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Abstract

Ground-based v-ray particle detectors are dedicated observatories to observe large
parts of the sky at the highest energies of the electro-magnetic spectrum. Such
a detector is compromised out of an array of detection units, which directly de-
tect secondary particle of air showers. Commonly, these detectors are based on
the water-Cherenkov technique, where individual detection units are cylindrical
tanks filled up with purified water, equipped with photo multiplier tubes.

A future planned ground-based particle detector array for v-ray astronomy is
called the Southern Wide-field Gamma-ray Observatory. As the name suggests,
it will be located in the Southern Hemisphere, in Chile, and will operate in an
energy range from 100 GeV up to PeV scale.

These detectors directly sample secondary particles within air showers. That
means during the reconstruction of air showers, only information is available
from one horizontal slice of the whole shower. For this reason the event recon-
struction, in such an observatory, is an extremly challenging task.

This work introduces a method for event reconstruction based on Transformer
networks. A Transformer is a special neural network, originally introduced within
the field of natural language processing. Nowadays, Transformers are mainly used
for large language models, but have also been successfully applied in other areas
of research.

The performance of this approach will be evaluated for energy reconstruction,
~/hadron separation and direction reconstruction. In the end the these tasks are
evaluated again, in a scenario where detector aging effects are taken into account
during the reconstruction.
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Chapter 1

Introduction

“[Noone| should escape our universities
without knowing how little [they know].”

J. Robert Oppenheimer

Astronomy in the 21st century is one of the most active and fascinating fields
in modern science. Over centuries, we have only known that there are stars and
planets in the sky and their positions in the sky could be measured. We knew
about lunar phases and eclipses. In 1842, the French philosophe Auguste Comte
published a book called ”Cours de Philosophie Positive”, in which he wrote: ”We
can never learn their [(stars)] internal constitution, nor, in regard to some of
them, how heat is absorbed by their atmosphere” [1][2].

Since the 20th century, we know why stars shine, and their composition can
be inferred by studying their spectra. In 1929, Edwin Hubble [3] discovered that
the universe is expanding, and in 1992 the first exoplanet was discovered [4].
Now, we also have methods to study the non-thermal universe, which refers to
processes in the universe that emit radiation which is not produced by thermal
mechanisms. We can measure photons with energies that are more than 10'2
times higher than those of visible light.

At present, we have discovered more than 240 sources [5] “of Very High Energy
(VHE, > 100GeV) or TeV gamma-radiation|, which] belongs to the most re-
markable achievements of the last [few] decade[s] in astrophysics” [6].

The first dedicated ground-based observatory was the Whipple observatory, a
so called Imaging Atmospheric Cherenkov Telescope (IACT) with a 10 m reflec-
tor and 37 pixel camera [7]. With that instrument is was possible, for the first
time, to detect v-rays from the Crab nebula in the VHE regime, with good sta-
tistical significance. Following Whipple, many more TACTs were built, which
convincingly demonstrated the potential of this technique.

Complementary instruments (to [ACTs) for ground based 7-ray astronomy are
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particle detector arrays. With the High-Altitude Water Cherenkov (HAWC) ~-
ray observatory and the Large High Altitude Air Shower Observatory (LHAASO)
we already have two such detectors successfully operating. Both are located in
the Northern Hemisphere.

The Southern Wide-Field Gamma-Ray Observatory (SWGO) will be a future
ground based particle detector array, based on the water-Cherenkov technique,
which will be located in the Southern Hemisphere. The aim of SWGO will be
to study “galactic and extragalactic particle accelerators, [monitor| the transient
sky at very high energies, [probe] particle physics beyond the Standard Model,
and the characterization of the cosmic ray flux” [8]. To achieve these science
goals, we need efficient methods to analyze the complex data that is gathered by
such an experiment in vast amounts.

In other scientific areas, where a lot of data is involved, machine learning and
deep learning methods are already often state of the art (SOTA). For example in
a long-standing problem in biology, called the protein folding problem, tremen-
dous advances were possible with the help of a machine-learning algorithm called
Alphafold [9]. But also in physics, machine learning algorithms are routinely
used. For instance at the biggest particle collider in the world, the LHC, machine
learning techniques are used for jet classification or for the generation of fast sim-
ulations [10]. Recently, machine learning also assisted in a search for high-energy
astrophysical neutrinos from within the Milky Way [11].

Out of all possible machine learning algorithms, a certain subset, those that are
based on neural networks, seem to be the most promising ones. A particular type
of neural network was introduced in 2017 by a group at Google, called the Trans-
former [12]. The Transformer architecture has revolutionized Natural Language
Processing (NLP) and is forming the backbone for every Large Language Model
(LLM), like for example ChatGPT, where GPT stands for Generative Pretained
Transformer [13]. It is not only successful in NLP. Transformer based networks
are also routinely used in other fields of research with SOTA performance.

In this thesis we aim to investigate whether the Transformer architecture can
be effectively used for a v-ray event reconstruction in ground based particle de-
tectors, using the example of SWGO. In the second chapter, we start with an
overview of y-ray astronomy and look at sources of TeV 7-rays. Following this,
we discuss air showers and ground based detection methods with the aim of re-
constructing such showers. We will provide detailed information of SWGO in the
third chapter. In chapter four, we offer a general overview of the field of machine
learning, beginning with a historical example in astronomy. We then explore
supervised learning, gradient-based optimization, backpropagation, neural net-
works and how they are trained. The chapter concludes with an introduction
to the Transformer neural network. In the fifth chapter, we discuss how the



Transformer architecture needs to be modified for ground-based particle arrays
and introduce a efficient method for training Transformers. Equipped with this
knowledge, we will examine the use of Transformer-based models for v-ray event
reconstruction. Finally, in the last chapter, we summarize the findings of this
work and provide an outlook on future research directions.






Chapter 2
Gamma-ray astronomy

“The results of the present observations seem most likely to
be explained by the assumption that radiation of very high
penetrating power enters from above into our atmosphere”

Viktor Hess

“The main driving force for VHE gamma-ray astronomy was initially the search
for the sources of the charged cosmic rays, while now, after the discovery of many
sources, the interests have shifted to general astrophysics questions.” [14].

Cosmic rays were first discovered by Viktor Hess in 1912 during his famous bal-
loon experiments [15]. Following this discovery, many experiments, which had
the aim of studying the cosmic radiation reaching us here on Earth, were set up.
These observations led to the so-called all-particle cosmic ray energy spectrum,
which is shown in Figure 2.1. It highlights that the (differential) flux of parti-
cles reaching us at Earth, follows roughly a power law behavior of ~ E~* with
a ~ 2.7. The x-axis is spanning many orders of magnitude in energy, reaching
up to the EeV scale.

A closer look at the spectrum reveals that at lower energies (= MeV) the spec-
trum flattens due to the Earth’s magnetic field, which effectively shields us at
these energies. Up to the so-called “knee” at roughly 3 PeV, it is widely believed
that these cosmic rays originate from within our galaxy. At the knee the spec-
trum steepens up the “ankle” ~ 3EeV. So all in all we can clearly see deviations
from a simple power law behavior.

To determine the sources of cosmic rays, they need to be traced back to their
origin. However, as cosmic rays possess an electric charge, they are deflected by
ambient magnetic fields in the interstellar medium (ISM). The latter is traversed
by cosmic rays on their way towards Earth. Consequently, their arrival direction
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Figure 2.1: The all-particle cosmic ray energy spectrum from various experiments.
The spectrum roughly follows a power law (shown in green). Taken from [16].

does no longer point back to their astronomical source.!

The field of ~-ray astronomy started in the 1950s, based on predictions of a
diffuse v-ray emission from the decay of 7%-mesons from cosmic ray interactions
with the interstellar medium [17]. Experiments in 7-ray astronomy can be sep-
arated into two categories. The first experiments were space-based experiments.
The satellite Explorer XI, which was launched on April 27 1961, was the first
to detect 22 extraterrestrial gamma rays [18]. Such satellite instruments operate
in the energy range from ~ 20 MeV to ~ 300 GeV, which is the energy range
where for example the Fermi Large Area Telescope (LAT) instrument currently
operates [19]. The LAT has a wide field of view (2.4sr) and can observe the
entire sky. In Figure 2.2 we can see the results of a five year all sky survey from
Fermi-LAT. Sources of v-rays above 1 GeV are highlighted in red to bright yel-
low. The drawback to the LAT, and to space-based instruments in general, is

1Unless at the ultra high energy regime.



Figure 2.2: Sky map in v-rays. The image contains data taken by the LAT
telescope during five years of observations. Red to yellow bright spots are sources
of ~-rays above 1 GeV. Taken from [20].

the lack in detection area. The LAT is composed out of 16 tracker modules, each
with an area of 8.95x8.95cm?, resulting together in an area smaller than 1 m? [19].

The other category is ground-based ~-ray astronomy. At energies well beyond the
GeV scale, the flux of «-rays has dropped too much and space based experiments
become impractical due to their limited detection area. On Earth we have large
detection areas, but direct detection is no longer possible.

The gamma-rays need to traverse the atmosphere on their way to the ground-
based detectors. At these energies we can use the atmosphere as a calorimeter,
because particle cascades are initiated when these v-rays interact with air nuclei.
With instruments on the ground, we can observe these showers.

In the following, we will explore sources of y-rays in the TeV regime and dis-
cuss how they emit photons at such high energies. Afterwards, we examine at
the interaction of y-rays with our atmosphere and at the resulting showers of
secondary particles. At last, detection techniques will be introduced for the mea-
surement of air showers.

2.1 Sources of y-rays in TeV-regime

The Crab nebula was already mentioned in the introduction, as the first identi-
fied VHE ~-ray source. It first appeared as a guest star? to Chinese astronomers
in the year 1054 [22]. Only later in 1942, astronomers presented studies which
showed, that the Crab nebula is connected to this 1054 AD star explosion [23].

2S0 called by Chinese astronomers.



CRAB NEBULA
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Figure 2.3: The Crab nebula seen in different parts of the electromagnetic spec-
trum. Taken from [21].

It was thus the first documented supernova in history [24].

The Crab is one of the most studied object in the sky and is observed through-
out the whole electromagnetic spectrum as shown in Figure 2.3 [25]. Due to its
high luminosity it is one of our prime laboratories for the study of non-thermal
processes [24]. The Crab nebula is a highly complex object and has now been
studied over centuries, with still many unanswered open questions. In general
the Crab nebula is a Supernova Remnant (SNR)? with a pulsar, the Crab pul-
sar, sitting at its center. This pulsar is source of energy for the system. Inside
the SNR, surrounding the pulsar, is a so-called Pulsar Wind Nebula (PWN). We
will discuss these three types of objects, as sources of TeV 7-rays in the following.

Supernova remnants

When massive stars reach the end of their life cycle we have evidence that they
are undergoing a supernova explosion. For a brief moment a Type II supernova
can illuminate the universe with light of 100 billion suns, yet this radiative en-
ergy is only a small part. Most of the energy of the explosion itself is rapidly
expelled into kinetic energy of the outer layers of the star being blasted out into
space [22]. The resulting structure of this explosion is what we call a SNR. Shock
waves in young supernova remnants are promising candidates for the acceleration
of cosmic rays up to the “knee”.

If SNRs indeed accelerate cosmic rays, we should also observe them as sources of
non-thermal emission, when electrons and hadrons at high energies interact with
the surrounding medium [26].

When electrons follow a circular orbit at relativistic speeds in a magnetic field
synchrotron radiation is emitted.? It is polarized and for highly relativistic
particles beamed in the direction of motion of the particle. In a SNR the spec-

3However as pointed out here [23], the Crab nebula should not be thought of as a SNR
rather as a pulsar wind nebulae.

4Not only electrons will emit this radiation, also protons or other charged particles. However
it is strongly suppressed for more massive particle.



trum of synchrotron radiation starts in the radio regime and extends into the
x-ray band [26].

Higher energies can be reached when these energetic electrons interact with low
energy photons from the cosmic microwave background (CMB) or stellar radia-
tion fields via a process called inverse Compton scattering. Photons that are
up-scattered by this process can reach energies in the -ray regime.

We have looked at the emission caused by electrons, but if also high energetic
hadrons are present, an additional source of v-radiation should be observable. In
so called “pp interactions” these hadrons scatter inelastically with surrounding
nuclei, resulting in spallation products X’ and in pions 7.

The charged pions will decay within 26 ns to muons and neutrinos, whereas the
neutral pions will decay into two photons with energies in the y-ray regime

™ = v+ (2.1)

The exact ratio of gamma rays produced from a hadronic background via neutral
pion decay or from inverse Compton scattering in SNRs is still an open question.

We have presently observed about thirty SNRs in ~-rays with different instru-
ments. In the GeV regime with satellites, by TACTs in the TeV regime and
with particle detector arrays like LHAASO and HAWC at even higher energies.
Whether SNRs contribution to galactic cosmic ray acceleration plays a dominant
part is still an open debate. New generation 7y-ray instruments, like Cherenkov
Telescope Array (CTA) and SWGO may give us new hints in this interesting
discussion [26].

Pulsars

Following a type II supernova explosion, we will either get a neutron star or a
black hole, depending on the mass of the exploded star. When it had a mass
between 1.4 and 3 solar masses we get a neutron star. Neutron stars are objects
where the quantum mechanical degeneracy pressure is just big enough to with-
stand the inward gravitational pressure.

The first neutron star was discovered in 1967 as an object that was emitting
periodic radio pulses. Since then we have discovered nearly 3000 such sources,
which we now call pulsars (“pulsating radio sources”) [27].

A simple model, the so called “light house model” [27] can explain the observed
radio pulses. If the magnetic dipole moment of the neutron star is misaligned
with axis of rotation of the neutron star, we get a beam of particles and radiation
in direction of the magnetic poles. As the neutron star rotates, this beam sweeps
over the sky. If at some point this beam points towards Earth, we can observe it
at regular intervals, for example pulses of radiation from the Crab pulsar reaching
us every 33.6 ms [24]. Observations of the Crab pulsar, also show, in addition to
radio pulses, pulsed VHE radiation [6].



Pulsar Wind Nebulae

The Crab Pulsar is slowing down and this loss of rotational energy is carried
away by relativistic winds. Accelerated leptons within the pulsar wind nebula in-
teract with magnetic fields and also with radiation fields, producing synchrotron
radiation from radio to x-rays and high energy 7-rays [6]. Overall, one suspects
that the energy output by the nebula is at least by an order of magnitude greater
than that of the pulsar [24].

Pulsar wind nebulae are thought to be the most effective Galactic objects capable
of producing VHE ~-rays [6].

A more exhaustive list of possible y-ray sources can be found in [6].

2.2 Extensive air showers

Earth is surrounded by a thick layer of air, our atmosphere. It is a mixture
of gases with 78 % nitrogen, 21 % oxygen, 0.9 % argon, 0.04% carbon dioxide,
and trace gases. Additionally, at an altitude between 15km and 35km in the so
called stratosphere is a layer of ozone, which absorbs a big part of the ultraviolet
radiation from the sun.

We already mentioned that for ground-based ~-ray astronomy we use the at-
mosphere as a calorimeter, because at energies starting at the GeV scale, v-rays,
similar to high energy cosmic rays, produce showers of secondary particles, during
interactions with air nuclei. These showers are also called Extensive Air Showers
(EAS) and were first discovered by Auger and Kohlhorster in the 1930s [28]. In
the following we will introduce electro-magnetic showers induced by ~-rays and
hadronic showers induced by cosmic rays.

Electro-magnetic showers.

To determine important parameters of these showers, a simplified model devel-
oped by Heitler [29] may be used. In Heitler’s model a simple branching structure
is assumed, where only photons, electrons e~ and positrons e™ take part [30]. This
branching structure is shown in Figure 2.4. In this model, photons only interact
via pair production and the electrons and positrons via bremsstrahlung. At a
energy above a few MeV, pair production is the most probable interaction mech-
anism of ~-rays with matter. If the y-ray has an energy exceeding 1.022 MeV,
twice the rest mass of the electron, a photon in the field of nuclei, can produce an
ete™ pair. For charged particles, bremsstrahlung is the main energy loss mech-
anism for relativistic particles. At lower energies, energy losses due to collisions
are favored [31].

The theory of bremstrahlung was first dicussed by Bethe and Heitler in 1934
[32]. They showed that the average energy radiated by an electron of energy E,
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Figure 2.4: Sketch of the Heitler model for electronic showers. Here one as-
sumes simple branching model, where after a fixed distance photons, electrons
and positrons interact, via pair production and bremstrahlung. Taken from [30].

(if E >> mc?) per unit length along its path is
E

where the energy loss depends linearly on the energy of the particle and is indi-
rectly proportional to the mass squared. This means that for electrons the energy

loss through bremstrahlung is greater than for protons or heavier nuclei.

If the density of the medium changes in which the electron travels, it is con-
venient to express lengths in units of the so called slant depth X. The slant
depth tells us how much mass we have traversed per unit area. From the density
p we can calculate it as

X = / pds. (2.3)

In the integral we integrate along the path of the electron. If we simplify Equa-

tion 2.2 like this
dFE

dx
we get the following solution for the energy loss

— _E/X,, (2.4)

E(X) = Eye E/Xo, (2.5)

This tells us that after a fixed distance X, called the attenuation length, the
initial energy of the electron is reduced by a factor of 1/e. For electrons in the
atmosphere Xy = 37gcm ™2 (roughly 310 m at normal atmospheric conditions)

11



[31]. The following will be based on [30].

The Heitler model assumes, that the radiation lengths for both bremsstrahlung
and electron positron pair production are equal. After certain fixed distances
d = log(2) X, particles undergo two-body splittings, resulting in a splitting struc-
ture as shown in Figure 2.4. Thus the energy is distributed equally at each
splitting to the two outgoing particles. The total shower size, which is the total
number of secondary particles, after n splitting lengths d is

N = 2" = "2 = Xn/X0 with X, = nXyIn?2 (2.6)

the total atmospheric depth that the shower traveled through the atmosphere.
At the critical energy E. (in air is 85 MeV), bremsstrahlung and pair production,
are less favored. Instead energy losses due to collisions and ionization dominate.
At this threshold particle production stops and the maximum number of particles
in the cascade is reached. We call this point the penetration depth X,,.., which
we can write as a function of the initial energy Ej, like this

Ecrit == E(Xmax) = El)@_XmaX/XO = Xmax = XO In EO/Ecrit~ (27)

As a result of Equation 2.7, the atmospheric depth at which the shower maximum
is reached is proportional to the logarithm of the primary ~-ray’s energy. Even
for high energy ~-rays X,,q. is still at very high altitudes in the atmosphere. For
that reason particle detectors, which observe the secondary directly need to be
located at high altitudes.

Hadronic showers.

Whereas in electro-magnetic showers the physics is well understood in terms of
QED, hadronic showers are more complex, as the interactions in such a shower
are governed by QCD and weak interactions. QCD, at such high energy scales, is
not properly understood, which makes modeling of hadronic showers a complex
endeavor.

However, we can still gain some insights by a simple branching model, called
the Heitler-Matthew model [30]. Instead of an incoming photon, we assume an
incoming proton. This proton will interact with some air molecule and produce
pions and spallation products. The neutral pion will decay into photons and these
will initiate an electronic shower. With that at each stage roughly one third of
the energy is transitioned into an electromagnetic component of the shower.

The charged pions will decay into muons, which interact on very rarely. In prin-
ciple their decay time is rather short, nevertheless, because they are produced at
high energies, due to time dilation they are able to reach ground.

The third component of a hadronic shower are the secondary hadrons. These

12
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Figure 2.5: Sketch of a hadronic shower. On the left we can see the electro-
magnetic compoenent of the shower initiated by a neutral pion. In the middle
we have the muonic component from the decay of charged pions. To the right
the hadronic component is depicted. Taken from [34].

are typically produced with a transverse momentum leading to hadrons at large
angles away from the shower axis [33]. In Figure 2.5 we see a sketch of a hadronic
shower, with its three different components. The characteristic features of these
three components will become important later, when we try to distinguish be-
tween electronic and hadronic showers.

The Heitler and Heitler-Matthew model are only a rough approximation, which
are useful for getting a feel of what is happening. A more accurate approach is
based on Monte Carlo simulations, where physical processes are simulated indi-
vidually. An example of a simulated electronic-magnetic shower induced by a
~v-ray is shown in Figure 2.6. Here we can also clearly see the different lateral
profile of the electronic shower on the left, centered around the shower axis, and
the hadronic shower on the right, which has a larger lateral extend.
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Figure 2.6: Simulated air showers. On the left a shower initiated by a 300 GeV
v-ray and on the right one from a proton at 1 TeV. Taken from [35].

2.3 Instruments for ground-based vy-ray astron-
omy

From the air shower we need to infer the direction and the energy of the primary
particle and the type of particle which initiated the shower [36]. The last point is
subtle. In satellite measurements we can directly detect the particles and we can
suppress the background of cosmic rays with anticoincidence detectors. This is
not possible for ground-based detection, as both cosmic rays and v-rays initiate
the showers. There we need methods to distinguish ~-ray induced showers from
the overwhelming, by a factor of 10%, background of cosmic rays.

We have two complementary methods, IACTs and particle detector arrays. Both
of these methods are reconstructing the showers by detecting Cherenkov radia-
tion.

Cherenkov radiation

It was well known, for a long time, that planes or projectiles, which move at
velocities greater than the speed of sound produce conical waves, so-called Mach
waves [37].

In 1934, Pavel Cherenkov, for the first time, observed light that was produced by
a similar mechanism. A charged particle that moves through a dielectric medium,
faster than the phase velocity of light of the medium, will produce a conical wave
of light.

14



The Cherenkov angle is determined by the following equation

!
= 5w
where [ = v/, is the particle’s speed over the speed of light in vacuum. In 1958,

Pavel Cherenkov received the Nobel prize for the discovery together with Frank
and Tam, who established the theory of Cherenkov radiation [38].

cos(0) (2.8)

Imaging Atmospheric Cherenkov Telescopes

[ACTs are among the biggest optical telescopes on Earth. With these we try
to collimate the Cherenkov radiation produced within the atmosphere from sec-
ondary particles in EAS onto a camera. This technique has been etablished as the
most sensitive method for observing 7-rays above ~ 50 GeV [39]. In Figure 2.7

Figure 2.7: Photograph of the H.E.S.S. telescope array. In the middle the big
telescope surrounded by four identical smaller ones. Taken from [40].

we can see the High Energy Stereoscopic System (H.E.S.S) telescopes, which are
located in the Khomas Highland in Namibia at an altitude of 1800 m above sea
level [41]. In the image we can see one central big telescope with 28 m diameter
mirror and four identical small telescopes surrounding it. The mirrors collect the
Cherenkov radiation and collimate it onto the camera which is mounted in the
focal plane in front of the mirror. The camera consists of a tightly packed array
of Photo Multiplier Tube (PMT)s, which allows the detection of the faint flashes
of Cherenkov light. This also means that TACTs can only operate during nights.
As a consequence, duty cycles of only roughly 10 % are possible [36].
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Cherenkov light from ~-ray showers emitted will typically produce an ellipti-
cal image on the camera, from which the above mentioned properties need to be
inferred. Cosmic rays, will produce images that are broader and more irregular
and thus are rather easily differentiated from ~-rays, which leads to an excellent
background rejection [36].

“IACT arrays are designed to observe point-like moderately extended ... objects
. The potential of TACT arrays is limited for the search for very extended

structures” [36] like diffuse emission or Fermi Bubbles. For such cases, a com-

plentary approach which directly samples the secondary particles is used.

Ground-based particle detector arrays

Particle detector arrays have been used for a long time in cosmic rays research.
In the beginning, Geiger-counters were used. Nowadays, mainly scintillator de-
tectors or water-Cherenkov detectors are employed. In this work we will mainly
be interested in water-Cherenkov detectors. The individual detection units are
usually cylindrical tanks, with an outer layer that shields of any optical light.
Inside, the tanks are filled with ultrapurified water and each tank hosts one or
multiple PMTs. Secondary particles within showers will penetrate into the water
tank. The secondary particles will produce Cherenkov radiation within the tank,
which can be measured via the PMTs. The first ~-ray particle detector array
based on the water-Cherenkov technique was Milagro. It was located near Los
Alamos at an altitude of 2630 m. A large water pond with installed PMTs was
surrounded by 175 small water tanks [42]. With the Milagro detector three new
TeV ~-ray sources were confirmed during a survey of the galactic plane [14].

Following the success of Milagro a new array based on the water-Cherenkov tech-
nique was built in Mexico at 4100 m altitude, near the highest mountain of the
country, Pico de Orizaba. The detector as well as Pico de Orizaba in the back-
ground can be seen in Figure 2.8. There are 300 steel water tanks, each equipped
with four PMTs covering an area of 22000m? [44]. 900 of these PMTs were
reused from the Milgaro experiment. In an upgrade additional 350 smaller water
tanks were added surrounding the main array [45].

We can also see in Figure 2.8 that all tanks lie in one plane. That means with
such an instrument the shower is sampled at a single depth, which leads to a
higher degree of uncertainty in the reconstruction due to fluctuations [36]. This
generally leads to a worse energy and angular resolution compared with TACTs.
Also, the ability to distinguish between ~-rays and cosmic rays with traditional
methods is rather limited.

But, such detector should be complementary to IACTSs, thus it does not need
to have the same performance in tasks where IACTs are already working ex-
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Figure 2.8: Photograph of the HAWC detector. We can see the array of steel
water tanks in the middle. In the background the highest mountain in Mexico,
the Pico de Orizaba. Taken from [43].

tremely well. These arrays have a large field of view (& 2sr) and have an almost
100 % duty cycle, which makes them perfect as all-sky monitors [36].
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Chapter 3

The Southern Wide-field
Gamma-ray Observatory

Following the success of the HAWC ~-ray observatory, SWGO will be a future
particle detector array for v-ray astronomy in the VHE band, which will be lo-
cated in the Southern Hemisphere [46]. SWGO, similar to HAWC, will be based
on the water-Cherenkov technique. Recently it was announced that the detector
“will be located in Pampa La Bola, at the Atacama Astronomical Park” [47] in
Chile, on a mountain plateau in the Andes at an altitude of 4770 m.

This new observatory will be complementary to the CTA (an IACT array), also a
new observatory for 4-ray astronomy in the VHE band [48]. In addition SWGO,
together with particle detector arrays in the Northern Hemisphere, will provide
monitoring capabilities of the whole sky.

3.1 Technical overview

The design of a particle detector array involves a number of compromises. Given
a fixed budget, one needs to decide which design will be most appropriate for the
planned science goals. At the moment multiple detector designs are being evalu-
ated by the Collaboration. These differ in the number of water tanks, how these
are arranged, their sizes, and how many PMTs they host. “[SJmaller ... [water
tanks] provide better spatial resolution and - usually - better time resolution for
shower particles, but imply a larger number of sensor channels per unit area and
hence - at fixed cost - a smaller detector area” [49]. A smaller detector area will
reduce the number of high energy events which are observable. Spreading the
tanks further apart will increase the area, but at the same time will increase the
energy threshold!. These are just some of many considerations that need to be
taken into account.

!The minimum energy a ~-ray needs to have to be registered
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For this work, we will not take into account different detector layouts and fo-
cus on one particular configuration as a reference, which is shown in Figure 3.1.
This configuration has 6588 water tanks. The array is nearly circular with a

300
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—300

| | | | |
—300 —160 0 160 300
X/m

Figure 3.1: Sketch of the reference detector layout. The tanks are densely packed
up to a radius of 160 m. Further out the tanks are more sparsely distributed up
to a radius of 300 m.

radius of 300m, which results in a physical area of ~ 283000m?. Close to the
center and up to 160 m away from the center, is a dense arrangement of 5611
water tanks with a fill factor of ~ 80%. From 160m up to the border the ar-
rangement is more sparse. With the dense inner array it will be possible to reach
an energy threshold of ~ 100 GeV. The outer array increases the area by a factor
of =~ 3.5 and thus the chance of capturing more high energy events.

One detection unit is a cylindrical water tank with a diameter of 3.82m and a
height of 3m [50]. The tanks of the reference configuration have a double-layered
design, as shown in Figure 3.2. Each chamber is filled separately with water and
hosts one PMT. This double layer design allows us to identify muons [51], because
muons within the shower, will most likely pass through the entire water tank and
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Figure 3.2: Sketch of the double layer tank design. Taken from [50].

produce Cherenkov light in both chambers. Electrons, Posititrons, and ~-rays
on the other hand will most likely only produce Cherenkov light in the upper
chamber. The upper chamber has an upward-facing PMT and the inner walls
of the tank may be black or reflective. “The upward-facing PMT ensures that
non-reflected Cherenkov photons with the smallest time dispersion are detected
first” [51], whereas the lower chamber will have reflective walls and a downward-
facing PMT. SWGO might be the first array with double layer tanks, however,
already in Milgaro this principle was used within the water pond. Here they
had two layers of PMTs in the pond, the upper layer was used for the direction
reconstruction and the lower layer to discriminate against the background [14].

3.2 Monte Carlo simulations

Simulations of air shower

Currently, the experiment is only in the development phase and no measured
data is available. However, we have access to simulations of air showers. These
Monte Carlo simulations are done with a software package called COsmic Ray
SImulations for KAscade (CORSIKA) (version 7.7410 [52]), which was initially
developed for the KASCADE experiment [53].

There are simulations for primary photons and protons. The events generated
with these simulations have four main characteristics: the energy E, the zenith
angle 6, the azimuth angle ¢, and the distance of the shower axis from the center
of the array R. These parameters are chosen in the following way, similar for
v-rays and protons which is described in [54].

e E. Energies of the primary particles are drawn from a power law E* with
an exponent o« = —2, within an energy range of 31.6 GeV to 1 PeV (up to
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10 PeV for protons) [52]. This is a harder spectrum than what we expect
to measure, but it that way, we get more high energy events, thus we
can evaluate the algorithms and the detector at these energies with better
statistics.

e R. Events are simulated within a circle with a radius of 1500 m, where the
detector is located in the center. The distance of the core of the shower,
measured from the center follows a distribution, which ensures that per unit
area the number of events is constant.

e 0. The zenith angle is sampled from this distribution 2 cos#sinf with 6
between 0 and 65°. The sinf term ensures a uniform distribution on the
spherical cap, because more events need to be sampled for a given interval
of df closer to the equator, compared to one at the pole. Additionally an
cosf term is introduced because, viewed from the side, the detector area
looks smaller, due to the projection effect.

e ¢. The azimuth angles are drawn from a uniform distribution for angles
between 0° and 360°.

In Figure 3.3 not directly E, R and 6, but instead E~', R? and sin® # were plot-
ted for 50000 simulated v-ray air showers 2. This is done because, if in this
representation the distribution is uniform, one can infer how the parameters are
distributed. This works because of a theorem from probability theory, which is
sometimes called the universality of the uniform [55]. According to this theo-
rem it is possible to generate any desired probability distribution from a uniform
distribution. Consequently, if one knows how to sample values from a uniform
distribution, it is possible to transform these values such that they follow some
other distribution f.

As an example, let us take a look at the zenith angle, where we aim for values
that are distributed according to f(6) = 2 cos#sin . The cumulative distribution
function of f is F() = sin? . The universality theorem states if we have values
drawn from a uniform distribution and transform them with F'~!(z) = arcsin y/z,
we get values that are distributed according to f. In reverse, this means that,
given values distributed according to f, applying F' to these values we get a uni-
form distribution. This shows why in the zenith angle histogram we use sin? 6.

In Figure 3.4 the distributions of y-ray air showers are shown, where at least one
PMT has captured a signal. We can see that these distributions differ from the
ones shown in Figure 3.4. First there are &~ 16 times less events in the histogram
and the distributions are no longer uniform. This means air showers in this sub-
set are no longer distributed like they were sampled in the simulations. We have
fewer events at high energies, fewer with great distance from the center, and also

2Tn Appendix A distributions for proton air showers are shown.
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Figure 3.3: Distributions of input parameters of simulated ~-ray air showers.
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Figure 3.4: Distributions of input parameters of simulated ~v-ray air showers,
which were captured by at least one PMT.
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fewer for large zenith angles.

Simulation of the detector response

The response of the detector for given air showers was simulated with a program
called HAWCSim that is based on software package developed at CERN called
GEANT [56].

3.3 Event reconstruction

As already mentioned in section 2.2 we need to extract the direction, the energy
and the type of particle from the sampled footprint of a shower. We call this
event reconstruction and by event we mean some observed air shower that trig-
gered the array.

In the following, we want to take a look at an event reconstruction at the HAWC
observatory and at methods already developed for SWGO.

Event reconstruction in HAWC

In a recent paper from the HAWC collaboration [57], an updated event recon-
struction was discussed. In the following, we will summarize the main points of
the event reconstruction.

Energy reconstruction

HAWC has two different energy estimators, one based on neural networks and
the other based on the so-called Ground Parameter (GP). The latter one uses
the reconstructed charge density at 40 m away from the core location, together
with the reconstructed zenith angle for the energy estimate. The neural network
is a shallow Multi Layer Perceptron (MLP) (section 4.5) with two hidden layers.
As an input, handcrafted variables are used [58].

Gamma/hadron separation

In section 2.2 on EAS, we have learned that showers introduced by protons
(hadrons) propagate differently through the atmosphere then a shower induced
by a ~-ray. The signatures of a muonic or hadronic component can be used to
differentiate between the primaries. The gamma/hadron separation in HAWC is
mainly based on one parameter which is sensitive to the muon content, the LIC
parameter, and one parameter, which is sensitive to the lateral development of
the shower, the Parameter for IdeNtifying Cosmic rays (PINC) parameter [59)].
The LIC parameter is an empirical parameter used in the Milagro experiment

[42] and is defined as
CXPE40

nHit
In this equation, CxPEy, is the largest amount of charge measured by a PMT
that is more than 40 m away from the reconstructed shower core and the number
of PMTs that measured some signal within 20 ns of the shower front is nHit. The
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idea is that vy-ray showers are characterized by a small value of the LIC parameter
[59]. The PINC parameter is defined as

1 (logyo(g:) — (logy(9)))
PINC = + 2; — : (3.2)
where ¢ is the uncertainty in the charge measurements ¢; based on data from the
Crab nebula and (log;,(¢))) is the mean value of all charges within an circle with
5m radius around the measured charge ¢;. The sum runs over all such possible
circles. The Rectangular cuts based on these parameters are then used for the
gamma/hadron separation [59].

Direction reconstruction

Originally, the direction reconstruction was done with a center-of-mass estima-
tion, where the charges of hit PMTs are fitted to a lateral distribution function
(LDF). Nowadays, a more sophisticated algorithm is used based on a maximum
likelihood fit. A plane is fitted to the shower front, with information of the ar-
rival times measured at different tanks. The shower front has a convex form and
is not completely described by a plane. For that reason, additional curvature
corrections are added during the fitting procedure [57].

Currently implemented methods in SWGO

Energy reconstruction

For the standard method for the energy estimation a template-based recon-
struction method is used [60], which has already been successfully applied in
other experiments [61]. Based on Monte Carlo (MC) simulations an expected
probability distribution is generated and stored in the templates. During recon-
struction one tries to minimize the negative log-likelihood of a given EAS using
the predefined templates.

In our energy reconstruction (section 6.1) we compare to this method.

Gamma/hadron separation

The standard technique uses a shallow neural network as a classifier. The inputs
to this network are similar parameters that are also used by HAWC, for example
the before mentioned LIC and PINC parameters. So this approach uses a neural
network, but with handcrafted variables. Another existing approach is based on
so-called graph neural networks, where raw data is used as the input and no
handcrafted variables are needed anymore. This method reduces the background
over the entire energy range compared to the standard technique [62]. Later, in
our gamma,/hadron separation (section 6.2) we will compare to the graph neural
network approach.

Direction reconstruction
Similar to the HAWC direction reconstruction, the method currently used as a
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standard method is based on fitting a plane to the shower front. The fact that the
shower front has a convex shape, is accounted for by including curvature correc-
tions [63]. The reconstruction process begins with a preliminary estimate of the
core position, based on the center-of-mass of the charge distribution. This is fol-
lowed by an initial plane fit to the shower front. Then the core position is refined
through a maximum likelihood method. The final planefit uses the likelihood
core and the estimation of the first planefit, to produce a more accurate direction
estimation [50]. In our direction reconstruction section 6.3 we will compare our
method to this final planefit.

Specification Performance

0.3TeV | 3TeV | 30TeV
Angular resolution ldeg | 0.3deg | 0.15deg
Energy resolution 100% | 50% 25%

Background rejection | 50 % 9% | 99.9%

Table 3.1: Performance goals for SWGO. Here we have listed the targeted angular
and energy resolution and background rejection for different energies. Adopted
from [46].

In Table 3.1 the expected performance goals for different reconstruction tasks in
SWGO are shown. We can see that at an energy of 0.3 TeV one expects a angular
resolution of 1deg, an energy resolution of 100 % and a background rejection of
50 %. Compared to IACTS, the performance in these tasks is quite a bit worse,
which again reflects the difficulty of an accurate event reconstruction in particle
detector arrays.

3.4 Science goals

SWGO will be able to monitor big parts of the sky with access to the galactic
plane. An unbiased survey of the Galactic Plane will be possible in the en-
ergy range of several tens of TeV [8]. Such a study may help to give new hints in
the debate whether the TeV emission from young shell-type SNRs is of hadronic
or leptonic nature and related to this whether SNRs are major contributors to
Galactic cosmic rays up to the knee.

Extended regions in the sky will be studied, for example the Fermi Bubbles.
These are large structures, which extend to 55° above and below the Galactic
center. The angular resolution of SWGO should allow for more accurate charac-
terization than is currently possible by the Fermi-LAT experiment [8].

SWGO aims for a lower energy threshold compared to HAWC. This together
with the wide field of view and a nearly 100 % duty cycle, will make SWGO
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perfectly suited for monitoring the transient sky [8]. By transient sky, we
mean VHE emitters, which show unexpected, mostly unpredictable flaring or
exploding episodes at different timescales. An example are y-ray bursts or grav-
itational waves. y-ray bursts, like the name suggests, are intense flashes of ~-ray
emission, happening over a timescale from milliseconds to seconds. 50 years after
their discovery in 1969, the origin is still not properly understood. Candidates
are stars at the end of their life cycle or compact binary systems that merge.
With SWGO we expect more observations of y-ray bursts in the VHE range and
with the increase in statistics more precise discussions, of the different emission
scenarios, may be possible [8].

Another science goal of SWGO is to search for physics beyond the Standard
Model. SWGO could help in the search for dark matter particles by searching for
~v-ray emission from the decay of such particles. In addition SWGO will search
for so called primordial blackholes. These are hypothetical black holes formed
during the early stages of the Universe [8].

As a last point, going back to the origins, SWGO will also be used for cosmic
ray research. Besides composition and anisotropy studies, SWGO will be one of
only a few ~-ray detectors in the TeV regime that can monitor the Sun. With
measurements of the Suns “shadow” in the flux of Galactic cosmic rays, one can
probe the magnetic fields surrounding the sun [64].

What it needs to achieve the science goals

In observations a high statistical significance is crucial, as this decides whether
we can claim that we have discovered a new source or if we merely observed a
statistical fluctuation of the background [36].

Idealized, we can write the significance as the ratio of the number signal counts
over the square root of the number of background counts like this?
Ny

\V kag .

Li and Ma [65] pointed out that this overestimates the significance, however for
the following argument this is not important. For a given observation time we
can then write S (for pointlike sources) in terms of a few important quantities

like this [36]
1
SO(\/Ae'O_—'Q (34)
0

S:

(3.3)

where A.g is the effective area, oy the angular resolution and () = \/IE—V—
—€bkg

the so-called Q-factor. In that last formula €, is the gamma efficiency. This

3This considers only statistical fluctuations from the background and assumes the back-
ground follows a Poisson distribution.
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value determines how many out of all v-ray events are correctly detected as -
ray. €pkg is the background efficiency, which states how many background events
we correctly label as background. All the three quantities are greatly influenced
by the performance of the reconstruction algorithms.

As an example let us take a look at the Q-factor, which is influenced by the
performance of the gamma/hadron separation. We usually want to achieve a
gamma efficiency of 80 %, thus e, = 0.8. If our algorithm would achieve a back-
ground efficiency of epie = 0.9 we get @) ~ 2.5. If we would achieve a background
efficiency of 0.99 at the same gamma efficiency we would get a Q-factor of =~
8. This alone would result in an approximately threefold increase in significance
(compared to @ ~ 2.5).

The effective area can be defined as Aeg = Agim™ec/reim, Where Agy, is the area
on which air showers are simulated, and ng, the number of simulated events
and n... the number of reconstructed events. Often only a subset of triggered
events is used for the event reconstruction, others are filtered by so-called cuts.
For example one filters events, where the core did not land on the array or some
quality criterion was not passed. If our event reconstruction algorithm is capable
of reconstructing events, with as few cuts as possible, this would increase the
effective area and thus the significance.

This shows the importance of powerful event reconstruction methods and current

existing methods may benefit by new tools from the field of machine learning,
which have already proven effective in other fields of research.
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Chapter 4

Machine learning basics

4.1 Introduction and a first application in as-
tronomy

The field of machine mearning (ML) searches for systems or procedures with “the
ability to acquire their own knowledge, by extracting patterns from raw data”
[66]. These general patterns should then also be useful for predictions on new
unseen data.

One of the simplest and commonly used ML methods is called the method of
least squares, which can be defined, in its most general case, as a technique
to find an approximate solution W € R™ of a set of linear equations like shown
in Equation 4.1 where X € R™*" are independent input variables and Y € R"
dependent outputs.

XW=Y (4.1)

Such a system has only an exact solution if n = m and rank X = n, but in general
only an approximation can be found. With the method of least squares we can
find the “best” solution, which means a vector W is needed such that the mean
squared error

L= XW-Y|? (4.2)

is minimal. This equation defines a so-called objective function L. In the
case of Equation 4.1 the vector W has an analytical solution given by W =
(XTXx)"' XTy.

This method predates the era of computers, having been introduced in the early
nineteenth century by Legendre and Gauss around the same time [67]. The ques-
tion of who exactly was first is probably ”the most famous priority disputes in
the history of science” [67] and remains an open debate.

However, the first major discovery in astronomy where least squares was used
definitely belongs to Gauss. The rediscovery of Ceres. At 24 years of age, he
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was able to calculate the orbit of the planet! Ceres in 1801, based on observations
done by Italian astronomer Joseph Piazzi earlier in the same year. Based on the
estimated trajectory of the planet, the planet was found again in December that
same year [68].

The above mentioned techniques can be categorized in the class of so called
supervised learning, which will be discussed in more detail in the next section.

4.2 Supervised learning

”Many practical problems can be formulated as requiring a computer to perform
a mapping f : X — Y, where X is an input space and Y is an output space”
[69]. Speaking in this formulation, in image classification, all possible images
would form the space X and the interval between [0, 1] could form the space Y,
corresponding to the probability of an object detected in the image [69]. In the
context of astroparticle physics, the input space could be the set of measurements
taken in a detector, for example a ground based gamma ray observatory, and the
output space could be R, if the goal is energy reconstruction of an extensive air
shower.

The goal of supervised learning is given enough examples (z,y) € X x Y
find an approximation of the mapping f. In astroparticle physics correct labels
are a priori not known, thus we rely on Monte Carlo simulations as data for su-
pervised learning.

Finding the mapping

To find an approximate mapping f, such that for given examples (z1,y1), (22, y2), ..
made up of independent and identically distributed samples from a data gener-

ating distribution D, i.e. (z;,y;) ~ D for all ¢, an objective, or loss function is

minimized. Mathematically speaking a scalar-valued function L(g,y) is chosen

that calculates the difference between the predicted label ¢ and the true label y

[69] to measure the quality of f. A common loss functions is the mean squared

error loss, already mentioned before, often used in regression problems. This

loss is defined as

L=l -yl (4.3)
In classification problems the cross entropy loss is frequently used, which is

defined as follows
N¢

L==) y'log(y), (4.4)

i=1

where the sum runs over all possible classes.

'Nowdays we call Ceres a dwarf-planet. It is an asteroid located in the asteroid belt. However
back then they first thought of Ceres as a planet.
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The objective in supervised learning is to find a function f € F, where
F is the space of all possible functions which are considered, such that the fol-
lowing is satisfied [69]

f = arg 5{2;_1 E(m,y)NDL(f('r)? y) (45)

Here E, )~pL(f(x),y) means, the expectation value out of all possible samples
from the distribution D. Once this function f is found, it can be used to map a
given element of X to the "correct” element in Y. In reality this is not how it
works. Finding a global minimum of Equation 4.5 is not feasable, because not
all possible samples of the distribution D are available. Thus Equation 4.5 is
restricted to all elements from a given dataset with N examples [69]

f = wspin 3 L)) (46)

Given a solution to Equation 4.6 it is expected that this solution will also work
for new elements (Z,y) outside of the dataset.

In astroparticle physics the learned mapping does not only need to work for
new elements outside of a new dataset generated via Monte Carlo simulations,
but in additions has to be applicable to real world experimental data from a given
detector. We cannot evaluate this point for SWGO yet, but it is important to
keep in mind.

4.3 Gradient-based optimization

In general, we will have no analytical solution at hand which minimizes Equa-
tion 4.6 as we have it for the linear least squares problem. The problem of linear
least squares differs from the more general problem defined in Equation 4.6. In
the linear least squares problem, we have restricted ourselves to a set of linear
equations with unknown parameters W, whereas in Equation 4.6 no particular
form of the function f is mentioned. Here, we are searching for a function out
of all possible functions in an infinite dimensional space F'. This is in general a
much harder task. It is also not possible to find the global minimum, if f is a
high dimensional function. However, by restricting ourselves to only a particular
set of functions with tunable parameters 5, we are back to finding the minimum
of a function.

If f is a differentiable function we can rely on gradient based methods to find a
minimum. The negative of the local gradient will point in the direction of a local
minimum. By updating the current position by a small margin in direction of
the negative gradient we will get closer to the local minima. This essentially is
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the essence of gradient descent. Mathematically the update of the parameters
looks like this

L A ,

0 =0—c-— VoL (f(x3;0),v:), 4.7

o L VL)1) (47)

where € is the so-called learning rate. Usually the learning rate is set to a small
value and one performs Equation 4.7 iteratively. When V f = 0 we have reached
a local minimum. Gradient descent is a first order method, meaning it makes
only use of the first derivative.

There are two challenges with this approach. Equation 4.7 is defined as an aver-
age over the whole dataset, which is computationally too expensive to calculate
repeatedly. Secondly the loss function depends on many parameters . LLMs for
example have billions of tunable parameters. Thus we need an efficient method
for calculating gradients [70]. This point will be discussed in the next section 4.6.

Stochastic Gradient Descent

We can solve the first issue by adapting Equation 4.7. Instead of averaging over
the whole dataset, we are randomly selecting a small number of examples and
taking the average over this small subset, also called a batch. This method is
called Stoachastic Gradient Descent (SGD). We expect that the introduced
stochasticities (noise) will average out after sufficiently many small steps [70].

ADAM

A very popular alternative, or extension, to SGD is called adaptive moment esti-
mation (ADAM), which was introduced in 2014 [71], which is used as a reference
in the following. Similar to SGD, ADAM is also a first-order gradient based
method. But unlike SGD, where individual updates of the parameters are in-
dependent of what has happened before, ADAM takes into account previously
calculated gradients.

In addition to the gradient ¢g; = Vo f(z;0) at the current step, we also store a
weighted sum of previous gradients (g;, g;_1, ...) and gradients squared (g7, g2 4, ...)
from all past iterations t;. The weights are chosen in a way that more recent
gradients have the most impact and gradients far in the past are exponentially
suppressed. This exponential decay is controlled by two parameters 5; and S
(€ [0,1)). Nowadays, ADAM is the most frequently used algorithm for the gra-
dient update, especially in the realm of transformer research.

4.4 Backpropagtion
In the previous section we learned how parameters of differentiable functions can

get updated such that some loss function L gets minimized. What we have not
discussed yet is how the gradients get calculated. We have already mentioned
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Figure 4.1: Visualization of a linear function y = Wz. Adopted from [72].

that this needs to be done in an efficient way when the number of parameters
is large. With the backprogation technique we can calculate gradients of some
scalar valued function F' at the same cost as evaluating the function F.

In our case the scalared values function will be a loss function L. Let us illus-
trate the method with a simple example. Lets assume we have a linear function
f(x; W) =y =Wz withz € R, y € R" and W € R™". We can visualize such a
function as shown in Figure 4.1. Entries in the input vector z; and in the output
vector y; are represented as nodes. Output nodes, for example y, are calculated
from a weighted sum of every input node, where the weights are the entries W,
of the matrix W. In addition, let us assume we are using a mean squared error
loss:

1 - 2
L=3 zk:(yk — Yk) (4.8)
Now we want to calculate the gradient Vy, L(f(z;W),y) by making use of the
chain rule

oL OL 9 Wiz,
- B A - AOridir; = Ajj. 4.9
oW zk: Oy oWy 4= RToW, ; kOki Ol T ; (4.9)

)

Here we defined A, = 9 — yr. We can write this in matrix notation as an outer
product
VwlL = zAT. (4.10)

If we look again at Figure 4.1 and in particular at Wi, the parameter update of
Wiy is influenced by the difference at y; and by the input node x;.

We can calculate how many operations the evaluation of f, the forward pass,
took and also calculate how many operations the calculation of gradients, the
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backward pass, took. The vector matrix multiplication in the forward pass has
m - n operations, which is equal to the number of entries Ny in W. So, the for-
ward pass has O(Ny ) operations. In the outer product we need the same amount
of calculations m - n, which shows that also the backward pass has O(Ny/) oper-
ations.

If we compare this to a finite differences method

OL  L(f(z,Wi;+€)),y) — L(f(x, Wy;),y)
o - : +O0e), (4.11)

this needs O(NZ,) operations, as each evaluation of f(z, ) needs W operations
and we need to calculate Ny finite differences [73].

Now this method is not restricted to only linear functions, it can be applied
to an arbitrary function. Lets illustrate this with one more complicated function,
which will also make clear why this is called the backward pass. Let assume we
have the following function

flasW) =y = W?(x; W) (4.12)

where we added an additional function z which also contains adjustable weights
in a matrix W, but can also include nonlinearities. Assuming again Equation 4.8
than gradients with respect to W? are just zAT. Gradients with respect to W

look like this
oL

oW

0
=S AWk (4.13)
k.l i

ow,

Here we can see that the differences (errors) A get passed back with W2 and then

only the local gradient (9‘8/;1 needs to be calculated. By this procedure gradients

for an arbitrary composition of functions can be calculated efficiently.

4.5 Neural networks and deep learning

With the tools from the last section we can find some minimum of a given function
f with tunable parameters 0 and also know how to efficiently calculate gradients.
The question is now, which representation do we choose for f. From approxima-
tion theory, we know that there exist many families of basis functions, which can
approximate an arbitrary function to arbitrary precision [74].

An example we all know from our first course in calculus is Taylor’s theorem,

which states that any function can be approximated by a sum of polynominals,
like this in one dimension

f(x) =0+ 017 + Oo2° + O(2?). (4.14)
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hidden layers

output
layer

Figure 4.2: Multilayer perceptron with 3 hidden layers. The input x is two
dimensional and is mapped to one number. The hidden layers have a width of 4,

5 and 5. Adopted from [72].

Taylors theorem gives us even an symbolic representation for all 6;,

1

f(x)=f(0)+ f'(0)x + f2—('0)m2 + O(2?). (4.15)
However, we often encounter problems in machine learning where the number of
dimensions in the data is high. In such situations problems become exceedingly
difficult and the number of terms for example in a Taylor expansion will explode.
This phenomenon is known as the curse of dimensionality [66]. Empirically,
and in some situations also shown mathematically [75], deep learning with neural
networks does not suffer as much from the curse of dimensionality. A particular
neural network is the MLP, which we now define.

4.5.1 Multi layer perceptron

The idea of Multi Layer Perceptrons (MLPs) was introduced by Frank Rosenblatt
in 1958 [76]. His theory of the perceptron was based upon ideas and assumptions
by Hebb and Hayek. For example that physical connections of the nervous system
of an organism at birth are largely random, and that through exposure to a large
sample of stimuli these connections will be changed [76]. These assumption hold
true for the modern theory of neural networks.

Mathematically a MLP defines a mapping f : R™ — R™ with y = f(x;60) where 6
are learnable parameters . This mapping can be visualized, similar to the linear
function, as a network (Figure 4.2) consisting of multiple layers. The functional
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form of f can be written as

flz) = fM (NI D(2))) (4.16)

where each function f® : R%-1 — R% is a mapping from the i — 1 layer with
width (or dimension) d;_; to the 4 layer with width d;. f®) is the first layer,
also called the input layer, mapping inputs = to the first layer. In that respect
the final layer fV) is called the output layer. Intermediate layers are termed
hidden layers. The functional form of individual layers can be written as an
affine function together with an elementwise nonlinear function. The nonlinear
function g is called an activation function. The output of a given layer f are
called the activations of the i-th layer, which will be written as 2. Thus?

L) — f(i)<z(i—1)> - g(z(i—l)W(i) + b®), (4.17)
where 2 = z. The entries in the matrix W® and in the vector b are called
weights and biases, the tunable parameters of the MLP during training. If the
MLP has multiple hidden layers it is called a deep neural network. As already
mentioned, the width of a given layer is given by the dimension of the particular
activation in that layer. Thus, all in all the MLLP can be classified by the number
of layers and their widths and the chosen activation function.

MLPs are also known by the names feedforward (FNN) or fully connected
neural networks. Feedforward, because the flow of information is in one direc-
tion. A layer f cannot be influenced by a later layer f) (j > 4) in the chain.
They are called fully connected, because, viewing the neural network as a graph,
nodes in neighboring layers are all connected to each other, which can be seen in
Figure 4.2.

4.5.2 Activation functions and universal approximators.

Without activation functions between individual layers, the whole neural network
would consist of multiple matrix multiplications (affine transformations) and we
know from Linear Algebra, that the concatenation of linear functions is again
a linear function. Thus our whole network would be a linear function. Linear
functions have nice properties and are well understood however they lack in rep-
resentation power. By adding nonlinear functions between layers, we can in
principle approximate any function arbitrarily well. This is the so-called univer-
sal approximation theorem, which states that a MLP with only one hidden
layer with arbitrary width is a universal function approximator.

2From now on we will think about vectors as row vectors, as this notation is used in Trans-
former literature.
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Figure 4.3: Two common activation functions. One the left side the RELU
function and on the right side the GELU function.

A common activation function is the Rectified Linear Unit (RELU) function,
which is shown on the left side of Figure 4.3. It is defined as

RELU(z) = max(0, z). (4.18)

It is a nearly linear function and guarantees faster computation since no expo-
nentials and divisions are needed. The RELU function was proposed in 2010,
and has been the most widely used activation function in deep learning. RELU
offers better performance and generalization compared to the Sigmoid and tanh
activation functions [77]. Building on the successes of RELU, slight modifications
where proposed for example the so-called ELU. In this work we will mainly use
the GELU activation function, which was introduced in 2016 [78] and is defined
as

CELU(r) =z 3[1 +erf (+/42)] (4.19)

RELU and GELU are functions which operate pointwise on activations in a net-
work. That means if 2’ = [z}, 24, ..., 2}, | are the activations in layer 4, the RELU

activation function will be applied pointwise like this
RELU(z") = [RELU(z}), RELU(z), ..., RELU(z} )].

A third activation function that is frequently used is called the softmax func-
tion. The softmax function can be used to normalize a given set of activations.
It is defined as

softmax(z;) = o) (4.20)

- eexp(z)

From this equation we can see that unlike for GELU and RELU activation func-
tions, softmax is a multivariate function that transforms individual activations
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z; based values of all other activations zi, 29, ... in the same layer. The softmax
function is often used in combination with the cross-entropy loss Equation 4.4,
as the cross-entropy loss expects values that are in an interval between 0 and 1.

4.6 Training neural networks

In the last two chapters we have introduced optimization techniques and the first
neural network architecture. Optimizing a neural network, adjusting the weights
by gradient descent, is called training a neural network. In the following we will
discuss individual steps during the training procedure.

Data loading and preprocessing

First, we need a dataset consisting of inputs x1, 2, ... and labels y1, ys, .... The in-
puts, also called features, are usually preprocessed. The standard procedure is to
make sure the input dataset has mean zero and standard deviation one. If the val-
ues are distributed over a wide spectrum, logarithmic rescaling is frequently used.

Choosing the network structure and setting the hyperparameters

We need to decide which network architecture is suitable for the given task. Lets
assume we take a MLP. Then, the so-called hyperparameters need to be cho-
sen. For a MLP we need to decide on the number of hidden layers, the width
of the hidden layers and which activation function we use in the individual layers.

Further, hyperparameters are the learning rate (and the learning rate de-
cay), batch size, number of epochs. If the learning rate decay is used, the
learning will get adjusted (get smaller) during the training process. The batch
size determines how many training examples are used to calculate the gradients
during one iteration of gradient descent. Commonly, batch sizes greater than 32
are used. Lastly, we need to decide how often we want to iterate over the dataset.
One iteration is called an epoch.

Initialization of the network

Next, we need to initialize our network, which refers to setting the tunable pa-
rameters (weights), at the start. The initial weights are usually chosen to be
random values around zero and often in such a way that the activations after-
wards have again zero mean and standard deviation one. We will not go into the
details, as this is usually done for us by the neural network software framework,
but a detailed study of how initialization and activations functions influence the
training of neural networks can be found here [79].

Training, validation and test set

“The central challenge in machine learning is that we must perform well on new,
previously unseen inputs—not just those on which our model was trained” [66].
This ability to perform well on data outside the set of known examples is called
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generalization. Thus, before we start the training procedure, we will split the
dataset into three parts. The training set is actively used during the learning
algorithm, meaning gradients are calculated from these inputs and labels in this
set, and the model parameters are updated based on these gradients. Then, we
have a validation set, which is used throughout the training, but only to observe
the error on this set, the validation error or validation loss. Examples out
of the validation set are not used to calculate gradients. We hold back a test
set, and only once we are finished with all the training, we evaluate the model
on the test set and calculate the test error or test loss. A typical split uses
70 % of data for training, 10 % for validation and 20 % for testing. The model

- - training set
\ — validation set

loss

overfitting

AU Generalization error
- -

g
il SR N N

training iterations

Figure 4.4: Training and validation loss curves. Adopted from [80].

has a good generalization, if the training error is small and the gap between
the validation error and training error is low. The size of this gap is called the
generalization error, which can be seen in Figure 4.4. In this figure common
training and validation loss curves are shown. In the beginning, the validation
and training loss are both getting smaller. After a few epochs, the validation loss
stagnates, and after more epochs, the validation even increases again. This in-
crease at the end is a sign that the neural network memorizes the training set and
is called overfitting. If the training error is still high, the model is underfitting.

Which of these occurs is determined by the capacity of the model. Put sim-
ply, a small network with only a few parameters has a low capacity, whereas a
large network with many parameters has a high capacity. A too small network,
may lack the capacity to perform well on complex tasks, whereas a too big net-
work may memorize properties of the training set and will not perform well on
the test set. To figure out which set of hyperparameters works best, multiple
trainings are done, where hyperparameters are changed and by monitoring the
validation loss a good set of hyperparameters can be found, such that a low train-
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ing error and also a low generalization error is achieved.

To reduce the amount of overfitting regularization methods can be used, which
we will discuss in the next paragraph.

Regularization

In order to control the capacity we can add techniques which inhibit, at least
to some part, overfitting. Ideally, with regularization we reduce the generaliza-
tion error, but not the training error. Two common methods are dropout and
weight decay.

In weight decay we introduce weight penalties. This means we add an addi-
tional term to the loss function, which penalizes large weights. Usually, one uses

L? parameter norm penalty which is commonly referred to as weight decay which
looks like this

A
L'=L+ §wTw. (4.21)

Here, in w all weights of the neural network are contained and A is the so-called
regularization coefficient. It is an additional hyperparameter which determines
the relative importance of the original error term L and the weight decay term.
By calculating the gradient with respect to w we get:

Vol = VL + M. (4.22)
Then, the update of the weights looks like this
w <4 (1 — eNw — eV, L. (4.23)

Comparing this to Equation 4.7 we see that the update rule got modified by
the —eAw term. Equation 4.23 is equivalent to weight decay as it was orignally
introduced [81].3 In Equation 4.23 also highlights the name weight decay. The in-
troduced term “encourages weight values to decay towards zero, unless supported
by data” [73]. For example if the gradient with respect to L is zero, weight decay
still draws w closer to zero.

In addition or individually we can add dropout. If dropout gets applied we are
“dropping” out units (nodes) in our neural network. The means, we temporarily
remove some nodes of the network, togehter with all incoming and outgoing con-
nections. The nodes which are dropped are randomly selected [85]. This can be
seen in Figure 4.5, where on the left we have the network without dropout and
on the right side dropout was applied. The red crosses emphasize the dropped

3Here we argue, and show by calculations, that adding a L? penalty is the same as weight
decay. This is only true of SGD, for adaptive methods like ADAM this is no longer true. This
is why in most deep learning frameworks, one needs to use the AdamW optimizer instead of
Adam, as the latter one has a wrongly implemented weight decay [82][83].
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Figure 4.5: Visualization of Dropout regularization. On the left a network
with applied dropout. On the right red crosses mark nodes which were ran-

domly dropped and where all incoming and outgoing connections were removed.
Adopted from [84].

nodes. Dropout is only applied during training and is turned off during inference.

Trainings loop
A typical training loop may look like the following (Algorithm 1). The trainings

Algorithm 1 A typical training loop.

for iin 1,..., Nepocns dO
for (X,Y) in trainset do
Y’ = model(X)

L =loss(Y,Y)
Vo = gradients(L)
update!(model, Vy)
end for
end for

loop starts by iterating nepochs times over the entire training set. During the next
loop, we randomly sample batches of inputs X and labels Y. We then calculate
the predictions Y and in a next step calculate the error or the loss between the
prediction Y and the true labels Y. From this the gradients are calculated with
the backpropagation algorithm. In the end, we update the parameters, via
some form of gradient descent.*

Skip connections and layer norms.

As a last point, we want to mention skip connections and layer norms, as we will
make use of them later. These techniques address some of the difficulties that
arise in the training of neural networks, helping to decrease training time and
also improve performance.

4What we left out in this example is the tracking of performance metrics, like storing the
training loss.
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skip connection
(identity)

Figure 4.6: Visualization of skip connections. In parallel to the layers in orange
an additional pathway is added. Adopted from [86].

Skip connections, also called residual connections, can be thought of as a shortcuts
that skip layers. Here, the activations z before a particular layer are added
directly to the output z at some point later in the network. Let us assume F is
a function, comprised out of all layers or maybe multiple layers. Without skip
connections we would have

2= F(z). (4.24)

If we add skip connection the transformation would change to
2 =F(z)+ 2 (4.25)

In Figure 4.6 this is visualized. Empirically, it was observed that deeper models
suffered from degeneration in performance, and adding skip connections helped
with optimization [87].

Vanishing gradients are another problem in deep neural networks. We can re-
duce this problem by normalizing the activations of the neurons. We have already
mentioned this in the discussion on initialization of neural networks. However the
correct initialization only makes sure activations are normalized before training.
A so called layernorm makes sure that the activations stay normalized through
out the training. From all activations a/ within one layer one calculates the mean
and variance like this

H H
. 1 . . 1 ‘ .
,U(J) =% E Z}gj) ) — = § :(’Zlg:j) — pu). (4.26)
k=1

Then, the activations get scaled like this
, (7) 4
- g
7)== - ) (4.27)

J’(j)

where g; are a gain parameters that scale the normalized activations [88].
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4.7 The Transformer

The Transformer architecture was introduced in 2017 in the paper ” Attention is
all you need” [12], which was published by a group at Google. In that paper the
Transformer was applied in the context of natural language processing (NLP).
In particular the authors were concerned with machine translation. Previously
recurrent neural networks (RRNs) were state of the art approaches in this field.
However, they are intrinsically sequential systems and this ”sequential nature
precludes parallelization within training examples” [12], making them inefficient
to train. With the Transformer, Vaswani et all, proposed a model architecture,
which ”[eschewed] recurrence and instead [relied] entirely on an attention mecha-
nism to draw global dependencies between input and output” [12]. Ever since the
Transformer became the dominant approach for all subfields of NLP. Nowadays,
Transformer based models are most known for text generation. ChatGPT was
the first so called Large Language model (LLM), which caught the attention of
the public.

The architecture is composed out of five parts. An embedding layer, the self
attention, a MLP, a positional encoding and a task specific final layer.
This structure can be seen in Figure 5.2. In the context of NLP an additional
layer is needed which is called the tokenization step. The Transformer was
introduced as a network mapping sequences of words to sequences of words. We
will first explain the individual parts, in the context of NLP, and later we explain
the changes that are being made for using the Transformer in SWGO. Here we
mainly follow the original paper [12].

4.7.1 Tokenization

In the tokenization step, a sentence, will be transformed into a numerical rep-
resentation. One common way of doing this is a so called word tokenization.
Here one has a dictionary of words, and each word in the dictionary relates to
a unique number. For example the sentence “Physics is interesting.” could look
like 734999, 374, 7185, 13”7, meaning “Physics” = 34999, “ is” = 374, “ inter-
esting” = 7185 and “.”=13. These numbers are not randomly drawn, but this
the representation of our sentence that would be used in the open source LLM

LLAMA-3-8B from Meta [89]. °

4.7.2 Embedding

With the tokenization step the sequence of words was transformed into a sequence
of integers. A different view would be to interpret the integers as unit vectors in

5That in that example each word was mapped to a individual number was only by accident.
The Llama-3 model uses a subword tokenization, where not necessary complete words will be
mapped to a number, but also subword parts.
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the space of all words of our vocabular. Thus the sequence can be interpreted as
a sequence of unit vectors {xy, Ts, r3, ...} where x; € RN and N, is the length of
the vocabulary. The sequence can contain an arbitrary amount of tokens. The
number of tokens in the sequence is called the sequence length. From now
on we should think about sequences as matrices, where each row represents one
token in a sequence, this is the representation used during computation, because
matrix multiplications can be done efficiently and in parallel on the computer.
The sequence of unit vectors is then a matrix X with L rows, each row being
the corresponding unit vector, thus X € R®N . The embedding layer is a linear
mapping from the

RM — R, (4.28)

where C' is called the channel (or embedding) dimension. Thus, the embedding
layer can be written as a matrix Ugy, € RVC. Performing the matrix multiplica-
tion, which is computationally cheap, gives us the following embedded sequence,

X' = XUqpp € RHC, (4.29)

4.7.3 Self attention

At this point individual tokens were processed only with respect to themselves.
The self attention layer lets different tokens “communicate” with each other. To
make it more precise we will now define the self attention layer first and explain
the individual parts afterwards. The attention matrix A is defined as [12]

-
A = softmax <QCZ > (4.30)

where () are the so-called queries defined as

Q =YUg, Ug € RYC (4.31)
and K are the so-called keys defined as

K =YUg, Ug € RYC. (4.32)

An entry A;; is a scalar product with one query @); (a row in @) and key K; (a
row in K). As we calculate the scalar product between every two input tokens,
this is a global operation. The scalar product get rescaled by dg, the dimension
of the keys, to make sure that the products are not too big before the softmax
function is applied. Large values in a softmax are numerically unstable and also
the calculated gradients become extremely small. If we would not scale the scalar
products by dj. their variance would be dj. This can be seen with the following
argument. If we assume that entries in () and K are independent random vari-
ables with mean 0 and variance 1, the scalar product @); - K; will have mean 0
and variance di. The softmax function is applied rowwise [12].
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With A we calculate the outputs of the self attention layer like the following
Z =AV (4.33)
where V' are the so-called values defined as
V =YUy, Uy € REC. (4.34)

Z € RYC is a newly transformed sequence, where individual tokens contain in-
formation from each of the input tokens.

We already want to highlight one property of the attention matrix, which will be
become import later, namely that A scales quadratically with the lenght of the
input, as A € RHE,

Scaled Dot-Product Attention Multi-Head Attention

Concat

f

L
Scaled Dot-Product J& h
Attention b

l l |
[T.inear]_][?.inear],][?.inear]_]

MatMul

Vv K Q

Figure 4.7: Visualization of the attention mechanism. On the left the standard
self attention mechanism or scaled dot-product attention is shown. On the right
the multi-head self attention. Taken from [12].

On the left side in Figure 4.7 the individual steps we have discussed are visualized
again, starting in the bottom with the queries, keys and values.

Figure 4.7 shows one detail that we left out. Before applying the softmax function
an optional masking operation can be applied. This is called masked attention.
This mask determines which scalar products are evaluated. In LLMs one usually
uses a triangular mask, which makes sure that no scalar products are calculated
from queries which come before keys in the sequence.

Multi-head self attention
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Usually multi-head self attention is used instead of self attention as intro-
duced. What changes is that, instead of calculating one matrix A, multiple
so-called heads of attention are calculated. A sketch of this operation is shown
on the right side of Figure 4.7. Queries, keys and values will get projected into
a space of dimension ¢/n where h is the number of attention heads. This means
the channel dimension needs to be some multiple of h. One attention matrix is
then defined as

A; = softmax <(QM/ZQ)CE/I§W’K)T> (4.35)
and
Zi = A(VWY) (4.36)

with W WX W € R/ In the end we concatenate the Z; from different
heads and apply a further linear transformation W € R®¢

Z = Concat(Zy, ..., Zp)W. (4.37)

4.7.4 Token-wise multilayer perceptron

Following the attention block, individual tokens (rows of Z) are further processed
in a shallow MLP, usually with one hidden layer, like this

7' =RELU(ZWW 4+ pMW)yw®@ 4 p2 (4.38)
In the original paper [12] the dimension of the hidden layer was set to 4C.

4.7.5 The Transformer block

The combination of Self attention together with the MLP, is often called the
Transformer block. In bigger networks, multiple of these blocks are stacked
sequentially, which is indicated as N x in Figure 5.2. If no mask is applied and
scalar products from all keys and queries are calculated this is usually called an
encoder. If scalar products are masked out with an triangular mask, it is called
a decoder.

Skip connections are added in parallel both to the self attention and to the
MLP. Originally, each of these two operations were followed by layer normal-
ization, which normalizes tokens along the channel dimension. Nowadays, the
layer norms are added before the attention operation and the MLP [90]. Mathe-
matically the Transformer block then looks like this

Z = (Y + attention(Layernorm(Y))), (4.39)
Z' = (Z + MLP(Layernorm(Z2))). (4.40)
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4.7.6 Positional encoding

Through the tokenization, embedding, self attention and MLP, we have trans-
formed a sequence of words, to a sequence of tokens in a vector space. Apart
from the self attention layer, tokens where processed individually. One can show
that a permutation in the order of the tokens in the original input sequence X
results in the permuation of the tokens in the output sequence Z’. That means
tokens are processed without regard to their position in the sequence. However,
in language we know that the order of words in a sentence makes a big difference.
To make sure this spatial ordering is also relevant in the transformer a positional
encoding is added after the embedding layer. In the original paper, a constant
positional encoding was used, consisting of sinus and cosine functions with differ-
ent frequencies. The positional information is added after the embedding layer,
like this

X' = XU, + PE (4.41)

where PE = const € R,
In the paper, they also experimented with learnable positional embeddings and
reported that they did nearly produce identical results [12].

4.7.7 Final head

After the Transformer block we have a sequence of tokens, where each token is
a vector € RY. This sequence is processed in the so-called final head to the
desired outputs. In NLP the goal is often to transform this sequence of vectors
into a sequence of probabilities that determine which words (or subwords) are
most likely. This is usually done by a simple linear layer followed by a tokenwise
softmax function, like this

Y = softmax(Z'Ugya), (4.42)

where Ugina € R4 maps the tokens back to the dimension of the vocabulary.
In LLMs this sequence should resemble the input sequence shifted to one word.
This is usually called next word prediction, because by shifting the sequence to
the right, the first token is dropped and a new token is generated in the end.
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Chapter 5

A Transformer for particle
detector arrays

Inspired by the success of Transformers in the field of NLP, a group at Google
published a paper called " An Image is Worth 16x16 words”, were they applied
a Transformer directly to images, with as few as possible modifications to the
original architecture [91].

We will follow their architecture and modify it, such that it is suitable for SWGO!.
Before we go into the details of the architecture we want to motivate why a
Transformer is a fitting neural network for particle detector arrays.

5.1 Why a Transformer?

In particle detector arrays, we are conflicted with two challenging aspects. In
Figure 5.1 we can see two footprints of v-ray air showers. On the left, an event
where a large fraction of tanks have measured a signal is shown. On the right,
a sparse event is depicted, where only a small fraction of tanks triggered. The
latter example is the more typical case. An efficient event reconstruction would
make use of this sparseness, but this leads to variable sized inputs. A MLP can-
not accommodate for variable-sized inputs, as the input layer can only process
data with a given fixed size.

A second challenge is the non-uniform spacing of tanks, as shown in Figure 3.1.
These two aspects limit the choice of possible neural network architectures.

GNNs can deal with data that is irregularly distributed in space and also with
variable-sized inputs. These networks are designed to work for non-Euclidean
domains. They have already been used in different physical contexts. For ex-
ample in particle physics [92], weather predictions [93] or in neutrino astronomy

!And in principal to other particle detector arrays, maybe with minor modifications in the
embedding layers.
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Figure 5.1: Two example footprints of air shower. On the left a y-ray event with
an energy of 47 TeV with 5370 triggered tanks. On the right a more sparse y-ray
event with an energy of 2 TeV and only 85 triggered tanks. The color scale signals
the induced charge in individual tanks.

[94]. Recently they have also been successfully applied within the field of -ray
astronomy [95]. As already mentioned in section 3.3 these networks are already
being used in SWGO.

A second alternative architecture, capable of handling non-uniform spacing and
variable-sized inputs, is the Transformer architecture section 4.7. For the HAWC

observatory, a Transformer based architecture was already investigated, however
without utilizing the full self attention mechanism [96].

5.2 Input data

5.2.1 Structure of the data

A footprint of an air shower, as shown in Figure 5.1, can be naturally thought of
as a set of four vectors, each looking like z = [t“, td g, qd]. Each vector contains
an arrival time and an integrated charge signal per PMT.

In addition to this measurement information, we know the location of the tanks,
giving us a set of positions. We can interpret each item in these sets as a row in
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a matrix. The two matrices look like the following

u d u d
Sy o
X= |8 e e | g p= | @Y (5.1)
) 4 o) o) Z(n) Y(n)

where the i-th row in X has the measured time ¢}’ and charge ¢ of the upper
PMT (and t¢, ¢¢ for the lower PMT) and i-th row in R the corresponding z; and
y; coordinates.

5.2.2 Normalization

Normalization of arrival times
First, we center the data by subtracting the average arrival time (of all events in
the dataset) and then we divide by the standard deviation of arrival times o

R

:E_T. (5.2)

ar

<.

Normalization of signals

For the charge information a logarithmic rescaling is used. First charges get in-
cremented by one, then the logarithm is applied. The added offset ensures that
a zero value in the signal translates to zero after the transformation. Then we
divide by the standard deviation of these logarithmic charges.

= log(Qi+1)

" ollol@+ 1) o

Tank positions
The tank positions already have roughly a mean of zero, because they are radially
centered around (0,0). Thus we only divide by the standard deviation op of the
distances of tank positions relative to the center.

P

P== (5.4)
op

5.3 Modifications in the architecture

A Transformer used in the context of computer vision is called a Vision Trans-
former (ViT) [91]. We have adopted the ViT architecture to handle footprints of
air showers. A sketch of our architecture is shown in Figure 5.2. In the following
we discuss the modifications of our architecture compared to the one discussed
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Figure 5.2: A Transformer architecture for SWGO. Starting at the bottom a
sequence containing charge and time information is linearly embedded and po-
sitional embeddings are added. At this stage an additional CLS-token is added.
The resulting sequence is fed to the Transformer block. In the end only the first
token is used in the final layer. The illustration was inspired by [91][12]
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n section 4.7.

Embedding and positional encoding

The tokenization step, which is needed to transform a sequence of words, into a
continuous representation, is not needed, because the signals are already vectors.
Thus, the first layer in our architecture is the embedding layer, where the four
vectors of signals are linearly transformed into a higher-dimensional space.

As a positional encoding, we have chosen a learnable positional encoding. This is
just a simple linear transformation U, € R*“, which takes position vectors from
the matrix P and maps them into the embedding vector space. This positional
information is then added to the embedded inputs like this

X' = XUunp + PUpe. (5.5)

CLS token

Before feeding this sequence into the Transformer block, an additional token is
added to the beginning of the sequence, the so-called CLS-token (classification
token), as shown in Figure 5.2. The entries of this token are additional learnable
parameters. Thus, the input to the Transformer block, will be a matrix of size

(L+1,0).

Transformer block

The Transformer block in it’s structure is unchanged from the one we have intro-
duced in the previous chapter. We only change the activation function inside the
MLP to a GELU activation function, as this was also used in the original ViT [91].

What changes is the masking operation. During training, we need to con-
struct batches out of randomly sampled events from the training set. These
events will, in general, have different sequence lengths (different numbers of trig-
gered tanks). The Transformer can deal with different sequence lengths, however
within one batch, the sequence lengths need to match. To ensure this within the
batch, smaller events will be padded with zeros, such that each event has the
same sequence length as the largest event. To ensure that the added zeros do
not change the results of the calculations we need to make sure these tokens are
masked out during the self attention operation.

Task specific final head
The output of the Transformer block is a new sequence of tokens Z' € REHLC,
In the final head only the first token in this sequence is used and mapped to the
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desired output.? In general this layer will look like this
Y = Layernorm(Z})Ugpal- (5.6)

We normalize the first token and then apply a linear transformation Ug,,. The
exact shape of Ugna depends on the specific task.

An alternative to only using the first token, would be to compute the mean
of each column in Z" and then apply layer normalization and the linear trans-
formation. In the appendix D.3 the authors of [91] showed that both methods
perform equally well if the learning rate is properly adjusted. We also experi-
mented with this and did not observe any difference.

5.4 Computational requirements

One aspect of the computational cost of an algorithm, or in this case, the training
of neural networks, is the amount of memory that is needed. For neural networks,
this amount depends on several factors, including the size of the model, the op-
timizer, the batch size and the precision of the computations. In addition, there
are different memory requirements during inference and training. All these points
will be covered in the following, with a special focus on the Transformer archi-
tecture.

Floating-point numbers

Neural networks are usually trained using single precision floating point numbers.
Thus for each number we need to store four bytes of memory. With the advent
of LLMs half precision, i.e. Float16, numbers are used quite frequently. We will
use single precision floating point numbers (Float32) as this is the default type
used in the field if models are not too large.

Memory requirements during training

The memory requirements for training a neural network can be divided into 3
main categories, which we will call the model memory, activation memory and
the gradient memory.

The model memory is the amount of memory needed to store the weights of
the neural network.

During the forward pass, the activations of intermediate layers need to be stored,

2 At first this seems to be wrong, why would we only use the first token. However what one
needs to remember is that in the sequence Z’ every token is a product of multiple attention
operations and thus contains information of all input tokens.
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Layer Parameters | ~ Memory / MB
Embedding 786 0.003
Pos. Encoding 384 0.001
Q.K,V 590592 2.4
MLP 1179648 4.7
Total 1771410 7.1

Table 5.1: Overview of the number of parameters and the model memory.

because we need to evaluate gradients with regard to the activations of the for-
ward pass. This is what we call activation memory.?

After each training step, the parameters get updated via some form of gradi-
ent descent, thus for each parameter, the gradient has to be stored. We call
this the gradient memory. The Gradient memory is typically the same as the
model memory. We are using the ADAM optimizer, so the gradient memory is
increased by a factor of three as we have to store past gradients, as explained in
the section 4.3.

Memory requirements during inference

The memory cost for the activations is drastically reduced during inference com-
pared to training. On the one side, because we do not need the backward pass,
which reduces the memory because gradients do not need to be calculated (and
evaluated), and thus we do not need to store activations from intermediate lay-
ers during the forward pass. This comes in handy because this mean that the
computational requirements for the event reconstruction on site are not that big
compared to the computational requirements needed for training.

5.4.1 Memory requirements of the Transformer

We will now calculate the model memory and activation memory for individual
layers of the Transformer. For the model memory, we need to count the number
of weights in each layer, which was done in table 5.1 (based on the hyperparam-
eters from Table 5.3).

As an example let us calculate the number of weights in the MLP. We have
two weight matrices of shape R4 and R*“¢. Thus in total 2 - 4C? - Npjoeks
parameters. For C' = 192 and 4 Transformer blocks this equals 1179648 param-
eters. We can see that the MLP needs the most amount of memory, but overall
the memory requirements of the model is with ~ 7MB rather small.

3The activation memory depends on the batch size.
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Activations ~ Memory L=100 / MB | L=6588 / MB
Embedding 0.0768 5
Pos. Encoding 0.0768 D
Attention matrix 2.8 4400
MLP 1.8 120
Total 4.6 4530

Table 5.2: Overview of the activation memory for an event with 100 triggered
tanks and for 6588 triggered tanks.

For the activation memory we need to count the number of activations in each
layer, which we have summarized in Table 5.2. We can see that for a sequence
length of 100 the activation memory is only 4.6 MB, however for a sequence
length of 6588 (the number of tanks in our SWGO config) the activation memory
is 4.5 GB.* Most of the memory is needed to store the attention matrix which
scales quadratically with the sequence length. For that reason we need to think
about an efficient training pipeline for our transformer networks, the subject in
the next section.

5.5 Efficient training of transformer networks

The array configuration for SWGO has 6588 water tanks, as shown in Figure 3.1
earlier. This means that the maximum sequence length can be 6588 if every tank
registers a signal. As a comparison, the LLAMA2 LLM has a context length of
only 4096 [98]. This means that the computational complexity, with respect to
the length of the input, for the reconstruction of the largest events is larger than
for a SOTA LLM from 2023.

We can take advantage of the fact that extremely energetic, and thus often large,
events are rare. The histogram in Figure 5.3 shows the distribution of the number
of triggered tanks for all simulated air showers. Here we can see that most events
have only a small number of triggered tanks, and there are only a handful of
events that trigger the whole detector. This point is marked by the red vertical
line.

The blue line shows roughly where the trigger is set. Roughly because we require
that more than 25 PMTs have measured a signal, but due to the double layer tank
design, we can have events passing the trigger with less than 25 tanks because
both PMTs in some tanks measured a signal. To efficiently train a Transformer

4In the actual implementation of attention an algorithm is used that is called flash attention
[97]. This lowers the computational complexity slightly, resulting a memory requirement slightly
less than what is given here.
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Figure 5.3: Distribution of the number of tanks triggered in y-ray events.

model a tailored training pipeline is needed which exploits the sparseness.

If we just use the same training’s algorithm (Algorithm 1) this would be ex-
tremely inefficient, because we have already mentioned that inside one batch of
random samples, the sequence length needs to be matched to the largest events.
That means if most of the events within the batch have about 25 triggered tanks,
but one event has 6000 triggered tanks, each of the small ones need to be matched
to the largest event. So the largest event inside a batch will determine the com-
putational complexity of the training [99].

5.5.1 Sequence bucketing

A method for training, that accounts for inputs with large variations in their
sequence length, is called bucketing. We found this idea in a kaggle competition
that was called “IceCube — Neutrinos in Deep Ice” [100]. Besides this, there is
not much literature on this topic. We have found some papers concerned with the
training of recurrent neural networks [99] and some on curriculum learning,
which is a familiar concept [101].
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The main idea is as follows. Instead of padding every event within a batch
with zeros to match the largest event, one first sorts the events by their sequence
length. Then, these events are organized into different buckets. To make this
more concrete, let’s consider the following example.

In the case of SWGO the spectrum of sequence lengths ranges from about 25
to 6588. Let’s say we use four different buckets. We fill the first bucket with
events that have a maximum sequence length of 100. The next bucket contains
events with a sequence length of 100 to 1000. The third bucket holds events from
1000 to 4000 and the last one contain the remaining events. Then, within each
bucket, events are padded to the length of the largest event in that bucket. Thus,
an event with a sequence length of 25 will only be padded to a length 100, instead
of possibly 6588.

Once everything is sorted, we loop over the different buckets, calculate gradi-
ents for each bucket, and store them. The parameter update is performed using
a weighted average over all gradients. The weighted average ensures that each
event contributes equally in the update. This procedure is summarized in pseu-
docode in algorithm 2. In this example, static bucket boundaries are used (100,

Algorithm 2 A training loop with bucketing.
for iin 1,..., Nepochs dO
for buckets in trainset do
for (X,Y) in buckets do
Y = model(X)
L = Lot Jogg(Y, Y)
Vy += gradients(L)
end for
update!(model, Vy)
end for
end for

1000, 4000, 6588). In principle this can be optimized by not setting fixed bound-
aries for each randomly drawn batch. In [99] a dynamic bucketing strategy is
discussed, where they present an algorithm that finds the optimal bucket sizes.
For this work, static boundaries were used, but in future work, dynamic bucketing
could be a good option to further reduce the computation required for training.

5.6 Hyperparameters

In Table 5.3 we have listed the basic hyperparameters for the Transformer archi-
tecture. Many of them were used throughout all different training tasks, like the
batch size, the embedding dimension, the number of heads, and the number of
Transformer blocks.
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Parameter Value
Batch size B 128
Learning rate 0.0003
Embedding dimension C' 192
Number of heads 6
Number of Transformer blocks 4
Weight decay 0.1

Table 5.3: Chosen hyperparameter for our models.

We have used a linear warm up and cosine learning rate decay. The linear warm
up assists in stabilizing the training [102].

For regularization, a high weight decay of 0.1 was used. Dropout, if used, was
applied after the linear layers in the MLP and before matrix multiplication (AV)
during the attention operation.
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Chapter 6

Evaluation of a transformer
based event reconstruction

In this chapter we will evaluate the use of a Transformer for energy reconstruc-
tion, 7/hadron separation, and direction reconstruction. We will compare our
method to performance goals set in the SWGO science case and to techniques
that were introduced in chapter 3.

The training of the Transformer neural networks was done on ~ 1 millions events.
For validation 10 %, relative to the number of training events, were used and in
the end, the performance was evaluated on ~ 400,000 events that were never used
during training.

Events were only used for training and testing if more than 25 PMTs measured
a signal. The evaluation of direction and energy reconstruction was done with
the following cut: only events where the core landed on the array (R <300m)
and where the zenith angle angles was below 45° were used. ! For ~/hadron
separation proton and 7-ray simulations, at a ratio of ~ 50/50, were used. Here
no cuts on the data were applied.

Resources for training transformer networks

We want to address a critical aspect of using Transformer networks: their en-
ergy consumption. The transformer architecture is build in a way that supports
parallelism and scalability. This allows the training of extremely large models,
where the number of parameters is typically in the billions. For example GPT-3,
the predecessor of ChatGPT, has 175 billion parameters [13].

However, at the same time, Transformers “lack some of the inductive biases
inherent to CNNs, such as translation equivariance and locality, and therefore do
not generalize well when trained on insufficient amounts of data.”[91] So-called
scaling laws show that increasing the model size, i.e. the number of parameters,
along with the size of the training set, improves the model’s performance. This

!Here the true core and true zenith angle are used.
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performance increase follows a saturating power law with respect to the amount
of compute, meaning that achieving further performance gains becomes increas-
ingly expensive [103].

To set the energy consumption into perspective, let’s take a look at the LLAMA?2
model. The LLAMA2 LLM (70 billion parameters) released in 2023, was trained
on a cluster using 2000 Graphical Processing Unit (GPU)s in parallel, resulting
in an energy consumption (for the GPUs only) of 0.7 GW h for one training run
[98]. The successor LLM LLAMA3 (70 billion parameters) needed 4.5 GW h of
electrical energy for one training run, which is more than a sixfold increase in
only a year[104].

Our models, with roughly 1 million parameters, can be trained, due to the buck-
eting strategy, on a single A40 GPU. We have tracked all training runs that we
did, together with system information like for example the GPU power usage.
From this we estimated the total energy consumption for all our training runs to

564kW h (GPU only).

6.1 Energy reconstruction

For the energy reconstruction, a final head was utilized, which maps the cls-token
to a scalar value log;,(£)/GeV. Mathematically the final layer looks like this,

Y = Layernorm(Z})Ug + (log;o(Eme)), (6.1)

where Ug € R%! and (log,,(FE.)) is the mean logarithmic energy of the training
set.

For the loss function, a mean squared error was used

N
1
L - N Z H 10g10(En/GGV) - loglo(Emc,n/GeV)HQ, (62)

where the sum runs over the number of examples inside the batch.

The training was done for 105 epochs, where the learning rate was reduced from
0.003 down to 0.0001 at epoch 100. In Figure 6.1 the trainings and validation
losses during the training are shown.

The energy construction was evaluated in the energy range from 100 GeV up to
1PeV and in energy bins that are equidistant on a logarithmic axis. To evaluate
the performance of the energy reconstruction, we calculate the so-called energy
bias and the energy resolution.

These are defined as follows: if we take a look at Figure 6.2, we can see the
distribution of the differences between log,, £ and log,, E,. for energies Fy,. be-

tween 1 TeV and ~3.16 TeV. So basically, the differences between the prediction
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Figure 6.1: Training (solid line) and validation (dotted line) losses of the Trans-
former trained for energy reconstruction.

of the Transformer and the true Monte Carlo values. The energies bias is defined
as the mean of this distribution and the energy resolution as the standard devi-
ation. Ideally, the bias should be zero, and the energy resolution should be as
small as possible.

normalized counts
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log(E/Ey))

Figure 6.2: Distribution of differences between the predicted logarithmic energy
values and Monte Carlo values, for energies between 1TeV and ~3.16 TeV. The
counts are normalized such that the area under the curve is one.
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Figure 6.3: Energy bias for different reconstruction methods. A template based
method is depicted in red and the Transformer based method in blue. The black
line shows the expected energy bias from the SWGO science case (adopted from
[8]). The horizontal gray error bars indicate the selected energy bins.

In Figure 6.2 we can see that the mean is slightly shifted towards left, which means
the prediction of the Transformer slightly underestimates the energy within this
energy range.

In Figure 6.3 and Figure 6.4 the energy bias and the energy resolution are shown
for all energy bins. Besides the results of the Transformer method, expected
performance goals from the SWGO science case are shown and the results of the
template based reconstruction.

In Figure 6.3 we can see that at low energies the bias for both methods is large
and energies are overestimated. However, the overestimation for the Transformer
is lower than for the templates. The bias at low energies is an expected behavior,
as close to the energy threshold of the detector, we can only measure upwards
fluctuations from the mean, as lower energetic events will have a limited chance
of being detected. In the energy range from 1TeV to 100 TeV the Transformer
slightly underestimates the energy.

Figure 6.4 shows that the energy resolution of the Transformer is better than
the one for the templates over the whole energy range. At low energies the
Transformer achieves an energy resolution of about 66 %2. Above 10TeV, the
energy resolution is less than 15 %. With our method we also surpass the expected
energy resolution of the SWGO science-case [§].

2Calculated without logarithms as o(E—Eme/E,,.).
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Figure 6.4: Energy resolution for different reconstruction methods. A template
based method is depicted in red, and the Transformer based method in blue.
The black line shows the expected energy resolution from the SWGO science
case (adopted from [8]). The horizontal gray error bars indicate the selected
energy bins.

6.2 ~/hadron separation

For the y/hadron separation a final head was used, which maps the cls-token to
a two dimensional vector, like this®

Y = softmax(Layernorm(Z))Ugns) (6.3)

with Ug,s € R92. The softmax function is used to map the output of the linear
layer to probabilities.

As a loss function, a cross entropy loss was used

Z Y, log(Y, (6.4)

nlzl

The first sum runs over the number of examples N inside the batch and the
second runs over columns in Y, where Y, ; is the probability that the event was
a y-ray and Y, o the probability that the event was a proton. In Figure 6.5 the
training and validation losses during the training are shown. The /hadron sep-
aration was evaluated in the same energy range that was used for the energy

3In the software implementation the softmax function is applied directly within the loss
function, as this is numerically more stable.
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Figure 6.5: Training (solid line) and validation (dotted line) losses of the Trans-
former trained for v /hadron separation.

reconstruction. Here not Monte Carlo energy bins were used but energy bins
from the reconstructed energy (template).

In Figure 6.6 a histogram is shown, which is filled up with the probabilities
py = Y1 for all events in the energy range from Fieco = 1TeV to Freo ~ 3.16 TeV.
The gray line shows the value, which determines for which probability p,, we
classify an event as a y-ray event. This cut value is set in such a way, that the
gamma efficiency is €, = 0.8. This means events that lie to the left of the black
line are classified as background and all events to the right as y-rays. The back-
ground efficiency ey, (also called background rejection) is defined as the number
of correctly classified background events divided by the number of all background
events. 1 - ey, is called the background contamination.

In the Figure 6.7 the background contamination for the Transformer and for the
Graph Neural Network (GNN), is shown.* In the upper plot we can see that both
methods have a similar performance in v/hadron separation. At low energies, we
have a background rejection of > 95 %. For energies between 1 TeV and 30 TeV a
background rejection of > 98 %. Above 30 TeV greater than 99.9 %. For energies
> 100 TeV no background is left.

In the lower plot the ratio between the proton background of the Transformer
and the GNN is shown. For low energies, we can see that the GNN retains =~
10 % more background. For higher energies, both methods perform equally well,
however the error bars are quite large.

“In that comparison it was assured that during training the same events were used. The
test dataset was also the same for the Transformer and GNN.

66



10.0 - @ Signal _
2 o Background :
g - Cut :
o —H
© ;
o] 10 - 1
) 1 1
S -
= ;

g | T
5 - . B
g 014 g |

T T =T

0.0 0.5 1.0

Dy

Figure 6.6: Distribution of the predicted +-ray probabilities from the Transformer.
Protons (background events) are highlighted in red and 7-rays (signal events) in
blue. The gray line shows the cut value, which determines at which probability
an event is classified as signal. Counts are normalized such that the area of the
background counts and the area of the signal counts are one.

The error bars in Figure 6.7 were calculated from a Bayesian approach, as dis-
cussed in [105]. If a background was left the error bars were calculated as the
standard deviation of the probability distribution as given in equation 12 in [105].
The upper limits are calculated at a 95% confidence level.

6.3 Direction reconstruction

In the direction reconstruction the output of the Transformer should be a unit
vector pointing in direction of the shower axis. Thus, the following final head
was defined for this last task

Y = normalize (Layernorm(Z)Ugir + (Yone)) , (6.5)

with Ug, € RY3 and (Y,,.) the mean direction for the whole training set.

As for the energy reconstruction a mean squared error was used

N
1 mec
L=< IV -y (6.6)

The sums runs over all events within a batch. Y,, is the prediction of the Trans-
former and Y,"¢ the Monte Carlo truth. In the earlier tasks a simple training
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Figure 6.7: ~/hadron separation performance for the Transformer (in blue) and
GNN (in red). The upper plot shows the background contamination for both
methods. In the last two energy bins no background is left, therefore an upper
limit at a 95 % confidence level is shown. The horizontal gray error bars indicate
the selected energy bins. The lower plot highlights the ratio of the background
contamination of both methods.
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procedure was used. Training was done for 100 epochs with a learning rate decay
and all events with more than 25 hits were used. The same procedure did not
achieve desirable results for the direction reconstruction (these results are shown
in Appendix C).
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1072+
~ 107 A
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M
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Figure 6.8: Multiple training (solid line) and validation (dotted line) losses of a

Transformer trained for direction reconstruction®.

Instead a so-called fine-tuning was done, where a pretrained model is used as a
starting point, and this model is trained again on some specific dataset. In our
case the following was done: first, a Transformer was trained on events with more
than 25 hits. Then this pretrained network was fine-tuned on multiple subsets of
events. First on events where the (MC) core landed on the detector (R < 300m)
and then with events where the (MC) core landed on the detector with energies
larger than 1 TeV. In the last fine-tuning step, events where the (MC) core landed
on the detector and with (MC) energies larger than 10 TeV were used.

In Figure 6.8 all loss curves for this process are shown. The figure illustrates
why it did not work as well without fine-tuning. There are orders of magnitude
differences between the losses for the different subsets. That means by training
on all events (>25 hits), gradients are dominated by low energy events, where
the core landed outside of the detector.

To evaluate the event reconstruction the angles between the Monte Carlo di-

SThe first fine-tuning training (R < 300m) was interrupted 3 epochs to early due to a time
limit.
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rection vector and the predicted vector are calculated like this
A = arccos (Y - Y™, (6.7)

In Figure 6.9 the distribution of A is shown for events with energies between
E.=1TeV to Fye =~ 3.16 TeV.
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Figure 6.9: Distribution of the angles between predicted directions and the true
Monte Carlo directions. The gray dashed line marks the 68 % quantile of the
distribution.

We can see that in this figure, the maximum of the distribution is close to zero.
The angular resolution, which we take as a measure of the precision of the direc-
tion reconstruction, is defined as the 68 % quantile of this distribution (marked
by the black line in Figure 6.9).

In Figure 6.10 the angular resolution as a function of the (MC) energy of the
different methods is compared. For each method, two lines are shown, because
the angular resolution is evaluated separately for events where the (MC) core
landed on the inner part of the detector and where the (MC) core landed on
the outer part of the array. Black lines indicate the expectations of the SWGO
science case. We compare our method in blue, to the planefit in red. For events
on the inner array, the Transformer and the planefit have a similar performance
and both methods are within the expectations of the science case. For these
events the Transformer achieves an angular resolution of less than 0.1° for ener-
gies between 10 TeV and 100 TeV. For outer events, the Transformer has a better
angular resolution than the planefit over the whole energy range. The angular
resolution of the Transformer even exceeds the expectations of the science case.
Even for these outer events where the shower sampling is worse due to smaller
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Figure 6.10: Plot of angular resolutions for multiple methods. In black we draw
the targeted resolution in the SWGO science case (taken form [8]). In red the
results from the plane fit are shown and in blue our results from the Transformer.
The angular resolution for each method is separately shown for events where the
core landed on the inner part and for events where the core landed on the sparse
outer part of the array. The horizontal gray error bars indicate the selected energy
bins.

density of tanks, an angular resolution close to 0.1° at energies above 100 TeV
was possible.

The increase in angular resolution at the highest energies is probably due to the
lack of simulations that were available for the training.

In a paper from 2020, limits on the angular resolution were discussed [49]. The
angular resolution was estimated for a perfect ground-based particle detector ar-
ray, which can be used as a benchmark. At an energy of 100 GeV the authors
estimated a best possible angular resolution of ~ 0.6°. At 10TeV ~ 0.02° and
at 100 TeV ~ 0.004° (values taken from Fig.5 in [49]). Comparing these values
to the angular resolution of our method (for inner events), we see that, at high
energies, our achieved resolution falls significantly short of the maximum possible
one. However at 10TeV and lower energies, the angular resolution is within a
factor of two or three of the ideal angular resolution.
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6.4 Robustness study: Detector aging effects

Over a longer operating time of the detector, aging effects of individual detection
units can occur. Some units may get turned off for a while or are defect. In this
section we like to study the behavior of the Transformer based event reconstruc-
tion, in situations where a fraction of the tanks are turned off or are not working.

As a first test, the trained networks, which we have evaluated in the earlier
section, are evaluated again, but this time with a detector where a fraction of
tanks were turned off. We varied the fraction of tanks from 1 promille, which
correspond roughly to 60 defect tanks, up to a 20 % defect tanks. For each frac-
tion tanks were randomly sampled which are then turned off. Examples of this
selection process are shown in the appendix D

It is expected that the performance of the event reconstruction will decrease
for two reasons. First, the networks are not trained specifically to be evaluated
on a different detector, where tanks are removed. Second, when tanks are defect,
the shower is sampled worse, thus less information is available for the reconstruc-
tion.

Robustness study: energy reconstruction

In Figure 6.11 we show the result of the inference of the Transformer network on
detectors with defect tanks. Each row corresponds to a detector with a differ-
ent amount of defect tanks. Starting at the top in blue with the least amount
of defect tanks and in yellow the most amount. Each row contains the same
black lines, which are the bias and resolution for a detector without defect tanks.
Barely seeable around the black lines is a band in gray, indicating the error bars.

If we first look at the bias, we can see that as the number of defect tanks is
increased the bias is shifted towards larger negative values, which means the
energy of events is underestimated. This is an expected behavior, as the total
amount of charge induced in all PMTs is a rough estimate for the energy. If we
take out tanks, we will have a worse sampling of the footprint and less overall
induced charge.

The energy resolution is mostly uneffected. A closer look reveals that for less

than 5% defect tanks, the energy resolution is worsened by less than 1%. At
20 % defect tanks the energy resolution is worsened by less than 5 %.
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Figure 6.11: Performance in energy reconstruction on detectors where a certain
percentage of tanks is turned off. In each row a different percentage of tanks is
turned off. The left side shows the bias and the right side the energy resolution.
The black line marks the angular resolution for an array without defect tanks.
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Figure 6.12: Performance of the v/hadron separation on arrays where a certain
percentage of tanks is turned off. The upper plot shows the background con-
tamination, in black for the array without defect tanks and in colors for defect
detectors. In the lower plot the ratio of backgrounds is shown.®

Robustness study: y/hadron separation

We have repeated same procedure for the y/hadron separation. The result is
shown in Figure 6.12. In the upper plot the background contamination is shown.
In the lower plot, the background contamination for an detector with defect tanks
is divided by the background contamination of the ideal detector.

Already in the upper plot we can clearly see that for 10 % and 20 % the back-
ground is increased. In the lower plot we can see that the background for detectors
with less than 5% defect tanks, the background is at most increased by 10 %.

Robustness study: direction reconstruction.

Figure 6.13 is structured similar to Figure 6.11. In the left plots the angular
resolution for inner events is shown. The angular resolution for outer events is
shown on the right. The angular resolution is barely affected for arrays with
defect tanks. For less than 1% defect tanks the performance is only decreased by
less than 1%. At 20 % defect tanks, the angular resolution is worse by roughly
10 %.

8In the sixth energy bin the ratio for 20 % (~3) is not shown.
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Chapter 7

Summary and outlook

In this work, a Transformer based method for event reconstruction was applied
for SWGO, a future ground-based particle detector, which will be located in the
Southern Hemisphere. In this array, individual detection units utilize the water-
Cherenkov technique, observing directly the secondary particles within an air
shower. If multiple PMTs within different water tanks register secondary par-
ticles, it is possible to infer the particle type that initiated the shower, and to
reconstruct the direction and energy of the primary particle. The event recon-
struction for such observatories is a challenging task, as only information of one
horizontal slice of the shower is available.

With the Transformer it is possible to achieve state of the art performance in
energy reconstruction, vy/hadron separation and direction reconstruction.

The Transformer based energy reconstruction, reaches an energy resolution of
~66 % at low energies, ~30% at a few TeV, and at about 100TeV, ~15%.
Thus the energy resolution is better than the standard template based method
of SWGO.

The background rejection is improved to ~95% at low energies, and even out-
performes the GNN in that regime. For energies above a few TeV a background
rejection of greater than 99 % is possible and even better than 99.9 % at the high-
est energies, which is comparable to the GNN approach.

In the direction reconstruction an angular resolution of less than 0.1° is reached
for energies between 10 TeV and 100 TeV (for events where the core lands on the
inner array). Even for events where the core landed on the sparse part of the
detector, it is possible to reach an angular resolution close to 0.1°, at energies
above 100 TeV. With these results the Transformer was comparable to the stan-
dard method of SWGO, and even slightly better for outer events.

By implementing a bucketing strategy for the training of the Transformer net-
works, all this is possible, with only one GPU that was used during the training
process, which shows that also for large sequence lengths a Transformer can be
trained efficiently and thus, with a low energy footprint.
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In addition, the robustness of the developed algorithm was evaluated, by turning
a significance fraction of the detector off. Even without being explicitly trained
for such a situation, the decrease in performance is acceptable. Angular resolution
and energy resolution are barely affected. However, an increase in background is
observed, especially if the fraction of defect tanks is large (> 5%).

This work demonstrates that Transformers are well suited for event reconstruction
for ground-based particle detectors. However, more work is needed to investigate
potential differences between simulations and real data that could effect the per-
formance. In the near future, one idea is to evaluate the potential of a combined
neural network: a GNN and a Transformer. These together could open the win-
dow for an even improved reconstruction, by simplifying the extraction of local
and global features. Also a revised robustness study would be interesting, where
during the training process, defect tanks and additional noise are considered.
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Appendix A

Distributions for protons

simulations
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Figure A.1: Distributions of input parameters of simulated proton air showers.
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Figure A.2: Distributions of input parameters of simulated proton air showers,
which were captured by at least one PMT.
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Appendix B

Distributions for all energy bins

83



normalized counts
© o = = N
(@») ot (@») Ut o
1 1 1 1 1

2.0
1.5
1.0
0.5
0.0

T T
—0.5 0.0 0.5 1.0 —-1.0-0.5 0.0 0.5 1.0

normalized counts
(@) o [\ w
1 1 1 1
= S N U
1 1 1 1 1

—-1.0-0.5 0.0 0.5 —-1.0 -0.5 0.0 0.5

normalized counts
O H N W s ot O
1 1 1 1 1 1 1
o [\ =~ D
1 1 1 1

—-1.0 —-0.5 0.0 —0.5 0.0

normalized counts
(@») [\ =~ (@)
1 1 1 1
) N
1 1

0 -
I I I I I I I
—04—-0.2 0.0 0.2 —0.50 —0.25 0.00
log(E) — log(E,,.) log(E) — log(E,,.)

Figure B.1: Distributions, like 6.2, but for all energy bins as used in Figure 6.3.
Top left is the lowest energy bin, top right the second lowest, and so on.
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Figure B.2: Histograms, like Figure 6.6, but for all energy bins. Top left is the
lowest energy bin, top right the second lowest, and so on.
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Appendix C

Direction reconstruction without
fine-tuning

! T
1.4 4 & 1 — Science case, inner ﬁ
’ || = = Science case, outer §
1.2 7 e | > Planefit, inner
1 # 1 > Planefit, outer
10 __ > “ O Transformer, inner
L 084 » \ O Transformer, outer
S 4
0.6
0.4 E
0.2
. )3
0.0 — T T T T T T T T
10? 10° 10* 10° 10°

E]llC/GeV

Figure C.1: Plot of angular resolutions for multiple methods. Same plot as
Figure 6.10, but without the finetuning during training.
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Appendix D

Sampling of defect tanks.
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Figure D.1: Defect tanks for robustness study.
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