added or alterations that can be made. We will only use one of
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these in this research, and it has to do with overfitting. The technique we will be using is called
dropout. As with random forests, we want to counteract overfitting by averaging the output
over many different tools. The problem lies in the word different. The data going through the
network or the architecture of the network could be different. However, the amount of data
is often limited, so it is better to change the network architecture. This can also be hard,
because finding optimal hyperparameters for each network can be difficult. We therefore use
the same solution as we used with random forests. We remove a random subset of hidden
units for each network. This makes each network different, greatly reducing the problem of
overfitting.

The final concept we need to introduce is that of epochs. We train a neural network by
sending the training data through it many times, each time tweaking the weights a little.
This optimisation is done by the tool itself, using different types of optimisation algorithms,
such as gradient descent algorithms. How many epochs you run depends on the problem.
Generally we investigate how many epochs it takes for the performance to no longer improve.
However, we should again watch out for overfitting. If you run many epochs, the tool might
start learning the noise in the training data, which means that it will no longer perform well on
other data. That is why you should also send validation data through the network after each
epoch. This doesn’t alter the weights, but tells you the actual performance of the network.
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3.7.7 Performance measures

Now we have introduced the different algorithms, there is one final thing about machine
learning we need to introduce. How exactly do we assess if a classifier is doing a good job?
Well, there are many different measures that judge the performance of a tool. This is because
there are two ways an algorithm can be wrong, and two ways it can be correct. This can be
shown graphically in the following way.

Table 3: The different ways a data point can be classified.

Truth

Class A Class B

Prediction | Class A | True Positive (TP) | False Positive (FP)
Class B | False Negative (FN) | True Negative (TN)

With these definitions we can define several ways to assess if an algorithm works well:

_ TP+TN
accuracy = TPTTN+FPLFN
.. - TP
precision = TP FP
sensttivity = TP
TP+ FN
True Positive Rate (TPR) = _re
TP+ FN
False Positive Rate (FPR) = _FP
FP+4+TN
Incorrect ratio = 1 — accuracy

These values can also be accompanied by an error. In what range can we expect the accuracy
to be if we apply the classifier to a new data set? For accuracy (and therefore also for the
incorrect ratio) this can be done with the following equation:

measure 4 1.96 % \/measure(l — measure) (4)
n

Here 1.96 corresponds to a 95% confidence level that a new accuracy will lie in the given range
(20). The amount of points in the test data is given by n. The derivation of this equation is
less relevant and will not be discussed here. It can be found in chapter 5 of ref. [15]. It should
be noted that this is an approximation on the actual error which has several conditions. First
of all, the test set must be larger than 30. Second of all, each test point must be independent.
Both these criteria will always be met in this research. The approximation works best if the
accuracy (or incorrect ratio) does not come too close to 0 or 1. A rule of thumb is that the
approximation works fine if n x accuracy x (1 — accuracy) > 5. This condition will also always
be met, but it is still important to remember that for high accuracies, the approximation
will work less well, and therefore the given error might not be exactly correct. For the other
measures, calculating an error is less straightforward. We will assume that the error will have
the same order of magnitude as the error for accuracy. As is now obvious, this approach relies
on many assumptions and should therefore not be taken as absolute truth, but as an estimate.

In this research we will mostly be using accuracy, TPR and FPR. The other measures will
be added for completeness. When the classes are balanced, meaning that there is roughly the
same amount of data points in each of the classes, accuracy is a good measure of assessing
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how well a classifier is doing. However, when the classes become imbalanced, this is no longer
the case. Consider for example a problem with two classes, A and B, with 99 data points with
class A and 1 data point in class B. A classifier that says: “Everything I see is class A”, would
get a 99% accuracy. Seems good, but that classifier is obviously useless.

Instead, a ROC-curve and the area under the curve (AUC) are used as measures. For our
research, these measures will only be used in the case of the neural network with a single
ouput, and we will therefore explain the concept in that setting. An example of such a curve
can be seen in figure 14.
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Figure 14: Fxample of a ROC curve. The black line corresponds to a good classifier, the grey
line to a random classifier.

The ROC-curve relates the true positive rate (TPR) to the false positive rate (FPR). You
might wonder how this could give a line in stead of only a point. This has to do with the
threshold. Points with an output value lower than this were classified as a certain class (lets
say negative) and points with an output value above it were classified as the other (lets say
positive). A ROC-curve is created by varying the threshold from the lowest to the highest
output, and each time calculating the TPR and FPR. For example, if you were to set the
threshold at the lowest value, everything would be classified as positive, and so the TPR and
FPR would be one. This corresponds to the top right corner of the curve. The same reasoning
goes for the bottom right corner. If you set the threshold at the highest value, everything will
be classified as negative, and the FPR and TPR would both be zero.

Obviously, a really good model would have a TPR of 1 and a FPR of 0. In figure 14, this
is the top-left corner. Good classifiers result in ROC-curves which come close to that point.
The AUC-measure is the integrated area under the ROC curve. If the classifier is good, and
the curve approaches the top-left corner, this value would be high. If the classifier is bad, the
area will be smaller and so the AUC will be lower. Does this measure have the same downfall
as the accuracy with imbalanced classes? No! Because now, if it classifies everything as A,
the amount of true negatives would be zero, and thus the FPR would be one, and the AUC
would have a very low value.

29



3.7.8 Software

We have one final, practical thing to discuss. All these machine learning tools consist of
complicated software, and we will definitely not be setting them up from scratch. There are

several python machine learning packages of which we will use three.

e Scikit Learn [11]: This package will be used to train decision trees, random forests

and neural networks.

e TFlearn [16]: This library is built on top of TensorFlow [17], another machine learning
package, to make it more user friendly. This module will be used to train neural networks.

e Keras [18]: This library has a similar purpose as Tflearn, and will also be used to train
neural networks. The differences between Keras and TFlearn are small. Both were used
because of preferences by different collaborations.
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4 Final state lepton classification

Now we have introduced all the concepts we will need, we can start talking about the actual
research. As was stated before, the first part of the project will investigate if machine learning
tools can be used to classify the leptons in the final state of our process (fig. 7) as being part
of the OSSF pair or not. We will first look at our data. How was it created, and what features
should we use. We will then see if machine learning is necessary, since maybe the two classes
can easily be separated by hand. After we have understood the data properly and convinced
ourselves that applying machine learning would indeed be worthwhile, we can continue onto
training different tools. We will train several algorithms, tune them and compare the results.
The tools we will be testing are: decision trees, random forests, support vector machines and
single layer neural networks.

4.1 Data

One of the most important things when using machine learning is knowing everything there
is to know about the data. How was it created and what do we know about the data points?
What parameters can we use as features? Then we need to investigate how we can best pre-
process our data, so it has a form we can use in machine learning. It should be noted that
the data discussed in this section will be used as a basis for the training data for all tools.
However, some modifications might be applied for a specific tool. This will then be discussed
in the corresponding section.

4.1.1 Data simulation

We use simulated data, so no actual data from ATLAS or other LHC experiments. The same
data was used as done in ref. [9], to make sure that results could be compared. We will
therefore not go into the details of how it was created, but shortly touch on the most im-
portant steps. Several programs were used to simulate the LHC and the ATLAS experiment.
The main program used is MadGraph5 [19]. It simulates the actual events (collisions). Then,
Pythia [20] is used. What this program does exactly goes beyond the scope of this research.
We can look at it as making the event more ‘realistic’, adding things like the hadron showers
we discussed earlier, where quarks created in a certain process cause the creation of many
mesons and new quarks. You might have noticed that I use the term hadron shower here
instead of jet. This is because a jet is a single entity, the hadrons in the showers need to be
clustered to form a jet. This is handled by FastJet [21][22].

How does MadGraph5 know how to simulate a process with SUSY particles? Such a process
obviously depends on what SUSY model you are using. What are the masses of the particles,
how do they interact? All this information can be fed to MadGraphb5, which can then use it
to simulate the desired process. One thing to note is that when producing a search strategy, it
is important to create one that can be used on a wide range of models (MSSM with different
mass ranges). When implementing the strategy in an experiment, you do not know what you
are looking for, as any one of the many MSSM models could be the one actually found in
nature. If you create a tool that is only sensitive to a small selection of models, chances are
that it will not be sensitive to the actual model realised in nature. We will therefore train our
tools on data originating from six different models. We will combine these, without telling the
tool which is which. In that way, we hope that the tool will be applicable to all of them. The
models we will take will have a Bino-like LSP and a Wino-like NLSP. They are distinguishable
by their mass gap Am. The mass gaps will be 15, 20, 25, 30, 35 and 40 GeV. If we assume
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that our tool will only be usable for mass gaps in this window it will not be sensitive to models
with larger mass gaps. This is not a problem, as this research is aimed at compressed spectra
only.

4.1.2 Features

Each event has one opposite sign (OS) lepton and two same sign (SS) leptons. So, one lepton
with a certain charge and two leptons with the opposite charge. One of the SS leptons belongs
to the OSSF pair that originates from the Z-boson decay. This is the same sign pair lepton.
The other comes from the W-boson decay and is called the same sign non-pair lepton. We will
be classifying between pair and non-pair. The pair is the OSSF pair constructed by the OS
lepton and the SS pair lepton. The non-pair is the OSSF pair constructed by the OS lepton
and the SS non-pair lepton.

The data from the simulation is not in the correct form to be used in machine learning. The
MadGraph output contains a lot of kinematic information about all particles in the process.
We need to choose what information will be useful to us, i.e. what our features will be. We
want to classify charged leptons, so we only need the kinematic information from these. The
kinematic information of a particle is contained in its 4-vector: (E,p). Each lepton only has
three degrees of freedom (p), because the mass of the leptons is very small compared to the

momentum. So, E = y/m? + [p]? mer |p], which means that E is not independent. So, with
three features, a lepton is completely defined. However, we will need more features than that
to get the best classification, because combinations and transformations of these three features
could create simpler decision boundaries, leading to better classification. A very advanced ma-
chine learning tool would be able to construct all these other variables by itself, but the tools
we will be using need a little more help. The combinations and transformations all lead to
different kinematic variables.

The first set of variables we will choose are the ones used in ref. [9] to classify the OSSF pair:
AR and My (for definitions of these variables see sec. 3.5.1). The third variable used in
that research was max(pr) (selecting the lepton pair with the highest summed pr). We will
change this to A|Pr| (the difference in size of the two candidate pair leptons). These variables
have already proven to allow for decent separation of the two classes. It is therefore a logical
step to start with them, and see if machine learning tools can improve the classification ac-
curacy by combining and transforming them. These three variables are not the only ones we
will use. The next two variables we will add are A¢ and An. They are already contained in
AR, but we want the tool to have access to them separately as well. The final features we will
add are the 4-vectors of the individual leptons. We will add the 4-vectors of the OS lepton
and SS non-pair lepton to the non-pair attribute set and those of the OS lepton and SS pair
lepton to the pair attribute set. You will notice that we have added the OS lepton 4-vector
to both attribute sets. It is only there to provide a frame of reference.

We have now chosen what our features will be, and can extract the information we want
from the simulated data. For each event the two OSSF candidates will be identified, and
their kinematic information will be extracted. The pair data point will get label 1 and the
non-pair data point will get label 0. Knowing which of the candidates is the pair is important
because we want to perform supervised machine learning. This information can be extracted
because MadGraphb also gives the particle from which the final state is created. We have now
completely processed our data to be ready for implementation. The shape of our data can be
seen in table 4.
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Table 4: The shape of the data set. Fach attribute set consists of 13 features. In the training
data, the label is provided. In the test data, the attribute set is provided to the tool which then

gives it a label.

#Datapoint | Attribute Set Label
1 A¢1 A’I’]l AR] Ml—i—l—,l APTJ PgS 1 PgS 1 1
2 Agy | Anp | ARy | Myy—p | APro | Phgy | Phgs | O
n Aoy | Any | AR, | Miq—y | APry, Pgs n PgS a1

As we mentioned before, it is important to split our data in training, validation and test sets.
In this first classification problem, we will only use two sets. We will use the same sets for
validation and testing, and call it the test set. This is often done when the danger of overfitting
on the validation set through hyperparameter tuning is small. We believe this to be the case
here, as the amount of hyperparameters available in the implemented tools is relatively small.

4.1.3 Graphical representation

We are now ready to train some algorithms! But before we do this, we must ask ourselves if this
is worth doing. Can it not easily be done by hand? We will do this by plotting the normalised
distributions of our first three features. This will serve to convince ourselves that classification
by hand is indeed problematic and simultaneously to confirm the results presented in ref. [23].
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Figure 15: Visualisation of three features (AR, Mjy— and APr). The column on the left
shows the normalised distribution for data produced from a model with AM = 15 GeV. The
column on the right corresponds to data from AM = 35 GeV.

We see that the normalised distributions of the first two features confirm the results in ref. [23].
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The figures showing the distribution of the AR;;;_ indicate that the pair-lepton-distance is
inclined towards lower values, in contrast to the non-pair-lepton-distance, which is often larger.
Classifying on the lowest AR;y;_ is therefore a good idea. The same holds for M;,;_. The
pair tends to have a lower invariant mass than the non-pair. The APy plot also confirms
that classification by hand is not easy. The distributions of the pair and non-pair are very
similar, with a lot of overlap. We can see that the non-pair leptons tend to have Prs that lie
closer together. All classification methods are fallible. As we can see in the plots, the amount
of overlap is quite large, especially for the transverse momentum. This means that not all
classifications will be done correctly, exactly what we expected. We also confirm the findings
that the accuracy decreases with higher mass gap. The plots show that the overlap increases
when AM =15 GeV — AM = 35 GeV.

4.2 Training
4.2.1 Decision Trees

We will start with the most basic tool, the decision tree. We will first investigate the perfor-
mance of the tool with an attribute set that does not include the raw 4-vectors. Adding fewer
features makes for a simpler tool, and we first want to see if the other features are necessary.
We will investigate what the optimal tree depth is. Then we will add the 4-vectors, to see if
this indeed improves the performance. Finally we will add manually transformed features. In
all these steps we will also investigate what the features’ importance is.

First we want to determine what depth the tree should have for the best result. This will
be done by training the algorithm for different depths and then plotting the accuracy with
respect to the tree depth. Each depth will be analysed with ten thousand training points and
ten thousand test points. The error bars were created using equation 4. The result of this can
be found in figure 16. We find that the optimal maximum depth is around nine. Thus this
will be the value we will use. From a max. depth of one to eight, the tool can improve the
accuracy by adding new cuts and thus making the decision boundary more complex. When
the tool is allowed to become deeper than about ten cuts, overfitting kicks in. The tool starts
to make a too complex decision boundary, that only works for the training data. On the test
data, it decreases the accuracy.
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Figure 16: This plot shows how the accuracy depends on the max. depth. FEach max. depth
was trained with 10,000 training points and tested with another 10,000 points. The optimal
value lies around nine.
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Now we will train our tree with max. depth op nine with sixty thousand training points and
test it with another sixty thousand. The results of this can be found in table 5.

Table 5: Result of a decision tree with a maz. depth of nine trained with 60,000 training points
and tested with 60,000 test points

Accuracy Sensitivity | Precision | TPR | FPR | Incorrect Ratio
0.671 = 0.004 | 0.708 0.657 0.708 | 0.366 | 0.329 £ 0.004

Now we can ask ourselves what features are most important. Plotting the feature importance
in a bar diagram gives the result found in fig.17(a).
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Figure 17: (a) The z-azis shows the five features that are used for training. The y-axis shows
the importance of a feature as a fraction of the total. We can clearly see that the invariant
mass is the most important feature, followed by the AR and An. (b) The z-axis shows that
we have increased the amount of features to 13.

As we can see in the plot, the invariant mass is the most important feature, followed by the
AR. That the mass is a good feature was to be expected. We know from our data visuali-
sation plots that there is a very sharp cutoff at a certain M;,;_ for the pair points, but not
for the non-pair points. By classifying everything above this cutoff as non-pair, many points
will already be classified correctly. If we expect the algorithm to have classified using this
statement, we should realize that our tool will become less useful at higher mass gaps, as
the amount of points above the cutoff will then be smaller. This is not a problem, since this
research is aimed at classifying data from compressed SUSY models. From our visualisation
plots we can also conclude that AR should indeed be a good parameter to classify on. That
An is also a good feature proves that we cannot expect a decision tree to make useful features
itself. The An feature doesn’t add any new physical information, but is still a useful feature.

What can we do to improve these results? First, we can try and add more features. We start
by now using the complete attribute set presented in table 4. Learning the algorithm with
this new attribute set changes the accuracy slightly from 0.671 — 0.669 (at a max. depth of
9). This lies within the margin of error, so we can say that for decision trees, adding new
features does not improve the performance of the classifier. Figure 17(b) makes this plausible,
because we see that the decision tree is just not using any of the new features.

A problem with decision trees is that the algorithm is linear. It takes a certain cut in a
certain feature. But what if that cut should be quadratic? The algorithm cannot search for
these type of relations. However, we can help it by adding functions of the features ourselves.
First, we will try to include linear combinations of the features to our attribute set. With the
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added eight features from the four-vectors our attribute set now has a size of 13. We have
seen that the new features are not useful on their own, but they might be in combination
with others. Taking all linear combinations with two features (e.g. AR + M;y;—) will give
13+12+11+4..4+2+1+13 = 104 features,including the original 13. This means we count 2AR
as different from AR. This might not be necessary, but it can’t hurt either. Next we will try
powers (e.g. AR"). We will use n = 1,1, 1,2,3,4. This will give us 13% 6+ 13 = 91 features.
Finally, we will combine these approaches. This means we will also take the nth power of the
linear combinations. This will give us (104) * (6 + 1) = 728 features. For all of these attribute
sets we will use a max. depth of eight (we have seen that the difference between a max. depth
of nine and eight is minimal). We do this, because we are looking for a new feature that will
improve our accuracy. If such a feature exists in our new attribute sets, the depth does not
need to be larger to find it. A good feature will be picked out by the algorithm in the first
few layers. This gives us the results presented in table 6.

Table 6: Results of a decision tree trained with different sets of features added.

Lin. Combinations | Powers Powers of Lin. Comb.
Amount of features 104 91 728
Accuracy 0.67 £ 0.01 0.66 £ 0.01 | 0.67 & 0.01
Most important feature | 2M;,;_ Ml4+17 M11H37

As we can clearly see, this does not change the results. All differences are within the margin
of error. The accuracies are all fairly similar, comparable to the results obtained without
manually adjusting the attribute sets. The most important feature is also still (a function of)
the invariant mass. Apparently, there are no new, better features in our new attribute set. The
trained algorithm will therefore probably also be similar. The fact that the most important
feature is still a function of the invariant mass strengthens this claim. If an algorithm works
with M4, it will obviously also work for Mj"; .
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4.2.2 Random Forests

In this section we will use a random forest algorithm to classify our data. We will take the
number of trees and the amount of features used per tree (m) as tuning parameters. We will
use the attribute set with thirteen features described as in the previous section. One might
argue that we should also look at the functions of the features (linear combinations etc.).
However, looking at them did not improve the decision tree verdict, and will therefore not
improve the majority vote of those trees. If each separate tree is worse in deciding, the total
decision will also be worse.

The results of training forests with 10,000 training points and 10,000 test points are as follows:
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Figure 18: Dependence on tuning parameters

First of all, we can gather from figure 18a that the accuracy does not significantly depend on
m. There seems to be some improvement from one to four features, after which the accuracy
decreases and then levels out. This would make sense, because when too few features are
used, the individual trees do not have enough information to give a good classification. When
too many features are used, the trees are not uncorrelated and so overfitting sets in. Second
of all we look at figure 18b. Here we can see that a random forest is an improvement over a
(non-tuned!) tree. The accuracy decreases when the number of trees goes to one. When the
number of trees is around a hundred, the accuracy is more or less stable. This means that
adding more trees does not improve the algorithm. If we include these findings in another
algorithm, that is trained with 60,000 training points and tested on 60,000 test points, we
obtain the results presented in table 7. We have used m = 4 and #trees = 100.

Table 7: Result of decision tree with 60,000 training points and 60,000 test points

Accuracy Sensitivity | Precision | TPR | FPR | Incorrect Ratio
0.685 £+ 0.04 | 0.707 0.676 0.707 | 0.337 | 0.315 £ 0.04

This is not significantly better than the decision tree. How can this be, didn’t we see in figure
18b that there should be an improvement? Yes, but that was with respect to a non-tuned
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tree. The main advantage of using a random forest is that you do not have to worry about
overfitting. However, we already implemented some techniques to counteract this phenomenon
when we were looking at decision trees, namely tune the max. depth of a tree. Apparently,
this was done to such an extent that overfitting was no longer a real issue, and therefore the
random forest algorithm was obsolete.

4.2.3 Support Vector Machines

We have seen that our linear classifiers give quite poor performances. We will therefore now
turn to a non-linear classifier, the SVM. We will first see which kernel we should use and which
values we should give its hyperparameters. We have four options for the kernel: linear, poly-
nomial, rbf and sigmoid. We will calibrate their corresponding hyperparameters by running
the algorithm on a range of reasonable hyperparameter values, and finding the best value by
making a colour plot where the hyperparameters are the variables. The colour of the plot
indicates the accuracy. The accuracy was calculated by testing the algorithm on independent
data. The linear kernel will be treated differently. We will not need to find optimal hyperpa-
rameter values because the linear kernel doesn’t have any.

The results are shown in figures 19 and 20. Because the rbf kernel is only dependent on one
parameter, we will find the optimal value for the complexity parameter (also known as the
penalty) using this kernel. It will be treated as just another hyperparameter. We only need
to find the optimal value for this parameter once because the complexity of the system is of
course independent of which kernel we choose to analyse it. We also notice that the degree
d in the polynomial kernel was not used for optimisation. This can be justified by the fact
that the accuracy will improve if the degree gets larger. This is because when the degree
increases so does the dimensionality of the feature space. The feature spaces of kernels with
lower degree are part of the feature space of kernels with higher degree. So, a higher degree
can only improve the accuracy. However, a higher degree also means a higher computation
time. We found that d=3 gave the highest still acceptable computation time, and so this was
the fixed value we chose for the polynomial fit.
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Figure 19: Accuracy as a function of the parameter v and the penalty (complexity) parameter
C using the rbf kernel: exp(—y||z; — z||?). The algorithm was trained with 40,000 training
data point and tested with an independent batch of 50,000 test data points.
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Figure 20: The dependence of the accuracy on different tuning parameters for different kernels.

We immediately see that the rbf works best, achieving an accuracy of almost 90%. The
polynomial kernel produces a maximum accuracy of ~70%. The sigmoidal kernel works worst
of all, with a maximum accuracy of ~60%. The same goes for the linear kernel (this was
of course to be expected given the results of linear classifiers so far). It should be noted
that the amount of training points varies per kernel. This was done to keep computation
time reasonable. However, it might be that the polynomial kernel performs worse than the
rbf kernel because it had less training examples. Future research should check this. From
the rbf we can conclude that the tools work best for large values of C. This means that the
decision boundary can be very intricate. When this is the case, we should always worry
about overfitting. However, the accuracy was calculated with an independent set of data,
so it is implausible that overfitting has occurred. We also see that after about C=500, the
accuracy increases only slightly, with about two percent points. Increasing C, and therefore
the complexity, does increase computation times though. We will therefore choose to set
C=500, because doing so keeps the computation time at an acceptable level, whilst still giving
a very accurate result. We will however keep in mind that increasing the complexity will most
probably give an even better result. The kernel parameters are:

e kernel=rbf e C=500 o v=0.1

Training this algorithm with 100,000 points and testing it with a separate 100,000 points gives
the result shown in table 8. We see that the accuracy is very high, much higher than in the
non-linear case. Apparently, the decision boundary is non-linear in our feature space.

Table 8: Results of a SVM with hyperparameters set to the values mentioned above, trained
on 100,000 points and tested on another 100,000 points.

Accuracy Sensitivity | Precision | TPR | FPR | Incorrect ratio
0.916 4+ 0.02 | 0.972 0.874 0.972 | 0.140 | 0.084 £ 0.02

Now one might interject and ask why we include 13 features in our attribute set? It is true
that in the section on decision trees we concluded that only a few features were relevant.
Why do we now include all those features that seemed to be useless? Well, a nonlinear
classification algorithm might use very different features. We can test this by training the
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same SVM algorithm as before, only now using only the features that were important in the
decision tree algorithm. These were in decreasing order of importance: M;y;—, AR, An, APr.
The accuracy of this algorithm is only 66%, way below the value found when using the entire
attribute set. This is interesting, because it means that the additional features are important,
but a non-linear algorithm is needed to extract the useful information!

4.2.4 Single Layer Neural Network

The final approach we will be looking into is the neural network. In this first project, we will
only consider neural networks with one hidden layer. This leaves a few hyperparameters we
can choose when constructing our neural network. These include the amount of hidden units
in the hidden layer (M) and the activation function that is used. Furthermore we need to set
the number of epochs and the size of the training, validation and test data sets. The bigger
the better applies to all of these last parameters, and we will therefore not go into them in
detail, only mentioning what value they were set to.

In table 9, the results of neural networks trained with different activation functions are dis-
played. We see that the sigmoidal activation function works best, with an accuracy of 91.2%.
The tanh function is not far behind with an accuracy of 86.1%. The linear function does not
work well, only giving an accuracy of 61.7%. This was to be expected, as all previous results
seem to indicate that our data is not linearly separable.

Table 9: Neural network with one hidden layer with 1000 units. It is trained with 50,000 data
points and validated with a separate set of 50,000 data points. The algorithm was assessed

using a separate test set of again 50,000 data points.

Function | Accuracy Sensitivity | Precision | TPR | FPR | Incorrect ratio
Linear 0.617 4+ 0.04 | 0.741 0.595 0.741 | 0.507 | 0.383 £ 0.04
Sigmoidal | 0.912 + 0.03 | 0.920 0.905 0.920 | 0.097 | 0.088 £ 0.03
Tanh 0.861 4+ 0.03 | 0.911 0.830 0.911 | 0.189 | 0.138 £ 0.03

4.3 Conclusions

We have applied several machine learning tools to our training data. All models show some
potential for classification, though some do a better job than others. The most important
question is if they do a better job than the classification by hand. We will compare results
of three different techniques developed in ref. [23]. We will also compare it to the technique
used by ATLAS, where the lepton pair that has an invariant mass closest to the Z-mass is
chosen. We will test our machine learning tools by selecting the best performing tools from
each algorithm, and testing them with data produced by a single mass gap. So far we have
tested the tools with testdata that had the same shape as the training data, so with a mixture
of mass gaps. However, because in nature there is only one ‘true’ model, we now need to
use only one mass gap to get a physically relevant result. The results of this can be seen in
table 10.
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Table 10: Comparison between classification accuracies produced by hand (first 4 rows) and
by machine learning tools (last 4 rows) for different mass gaps.

Algorithm Am =20 GeV | Am =30 GeV | Am =40 GeV
min, j | My, 1. — Mz| 0.38 0.39 0.43

min; j AR(l;15) 0.66 0.64 0.62

max; ;(Pr(l;), Pr(l;)) 0.54 0.52 0.52

min, j My, 1, 0.62 0.62 0.60

Decision Tree 0.664 + 0.009 0.661 4+ 0.009 0.687 4+ 0.009
Random Forest 0.693 £+ 0.009 | 0.676 4+ 0.009 | 0.706 £ 0.009
Support Vector Machine | 0.916 4+ 0.005 0.909 + 0.005 0.904 4+ 0.005
Neural Network 0.920 £+ 0.006 | 0.907 4+ 0.006 | 0.873 + 0.007

The results are mostly as we would expect. At low mass gap, the decision tree and random
forest, both linear classifiers, do comparably well to the best result from classification by hand
(min AR). This makes sense, because a decision tree does the same as a human does when
classifying, drawing straight lines through feature space. We may thus say that with these
features, an accuracy of around 65% is the best that can be done by hand. The decision tree
and random forest do exhibit some odd behaviour. Their accuracies increase for higher mass
gaps, having a dip at Am = 30 GeV (especially for the random forest). We expected the
opposite (see sec. 4.2.1). However, the effect is quite small, almost within the margin of error.

For a better result, we need new features, or non linear cuts in this feature space (which comes
down to the same thing). This is what SVMs and NNs do. We can clearly see that these
improve the results greatly, increasing the accuracy to more than 90%. We have shown that
ML can indeed be used to classify final state leptons as pair and non-pair, provided that the
tool used is non-linear. We can qualitatively say that using ML tools in this application could
definitely be beneficial, and advise that these tools should be incorporated in future search
strategies.
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5 Signal-Background Classification

The second project we will be embarking upon is aimed at classifying simulated LHC events as
signal or background using deep learning (using a neural network with more than one hidden
layer). We will follow the same basic structure as in the previous section. First, we will look
at how our data was generated and what the features should be. We will then ask ourselves if
it is indeed necessary to resort to machine learning. Then, we talk about pre-processing our
data, which needs a bit more attention than in the previous project. We will talk about the
architecture of our neural network, and finally evaluate the performance.

5.1 Data
5.1.1 Data simulation

We will again use the same data described in ref. [9]. With the OSSF-pair classification, we
used all the information that the simulation provided us with (see section 4.1.1). However, this
is not very realistic. At the LHC, you can’t directly ‘look’ at the event, you need to measure
the outgoing particles with a detector. As we have seen, the ATLAS detector is not infallible.
For example, it cannot measure particles that only interact weakly, and it has all types of
efficiencies for measuring particles. To create a classifier that can be used in the real world,
it needs to be trained on this type of data. This can be achieved by adding another step to
the creation of the data. After the event has been simulated, a detector simulation is added
to produce the data we need. The detector simulation used is Delphes [24], implemented in
MadAnalysis5 [25].

Another difference with the previous project is that we are now classifying events, instead of
particles in a specific event. We want to separate background from signal. This means we now
also need to consider background processes. Background processes are defined to have the
same final state, 3] + J);. Processes that have exactly this final state from the hard scattering
event are called irreducible backgrounds. Processes that have a different final state from
the hard scattering event, but appear to have the same final state in the detector are called
reducible. These processes appear to have the same final state due to mismeasurements. Our
ultimate goal is to compare our classification performance with that of ref. [9], which employs a
strategy based on human produced cuts. We would therefore like to use the same backgrounds
as were used in that project. However, there is a problem for reducible backgrounds. The
mismeasurements that cause the background to have the same final state don’t occur very
often. This means that only one in many reducible background events actually looks like
the signal. However, these processes occur so often in the LHC, that even a tiny fraction
of these events leads to a substantial amount of events that look like the signal. This is
where the problem lies. Simulating events is computationally intensive, and takes time. If we
want many events which look like the signal (a large data set is something that is required in
machine learning), we will need to produce an enormous amount of events for each reducible
background. Because of practical and time-related constraints, this was not an option. We
have therefore chosen to only use the following backgrounds: WZ, ZZ and WWW. The ZZ
background is not technically irreducible, because it has a 4[ final state. However, because the
mismeasurement it requires to look like the signal involves ATLAS to not measure a lepton
instead of creating a fake lepton, we have enough of these events to include them.
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5.1.2 Features

Now we know where our data comes from, we can focus on what information we want from
the simulation to use as features. In contrast to the previous project, we will now use a more
advanced machine learning tool, that has proven to be able to create higher-level kinematic
variables from low-level ones [26]. Thus, it is not necessary to add variables like the invariant
mass, we can just use the raw 4-vectors. We saw earlier that the energy is not an independent
variable, and therefore, we will not use it. Instead of using p.,py,p. we will use Pr,n, ¢,
which carries the exact same information. The first features we will choose are the kinematic
variables of the three charged leptons. We will also add their identities ((anti)electron or
(anti)muon). This results in 12 features. We now turn to the other part of the final state,
the J'r. The missing transverse momentum is a vector, perpendicular to the beam-pipe. Its
direction is therefore set by ¢. Its magnitude can be transformed to give us the Fp. This ¢
and F; will both be added as features. The final variables we will add as features come from
the jets. Jets are not part of the hard scattering final state, but can be created in processes
that occur before the hard scattering event. The amount of jets can vary per event. Each jet
has a kinematic 4-vector. We will add the number of jets and the Pr of the jet with the highest
Pr as features. If an event has no jets, the Pr (jet) will be set to zero. Adding the other
kinematic variables or the 4-vectors of additional jets would lead to too many features. This
gives us a total of 16 features. The labels of the data points are now signal (1) or background

(0).

5.1.3 Parameterised Neural Networks

Just like in the previous project, we will again be training with different SUSY models, to
make the network more versatile. In this project, we will use 21 models with different msgy and
mso, all with a Bino-like LSP and a Wino-like NLSP. Which masses we will use exactly will
be discussed later. Previously, we just added all the data from the different models together
and trained a classifier on that. This is however not the only way to do this. Another way
is by parameterising. We add model parameters to the features before training. These model
parameters are the masses of the lightest and second lightest neutralinos. This brings the total
amount of features up to 18. The idea of a parameterised neural network is that the classifier
will learn to adapt its search strategy depending on the model it is fed data from. It has
been shown that parameterised neural networks can improve the classification performance
compared to that of networks trained on data from a mixture of models without the added
model parameters. Parameterised networks can also learn to interpolate between the models,
so that it can also be used to classify data from models that weren’t used in training [27].

Now it should be noted that in real data, we don’t know what SUSY model we are looking
for. We just get a bunch of measurements from ATLAS, and the classifier is used to separate
the signal from the background. But you do not know which signal has to be separated. So
you present the probability that you have excluded something given a certain model. In a
parameterised neural network, this is done by using the measured data as the first 16 features,
than adding the model parameters as features manually for each model separately, resulting
in an exclusion significance.
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5.1.4 Pre-processing

The data is now in the correct shape, so we could in principle perform machine learning on
it. However, there are a few last adjustments that need to be performed. First of all, it is
better to transform all the data such that their mean vanishes and their variance tends to
1 (g =0,0 =1). We will not discuss why this is exactly. It is enough to know that it
improves the neural network algorithm. We will take the average and standard deviation of
each feature based on all the data (so signal and background). We will then perform the
following transformation on the features, where p is the mean of the old features and o the
standard deviation:
new feature = old feature = p
o

The next step involves splitting the total data set in three, producing a training, validation and
test set. The training set will consist of events from the three background processes together
with events from a mixture of all the signal models. This means that there will be only one
training set. The validation set is exactly the same, only made up of different data points, to
check if the model is not overfitting. There will, however, be more than one test set. We want
to know how our classifier works on real data so we have to test on data that is realistic. In
nature, only one SUSY model can be correct, so you need to test the classifier on each model
separately.

The final step is adding weights. When producing the data, you ask MadGraphb to produce
a specific amount of events per process. The problem is that the ratio between these amounts
doesn’t have to be physically accurate. For the test set, this is a problem (we will talk about
the training and validation sets later). We want these data sets to resemble real data as
much as possible, and thus the ratio between the different events should be correct. How
can we achieve this? MadAnalysis5 calculates the amount of events per process normalised
on luminosity using the cross section. Luminosity is a measure of how many collisions occur
in the LHC. Of course, this is equal for all processes, and so we need to normalize on this
value, using the cross section to set weights. It should be noted that this does make our test
data very imbalanced (see figure 21), which means we cannot use accuracy as a performance
measure.
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Figure 21: Visualisation of the composition of the test data. We can see that the data set is
indeed very imbalanced, with small fractions of signal data. For smaller mass gaps and higher
particle masses, this fraction decreases.
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We will go a slightly different route for the training and validation data. It doesn’t have
to resemble real data as closely, it just needs to give the machine learning tool the correct
information. In machine learning problems, it is mostly a good idea to give it the same
amount of data points per class. So, we want the same amount of signal as background
events. How about the ratios within the classes? We will take a different approach for the
signal and background processes. For the background processes, we will use the physical ratios
in the same way we weighted the test set. The ratios between these processes are known, so
it is better to use them. If we were to, for example, have the same amount of events for
the WWW and WZ processes, the overall performance would probably suffer, because the
WWW background is much smaller than the WZ one. Within the signal class, this argument
doesn’t hold. The tool needs to be good at classifying all signal processes, because we do not
know which process is the correct one. If we were to add realistic weights (so normalised on
luminosity), there would be few examples of a model with a small cross section, which would
make the tool less sensitive to it. This model might just be the one found in nature.

5.1.5 Graphical Representation

We will again convince ourselves that machine learning is necessary by representing the dis-
tributions of the features in 1D histograms. This is also useful because it will give us an
intuition for the shape of the data. Displaying plots for each signal process would be a bit of
an overkill, as we have 16 features and 21 models, which would give us more than 300 plots.
We will only present one set of plots here, belonging to the model point with mgy = 157 GeV
and mgo = 116 GeV. The background processes will be combined and weighted according to
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Figure 22: Feature visualisation of the model point with Mmso = 157 GeV and mso = 116 GeV.
There are 16 features in total. The red line represents background and the blue is signal.

We can see that there is no clear way to separate the two classes. The transverse momenta of
the three final state charged leptons do have some separation, but there is also still substantial
overlap. There is also some separation in the amount of jets: background processes tend to
have #jets > 1 more often than signal events. Of course, it was to be expected that there
would be a lot of overlap. Existing search strategies are all quite complex and don’t lead to
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total separation. However, it is important to confirm this for ourselves. One final thing to
note in these plots is the cut that is visible for the lepton Pr at 10 GeV. Leptons with lower
Pr have not been simulated (see ref. [9]).

5.2 Training of the Neural Network

We can now start training a network. In the previous project, training mostly involved tuning
hyperparameters. In a deep neural network (DNN), there are many hyperparameters to tune.
Each hidden layer can have a wide range of units and activation functions. The overall depth
of the DNN can also be varied. We can add dropout layers. In this research, we will not be
tuning any of them. We will take a fairly standard DNN, and train our data on that single one.
This is because we want to show that even without tuning, there are impressive performances
to be obtained. There is one thing that needs to be tuned, and that is the number of epochs.

5.2.1 Architecture

The architecture of the neural network we will be using is fairly standard. We start with our
16/18 input features (for the non-parameterised /parameterised neural networks respectively).
We then have 4 sets of hidden layers. Each set consists of a ‘standard’ hidden layer with
200 units followed by a dropout layer to counteract overfitting. This dropout layer sets half
the input values to zero randomly for each update during training time. This architecture is
presented graphically in figure 23.
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Figure 23: wvisualisation of the network that will be used. We have 4 sets of hidden layers,
each consisting of a ‘normal’ layer with 200 units and a dropout layer.

5.2.2 Number of Epochs

Now we have an architecture set up, we only need to ask ourselves how many times data needs
to be passed through before the weights are optimally set. This will be done by training a
network up to a thousand epochs. This is the largest amount that still leads to reasonable
computing times. After each epoch the accuracy of the training and validation sets will be
measured. It must be noted that for the training and validation sets, accuracy is a good
performance measure, as these sets are balanced, the amount of signal and background events
are the same. Finally we will plot the accuracy versus the number of epochs to see when we
can stop training. The results of this can be seen in figure 24.
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Figure 24: The dependency of the accuracy of training and validation data on the number of
epochs. The blue line indicates the validation data and the red line indicates the training data.

We can see in figure 24 that 1000 epochs is enough for the weights to be optimally set. For the
parameterised neural network, we see that the relation starts to level off around one hundred
epochs. The training data levels off smoothly to an accuracy of just under 90%. The validation
data follows the training data nicely. It is a bit more chaotic though. This could be because
the network is not training on the validation set. Changes made to the weights that improve
the performance of the training set might not improve the performance for the validation set.
The fact that the accuracy of the validation set does not start to decrease after some number
of epochs indicates that we do not have to worry about overfitting. This was to be expected
because our networks include dropout layers. More or less the same things can be said about
the non-parameterised NN. The relations start to level off a bit earlier, and at lower values. It
makes sense that it starts to level off earlier, as it is trained on fewer features, and therefore
less complex. It was also to be expected that it would have a worse performance, as literature
tells us that the parameterised neural network should do a better job. The fact that the
validation data does better here is a bit strange. The difference in accuracy is small though
and it might be a coincidence that the validation data has more easily classifiable points. The
same data was used to train and validate both networks, so we would expect the same thing
for the parametrised case. We do see that the performance on the validation set still seems to
be increasing. It could be that the parameterised network is not done improving after 1000
epochs, and that if we trained long enough, the validation performance will eventually show
the same behaviour. We will later see another indication that the parameterized network is
not fully trained yet.

We can conclude from these plots that cutting training at about 200 epochs would be reason-
able. However, we have not encountered overfitting, and there is thus no harm in just using
the models trained over a thousand epochs.

5.3 Results and Discussion

In the next couple of sections, we will present the results of the DNN. All results will be
presented and discussed for both the parameterised and non-parameterised neural networks.
We will first discuss the shape of the output distributions. We will then look at the performance
of the networks from a machine learning perspective. Finally, we will look at the performance
from a physical point of view.
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5.3.1 Output distributions

The output distributions represent the distribution of the value Y in figure 23. All tested
MSSM models give an output distribution with a similar shape. We will therefore discuss
only one here. The output will be split in two. One group will have the output values of
points that are (in reality) signal and the other of points that are (in reality) background.
This way we can see how the network handles these differently. To get a clear picture, it is
a good idea to look at a model where the number of signal points is not negligible compared
to the amount of background points. We will later see that the performance of the network
depends on the mass gap. We will therefore present a model here that has an average mass
gap (40 GeV). Because of these two reasons we will choose the model point with mzy = 106
GeV and mso = 67 GeV. The result is presented in figure 25.
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Figure 25: The output distribution of the two networks. The parameterised NN is displayed
on the left, the non-parameterised NN on the right. The red line indicates the output of points
that are actually background and the blue points those that are actually signal. We can see
that most background points are accumulated near lower outputs and signal points at higher
outputs. For the parameterised NN, more than 90% of the background points have an output
value <0.85. For the non-parameterised NN this is almost 95%.

We can immediately see that both networks have separated the two classes well. For both
networks, the background events are concentrated near low outputs, whereas signal events
mostly result in high output values. There are some differences between the two networks.
The parameterised network outputs a peak at a value just above 0.9. Almost all the signal
is located here. A small fraction of the background is also located in this peak, but because
there are so many background events, the amount of background events in this peak is still
substantial. One might ask if the peak is not in fact two peaks, just very close together. This
is not the case. Up to the precision of the computer, the values are all exactly the same. So,
when choosing a threshold (the line that separates signal from background), you have to either
include the peak or leave it out. But if you leave it out, you will classify no points as signal,
so the only choice is leaving it in. This means that you have many true positives, but also
a substantial amount of false positives, as there are also a lot of background events in the peak.

The non-parameterised network has roughly the same shape. However, it has a peak at almost
zero, which consists exclusively of background points. There is also a peak at high values, but
it is much more spread out. This means that when we choose a threshold, we have more room
to choose one that gives the best TPR and FPR values. We will see later that the optimal
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threshold will be somewhere in the middle of the peak. This means that you will also classify
some signal points as background (false negatives). In the parameterised case, this almost
didn’t happen.

5.3.2 Performance

Now we have trained our network, we can test its performance. We will use two measures
to determine the performance. As stated before, we cannot use accuracy as our test data
is very imbalanced. We will therefore use the ROC-curves and AUC’s per model point. A
ROC-curve represents the trade-off between true positive rate and false positive rate. Clas-
sifying more points as positive might increase the true positive rate, but it will also increase
the false positive rate. Good tools will have ROC-curves that come very close to FPR= 0
and TPR= 1. Figure 26 shows the ROC-curves of the different models. This plot is added
to show that the shape of all ROC-curves is rather good, with all of them coming quite
close to (0,1), although some do better than others. Comparing the results per model point
is a bit hard from these plots. We will therefore focus on this when we discuss the AUC results.

One important thing that is already clear from these plots is that the non-parameterised neural
network does a better job than the parameterised one. This is not what we expect. Literature
(ref.[27]) and figure 24 both point in the opposite direction. One explanation could be that
while the training seems to be completely done after 1000 epoch, this is not actually the case.
Maybe the network has not learned the information presented by the mass parameters jet.
It could be that this comes after more epochs, which would instigate a new rise in accuracy.
Training so many epochs is very computationally intensive, so we advise future research with
access to more computing resources to look into this.
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Figure 26: The ROC-curves for the parameterised (left) and non-parameterised (right) neural
network. Fach line indicates a different model point tested on the same network. We can see
that the non-parameterised neural network performs better.

Next we will look at the performance of the network on the testdata by evaluating its AUC

value. The AUC value (the area under the ROC-curve) is presented in figure 27. For the
parameterised neural network, we can clearly see that the network does a better job at classi-
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fying model points that have a small mass gap. This is a good thing, because we are trying to
create a tool that works well on compressed models. We note that there is one point at about
(130 GeV,70 GeV) that does not fit into this pattern. It is unclear why this is. It might be
that this model-point is a bit different from the others in terms of other MSSM parameters
not discussed in this thesis. However, we have tried to keep these parameters as constant as
possible, so it is implausible that this causes such an outlier. The second observation is that
the non-parameterised network does a better job. This NN also works better for models with
smaller mass gaps, but the difference is much smaller.
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Figure 27: The AUC values for the parameterised (left) and non-parameterised (right) neural
network. We can see that while the non-parameterised neural network performs well for all
models, the parameterised one is distinctly better at classifying models with AM small. We
see a point that does not fit into the pattern in the left image, at about (130 GeV,70 GeV).

5.3.3 Trustworthiness

As we have mentioned before, neural networks, especially large ones like we are using now,
are black boxes. However, we can get some feel of what they are doing. We will do this by
looking at the feature distributions (like figure 22) of the classes as the network has classified
them and as we know them to be in reality. The network only gives an output, we still need
to choose a threshold to get a classification. We will choose three different thresholds. By
looking at how the feature distributions change with the thresholds, we can link the output
to the features. We will take the same model as we chose for the output distributions and
take thresholds 0.5, 0.7 and 0.9. We find that the only clear correlation occurs in the features
Pr1, Pro, Pr3, Proyer. We will look deeper into this by now taking a range of thresholds
between 0.5 and 1, and making a colourplot where the y-axis represents the threshold, the
x-axis the feature-value and the colour indicates the histogram value. We will discuss the
results on the basis of the parameterised, signal output. The other plots give similar results
and will thus not be discussed here.

We find that for all four features, a higher output means more points with a high Pr, although
the relationship is less prominent for Pr a/gr. At low thresholds, a large amount of points is
classified as signal, and the distribution is quite spread out. When the threshold is increased,
points with low output values are no longer classified as signal. At the same time, we see
that the Pr distributions start to be more peaked around higher values. Apparently, a lower
output value means a lower Pr.
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Figure 28: The feature distribution of the classes as predicted by the parameterised neural
network with different thresholds. A higher histogram value is indicated with a redder colour.
We have not included a scale because the histograms are normalised, meaning that only relative
differences are of importance. Here we compare the signal.

5.3.4 Exclusion power

We can now safely say that the network has a good performance from a machine learning point
of view. But how useful is it really? How does it stack up against a cut-based strategy [9]?
We will assess this by looking at its exclusion power, the Zy-value we introduced earlier. To
calculate this, we need a classification. To find the optimal threshold, we will try 18 different
thresholds from 0.88 to 0.97. These two values were selected by looking at the output plots.
For each model point we will assess which threshold gives the highest significance. The results
can be seen in figure 29.
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Figure 29: The calculated significance per model for a strategy based on cuts (left), and for a
strategy based on neural networks, parameterised (middle) and non-parameterised (right). A
higher significance is better, and so we can see that the neural networks can improve substan-
tially upon the cut-based method.

We can clearly see that both networks result in significant improvement over the cut-based
strategy. We can see that, just like with the cut-based strategy, the tool is more sensitive to
models with low particle masses and high mass gaps. This can be explained by looking at
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figure 21. The higher the signal fraction of a model (i.e. the higher the signal cross section)
the more sensitive the tool is to it. This makes sense, there is relatively less background to
‘hide’ the signal in. The thing to notice is that both tools are sensitive to more models. They
can work with lower signal fractions than the cut-based strategy can. This means that both
tools also become sensitive to the very low mass gap models, which the cut-based strategy
could not probe.

The significance plots can be seen as combinations of the performance plots (figure 27) and the
signal fraction plots (figure 21). This explains why the ML tools are more sensitive to small
mass gap models. Both tools, and especially the parameterised one, perform better at low
mass gaps. This (partly) counteracts the fact that these models also have very small signal
fractions, which would normally mean that we are less sensitive to them. We can also see that
again the non-parameterised tool does a much better job than the parameterised tool. The
non-parameterised tool is such an improvement over the cut-based strategy, that we cannot
no longer learn from this selection of SUSY models at what masses the tool loses sensitivity
(Significance < 20). We expect the sensitivity of the plot to go down at higher masses, but we
have not tested high enough masses to know when this occurs. Future research should look
into this. The parameterised tool starts to lose sensitivity at an LSP mass of ~150 GeV for
small mass gaps and ~200 GeV for larger mass gaps.

6 Conclusion and outlook

We will now discuss the most important conclusion from both projects and give an outlook
for the future. From our first project it is clear that non-linear classification tools like support
vector machines and neural networks can greatly improve the classification of lepton pairs.
The tools used were all relatively simple, and easily applicable. It is therefore our recommen-
dation that future research looks into using these types of tools for these types of classification
problems. Our results were qualitative. It would be interesting to see if they could be made
quantitative by not looking at hard scattering events but at realistic detector events. Opening
the black box would also be extremely useful, as this would give us new parameters with which
to classify.

In our second project we have proven that ML tools can be used to classify signal and back-
ground processes in compressed miniminal supersymmetric dark matter search strategies.
Future research should expand on this, by looking at more models and seeing how far the
performance can be enhanced by tuning the network architecture. Another question that re-
mains is why the parameterised tool does worse than the non-parameterised one. This should
be addressed by training larger networks that can actually make use of the theory parameter
features. Another important goal for future research should be to repeat this research with
all background processes included, not only the irreducible ones. Can machine learning then
still improve on the cut-based strategies?

All in all, we have shown that ML tools can be used for classification within events as well
as among events. In particle physics, ML remains a relatively unexplored field, and it is our
hope that in the upcoming years this will change, and that the realization that ML can greatly
improve our sensitivity to new-physics signals will become more wide-spread.
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